Chapter 1: Journey from Statistics to
Machine Learning
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False Positive Rate (FPR) or 1- Specificity
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Statistical Modeling Methodalogy
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Loss Funerions in Machine Learning Models
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Chapter 2: Parallelism of Statistics and

Machine Learning
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Chapter 3: Logistic Regression Versus
Random Forest

Logistic vs. Linear Regression
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Chapter 4: Tree-Based Machine Learning
Models
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Comparison of Error Components of Models
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Chapter 5: K-Nearest Neighbors and Naive
Bayes
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Chapter 6: Support Vector Machines and
Neural Networks
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A.L, Machine Learning & Deep Learning
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Chapter 7: Recommendation Engines
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Chapter 8: Unsupervised Learning

Plot of Instances used for K-Means Clustfering

L] L

________________ R IR S
________________________ F—
T e . It SRR

-

_________ S AR, JEETSER GRS R R Lo e
! -
: ] i 1

— &y

K-Means Clustering (iteration I = initiial assigrment)
-
---------------------- fo--
i
""""""""" ® T e 2
L]
” L ]
_____________________ R —
-
B i . AR e e b e
-
Cantruidd 7 1 b SO B P e
......... T "WRENVEN PERRRENN KU SN —
L ]
'
sy




K-Means Clustering (iteration 2
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Chapter 9: Reinforcement Learning

Agent-Finvironment interaction in
Reinforcement Learning
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Comparison of T} Learning vs. MC Method
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