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» Course content review:
« Hypothesis testing: Is the observation due to chance or otherwise?

« Parameter Estimation: Can we estimate some parameter of the population from
a sample?

 Linear regression: Can we predict the value of one variable as a linear function
of another?
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« Course content review:
« Hypothesis testing: Is the observation due to chance or otherwise?
« Parameter Estimation: Can we estimate some parameter of the population from
a sample?
 Linear regression: Can we predict the value of one variable as a linear function
of another?
« Classification: Given examples with correct predictions, can we learn from

those examples to make good predictions in the future?

 Type of prediction: Which cl/ass does the example belong to?

« Examples: Is this online order fraudulent? Does this patient have cancer? These are examples of
Binary Classification, where there are only two classes (typically Yes/No).
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 Classification: Given examples with correct predictions, can we learn

from those examples to make good predictions in the future?

« Type of prediction: Which class does the example belong to?

Examples: /s this online order fraudulent? Does this patient have cancer? These are
examples of Binary Classification, where there are only two classes (typically Yes/No).

* Definitions:

The individual or situation for which we would like to make a prediction is called an
observation.

Each observation has multiple atfributes, which are known (e.g., the total value of an online
order, a patient's blood report).

Each observation has a class, which is the answer to the question we care about (e.g.,
fraudulent or not, cancer or not).

We have access to training data: a set of observations, each with a known class.
The collection of these pre-classified observations is also called a fraining set.

A classification algorithm is going to analyze the training set, and then come up with a
classifier: an algorithm for predicting the class of future observations.
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 Classification: Given examples with correct predictions, can we learn from

those examples to make good predictions in the future?

 Type of prediction: Which class does the example belong to?

Examples: Is this online order fraudulent? Does this patient have cancer? These are examples of

Binary Classification, where there are only two classes (typically Yes/No).

* Definitions:

The individual or situation for which we would like to make a prediction is called an observation.

Each observation has multiple attributes, which are known (e.g., the total value of an online
order, a patient's blood report).

Each observation has a class, which is the answer to the question we care about (e.g.,
fraudulent or not, cancer or not).

We have access to fraining data: a set of observations, each with a known class.
The collection of these pre-classified observations is also called a training set.

A classification algorithm is going to analyze the training set, and then come up with a
classifier: an algorithm for predicting the class of future observations.

 Classifiers do not need to be perfect to be useful. They
can be useful even if their accuracy is less than 100%.
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 Classification: Given examples with correct predictions, can we learn
from those examples to make good predictions in the future?

* Let’s start with Binary classification.

* The simplest binary classifier is based on the similarity of a new
observation (i.e., with unknown class) with the known observations in
the training set.

* What is a good measure of similarity?
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 Classification: Given examples with correct predictions, can we learn
from those examples to make good predictions in the future?

* Let’'s start with Binary classification.

* The simplest binary classifier is based on the similarity of a new
observation (i.e., with unknown class) with the known observations in
the training set.

* What is a good measure of similarity?
 For numerical attributes: Euclidean distance after conversion to standard units.
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 Classification: Given examples with correct predictions, can we learn
from those examples to make good predictions in the future?

* Let’s start with Binary classification.

* The simplest binary classifier is based on the similarity of a new
observation (i.e., with unknown class) with the known observations in
the training set.

* What is a good measure of similarity?
 For numerical attributes: Euclidean distance after conversion to standard units.

 Classification idea: Find the point p in the training set that is nearest to the new
point and predict its class to be the same as that of p.

* The above idea implicitly defines a decision boundary for making predictions
on new points.
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- Classification: Given examples with
correct predictions, can we learn from
those examples to make good predictions
in the future?

* Let's start with Binary classification. W e
- The simplest binary classifier is based on || ~fissscciinin s oo
the similarity of a new observation (i.e., W g
with unknown class) with the known g O3 FEEmIE ‘
observations in the training set. S 00 G 0S P cag®
» What is a good measure of similarity? © o5 BRI 02000 frogo0s
- For numerical attributes: Euclidean distance Y 1110111 S ML
after conversion to standard units. s333s232382ss
- Classification idea: Find the point p in the T
training set that Is nearest to the new point S 1 2
and predict its class to be the same as that of Hemoglobin

D.
* The above idea implicitly defines a decision

boundary for making predictions on new
points.
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« Classification: Given examples \;cvil‘h « Sometimes, the decision
correct predictions, can we learn from -
those examples to make good predictions boundary is not clean

in the future?
* Let's start with Binary classification. 5 = Color=dariblue

* The simplest binary classifier is based on s .
the similarity of a new observation (i.e.,
with unknown class) with the known
observations in the training set.

Glucose

« What is a good measure of similarity? 1——,
 For numerical attributes: Euclidean distance . Py
after conversion to standard units. S X
« Classification idea: Find the point p in the 17
training set that is nearest to the new point R . SO
and predict its class to be the same as that of

D.

» The above idea implicitly defines a decision
bo_ug[wdan/ for making predictions on new
points.
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« Classification: Given examples \;cvil‘h « Sometimes, the decision
correct predictions, can we learn from -
those examples to make good predictions boundary is not clean

in the future?
* Let's start with Binary classification. 5 = Color=dariblue

* The simplest binary classifier is based on s .
the similarity of a new observation (i.e.,
with unknown class) with the known
observations in the training set.

Glucose

« What is a good measure of similarity? 1——,
 For numerical attributes: Euclidean distance . Py
after conversion to standard units. X
« Classification idea: Find the point p in the 17
training set that is nearest to the new point T NN g
and predict its class to be the same as that of
D.
* The above idea implicitly defines a decision Can you suggest a
g&mwsc.iaw for making predictions on new classification scheme ?
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« Classification: Given examples \;cvil‘h « Sometimes, the decision
correct predictions, can we learn from -
those examples to make good predictions boundary is not clean

in the future?
* Let's start with Binary classification. 5 = Color=dariblue

* The simplest binary classifier is based on s .
the similarity of a new observation (i.e.,
with unknown class) with the known
observations in the training set.

Glucose

« What is a good measure of similarity? 1——,
 For numerical attributes: Euclidean distance . Py
after conversion to standard units. X
« Classification idea: Find the point p in the 17
training set that is nearest to the new point T NN g
and predict its class to be the same as that of
P o . .. - -
- The above idea implicitly defines a decision ||* ldea: Find k nearest neighbors
boundary for making predictions on new (KNN) and classify based on
points. the majority vote.
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- Classification: Given examples with « How do we evaluate the
correct predictions, can we learn from Bssifier?
those examples to make good predictions || ClaSSIlIer:

in the future?  Issue: We can’t use the
* Let’s start with Binary classification. training set to check.

* The simplest binary classifier is based on
the similarity of a new observation (i.e.,
with unknown class) with the known
observations in the training set.

« What is a good measure of similarity?
« For numerical attributes: Euclidean distance
after conversion to standard units.
« Classification idea: Find k nearest neighbors
and classify based on the majority
vote.
« The above idea implicitly defines a decision
bo_ug[wdaty for making predictions on new
points.
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 Classification: Given examples with
correct predictions, can we learn from
those examples to make good predictions

in the future?
 Let’s start with Binary classification.

* The simplest binary classifier is based on
the similarity of a new observation (i.e.,
with unknown class) with the known
observations in the training set.

« What is a good measure of similarity?
« For numerical attributes: Euclidean distance
after conversion to standard units.
« Classification idea: Find k nearest neighbors
and classify based on the majority
vote.
« The above idea implicitly defines a decision
bo_ug[wdaty for making predictions on new
points.

* How do we evaluate the
classifier?

e [ssue: We can’t use the
training set to check.

 Idea: Randomly split the
labeled data into a test seft
and a fraining set. Use the
test set to evaluate the
classifier built using the
training set.

* The hope is that our classifier
will perform about as well on
the underlying population as it
did on our test set.
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» Classification: Given examples with » How do we evaluate the classifier?
correct predictions, can we learn from y bﬁ_uek: We can't use the training set to
those examples to make good predictions o . .

:  ldea: Randomly split the labeled data into
in the future? a test set and a training set. Use the test
: . . . set to evaluate the classifier built using the

* Let’s start with Binary classification. training set.

: : . : » The hope is that our classifier will perform

* The simplest binary classifier is based on about as well on the underlying population
the similarity of a new observation (i.e., as It did on our test set.

with unknown class) with the known
observations in the training set.

« What is a good measure of similarity? .

« For numerical attributes: Euclidean distance
after conversion to standard units.

 Classification idea: Find k nearest neighbors

2.5

1.0

0.5

and classify based on the majority A PR
vote. et
« The above idea implicitly defines a decision oo
bo_ug[wdaty for making predictions on new
pOIn S. 7292.0 =1.5 -1.0 =05 0.0 0.5 1.0 1.5 2.0 25

KNN with k=5. What is the predicted
labelfor the red point?
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- Classification: Given examples with » How do we evaluate the classifier?
correct predictions, can we learn from  Issue: We can't use the training set to
those examples to make good predictions check. . .

:  ldea: Randomly split the labeled data into
in the future? a test set and a training set. Use the test
, . s ) set to evaluate the classifier built using the
. raining set.
Let’s start with Binary classification. t t
: : . : » The hope is that our classifier will perform

» The simplest binary classifier is based on about as well on the underlying population

the similarity of a new observation (i.e., as It did on our test set.

with unknown class) with the known
observations in the training set.

« What is a good measure of similarity?

« For numerical attributes: Euclidean distance
after conversion to standard units.
« Classification idea: Find k nearest neighbors
and classify based on the majority

Glucose
Glucose

vote.

« The above idea implicitly defines a decision E FHEHHHEHE : _
bqundary for maklng pred|Ct|OnS On neW White Blood Cell Count White Blood Cell Count
pOIﬂtS. Decision boundary Performance on the test

based on the training set set
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- Classification: Given examples with correct ||+ Multiple attributes:
predictions, can we learn from those e Each attribute can yield new
examples to make good predictions in the information
future? . . :

, _ _ o « So, running KNN with multiple
 Let’s start with Binary classification. attributes may improve the

« The simplest binary classifier is based on the classifier.
similarity of a new observation (i.e., with

. . WaveletVar WaveletSkew WaveletCurt Entropy Class

unknown class) with the known observations S

In the tralnlng Set' 4.5459 8.1674 -2.4586 -1.4621 0

« Whatis a gOOd measure of Slmllarlty7 3.866 -2.6383 19242  0.10645 0

» For numerical attributes: Euclidean distance after 3.4566 95228 -40m2  -35044 O

conversion to standard units. 0.32924 -4.4552 45718  -09888 O

 Classification idea: Find k nearest neighbors 4.3684 o678 39606 31625 O

(KNN) and C/aSSify based on the majOrity vote. 3.5912 3.0129 072888 056421 0

« The above idea implicitly defines a decision 20022 681 84635 060216 0

boundary for making predictions on new points. 3.2032 57588 -075345 061251 0

« Evaluation: Randomly split the labeled data into a 15356 1772 227ie 07383 O
test sef and a training set. Use the test set to Counterfeit banknotes data

evaluate the classifier built using the training set.
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- Classification: Given examples with correct | | » Multiple attributes:
predictions, can we learn from those e Eqch attribute can yield new
exam/g)les to make good predictions in the information
futurez - + So, running KNN with multiple

 Let's start with Binary classification. attributes may improve the

* The simplest binary classifier is based on the classifier.
similarity of a new observation (i.e., with
unknown class) with the known observations .
in the training set. s 2

« What is a good measure of similarity? e e °
« For numerical attributes: Euclidean distance after g ‘#9 g~
conversion to standard units. 23 ‘.‘Q-Yc £ -
 Classification idea: Find k nearest neighbors > e ,.% -
(KNN) and classify based on the majority vote. Wt J
« The above idea implicitly defines a decision e
boundary for making predictions on new points. i L
« Evaluation: Randomly split the labeled data into a
test set and a training set. Use the test set to Scatter plots with two attributes
evaluate the classifier built using the training set.
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- Classification: Given examples with correct ||+ Multiple attributes:
predictions, can we learn from those e Eqch attribute can yield new
exam/g)les to make good predictions in the information
uture? o + So, running KNN with multiple

* Let’s start with Binary classification. attributes may improve the

« The simplest binary classifier is based on the classifier.
similarity of a new observation (i.e., with
unknown class) with the known observations
In the training set.

« What is a good measure of similarity? {;; 15
« For numerical attributes: Euclidean distance after & "0
conversion to standard units. % -
- Classification idea: Find k nearest neighbors x o
(KNN) and classify based on the majority vote. By
« The above idea implicitly defines a decision %‘F g
boundary for making predictions on new points. - ¥ e
- Evaluation: Randomly split the labeled data into a e,
fest set and a training set. Use the test set to ST
evaluate the classifier built using the training set. Scatter plot with three attributes
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- Classification: Given examples with correct ||+ Multiple attributes:
predictions, can we learn from those '
examples to make good predictions in the

* Fach attribute can yield new

future? information.
' . o » So, running KNN with multiple
- Let’'s start with Binary classification. attributes may improve the
» The simplest binary classifier is based on the classifier.

similarity of a new observation (i.e., with
unknown class) with the known observations
In the training set.

« What is a good measure of similarity?

* For numerical attributes: Euclidean distance after
conversion to standard units.
- Classification idea: Find k nearest neighbors
(KNN) and classify based on the majority vote.

« The above idea implicitly defines a decision
boundary for making predictions on new points.

« Evaluation: Randomly split the labeled data into a
test sef and a training set. Use the test set to
evaluate the classifier built using the training set.
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End
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