
 

CLASSIFIERL

Consider an mx ol date matrix D where
n is the of instances and ol is the
member of features and an Mt 1 clan vector
C which contains the various lanes Cs Cnts

Mote thet

D can contain either categorical features
or numerical futures

E D contains a single categorical
feature

A CLASSIFIER is a statistical approach
that is able to assign to every
row of D a unique clan in E

There are various methods to build
classifiers nodes mech is a insta to
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What is the meaning of
clarification for a given
instance

I It means using the dataset
and clan libel to build
a classifier model that assigns
to the given instance which
does not love to be contained
in the original dataset the
clan Ebel with the light allility

After we build a classifier we
have to test the aridity of the
results oltwined This is immontent since

different classifiers may yield different
results depending on the model used

To test the accuracy of a classifier
we have to know the correct clan hbd
www.uted with a feature This is implanted
in inactive by militting the original
dataset
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Matrixerred to test the MstMz n
areviously built classifier

Having done this the testing phone is
trivial

For each instance of the TEST Matrix

compute the clan libel enigned
by the classifier Cs with the dome
Ian lebel Ca

Fl Ca Cz then we incremet the
of errors made by the classifier

Return
FIimtm

LIEB AVERAGE NUMBER
OF ERRORS

Note that

1 AVG ERROR AVG ACCURACY



Decision TREES

A Decision TREE is a finite oriented tree
with a root St is a model that can

be used to build classifiers

In a decision tree takes in input
the instance to clarity endures the
values of the intermediate nodes called
the SPLITTING FEATURES to traverse the
tree and arrive of one of the leaves
which represent clam libels

SPLITTING Based on the
SPLITTING

FEATURE

CRITERION Value of Fg we
b z choose where to go

0 26 ye Fs 3 then we
I go into this nib tree

b b b be
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The SPLITTING criterion depends on the
nature of Fs Sf Es is a categorical
feature then we milit based on mecific
values ul Es
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Tf Fs is a numerical feature then we

split bared on ranges of values of Fs

t
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It may happen to love decision trees
in which both criteria are used since
its nonible to love dotarets with both categorical
and numerical features



iD3
An example of a decision tree bored
on information theory is ID 3 which stands for
iterative Dicotomizer

The ID 3 algorithm builds the decision
tree by computing the MUTUAL INFORMATION
between the various features Fs end
the clan vector C

In particular it does the following
In the root mode we met the
feature Fs thot maximizes the
mutual information with the clan
vector C Thet is

Fs Atf Max I Fi C

Since we assume Fs to be dinnete
the militting criteria for this node is
trivial for every nonible value of Es
add an edge labeled with that value
and odd a male



Suxxone in the anevious step
Eg could Income 3 nonible wolves

To fill the new nodes we love
to eliminate the Fs column from
the original dataset and inartition
the new duturet into three rub dutierets
bared on the value of Fs

1 3 Fists C
Ds Detent which

g Ds contains the news

TEf u
n

D 3

After having done this milit we
can proceed recursively in the
new nodes



This step is repeated until
the detent consist I only the
clan libel and the wolves of the
clan heel are all equal

At this noint we odd e led
to the tree in which we insert
the remaining clan libel

Remember thet we enumed tht
each feature was a discrete n v This
comes from the fact tht in its original form
is 3 could be exiled only to categorical
features If we love numerical features we

love to dinnetize them tint

OSI we use the mutual information
because it is a measure of
correlation of two n v

Since we are building a

clanifier we are interested
in high correlation between
features ed clan libels
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Comider a test instance alo called EVIDENCE

I Xs Xz Xd

Once again we want to onion to
a clean libel To do is we would like

to compute PLCs121 Tf we know that
for every clan libel as we can assign
to the one that maximizes reid
alveility that is if we define
ELI clan assigned to instance

Then we can do the following

ELI AnyMax PLCs I

OSI The function E is on clanifier
built wing the training data Dt

In this way to build a classifier
we only have to compute the various

nobobilities PLCs III



Let us we the BAYES RULE to rewrite
Plast as follows

µ
LIKELIHOOD

prior
PROBABILITY

PLCs I PCI Ics PCs
POSTERIOR
PROBABILITY PCI

Since we are only interested in
the argmax values we can do the
following remilifications

E ARGMax Plcs 11
Cs

ARE Max PLI Cs P Cs depend on Cs

µ
PCHdoesnot

and this has
PLX reflect on the

aymax
ARGMax PCI 1cg PLCs
Cs

To build a BAYES CLASSIFIER we thus
need to commute the following alibilities

PCI Ics LIKELIHOOD

P Cs PRIOR PROBABILITY



To commute PLCs we rimmly love
to estimate the Amt of the class
feather using the teeny ohta Sm
inarticular we love

P Cs of instances in train
dutewithi lancs

of intimas in train data

To commute the likelihood that is
PCI Ics we love to compute a

multi variate antrubility conditioned
to Cs Sm inactice this mean that
fixed on Cs we love to estimate the
multi vacate amp on Adf in the rib dutout
defined by Cs

Sf is a vector of continuous radome
variables we can estimate its roll
lsity the KERNEL METHOD FOR Muti VARIATE
R V



NAIVE BAYES CLASSIFIER

By introducing a inarticulate assumption
called the naive assumption we can rimality
the construction of the BATES CLASSIFIER

NAIVE Assumption features in the
dataset are independent

This nimlifies the commutation of the
likelihood since we now have bhet

PCI Ics IT PCxiles

we now rimly need to estimate the
Amf for every feature Fs

Usually we who have the following

Gaussian Assumption features are

independent and
gaussian distributed



with this other assumption we are

only interested in commuting the meanie
and variance oh for each feature

As ENtm5 06 00 4

NANEBAYEITGAUSSIAN
Split the training duteret D

into Ds Dm where me of clones
d of leather

For each rib duturet Ds anointed
with clam Cs compute

this i sample mean if featue
Fi in Ds

Fis sample variance of feature
Fi in Ds

Then to clarify a test instance
we can compute the likelihood

as follows
a

PCI Ics t.IPLx.nl Csi
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