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Supervised learning

e Other factors:

1. Data heterogeneity: some algorithms require input to be numerical
and scaled to similar range (eg. SVM, NN methods. On the other
hand decision tree etc. Can handle heterogeneous data.

2. Redundancy in data (highly correlated input variables)
3. Presence of interactions and non-linearities

Eg. Of supervised learning :linear regression, logistic regression, SVM,
naive Bayes, linear discriminant analysis, decision tree, k-nearest
neighbor algo, neural network etc.
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Unsupervised learning

 Test of inferring a function to describe hidden structure.
 Eg. - Clustering (K-mean, mixture models, hierarchies clustering)
- Anomaly detection etc.
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Regression
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Linear Regression
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Linear Regression
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Prediction (estimate) of Y e L
Estimating the coefficients: =" F - Ix;;}')‘ ) J
* Training data (x1, y1), (x2, y2)... and (xn, yn) \

* n data pair

* we need [3, and |/3\1 A such that the linear model fits the data well
* measure of data fits the data well or closeness?

- One possible closeness measure is least square criterion

€i = UYj — %‘z‘ - represents ith residual
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Linear Regression

Residual sum of squares (RSS) A
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Accuracy and Precision

e Accuracy refers to the closeness of
a measured value to a standard or
known value. Accuracy is a

description of systematic errors, a Reference value
measure of statistical bias. Probability ! Accuracy
. . : = -
* Precision refers to the closeness of %™ T

two or more measurements to F1Y
each other. Precision is a .- '.
description of random errors, a
measure of statistical variability. -

—* Yalue
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Accuracy Vs. Precision
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Linear Regression
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random error Independent of x

If f(x) is linear then Y=058+5HXN+e
B, and 3, are analogous to estimation of population mean from sample
mean

l.e 5o an 51 are unbiased estimate of true B, and B,
< =
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Linear Regression

A simulated data set. Left: The red line reprxesents the true relationship, f(X) = 2+3X,
which is known as the population rejgression line. The blue line is the least squares

gllve; kit is the least squares estimate for f(X) based on the observed data, shown in
ac
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The population regression line is again showaq in red, and the least SQUOI‘E’E line in
dark blue. In light blue, ten least squares lines are shown, each computed on the
basis of a separate random set of observations. Each least squares line is different,
but on average, the least squares lines are quite close to the population regression
line.
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Concepts of Population and Sample

* Mean
e \/ariance
e Covariance

* Population and Sample

* Population mean and variance

 Sample mean and variance
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Variance and Covariance
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Variance and Covariance
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Variance of sum of random variables
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Variance and Covariance
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Variance of mean
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Population and sample
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Sample mean
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Sample Variance



Sample Variance
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Sample Variance

— I al \/‘: 6_§l p— mn —! 6__;_
Elm) = 22 <
(Y]
<2 estimelo e popilodion veruame pr =

Asim Tewari, IIT Bombay ME 781: Statistical Machine Learning and Data Mining



Sample Variance



