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Introduction

DIFFERENCES IN ML AND CLASSICAL STATISTICS

« Train Error, Test Error, Validation Error
» Cross-validation
» For parameter tuning and/or model choice

+ Similar to PRESS in classical regression



Introduction

TRAIN-TEST-VALIDATION SETS

Input Data

[ ] ]
l Split
]

& > > »

Train Valid Test

il




Introduction

WHAT DOES REGRESSION MEAN IN ML?

Regression
What is the temperature going to

‘ Y /" be tomorrow?

PREDICTION
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Classification
Will it be Cold or Hot tomorrow?

PREDICTION
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(Source: https://www.springboard.com/blog/data-science/regression-vs-classification/) 4



Introduction

REGRESSION MODELS STUDIED SO FAR

+ Simple Linear Regression

» Multiple Linear Regression

» Binomial Logistic Regression

» Multinomial Logistic Regression

» Poisson Regression
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COMMON VARIANTS OF REGRESSION IN ML

» k-nearest neighbours
 Decision Trees (+ bagging, boosting)
» Support Vector Machines

« Artificial Neural Networks
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Modifications

LASSO AND RIDGE
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Modifications

LASsO Vs RIDGE
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Modifications

LASsO Vs RIDGE

Gontour pol: least square cost and L2 regulanzation Contour piol: least Square cost and L1 regulanzation

(Source: https://stats.stackexchange.com/questions/348308/graphical-interpretation-of-lasso)
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Variants in ML

NEED FOR NONLINEAR MODELLING

Parametric fegression
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(Source: https://www.omscs-notes.com/machine-learning-trading/regression/)
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Variants in ML

OUTCOME WITH LINEAR MODEL

Parametric fegression
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(Source: https://www.omscs-notes.com/machine-learning-trading/regression/)
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Variants in ML

OUTCOME WITH QUADRATIC MODEL

Parametric fegression
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(Source: https://www.omscs-notes.com/machine-learning-trading/regression/)
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Variants in ML

K NN REGRESSION

K. nearest nevhbor (KNN)
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(Source: https://www.omscs-notes.com/machine-learning-trading/regression/)
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Variants in ML

3 NN REGRESSION

K. nearest neqhbor (KNW)
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Variants in ML

K NEAREST NEIGHBOURS REGRESSION

» Nonparametric
+ Can capture nonlinear patterns

* Local nature



Variants in

DECISION TREES

movies shopping

tennis

parents visiting

Source: https://study.com/academy/lesson/what-is-a-decision-tree-examples-advantages-role-in-management.html



DivISION OF PREDICTOR/REGRESSOR SPACE

Variants in ML

Step 1
Splitting Data
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Variants in ML

FITTING THE REGRESSION TREE

Step 2

Averaging Leafs
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Variants in ML

PREDICTION FOR THE NEW OBSERVATION

Step 3
Introducing New Data
Introducing New Data Point
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Source: artificialintelligence.digest
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Variants in ML

THE FINAL REGRESSION TREE

Step 4

Finding Z using Decision Tree

splst 1
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Result: The the Z value of the new
data point @ is Z2!

Source: artificialintelligence.digest
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Variants in ML

BAGGING

BAGGING LEARNING PROCEDURE
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Variants in

BAGGING - RATIONALE
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https:/pressbooks.lib.vt.edu/introstatistics/chapter/the-central-limit-theorem-for-sample-means-averages/
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Variants in ML

RANDOM FOREST

Randomly chosen predictors at each point to avoid highly correlated
models
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Variants in ML

BOOSTING

1. Set f’(.r) =0 and r; = y; for all i in the training set.
2. Forb=1.2..... B, repeat:

(a) Fit a tree fl with d splits (d+ 1 terminal nodes) to the training
data (X.r).

(b) Update f by adding in a shrunken version of the new tree:
f(x) « f(x) + Afo(2).
(¢) Update the residuals,
ri 1 — /\_f\'b(.l',f
3. Output the boosted model,
B
fa) =" A ().
b=1

Source: ISLR
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Variants in ML

BOOSTING
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Variants in ML

MAXIMAL MARGIN CLASSIFIER
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Variants in ML

MAXIMAL MARGIN CLASSIFIER
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SUPPORT VECTOR CLASSIFIER
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Source: ISLR
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SUPPORT VECTOR MACHINES

Variants in ML

Source: ISLR
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Variants in ML

ARTIFICIAL NEURAL NETWORKS
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Variants in ML

ARTIFICIAL NEURAL NETWORKS

f(X) = Bo+ Yiey Behu(X)
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Source: ISLR
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Variants in ML
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