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Lecture - 28
PCA; SVD; Towards Latent Semantic Indexing (LSI)

We continue discussing latent semantic analysis and indexing. So, we saw last time that
latent semantic analysis, when apply to information retrieval refers to a list of index
being built, which tries to capture the association between words. And when this world
association is used for natural language processing tasks, then we have what is called
latent semantic indexing, so it is better to put down these points.

(Refer Slide Time: 00:51)

So, latent semantic indexing, this is index of associated terms and latent semantic
analysis, this is structures of associated terms and this is used for NLP tasks and here this
indexive associated task is used for better IR. So, in this lecture, we will again look at
principle component analysis, actually we started it last time, then singular value
decomposition will be introduced and all this together final leading to our main topic

which is latent semantic indexing.
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Recap: Least Square Method: fitting
a line 1

(following Manning and Schutz, Foundation of Statistical NLF,
1999)

= Given set of N points (X, ¥, (X3V2)...,
7,

= Find a line f’x)=mx+bthat best fits the data

= /mand b are the parameters to be found

» The line that best fits the data is the one that
minimizes the sum of squares of the
7y distances ]
X S.‘Hm.b}-‘zl(y.« -f00)? XL

So, last time what did was that we did least square method of fitting a line and the
example was chosen, so that we could go from a space of higher dimension to a lower
dimension space. So, given this set of n points which are (x 1, x 2), (x 1,y 1), (x 2,y 2)
up to (x n, y n), these points are defined by their 2 attributes x 1 and x and y. And from
this we find a line f x equal to m x plus B that best fits the data, and m and B are the
parameters to be found, so the line that best fits the data is the one that minimizes the

sum of squares of the distances.

So, we take the distances of y i from if from f x i, f x i is the value that is written
correspondent to particular x and the actual value is y, so y minus f x gives us the
distance between the fitted line and the actual value. And the square of this distance
eliminates any problem, it is sign and when we sum these square distances, we have a

measure which is the measure of the fitness of the line for this data.
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Values of mand b6

= Partial differentiation of SS(m,b)wrt b
and m yields respectively

-

b=y-mx

A} IR _xi)
Z?.-L(f-xi]z

So, we have seen that we can partially differentiate this sum square expression with
respect to m and b, and we get this expression for B which is mean of y minus m into x
of y and m itself is found as a kind of covariance. Yes, covariance between the y attribute
and x attribute divided by something like a variance of x, so one interesting question for
you to think is why is it asymmetric with respect to x and y, why is it that m is found in

terms of variance of x and not y.

So, x is the controlling variable and that comes as the denominator in the form of a
variance and this expression also is worth of wondering about because this is mean of the
dependent attribute minus the slope of the line into the mean of the independent attribute.
So, these expressions are worth reflecting on and have a developing an intuition about
what they signify. So, this B and m they minimize the distance square distance between
the line and the points and therefore, this line is the best fit according to this point of

view.
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So, there are these points here 1 12 2 6 1.5 7 and 3.5, this example is from Manning and
Schutz foundation of statistical natural language processing published in 1999 by MIT
press. So, these 4 points and the points are shown by crosses, now we have fitted a line
for these points and this is the best line, where the slope is 0.25 1 by 4 and one is the

Example

Pigwe 187 An example of linear regression.  The line y = 0.33x = | 1 the
bt leantaquares fit for the four posstn (1,1),(2,2),08,1.5),(7,35). Amows show
whach pomnts on the hne the ongmal pomn ae projected 10

*

(Manning and Schutz, FSNLR 1999)

intercept B on the y axis.
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Implication of the “line” fitting

o 1 2 3 4 5 e 7T 8
X

+1, 2, 3, 4: are the points
+A, B, C, D: are their projectionson the fitted line

*Suppose 1, 2 form a class and 3, 4 another class
+Of course, It is easy to set up a hyper plane that will separate 1 and 2 from 3 and 4
*That will be classification in 2 dimension

So, this is fine and many prediction problems who are fitting of line, but our interest is

different what we are saying is that now assuming that, this 2 points C and D belong to a

ppose we form another attribute of these points, viz., distances of their
: lons On the line from "0”

% 0
I f Is classification in the reduced dimension (1 dimension)

e points can be classified by a threshold on these distances




particular class and a and B belongs to another class. Then we can always draw a line
this way, which is the hyper plane in 2 dimension this is a line which will separate C and
D from A and B. So, this line can always you found out and the algorithm them exists for
findings this, but now suppose we A classify these points in a reduce dimension, so the

where to go about this would be for these points a and b, we get the values here.

We get the projected values on this line and for C and D we again get the projected
values on this line, now you can see that separating the points through the projection is
easy a task. So, we can fix a threshold value here and | classified is simply in terms of
this threshold value it says that whenever the projection value is more than this threshold
then the points belong to one class, and when this projected value is less than threshold

belong to another class.

So, this classification according to ours is an easy a task then finding a line which
separates C and D, from A and B get this a must simpler task, and what is happening is
that we have reduced that dimension problem. So, the projection of A B C and D are now
treated in terms of the distances from this special point O, and this distances are uni-
dimension objects obtained from 2 dimensional representation of the points. And so we
are solving the problem in reduce dimension, we have come down from a 2 dimension
problem to a single dimension problem and this line is helping us to that. So, this is the
whole point about dimension it reduction, and we have to take the problem into a
different space with different parameters, so this point to was make last time and it will

be to remember this point of view.
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Principal Component Analysis

S
L&
NPTEL

Now, we move on to principle component analysis and will do it slowly with some

examples.
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Example: IRIS Data (only 3 values

out of 150)
ID Petal Petal Sepal Sepal Classific
Length | Width Length |Width |ation
(a4) (a) (ag) (aq)
001 51 35 1.4 0.2 Iris-
setosa
051 70 32 4.7 1.4, Iris-
versicol
or
6.3 33 6.0 25 Iris-
virginica

So, as was mention last time iris data is a very famous data for mission landing | will go
to them, so there are 150 data points of this kind, these points are defined in terms of 4
attributes for flowers. So, petal length, petal width, sepal length, and sepal width, all the
4 attributes and the classification is in terms of this 3 class iris setosa, iris versicol and

iris virginica.



So, this a 3 class problem, each class has 50 data points each point defined by 4
attributes, so now, the question that we ask is are all this attributes independent of each
other, so that all of them are needed are is it that some attributes are highly correlated,
may be petal length is correlated with sepal length. And then can we capture this
correlation, create a function of petal length and sepal length and instead of 4 attributes
were 3 attributes, there is a question, so then we have reduced the dimension of attributes

by creating any function that is the whole idea.
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Training and Testing Data

= Training: 80% of the data; 40 from each class: total
120

s Testing: Remaining 30

= Do we have to consider all the 4 attributes for
classification?

» Less attributes is likely increase the generalization

performance (Occam Razor Hypothesis: A simpler
hypothesis generalizes better)

So, principal component analysis will help us here and the training and testing scenario is
as follows 80 percent of the data is used for training. So, 40 from each class out of 50
and there are total 120 training example therefore, testing is on remaining 30 examples
they form the 20 percent of data. So, as has been mention already do you have to
consider all the 4 attributes for classification less attributes is likely to increase the
generalization performance.
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The multivariate data
X; X; X3 X¢ Xsoer Xy

X11 X2 Xi3 Xg4 X5 .00 Xqp
Xa1 Xp2 Xp3 Xoq X5 ... Xgp
X33 X322 X3z X3¢ X35 ... X3p
X411 Xq2 Xq3 Xgq  Xg5 .00 Xgp

e xnl xn2 xn3 xn4 Xn5 xnp

So, multivariate data typically is of this form we have this p attributes x 1 to x p, and
there are n rows in this matrix corresponding to n data points, so this is a an example of

multivariate data the structure of this.
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Some preliminaries

= Sample mean vector: <y, ty Uz..., >
For the / variable: = (2" .x,)/n
= Variance for the # variable:

0;%= [y (X - Pl n
= Sample covariance:

Cob= (2121 ((Kay = Ha)Xy = UD)I/ N
This measures the correlation in the data
% In fact, the correlation coefficient

u;mu. [y ab= Cab/ aa ab

So, we do some preliminaries may be within example, so suppose we work with this

matrix A which as 2 rows and 3 columns.
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So, the values are letsa 12 3 and 45 6, thisisasayx 1 x 2y 1y 2y 3, so first thing to
here is per attribute mean, so for y 1 we have mu one which is the mean of 4 and 1 that is
2.5 mu 2 is the mean of the attribute y 2 this is 3.5 and mu 3 is the attribute of 5 3, mean
of 5 3 this is 4.5, this is the main. Now, we find out per attribute variance, so this mean it
must be clear to you is nothing but the attribute values divided by the total number, so
this actually is equal to 1 plus 4 by 2, which is 2.5. Now, per attribute variance, so fory 1
this is sigma 1 square, so we have to see the departure from the mean, now this is will be
1 minus 2.5 square plus 4 minus 2.5 square divided by 2. And that is equal to 1.5 square,
which is 2.25 plus again this is 1.5 square which is 2.25 and this variance comes over to

be equal to 2.25, so we found out the variance of attribute y 1.
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Similarly, sigma 2 square will be equal to 2 minus 3.5 square plus 5 minus 3.5 square by
2, this is also coming out to be 2.25 and sigma 3 square is 3 minus 4.5 square, SO
variance coming out to be same everywhere 6 minus 4.5 square by 2 which is equal to
2.25, so variance same everywhere.

(Refer Slide Time: 14:11)

So, now, we also find out the sample covariance, so that mean we have find out C 1 2;
that means, covariance of y 1 and y 2, so this will be nothing but it will be divided by 2

first of all. We have to take the difference from the mean of y 1 multiple it with



difference of the value from y 2, so what a mean is you have to find out the sample
covariance between y 1 and y 2. So, take the departure of one from the mean, take the
departure of 2 from the mean multiply by the 2 here also departure from the mean and
multiple. So, departure from mean will be 1 minus 2.5 into 2 minus 3.5 plus 4 minus 2.5
into 5 minus 3.5, so this comes at to be equal to minus 1.5 into minus 1.5 plus 1.5 into
1.5 by 2 which comes at to be equal to 0, so this again 2.25.

(Refer Slide Time: 15:49)

Then we have to find out, C 2 3 | think it will come out to be again 2.25, but let us check
C 2 3is covariance of y 2 and y 3 and this is 2 minus 3.5 into 3 minus 4.5 plus 5 minus
3.5 into 6 minus 4.5 again it is coming out to be 2.25, so we can possible say if you also
say that C 3 1 also will be 2.25.
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Some preliminaries

= Sample mean vector: <y, Uy Uz..., Hp>
For the /" variable: = (2" .x,)/n
= Variance for the # variable:

0;%= [Z)y (g~ P/ N
= Sample covariance:

5Cab= [Z=1 ((Kaj = W)Xy = )/ 1N
This measures the correlation in the data
C‘* In fact, the correlation coefficient

NPTEL lap= Cap/ 03 T

So, going to the slides now we have looking at the slides, way of the mean as way of
found out the mean of each attribute, we have find out the variance of each attribute, we
found out the sample covariance for pair wise attributes, and from this we get this very
important quantity, namely the correlation coefficient.

(Refer Slide Time: 17:20)

So, let us calculate the correlation coefficient for whatever we done so for, correlation
coefficient for our matrix, which is this for this matrix now correlation coefficientrab is

defined has sample covariance divided by sigma a into sigma b. So, covariance divided



by standard the variation of the 2 attributes, so now, what we have is lets first compute r
1 2, which is correlation coefficient between y 1 and y 2. So, C a b, we found to be equal
to 2.25 everywhere C 1 2 by sigma 1 into sigma 2 and C 1 to was 2.25 sigma 1 is square
root of 2.25, sigma 2 is also same 2.25, so there completely correlated.
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So, this is coming out to be equal to 1, so r 1 to is equal to 1, what about r 2 3? r 2 3
equal to C 2 3 by sigma 2 sigma 3, again this is coming out to be equal to be and |
believe and r 3 1 is also equal to 1. So, now, going a slide, so found out the correlation
coefficient to be equal to 1 everywhere.
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Standardize the variables
= For each variable x;
Replace the values by

Yy= Xy~ M)/0;?

Correlation Matrix

L ry hyee

ry Lrgy e Fap

.I.Q"'" " . . see
L& Tor Tp2 T

NPTEL

Now, for each variable x i j we replace the values by y i j equal to X i j minus mu i
divided by sigma i square, we found out correlation coefficient with this values, actually
what we have to do is that we first take the standardize the variance, and then find out the

correlation coefficient anyway.
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Short digression: Eigenvalues anc
Eigenvectors

AX=AX

Ay X+ aXp+ AgaXat . AgpXp =AX
Ay X+ AyXyt AygXat .., aszp =I\X2

Ap1 Xy + AppXa+ ApaXat .. AppXp =N,
.. Here, As are eigenvalues and the solution

LK <Xy Xy X300 Xp>

weTELFor each A is the eigenvector

So, now, got the correlation coefficient and we do a principle component analysis you
mean correlation coefficient matrix, so before that of course, we have to do this Eigen

value and Eigen vector computation, again we do a beta basic task.
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So, for this matrix A which is 1 2 3 4 5 6, the Eigen values are computed by this
expression a x equal to lambda X, so going to the slide now.

(Refer Slide Time: 20:04)

Short digression: Eigenvalues anc
Eigenvectors

AX=AX

Ay X+ Ay Xt AgaXat . alpxp -I\X:l
Ay Xyt AxXa+ AxaXat ... aszp -I\XZ

Ap1Xy+AppXat ApaXat . AppXy =AXp
Here, As are eigenvalues antl the solution
*’ <Xy Xgp Xgpee Xp>
nrTELEQr @ach A is the eigenvector

A x equal to lambda x for where a is a represented multivariate data we have x has the
column vector, and this gives rights to the equationalx 1 plusal2x 2plusal 3 x 3
up toalp x pequal to lambda x 1. And this way we set of this equation and find out
different values of lambda from the determinate will see a movement, and lambda called

the Eigen values and the solution x 1 x 2 up to x p for each lambda is the Eigen vector.
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Short digression: To find the
Eigenvalues and Eigenvectors

Solve the characteristic function

det(A- X)=0
Eample. ¢ Verify:
-9 4 ‘9 4
; “ -1 -1
] =-13
74| 1 4
Characteristic equation

(-9-A)(-6- A)-28=0
Real eigenvalues: -13, -2

Eigenvector of eigenvalue -13:
(-1,1) I=
Eigenvector of eigenvalue -2:
4,7)

Here is an example, suppose the a matrix is minus 9 4 and 7 and minus 6, this is the A
matrix, so first of all we get a minus lambda I, 1 is the identity matrix. So, lambda I gives
as this matrix lambda 0 O lambda, so A minus lambda I will be minus 9 minus lambda
here, 4 minus 0 7 minus O minus 6 lambda, so this will be the A minus lambda | matrix.
Now, we have to found what is call the characteristics equation so; that means, the
determinate equal to 0, we have to found that equation, so minus 9 minus lambda into
minus 6 minus lambda minus 7 into 428. So, this is equal to 0, now this left hand side is
determinate equal to O is the characteristics equation, when we solve, then we find that
lambda is equal to minus 13 or minus 2. So, this a quadratic equation lambda minus 13
minus 2 now when we put this value here that minus 9 4 7 6 into x equal to minus 13 X

and solve for x let us do it once.



(Refer Slide Time: 22:15)

So, we have minus 9 minus 4 7 minus 6 is the matrix into x 1 x 2 is equal lambda which
is minus 13 x 1 x 2 then we have minus 9 x 1 minus 4 x 2 equal to minus 13 x 1. There
solving for a x equal to lambda x, for minus 9 4 plus 4 is equal to minus 13 x 1 or 6 x 1
plus 4 x 2 equal to O, that is 1 and 7 x 1 minus 6 x 2 is equal to minus 13 x 2 or 7 x 1 plus
7 x 2 equal to 0. So, then so one solution is that x 1 and x 2 are all 0 vector, but others
solution is that you can have x 1 minus 1 x 2 is plus 1 yes, yes 4 x 1 plus x 2 equal to O,

and thisis 7 x 1 7 x 2 equal to 0.

(Refer Slide Time: 23:35)




So, non zero solution for x 1 x 2 with lambda equal to minus 13 is minus 1 plus 1,
similarly for lambda equal to minus 2 non zero x is 4 comma 7, so this the way this is

calculated.
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Short digression: To find the
Eigenvalues and Eigenvectors

Solve the characteristic function
det(A - A)=0
Bample, /- Verify:
= 9 41 f
=-1
7 +6 1 1
Characteristic equation

(-9-A)(-6- A)-28=0
Real eigenvalues: -13, -2

Eigenvector of eigenvalue -13: ADO
" i ('1! 1) I=
- i&) Eigenvector of eigenvalue -2: 0

NPTEL *7)

So, way it when come to the slides, we find that for this a matrix the Eigen values are

minus 13 minus 2 the correspondent Eigen vectors are minus 1 plus 1 4 and 7.
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Next step in finding the PCs
I ry hyoo

rtlryen,

AT o]

o Tp2 Ty
Find the eigenvalues and elgenvectors of R

MNPTEL

So, now, we proceed to finding the principle components, now from the given matrix we

can find out the correlation coefficient matrix, just to remained our selves how do you



find out the correlation coefficient matrix. We convert the given matrix into a matrix of
standard variables, so this is one thing we had last time, so each value is subtract from

the mean and is divided by the standard variance.
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Standardize the variables
=« For each variable x;
Replace the values by

Yy = (%~ ko

Correlation Matrix

Mia Mg eve 1y

_|™ Lry-n,

E A - - o “ue
(ke B Byl

y ijisequal to x i j minus mu i dived by sigma square, so this is done for each value in

the matrix.
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Next step in finding the PCs

I ny 1y Ny

Bl ryen,

r. ¥ |

o Tp2 Tpy”
Find the eigenvalues and elgenvectors of R

e
&

NPTEL



Then on this standard values we find out the sample covariance and sample covariance is
dived by standard variation sigma a sigma b, and we get this correlation coefficient r 1 2

r 1 3 etcetera on the standardized matrix, so take this example of a matrix.
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So, matrix A which is 12 3 45 6 is first converted to a standard which is nothing but 1
minus 2.5 divided by, so you have to divided by sigma square. So, 2.25 similarly 4 minus
2.25 divided by 2.25 2 minus 3.5 divided by 2.25 5 minus 3.5 divided by 2.25 3 minus
4.5 dived by 2.25 6 minus 4.5 divided by 2.25. This is known as standardizing the
variables in the matrix, and this will come out to be equal to this is minus 1 by 1.5, this is
also minus 1 by 1.5 thisis 1 by 1.5, this is 1 by 1.5, this is 1 by 1.5.
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So, then A standard matrix comes out to be equal to minus 1.5 1 by 1.5 1 1 1 minus 1
minus 1 minus 1, this A matrix we get, from this we find out the r a b values. This is
column number 1, column number 2 column number 3, and from this will have to find
outrl2r23r31,sowe going to through that computation now, but it is possible to get
this value. And from this we will get correlation coefficient matrix which is equal to one
ri2rl13thenr21r23r31r321,sowhatever the matrix whether it is square or
rectangle it has been convert to a square matrix and therefore, principle component this is
can be done on this.
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Next step in finding the PCs

1 7, By oo By
oy Ly oo
n Ty 2
R= : 9
Ppl rpz rps"'l

Find the elgenvalues and elgenvectorsof R

®

NPTEL



So, next step will be for this correlation coefficient matrix are we get that Eigen values

and Eigen vectors.
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Example

49 birds: 21 survived In a storm and 28 died.

5 body characteristics given

X,: body length; X,: alér extent; X,: beak and head length

Xyt humerus length; Xs: keel length

Could we have predicted the fate from the body charateristic

1.000 |
0.735 1.000

R =0.662 0.674 1.000

0.645 0.769 0.763 1.000

{* | 0.605 0.529 0.526 0.607 1.000 |

MNPTEL

Now, we have taken example here, so for everything is clear we take the matrix A just

look at the, whatever we wrote here.
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We take the matrix A first compute the column mean, everywhere compute the variance
for each column standardize the variable, so take the variable value subtract the mean

from it divide by variance everywhere, and that gives as the standardized A matrix.
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From standardized A matrix we get the correlation coefficients, for each column and
from this we found what is call the correlation coefficient matrix. Everything is done on

the standardized view mean and variance. Yes, that is it, so this is done.
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Example

49 birds: 21 survived In a storm and 28 died.

5 M characteristics given

X,: body length; X;: alar extent; X,: beak and head length

X,: humerus length; X;: keel length

Could we have predicted the fate from the body charateristic

1.000

0.735 1.000

R =]0.662 0.674 1.000
0.645 0.769 0.763 1.000
(é{gﬂ 0.605 0.529 0.526 0.607 1.000 |

NPTEL

Now, here we taken example suppose there are 49 birds and 21 survived in a storm and
28 died 5 body characteristics given which are x 1 the body length x 2 the alar extent, x 3
the beak and head length, x 4 the humorous length, x 5 the keel length. So, some of this
biological terms, so there are this 5 parameters which represented each part, so we have a



49 row by 5 column matrix describing the population of birds. Now, the task is to predict
the fate of the bird from the body characteristic, so when the bird survive with the a bird
with particular characteristic will about survive in the storm and this classification is
done based on the body characteristic we try to learn their. So, we have a 49 by 5 multi
wearer data we process the data through standardization compute the correlation
coefficient, so for this data we have not shown the actual matrix, but what is interest to
ask is the correlation coefficient. So, for this data we have found out the correlation
coefficient and this is shown in terms of lower triangle matrix, because this a semantic

matrix the values here will be same as the value on this side.

So, let us read one column which will be same as the first row, so correlation coefficient
of first attribute x 1 with itself is one. The correlation coefficient between x 1 x 2 is
0.735, that between x 2 x 3 is 0.662 between x 1 x 4 is 0.645 between x 1 and x 5 is
0.605, so similarly all the correlation coefficient are given here. So, now from this
correlation coefficient matrix we can find it is Eigen values and Eigen vectors by setting

up a x equal to lambda x.

(Refer Slide Time: 31:23)

Eigenvalues and Eigenvectors of R

Component | Eigen First V; Vv, V, Vs
value Eigen-
i vector: V,
1 3612 | 0.452 0.462 0.451 0.471 0.398
2 |o0532| -0051 | 0300 | 0325 | 04185 | -0877
3 0386 | 0601 | 0341 | -0456 | -0.411 | -0.179
4 0302 | -0.420 0,548 -0,606 0.388 0.069
0.165 | 0.374 0530 | -0.343 0.652 20192

Now, this Eigen values an Eigen vectors computation is also not shown, but a method
has been already descript a few mints back, so here we find that the Eigen values there
will be 5 Eigen values at 3.612 0.532 0.386 0.302 and 0.165. This are the 5 Eigen values
the first Eigen vector v 1 is 0.452 then the first component is this 0.452 then minus 0.051



0.691 minus 4.420 minus 364 this the first Eigen vector. Then this is the second Eigen
vector there is no correspondent between this and this are 5 Eigen values and
corresponding to each the Eigen vector is shown, so may be this column being placed
here is what misleading, so these are the 5 Eigen vector.
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Now, the point is what we do with this data, we have already mention last time that the
whole idea of dimensionality reduction is that we have attributes A1 A2 upto An
which when pass through A box gives rise to B 1 B 2 up to B m and m less than n. Now,
what happens in this transformation is of interested, now from we have converted the a
matrix into the correlation coefficient matrix, we have computed the Eigen vectors and
Eigen values, so that is there in this box. Now, what we do with this is the question?
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Which principal components are
important?
= Total variance in the data=
)\l-i; Aot A+ A+ As
= sum of diagonals of R= 5

= First eigenvalue= 3.616 ~ 72% of tota
variance 5

= Second = 10.6%, Third & 7.7%, Fourtt
~ 6.0% and Fifth = 3.3%

= First PC is the most important and
X3 sufficient for studying the

NPTEI

= classification

Now, without going into lot of theories of Eigen values in Eigen vectors we do say that
the total variance in the data is measured by the sum of the Eigen values, we can discuss
this point little later. So, this is equal to the sum of the diagonals of the correlation
coefficient matrix, and this sum of lambda values Eigen values comes out to be equal to
5.

Now, first Eigen value is 3.616 that is 22 percent of 5 and this captures 72 percent of the
total variance, the second Eigen value captures 10.6 percent of the variation third capture
7.7 percent fourth 6 percent and fifth 3.3 percent. So, first principle component is the
most important and sufficient for studying the classification, so here some amount of

insight into machine landing comes into picture.

So, after all our learning see depends on how representative the data is for the concept,
so here we are talking about let us say birds which can survive the storms and birds
which cannot, so as many variations of birds which survive and which do not survive.
We see the better is the expose of the landing algorithm, so landing algorithm is better
exposed to the situation, and therefore, is reach experience should enable to learn better.
So, now the Eigen values will discussed these theories more in more detail and with

more intuition that this Eigen value capture the variation in the data.
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Eigenvalues and Eigenvectors of R

Component | Eigen First 1y V, V, v, Vs
value Eigen-
vector: V,
1 3612 | 0482 0.462 0.451 0.471 0.308
2 0532 | -0.051 0.300 0.325 0.185 0,877
3 0.386 | 0.691 0.341 -0.455 -0.411 -0.179
4 0302 | -0420 0.548 -0.606 0.388 0.069
;@ 0.165 | 0.374 -0.530 -0.343 0.652 -0.182
LueTEL

And the first Eigen value, which is shown here 3.612 and rest of them and you can see
are miniscule compare to this value, this sum of 2 1, so there sum of lambda values
computed from the correlation coefficient matrix on standard matrix values always
comes out to be equal to the dimension of the correlation coefficient matrix. So, some of
the Eigen values is equal to dimension of the correlation coefficient matrix, now this
particular Eigen value captures 72 percent of the variance, how it is variation will see
later, so now, we perform an operation the first component of each Eigen vector is taken
this is 0.452 0.462 0.451 0.471 and 0.398.

(Refer Slide Time: 36:01)

Forming the PCs

o 2y= 0.451X,+0.962X,+0,451X;+0.471X+0.398X;
o 2= -0.051X,40.300X,+0.325X;+0.185X, -0.877X;

= For all the 49 birds find the first two
principal components

= This becomes the new data

= Classify using them

e

MNPTEL



So, what are X 1 x 2 x 3 X 4 and x 5 these are the 5 characteristic values, so x 1 if | take
one particular bird lets I take first bird then x 1 is it is body length.

(Refer Slide Time: 36:22)

Example

49 birds: 21 survived In a storm and 28 died.

5 body characteristics given

X,: body length; X,: alar extent; X;: beak and head length

X humerus length; Xs: keel length

Could we have predicted the fate from the body charateristic

1.000 ]
0.735 1.000

R =|0.662 0.674 1.000

0.645 0.769 0.763 1.000

& [ 0.605 0.529 0.526 0.607 1.000 |

So, x 1 is body length, x 2 is alar extend, x 3 is beak and head length, x 4 is humerus
length, x 5 is keel length, there are 5 different characteristics and this have 5 different
values.

(Refer Slide Time: 36:36)

Forming the PCs

o 2= 0.451X,+0.462X+0.451X;+0.471X +0.398X;
o 2= [0.051X,+0.300X,+0.325X;+0.185%,-0.877Xs

= For all the 49 birds find the first two
principal components

= This becomes the new data
= Classify using them

Now, they are multiplied by the first component of the Eigen vectors the first component
of the Eigen vectors and then we obtain the values z 1, then thisx 1, x 2, x 3, x 4, X 5 are



multiplied by the second components of the Eigen vector. And we obtained z 2 so for all
the 49 birds find the first 2 principal components, so these are called the principal

components, and this becomes the new data and we classify using.

(Refer Slide Time: 37:13)

For the first bird

X, =156, X,;=245, X;=31.6, X,;=18.5, Xs=20.5
After standardizing *
Y,=(156-157.98)/3.65=-0.54,
Y;=(245-241.33)/5.1=0.73,
Y;=(31.6-31.5)/0.8=0.17,
Y4=(18.5-18.46)/0.56=0.05,
Ys=(20.5-20.8)/0.99=-0.33

PC, for the first bird=

2= 0.45X(-0.54)+
Jf} 0.496X(0.725)+0.45X(0.17)+0.47X(0.05)+0.39X(-0.33)
NS =0.064

PYEL Similarly, Z,= 0.602

So, if | take this example now, the for the first bird x 1 is 156, x 2 is 245, x 3is 31.6, X 4
is 18.5, x 5 is 20.5, now after standardizing again we have to do standardizing, we get
these values y 1 y 2 up to y 5. So, the principal component one for the first bird will be
0.45 into minus 0.54, the standardized first attribute value, plus 0.46 which is the first
component of the second Eigen vector into standardized second attribute value. So, each
attribute value is multiplied by the first component of the Eigen vector and this gives me

z one similarly z 2 comes this way.



(Refer Slide Time: 38:01)

Reduced Classification Data

» Instead of |X, |X, [X; [X; [Xs

=

~.m Use 2y Z,

NPTEL

f 49 |rows

So, now, instead of a 49 by 5 matrix we have a 49 by 2 matrix, so there are 49 data
points, yes each data point instead of being represented by 5 attributes r represented by 2
attributes. And these attributes are functions of the previous attribute x 1, x 2 up to x 5, z
1 is the functional x 1, x 2 up to x 5, the function is obtained from the Eigen first
components in the Eigen vector and now we have a reduced dimension data and we

classify based on that, so will discuss this in more detail tomorrow.



