Diane Nguyen

Homework Assignment 1

Due: 4/1/19

Part 1

- Find the correlation coefficient between calories and fat and the correlation coefficient
between calories and calories for the Cereal file. Describe how you find both by showing

the steps and the formulas in each step. Please note you may not use COVARIANCE and

CORREL Excel functions.

The correlation coefficient between calories and fat was found to be 0.498609814.

The steps are:

e Find the averages of calories, fat

e Add a column for the variance in calories and variance in fat. The variances can be found
by subtracting each value by the average and summing those values

Add a column for variance in calories * variance in fat,
Sum the values for all of the variance in calories * variance in fat
Take the sum of variance in calories * variance in fat and divide by N
This will give you the correlation coefficient for calories and fat
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0.498609814 CORRELATION COEFFICIENT FOR FAT AND CALORIES

The correlation coefficient between calories and fat was found to be 1.00.

The steps are:

e Find the averages of calories, and calories

e Add a column for the variance in calories and another for variance in calories. The
variances can be found by subtracting each value by the average and summing those

values

Add a column for variance in calories * variance in calories,
Sum the values for all of the variance in calories * variance in calories
Take the sum of variance in calories * variance in calories and divide by N
This will give you the correlation coefficient for calories and calories
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1.00 CORRELATION COEFFICIENT FOR CALORIES AND CALORIES

- Use the Variable Cluster node to find the correlation matrix for the variables Calories,

Fat, Protein, and Ratings.

Ratings was not included because it is the target variable.
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Part 2
Use the given Wine file for this part of the assignment. Turn in the following:

- Principal components using covariance matrix and correlation matrix. Provide both the
principal components and their proportions, cumulative proportions, and for each
principal component the weights of the original variables.

For Correlation:

Eigenwvalues of the Correlation Matrix

Eigenwalue Difference Proportion Cumulatiwve
1 4.977950 Z.3120949 0.35829 0.3829
2 Z2.665851 1.204943 0.2051 0.5380
3 1.3709049 0.460113 0.10585 0.6934
4 0.210797 0.145753 0.0o701 0.7635
5 0.765043 0.217754 0.0555 0.5z2z24
6 0.547260 0.055616 0.04:21 0.8644
7 0.4553644 0.106563 0.0353 0.8997
g 0.352080 0.055236 0.0271 0.9265
0 0.263845 0.0z2e994 0.0z03 0.9471
10 0.236851 0.0lzasaq 0.0laz 0.9653
11 0.223963 O.090025 0.017z2 0.9826
1z 0.133938 0.041068 0.0103 0.99z29
13 0.092569 0.0071 l.00o0

For Covariance:

Eigenwvalues of the Covariance Matrix

Eigenwalue Difference Proportion Cumulative
1 110521 110351 0.99a83 0.99a83
2 170, 519772 lel.325724 0.0015 0.9995
3 9.191045 4.090007 o.0oolL 0.59959%9
4 5.101042 3.916958 0.0oao 1.0000
5 1.154054 0.3587613 0.0oao 1.0000
£ 0.79644] 0.541547 0.0oao 1.0000
7 0.254304 0.138454 0.0oao 1.0000
a 0.11&6410 0.015310 0.0oao 1.0000
a n.l1011o0 0.0306483 0.00a0 1.0000
10 0.070452 0.033555 0.00o0 1. 0000
11 0.036564 0.013752 0. 0oo0 1.0000
12 0.0230582 0.016638 0.0oao 1.0000
13 0.006445 0.0oao 1.0000



The Weights For Correlation:

Wariahle

Alcohol

Aszh

Azh Alcalinity
Color_Intensity
Flawvanoids

Hue

Magnesium
Malic_Acid
Nonflavanoid Phenols
ODzE0_0D315
Proanthocyaninsg
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The Weights For Covariance:
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Note any major difference(s) between the result sets and explain why the difference(s)

exists(exist).

PCA is a method of extracting important variables (in form of components) from a large
set of variables available in a data set. It extracts low dimensional set of features from a
high dimensional data set in an attempt to capture as much information as it can. PCA is
more useful when dealing with 3 or higher dimensional data. It is always performed on a
symmetric correlation or covariance matrix. This means the matrix should be numeric and
have standardized data. In terms of standardization, all your data should be standardized to
measure in the same units. For example you may want to standardize all of your data in
terms of a z-score distribution. The purpose of PCA is to try to reduce the number of
variables you have, in the first run of the covariance PCA you can see that it accounts for
over 99% of your data. Instead you will want to use PCA for correlation it normalizes your

data for you.
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- Illustrate with a comparative prediction model why it may be necessary to use
standardized data in PCA. Show appropriate evidence.

( ( ( i 0.139832 0.041667
Reqg Reqg Correlation Regression Type Type 0.166109 0.041667

Tree Tree Decision Tree Type Type 0.294383 0.138889
Reg? Reqg2 Covariance Regression Type Type 0.349187 0347222

As you can see, the regression model without principle component analysis has the lowest value
for root average squared error.
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Part 3 TBD
Use the attached files to finish this part of the assignment.

- For each data file build a comparative model to assess the performances of a regression
model with variable selection and a decision model without variable selection. Compare
the performances using either LIFT or Root Average Squared Error as appropriate.

e For ContinuousTargetCategoricalPred

Y Tree2 Tree2 Decision ...DEPV DEFRV
Reg2 Reg2 Reqgressi... DEFV DEPV 1.525047 2325767

e For ContinuousTargetl

Y Tree Tree Decision ... 0.062351 0.003888
Req Req Regressi... DEPV DEFV 1.350833 1.824749

e For BinaryTargetCategoricalPred

0.301814 1.437505
0.30013 1

Y Reg3 Reg3 Regressi...

Treed Treed Decision ..
o For BinaryTargetintervalPred

Selected Model

ip
i

¥ Regd Reg4 Reqgressi...
Treed Treed Decision ...

ig
i8

0.30013 1




- List the selected variables of the Variable Selection Node in each case.

e For ContinuousTargetCategoricalPred:
Variable Mame ‘ Role 4 ‘ Measurement Level ‘ Type ‘ Label Reasons for Rejection
CVR14 Input MNominal Character
G CVARD1 Input MNominal Numeric Grouped Levels for ...
5 CVARO3 Input Nominal Numeric Grouped Levels for ...
G CVARO4 Input Nominal Numeric Grouped Levels for ...
G CVAR17 Input Nominal Numeric Grouped Levels for .
G CVAR18 Input MNominal Numeric Grouped Levels for ...
G CVAR19 Input Nominal Numeric Grouped Levels for ...
G CVR13 Input MNominal Numeric Grouped Levels for ...

o For ContinuousTargetl:
Variable Name | Role & ‘ Measurement Level Type ‘ Label Reasons for Rejection
NVAR027 - Interval Numeric NVAR027
NVAR033 Variable Name Interval Numeric NVARD33
NVAR034 Input Interval Numeric NVAR034
NVAR048 Input Interval Numeric NVAR048
NVARO49 Input Interval Numeric NVAR049
NVAR050 Input Interval Numeric NVAR0S0
NVARO54 Input Interval Numeric NVAR0S4
NVAR0GS Input Interval Numeric NVAR0E5
NVARO8S Input Interval Numeric NVAR08S
NVAR090 Input Interval Numeric NVAR0S0
NVAROS2 Input Interval Numeric NVAR0S2
NVARO94 Input Interval Numeric NVAR0S4
NVAR100 Input Interval Numeric NVAR100
NVAR106 Input Interval Numeric NVAR106
NVAR116 Input Interval Numeric NVAR116
NVAR117 Input Interval Numeric NVAR117
NVAR122 Input Interval Numeric NVAR122
NVAR125 Input Interval Numeric NVAR125
NVAR128 Input Interval Numeric NVAR128
NVAR133 Input Interval Numeric NVAR133
NVAR136 Input Interval Numeric NVAR136
NVAR137 Input Interval Numeric NVAR137
NVAR151 Input Interval Numeric NVAR151
NVAR174 Input Interval Numeric NVAR174
NVAR176 Input Interval Numeric NVAR176
NVAR224 Input Interval Numeric NVAR224
NVABZ42 \Dput Interval Numer!c NVAE@‘_Q : _

e For BinaryTargetCategoricalPred:
Variable Name ‘ Role & Measurement Level Type Label Reasons for Rejection
NVARO27 Input Interval Numeric NVARO27
NVAR033 Input Interval Numeric NVAR033
NVARO34 Input Interval Numeric NVARO34
NVARD48 Input Interval Numeric NVARD48
NVAR049 Input Interval Numeric NVAR049
NVAR050 Input Interval Numeric NVAR050
NVARD54 Input Interval Numeric NVARD54
NVAR0GS Input Interval hNumeric NVAR06S
NVAR08S Input Interval Numeric NVAR08S
NVAR090 Input Interval Numeric NVAR090
NVAR092 Input Interval Numeric NVAR092
NVAR094 Input Interval Numeric NVAR094
NVAR100 Input Interval Numeric NVAR100
NVAR106 Input Interval Numeric NVAR106
NVAR116 Input Interval Numeric NVAR116
NVAR117 Input Interval Numeric NVAR117
NVAR122 Input Interval hNumeric NVAR122
NVAR125 Input Interval Numeric NVAR125
NVAR128 Input Interval Numeric NVAR128
NVAR133 Input Interval Numeric NVAR133
NVAR136 Input Interval Numeric NVAR136
NVAR137 Input Interval Numeric NVAR137
NVAR151 Input Interval Numeric NVAR151
NVAR174 Input Interval Numeric NVAR174
NVAR176 Input Interval hNumeric NVAR176
NVAR224 Input Interval Numeric NVAR224
NVAR242 Input Interval Numeric NVAR242

« For BinaryTargetintervalPred:
‘ Wariable Name ‘ Role & ‘ Measurement Level ‘ Type Label Reasons for Rejection
NVAR224 Input Interval Mumeric NVAR224
NVAR315 Input Interval Mumeric NVAR315



Turn in the flow diagram of all the models.




