CSC 400, Exam #2, At Home, Spring 2024 Name }<€ |

Instructions: This exam is in two parts: Part | is to be completed partly at home using the materials
posted in the course for the at-home portion and you will answer questions about that work during the
in-class portion of the exam; Part Il is to be completed entirely in class. You may not use cell phones,
and you may only access internet resources you are specifically directed to use.

At home, prepare for questions in Part | using R. Complete the calculations noted below. You will be
asked for additional analysis and interpretation of this data in the in-class portion of the test. Print out
the results of your analysis and code, and bring the pages with you to the exam. You will submit all this
work along with the in-class exam.

Use the data on wine to complete the following tasks after importing the data 400exam1ldata.xlsx in the
file into R (this is the same dataset we used on the first exam.
Schseed o 717
1. Set aside the Type variable for now (save it before removing it from the dataset). Create a
clustering model for the data set (you do not need to separate the data into test and training
sets for this) using the following algorithms: K-means, Spectral, DBSCAN and mean shift.
Compare models with k=2, k=3, k=4 clusters, and any other optimal model identified.

2. For each model identified above, create a confusion matrix (for the k=3 model using the Type
data from the original dataset), and create appropriate model or diagnostic graphs.

3. Identify any outliers.
Import the dataset beersales from the TSA package.

4. Perform appropriate base time series analysis of the data such as differencing, acf and pacf
graphs, decomposition, etc. Create appropriate graphs.

5. Create an ARIMA model of the time series. Create an exponential smoothing model of the time
series. Use both to forecast 10 months into the future. Identify any margins of error on your
predictions.

6. Redo the above analysis hut remove the final 10 observations from the original data set as a test
set, and using the remaining observations as a training set. Use your forecast model to predict
those last 10 observations and compare the real data to your predictions. Perform appropriate
diagnostics.



CSC 400, Exam #2, Spring 2024 Name KeY

Instructions: Answer each question thoroughly. For questions in Part 1, use the work you did at home to
answer the questions. Be sure to answer each part of each question. In Part 2, report exact answers
unless directed to round.

Part I:
Use the work you did at home to answer these questions on the wine dataset.

1. How did rescaling your variables impact the accuracy of your predictions in the k-means model
(or any of the clustering models)?

i npvove 4 meMa b, a0 imach wo /s
2. What was the accuracy of your (best) k-means (semi-supervised) model with k=3?
9%.63%
* ()

3. What was the accuracy of your (best) spectral clustering (semi-supervised) model with k=3?

9.,3%

4. What was the accuracy of your (best) DBSCAN (semi-supervised) model with three clusters (this
might be 2 clusters plus noise)?

67 7¢%

5. Describe the hyperparameters you had to set to obtain improvements in your models for
spectral clustering and DBSAN.

Su h=2.8



6. What was the accuracy of your (best) mean-shift clustering (semi-supervised) model with k=37

¥932%

7. Given the four methods you tried here, which algorithm was the most successful (and efficient)
and which was the least successful (or least efficient)?
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8. For your outlier analysis, which variables contained outliers based on looking at boxplots?

Malil bed, A, M'A'Ma MA@W ,

9. For the Ash variable, which observations were potential outliers (based on the boxplots)?

2b, b0, 122

10. Which two variables appeared to be the most non-normal?
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11. Which statistical test did you perform on the data to test for possible outliers? Why this test?

Bosrer Tant

12. Based on the statistical test you chose, how many of the outliers flagged by the boxplots (for all
variables), still considered outliers after the test? Give the observation numbers.

3

obs. Go, 15,30

13. Based on the outlier analysis you did, how would you proceed? Would you remove the outliers?
If so, based on which part of the analysis? If not, why not?

3 ohoalion roprea~t 1% ¢ T dake.
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For the questions that follow, use your analysis of the beersales data. Uﬂ*‘fa
14. Is the original beersales data stationary? Or does it show a trend or seasonal pattern?

o pote it shors biko WWW&W%

15. After decomposing the beersales time series, describe the trend? Is it increasing or decreasing?
Is it linear or non-linear?

Tneraocs , norloear



16. Describe the differences between the standard decomposition output and the LOESS
decomposition?
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17. How many differences did you have to take to obtain a stationary series? Explain how you knew
when to stop.

18. How many lags should be included in your ARIMA model based on the ACF graph? Based on the
PACF graph?

Ace: 3
PACE = |

19. What ARIMA model did you settle on? What were the parameters? How did you determine the
best fit?

(1,1,3)
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20. For your exponential smoothing model, what was the (approximate) value of the best 6 Q-,‘ oL) ¥
smoothing parameter? C2itil)

awfmwbla\ :
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Part Il

21. What are some potential drawbacks of using (non-linear) regression methods for irregular time
series analysis (for interpolation).
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22. Why is cross validation essential for developing robust models?
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23. What is image segmentation? How can we use it to process images?
M wp an wnage wte pbualy w a renaclll Gy
MMM Hrs - T Can Hr pasmpdatid o
intrprelid Scpoall

24. Give three advantages of being able to incorporate spatial information into your data mining
analysis.
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25. How can clustering be used to identify potential outliers or anomalies? How do these outliers
differ from more traditional statistical methods?
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26. Inimage processing, pixels in the image are typically turned into an array of pixel values (these
may be in just one color or multiple colors). Describe some examples of feature engineering in
this context. You may use a specific example, such as character recognition, as the basis for your

answer.
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27. How does the hierarchical clustering algorithm work?
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28. In the at-home portion of the exam, we looked at how to use clustering methods in a semi-
supervised way to create a classification model. How do clustering and classification differ?
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29. In the at-home portion of the exam, we applied DBSCAN. Explain the general algorithm steps?
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30. Describe the algorithm steps for Fuzzy-C Means clustering.
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31. Why does rescaling improve performance in algorithms that use a Euclidean distance metric?
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32. Give two examples of other distance metrics that could be employed instead of the standard
Euclidean distance metric.

O opont dusfaree
absalote valiw (LI al-wl*uﬂ-o.ﬁ

(Thave are oHar- WMJ



CSC 400 Exam #2 At-home Analysis, Spring 2024

K-means, with k=2, unscaled
Cluster plot
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Dim1 (36 2%)
K=3, unscaled
Cluster plot
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Dim1 (36.2%)
K=4, unscaled



Cluster pict

= cluster

.‘; [ BN}

3 : )

Q 4

Damt n'!.E- 2%
K=2, scaled
Cluster plot
3

7 7.

;: chuster

E - II{‘- ¢ f " L 1

¥ v

Ownt (36 2%)
K=3, scaled
Cluster plot
; N
A
- 1
& ; . .;" *g oa
g s - 2

= ‘ : J

?:‘ . ] cluster
Z ' =B
o T .
= :
a 3

Dim1 (36 2%)
K=4, scaled



Cluster plot

For k=3, unscaled, table:

Cell Contents

N

Chi-square contribution

Row Total

N / Col Total
N / Table Total

I
|
i
R
|
I

Total Observations in Table:

dd1$Type

dd1l$cluster

Suggests, A=2, B=1, C=3
Accuracy is (46+50+29)/178 = 125/178 (0.7022...)

K=3, scaled, table:

178

Row Total




Cell Contents

I l
I ) ) N |
| Chi-square contribution |
| N / Row Total |
| N / Col Total |
I N / Table Total I

Total Observations in Table: 178

dd2S$cluster
dd2$Type 1 2 F
A 0 59 |
21.545 71.938 | 16.
0.000 1.000 | 0.
0.000 0.952 | 0.
| 0.000 0.331 E 0.
B | 65 | 3 |
F 58.885 19.094 | 14.
| 0.915 0.042 | 0.
| 1.000 0.048 | 0.
0.365 0.017 J 0.
C 0 0 |
| 17.528 16.719 | 85.
| 0.000 0.000 | 1.
| 0.000 0.000 | 0.
0.000 g 0.000 | 0.
column Total | 65 | 62 ;
| 0.365 I 0.348 | 0.
_____________ | e e et | e s m i
Type: A=2, B=1, C=3
Accuracy = (59+65+48)/178=172/175 = (0.96629...)
Spectral clustering
K=2, unscaled
Spectral Clustering object of class "specc"

Cluster memberships:
1.221122222221
string kernel function. Type = spectrum

Hyperparameters : sub-sequence/string length
Normalized

Cluster size:
[1] 4 9

4

Row Total
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K=3, unscaled
Spectral Clustering object of class "specc"
Cluster memberships:
3113311211213
string kernel function. Type = spectrum
Hyperparameters : sub-sequence/string length = 4
Normalized
Cluster size:
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spectral clustering object of class
Cluster memberships:
2132231413432

string kernel function. Type
Hyperparameters

Normalized

Cluster size:
[1] 3 4 4 2
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With scaled data: k=2
Spectral Clustering object of class

Cluster memberships:
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21l 2 2222322 1313133332323 1.1213131172

) 1 1. 111 1
1111111111111111 1
Gaussian Radial Basis kernel function.

Hyperparameter : sigma = 0.324195810029296

Centers:
£ 7 [[é%] [.2] [.3] [.4] [.5] [,6]
[1,] -0.05946372 0.6445513 0.1875452 0.4899760 -0.10443373 -0.9621197 -1.0
725250 0.7974058
[2,] 0.03338314 -0.3618533 -0.1052885 -0.2750743 0.05862946 0.5401374 0.6
021193 -0.4476664
(,9] [,10] [,11] [,12] [,13]
[1,] -0.7228182 0.5684578 -0.8941923 -1.104942 -0.4427475
[2,] 0.4057926 -0.3191342 0.5020027 0.620318 0.2485600

Cluster size:
[1] 64 114

within-cluster sum of squares:
[1] 1295.780 1592.424

o
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Alcohol

K=3, scaled
Spectral Clustering object of class "specc"

Cluster memberships:

2222222222222222222222222222229323229222379
222222222222222222223313333333333323333
333331333333333333133333333333333333333
31352 3333333311112 313 1311133233403 331T 1119
1111111111111111111111
Gaussian Radial Basis kernel function.

Hyperparameter : sigma = 0.35412290150503
Centers:

(7] [,[lgJ [,2] [,3] [,4] [:5] [,6]

[1,] 0.1330775 0.8486578 0.2089687 0.5243829 -0.0276856 -0.97915417 -1.20
853360 0.67581638

[2,] 0.8572514 -0.2959421 0.3795923 -0.6160202 0.5139438 0.89185171 0.98
710283 -0.56418404
[3,] -0.9109594 -0.4011959 -0.5234077 0.1586050 -0.4601680 -0.05364519 0.04
046883 -0.01118808 i
[,9] [,10] [,11] [,12] {;13]
[1,] -0.7635991 0.8996147 -1.1398021 -1.2735177 -0.4055800
[2,] 0.5397613 0.1907608 0.4658715 0.7893709 1.1305174



(3,1

Cluster size
[1] 52 61 65

within-cluster sum of squares:

[1] 1159.9931 843.5089 843.5645

0.1043340 -0.8987134 0.4746392

0.2780200 -0.7364831

o :
€ e o '_
— . g .
2 4 | 0 1 2
Alcaho!
| Cell Contents |
| ) _ N |
| chi-square contribution |
[ N / Row Total |
[ N / Ccol Total |
{ N / Table Total I
Total Observations in Table: 178
dd3%$schs
dd3$Type 1 2 3
A 0 59 0
17.236 74.383 21.545
0.000 1.000 0.000
0.000 0.967 0.000
| 0.000 0.331 0.000
B 4 2 65
13.513 20.496 58.885
| 0.056 | 0.028 | 0.915
| 0.077 | 0.033 | 1.000
| 0.022 | 0.011 { 0.365
_____________ I_____,_.._--—-. el | ] o e e i
€ | 48 0 | 0
| 82.330 | 16.449 | 17.528
| 1..000 | 0.000 | 0.000
i 0.923 | 0.000 | 0.000
i 0.270 | 0.000 | 0.000
_____________ e e ._..-,__..__.._____;..____-__,.__
column Total ! 52 | 61 | 65
| 0.292 | 0.343 | 0.365

Row Total




Classes: A=2, B=3, C=1
Accuracy: (59+65+48)/178 = 172/178 (0.96629...) same as k-means, scaled, k=3

K=4,scaled:
Spectral Cluster

Cluster members

N
ANRR
PN W =
NN b
(USRS RV T
N
NNy
T NIy

44444444

Gaussian Radial

Hyperparameter :

Centers:

[.1]

; 1.00788548
.02747994
,] -0.94782617
.04077688
0.09408663

59956

g .08120882
[,8]

-0.57426596

0.04437901

-0.57735640
0.59869589

1

Cluster size:
[1] 52 61 10 55

S
7

within-cluster
[1] 772.7500

ing object of class "specc"
hips:
1343132 8E 2122032 F L3 32:2.31 13 %
111111111111224222222242
222222222442222222222222
222224444444444444444444
44444444444444
Basis kernel function.
sigma = 0.371044469262749
[+2] [,3] [,4] [,5]
-0.363049278 0.3814080 -0.70101900 0.6064963
-0.366819468 -0.5041850 0.18068732 -0.6464825
0.008639591 0.4428132 0.05241888 -0.1149361
0.748511893 0.1180716 0.45285223 0.1644907
~[,9] [,10] L) [,12]
0.634797356 0.2821160 0.4957738 0.7871818
-0.004721085 -0.9010578 0.4318757 0.2795510
0.040361258 -0.3757474 0.4399084 0.7990454
-0.602274343 0.8009449 -1.0277043 -1.1995731

um of
69.6165

sqauares:
116.8056 1198.5754
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Alcohol

ANWH
PN TN
AN
AN
AN
N NW
AN W

[,6]
0.97602965
-0.05767501
0.46958081
-0.94420317 -

[,13]
1.2347064

-0.7757933

0.3687011

-0.3739701



DBSCAN
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DBSCAN does poorly for this data. Calibrating epsilon is difficult, and setting it too high gives too many
small clusters, and setting it too low produces one large cluster with lots of noise.

cell Contents

=
I N |
| Chi-square contribution |
| N / Row Total |
| N / Col Total |
| N / Table Tnlai F

Total Observations in Table: 178

dd4$ Dbscanl$cluster
dd4s$Type 0 { 1 I 2 3 Row Total
A 10 | 49 | 0 0 59
5.165 | 16.785 | 4,309 6.961
0.169 | 0.831 | 0.000 0.000 0.331
0.164 | 0.590 | 0.000 0.000
0.056 ! 0.275 | 0.000 0.000
__________________________ = _.__...._.__._....|_________.__ .
B 37 | 34 | 0 0 71
| 6.596 | 0.024 5.185 8.376
| 0.521 | 0.479 | 0.000 0.000 0.399
| 0.607 | 0.410 | 0.000 0.000
| 0.208 | 0.191 | 0.000 0.000
_____________ SRS (RS, N, S SR
! 0.365 | 22.382 25.714 41,538
! 0.292 | 0.000 0.271 0.438 0.270
! 0.230 | 0.000 1.000 1.000
| 0.079 0.000 0.073 0.118
Column Total | 6] 83 | 13 21 178
| 0.343 | 0.466 | 0.073 0.118
_______________________________ Jramavas i s ol aus e s aas o

Most As are in Cluster 1, and C's have a plurality in cluster 3, but Bs are also mostly put in class 1, and
only C's are in class 2. Most of the noise is actually class B.



We can get 2 clusters plus the “noise” by adjusting the epsilon upward slightly. It seems to produce

slightly better results, but B i still frequently misclassified.

Cell Contents

N
N/

|
chi-square contribut on |
l
i
I

|
I N/
|

Total Observations 1in 7Table:

dd5%Type

N

Row Total
/ col Total
Table Total

178

dd5$ ‘Dbscan2$cluster

0 ] 1] 2

0 I 20 [ 0
4.926 | 16.908 | 12.264
0.153 | 0.847 | 0.000
0.161 | 0.588 | 0.000
0.05 { 0.281 t 0.000
3 5 1 323 1,
7.179 | 0.035 | 12.826
0.4935 0.495 | 0.014
0.06.5 0.417 ! 0.027
0. 197 | 0.197 | 0.006
____________ T PP
12 | 0 | 36
0.637 22.921. | 67.869
0.250 0.000 0.750
0.214 0.000 0.973
0.007 0.000 0.202
b 3 37
0315 0.478 0.208

Row Total

Class A=1, B=0 (equal in 1, but ssnce Ais 1, we'!l us2 the noise), and C=2
Accuracy= (50+35+36)/178 = 121/178 (0.67977. .)




Cluster plot
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After some finagling with h (here 2.8), | got threa clusters.

Cell Contents

I

| , |
| Chi-square contribution |
| N / Row Total |
[ N / col Total |
{ N / Table Tatal i

Total Observations in Table: 178

dde$meanshiftR_assiqnment
dd6SType L | z I 3 | Row Total
_____________ S s ST SRS | S anaa
A 59 | 0 | 0 59
60.954 | 24.528 | 12.264
1.000 | 0.000 | 0.000 0.331
0.881 | 0.000 | 0.000
0.231 | 0.000 | 0.000
_____________ o s ..}....—-__.__ -.-]_..__——--....__. R e e R e
B | ' 63| 0 71
| 13.120 | 37.982 14.758
| 0.113 | 0.887 | 0.000 0.399
| 0.119 0.851 | 0.000
i 0.045 | 0.354 0.000
_________________________ {___.__....__—_l__-..-__..._..__ —— i ——
c | O i 11 | 37 48
. 18.06G7 | 4.019 73.186
0.000 | 0.229 0.771 0.270
0.000 | 0.149 1.000
0.000 ! 0.062 0.208
Column Total 37 74 37 178
0 3 0.416 | 0.208




Accuracy = (59+63+37)/178 = 11.9/178 (0.8932 .))
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Outliers.

Boxplots are here for any variztle that display-d potential outliers. Others were omitted
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Observations that are potent.al outliers in boxplots:
Malic Acid: 124 138 174

Ash: 26 60 122

Ash Alcalinity: 60 74 122 128
Magnesium: 70 74 79 96
Proanthocyanins: 96 111

Color Intensity: 152 179 160
Hue: 116

Some outliers are in common to more than one variable,

Normality?
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Will use Rosner Test to identity outliers for each variable, if any. Will test k=4 for each variable, since as
many as 4 outliers were identified in some variables in the box plots. Results below.

Results of outlier Test

Test Method: Rosner's Test for outliers
Hypothesized Distribution: Normal
Data: datal$Aalcohol
Sample Size: 178
Test Statistics: R.1 = 2.427388
R.2 = 2.271714
R.3 = 2.211303
R.4 = 2.022822
Test Statistic Parameter: k = 4
Alternative Hypothesis: Up to 4 ohservations are not

from the same Distribution.
Type I Error: 5%

Number of oOutliers Detected: 0




Mean.i SD.7 value Obs.num R.1+1 Tambda.i+1 Outlier

i
1 0 13.00062 0.8118265 11.03 116 2.427388  3.570191  FALSE
2 1 13.01175 0.8003861 14.83 9 2.271714  3.568466  FALSE
3 2 13.00142 0.7907462 14.75 14 2.211303  3.566728  FALSE
4 3 12.99143 0.7817935 11.41 114 2.022822 3.564980  FALSE

Results of outlier Test

Test Method: Rosner's Test for outliers
Hypothesized Distribution: Normal
Data: datal$malic_Acid
Sample Size: 178
Test Statistics: R.1 = 3.100446
R.2 = 3.059988
R.3 = 3.022429
R.4 = 2.805398
Test Statistic Parameter: k= 4
Alternative Hypothesi.: n to 4 observations are not

from the same Distribution.

co’

Type I Error: 59

Number of outliers Detected: 0

i Mean.1 SD.i value Obs.Num R.i+1 lambda.i+1 outlier
10 2.336348 1.117146 5.80 124 3.100446 3.570191 FALSE
2 1 2.316780 1.089292 5.65 174 3.059988 3.568466 FALSE
3 2 2.297841 1.062774 5.51 125 3.022429 3.566728 FALSE
4 3 2.279486 1.037469 5.19 156 2.805398 3.564980  FALSE

Results of oOutlier Test

Test Method: rocner's Test for outliers
Hypothesized Distribution: Normal
Data: datal$Aash
Sample Size: 178
Test Statistics: R.1 = 3.668813
R.? = 3.244400
K.3 = 3.317143
R.4 = 2.655102
Test Statistic Parameter: k = 4
Alternative Hypothesis: 'In to 4 observations are not

from the same Distribution.
Type I Error:
Number of Outliers Deiected: 1

i Mean. i SD.1 value Obs.hNum R.i+1 Tambda.i+1 outlier



10 2.366517 0.2743440 1.36
2 1 2.372203 0.2643930 3.23
3 2 2.367330 0.2570497 3.22
4 3 2.362457 0.249503% 1.70

Results of outlier Test

Test Method:

Hypothesized Distribuiion:
Data:

Sample Size:

Test Statistics:

Test Statistic Parameter:

Alternative Hypothesis:

Type I Error:

Number of oOutliers Detected:

i Mean. i SD. i
10 19.49494 3.339564 30.0
2 1 19.43559 3.253535 28.5
3 2 19.38409 3.189640 28.5
4 3 19.33200 3.122813 10.6

Results of outlier Test

Test Method:

Hypothesized Distribution:
Data:

Sample Size:

Test Statistics:

Test Statistic Paramerer:

Alternative Hypothesis:

Type I Error:

Number of outliers De ncted:

i Mean. i SD. 1
10 99.74157 14.28248 162
2 99.38983 13.52777 151

value Obs.N

R

60 3.668813 3570191 TRUE
22 3.244400 3.568466 FALSE
6 3.317143 3.566728 FALSE
67 2.655102 3.564980 FALSE

osner's Test for outliers

Moremal

datal$ash_Alcalinity

1 75

P

L = 3.145637
5.2 = 2.786018
;= 2.857974
4 = 2.796197

4

k

l'n to 4 observations are not

§]

r

¥

6()

rrom the same Distribution.

m R.i4+1 lambda.i+1 outlier
1 3.145637 3.570191 FALSE
2.786018 3.568466 FALSE
2.857974 3.566728 FALSE
2.796197 3.564980  FALSE

wnsner's Test for outliers

formal

cdatal$Magnesium

78
= 4.,359076
= 3.815127
= 3.071864
b = 2.930870
- 4

» to 4 observations are not

rom the same Distribution.

value oObs.Num
5 4.359075
it 3.835127

=

P.i+1 lambda.i+1 outlier
3.570191 TRUE
3.568466 TRUE



139
136

3 2 99.09659 12.98996
4 3 98.86857 12.66908

Results of outlier Test

Test Method:

Hypothesized Disiribution:
Data:

Sample Size:

Test Statistics:

Test Statistic Parameter:

Alternative Hypothesis:

Type I Error:

Number of outliers Detected:

i Mean. i SD.i
10 2.295112 0.6258510 3.88
2 1 2.286158 0.61608G4 3.85
3 2 2.277273 0.6063646 (.98
4 3 2.284686 0.6000525 3.52
Results of outlier Test
Test Method:
Hypothesized Distribution:

Data:
sample Size:

Test Statistics:

Test Statistic Parametar:

Alternative Hypothesis:

Type I Error:

Number of outliers Deiected:
i Mean.

10 2.029270 0.998858, 5.08

21 2.012034 0.9747862 3.93

3 2 2.001136 0.9666944 3.75

4 3 1.991143 0.9603076 3.74

value Obs.iun

71864 1.566728
870 3.564980

o
o
o

rosner's Test for outliers

armal
atal$rotal _Phenols
R.l = 2.532372
2 = 7.53R348
= /.139430
- 2.058677
4

Up to 4 observations are not
from the same Distribution.

53 2.532372 3.570191
1 2.538348 3.568466
2.139430 3.566728

i 2.058677 3.564980

rosner's Test for outliers

mMea I

catal$Flavanoids

sD.1 value Obs.num

W
L= 2.054216
b= L.967576
1.809117
..821143
. ;1

In to 4 observations are not
“rom the same Distribution.

' 3.054216 3.570191
0L.067576  3.568466
1 L.609117  3.566728

.621143 3.564980

FALSE
FALSE

R.i1+1 Tambda.i+1 outlier
FALSE
FALSE
FALSE
FALSE

R.i+1 Tambda.i+1 outlier
FALSE
FALSE
FALSE
FALSE



Results of outlier Test

Test Method:

Hypothesized Distribution:
Data:

Sample Size:

Test Statistics:

Test Statistic Parameter:

Alternative Hypothesis:

Type I Error:

Number of outliers Deivected:

rosner's Test for OQutliers
armal

a.$ilonflavanoid_pPhenols

= 2.395645
- 2.198127
= /.235402
= 7.274643

i'n to 4 observations are not

from the same Distribution.

i Mean. 1 SDh.i value Obs.tum R.i+1 Tambda.i+1 outlier
1 0 0.3618539 0.12445.3 0.66 106 2.395645 3.570191 FALSE
2 1 0.3601695 0.1227547 0.63 0l 2.198127 3.568466 FALSE
3 2 0.3586364 0.12139:6 0.63 6 2.235402 3.566728 FALSE
4 3 0.3570857 0.11995.:2 0.63 8 2.274643 3.564980 FALSE
Results of outlicr Test
Test Method: wosner's Test for outliers
Hypothesized Distrihuiion: formal
Data: ‘“mal$rroanthocyanins
Sample Size: '
Test Statistics: = 3.475269
2.069540
- /.5772366
. 536085
Test Statistic Parameter: !
Alternative Hypothesis: h to 4 ohservations are not
from the same Distribution.
Type I Error:
Number of outiiers D2 ected: |
i Mean. i Sn.7 Value Obs.numn R.7+1 Tambda.i+1 outlier
10 1.590899 0.5723589 3.58 3.475209 3.570191 FALSE
2 1 1.579661 0.5539207 3,28 1.069540 3.568466 FALSE
32 1.570000 0.54035°0  2.96 572366 3.566728 FALSE
4 3 1.562057 0.531505+ 2.91 . 536085 3.564980 FALSE

Results of outlier 7



Test Method:

Hypothesized Distribuiion:
Data:

Sample Size:

Test Statistics:

Test Statistic Paramerer:

Alternative Hypothesis:

Type I Error:

Number of outliers Deiected:
i Mean.i SD. 1 “alue Obs.
10 5.058090 2.318286 13.00
2 1 5.013220 2.246016G 11.75
3 2 4.974943 2.193764 10.80
4 3 4.941657 2.155026 10.68

Results of outlier Teot

Test Method:

Hypothesized Disvribuiion:
Data:

Sample Size:

Test Statistics:

Test Statistic Parametor:

Alternative Hypothesis:

Type I Error:

Number of outliers Do ected:

i Mean.i SD.i
10 0.9574494 0.2285716 1.71
2 1 0.9531977 0.2220492 1.45
3 2 0.9503750 0.21947-8 0.48
4 3 0.9530629 0.2171001 1.42

Results of outlier Teur

value 0Obs '

(RS RIS R V]

kousner's Test

emal

fosner's Test for outliers

mal

al%color_Intensity

= ? 425708

'.999436
= 3.6"579
<. 662772

4

to 4 observations are not

rom the same Distribution.

R.i+1 lambda.i+1 outlier

.425763 3.570191 FALSE
.999436 3.568466 FALSE
B55279 3.566728 FALSE
.662772 3.564980 FALSE

for outliers

a'Stue
= 2.292407
2.237353
' 142184
2 .149999
4

' To 4 observations are not

om the same Distribution.

VLY

m R.1+1 Tambda.i+1 outlier
b6 3.292407 3.570191 FALSE
5 2.237353 3.568466 FALSE
2 2.143184 3.566728 FALSE
02 ]11190 3.564980 FALSE



Test Method:

Hypothesized Distribut on:
Data:

Sample Size:

Test Statistics:

Test Statistic Parameter:

Alternative Hypolhesi::

Type I Error:

Number of oOutliers Deiected:

i Mean. i SD
10 2.611685 0.709990+ 4.00
21 2.603842 0.7042755 1.27
3 2 2.611420 0.698961 1.29
4 3 2.618971 0.6937306 1.29
Results of outlicr Ton:
Test Method:
Hypothesized Distribuiion:

Data:
Sample Size:

Test Statistics:

Test Statistic Paramo ar:

Alternative Hypothes '

Type I Error:

Number of outliers Do octed:

1 Mean. 1 SD.i Value
10 746.8933 314.9075 1680
2 1 741.6215 307.823, 1547
3 2 737.0455 302 603+ 1515
4 3 732.6000 297.652. 1510

Beer sales

value Obs.i

rosner's Test for outliers
:]h_l‘]

21% obz60/0D315°

- 1..955399
1..894048
1.890548
L. 91668

1
“+

‘1 to 4 ohservations are not
ivom the same Distribution.

R.1+1 Tambhda.i+1 outlier

LN

, 1.955399 3.570191 FALSE
L.594048 3.568466 FALSE
L.£90548 3.566728 FALSE
1.915688 3.564980 FALSE

“ner's Tost for outliers

el

calt$rroline

- 2.9603114
= /.616367
= 2.570869
- 2.611768

© Tt £ observations are not
om the some Distribution.
Obs.N' i..i+7. lambda.i+1 outlier
2.96313~ 3.570191 FALSE
2 616367 3.568466 FALSE
2570869 3.566728 FALSE
2.61L17646 3.564980 FALSE
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remainder trend seasonal data

First difference
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Histogram of bogersales
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Lag
Starting with (1,1,3)

call:
arima(x = beersales, order = c(1, 1. 3))
Coefficients:
arl ma | maz2 ma3
-0.4099 0.3516 0.3724 0.6393
5., 0.1150 0.0913 0.0543 0.00601

sigmaA2 estimated as .125: log !ilelihood = -283.09, aic = 574.18

After some experimenting, t7is seems to be the lowest AIC




Residuals from ARIMA(1,1.3)
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Auto.arima produced the fo'llowing:

series: beersales
ARIMA(2,0,2)(2,1.1)[1.] with drift

Coefficients:
arl ar? mal naz sarl sar?2 smal drift



0.4079 0.5658 -0.1300 ~0.6782
s.e. 0.2188 0.2138 0.1788 0.

sigmaA2 = 0.3291: log likelihood = -155.78
AIC=329.57 AICc=330 63 BIC=35t.:

0.3164 -0.1506 -0.7970 0.0174
481 0.1319 0.1141

0.1296 0.0063

Residuals from ARIMA(2,0,2)(2.1,1)|12] with drift
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Forecasts from Simple exponential smoothing
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Tirme
ME RMS! MAE MPE MAPE MASE

ACFl Theil's U

Training set -0.007041044 1.345244 1.042633 101.86619 160.53603 1.698749 -0.0
2380294 NA

Test set -0.06490 356 1.40688! 1.133598 91.38105 95.06294 1.846959 -0.3
8045342 0.9049192

Forecasts from Simpie exponential smoothing
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