Exploratory data analysis (EDA)

 The aim of EDA is to detect the similarity or
dissimilarity in data.

* To answer:
— What is the relationship between samples and between

variables?
— Are there any grouping in the data?
— What are the trends in the data?
— Are there any outliers?

* Principal component analysis (PCA) is the most
common EDA method.
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Principal component analysis (PCA) and
self organizing map (SOM) are among the most
used EDA techniques.
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Principal Component Analysis (PCA)
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PCA is an abstract mathematical transformation of the original
data into some new factors.

These factors can be more effectively used to represent the
variation in the data.

PCA can be represent by the equation:

X=TP+E

It is expected to see less complicate data after the PCA
transformation.



* A study case

variable 1 variable 2
Exp no.
(fuel used; liters) | (distance; km)
1 1.0 2.0
2 2.5 4.0
3 3.0 6.0
4 5.5 6.0
5 6.5 10.5
6 8.0 12.0
7 8.5 14.0
8 12.0 16.0




Data visualization using 1-dimensional
graphs
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Sample no. V1 V2 PC1 PC2
1 1.0 2.0 2.2 -0.3
2 2.5 4.0 4.7 -0.1
3 3.0 6.0 6.7 -0.8
4 5.5 6.0 9.7 0.1
5 6.5 10.5 12.3 -0.4
6 8.0 12.0 14.4 0.0
7 8.5 14.0 16.4 -0.7
8 12.0 16.0 20.0 1.1
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Sample no. Variable 1 Variable 2 PC1 PC2
Value A2 Value A2 Value A2 Value A2
1 1.0 1.0 2.0 4.0 2.2 4.9 -0.3 0.1
2 2.5 6.3 4.0 16.0 4.7 22.2 -0.1 0.0
3 3.0 9.0 6.0 36.0 6.7 443 | -0.8 0.7
4 5.5 30.3 6.0 36.0 9.7 94.2 0.1 0.0
5 6.5 42.3 105 | 110.3 | 123 | 1523 | -04 0.2
6 8.0 64.0 12.0 | 144.0 | 144 | 208.0 | 0.0 0.0
7 8.5 72.3 14.0 | 196.0 | 164 | 267.8 | -0.7 0.5
8 12.0 | 144.0 | 16.0 | 256.0 | 20.0 | 398.8 | 1.1 1.2
Sum of squared 369.0 798.3 1192.6 2.7
1167.3 1195.2
%contribution 31.6 68.4 99.8 0.2

* PC1 contributes 99.8% of the overall variation whereas PC2 accounts only %0.2

* Only the first PC could be enough to visualize this data.
* PC2 may contain only noise.
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Calculation of PCA

M 1 A 1 M 1 M

. loading

data noise

[
594005
+

X T.P + E

N = Number of samples

M = Number of parameters
A = Number of PCs used in the PCA modelling
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PC2 (15.46%)

PCA of physico-chemical parameters data of 704 soil samples from some
provinces in the north and northeast of Thailand
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In conclusion,

X=ILP+E

e Scores (T) visualize the relationship between samples.

* Loading (P) can be used to investigate the behaviors of the
studied parameters.

* In most cases, the first few of PCs can be used to contain most
of the systematic variation.

* The variation that is not modeled is in residual (noise or non-
systematic variation, E).



NIPALS algorithm also has the advantage of
working for matrices with moderate amounts of
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