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UNIT-2   

Introduction to Supervised Learning 
REFER UNIT 1 

 Supervised learning setup 

The 7 Steps of Machine Learning 
 

● Gathering data 
This step is very important because the quality and quantity of data that you 
gather will directly determine how good your predictive model can be. 
● Preparing that data 

 Data preparation , where we load our data into a suitable place and prepare it 
for use in our machine learning training. 
● Choosing a model 

The next step in our workflow is choosing a model. There are many models that 
researchers and data scientists have created over the years. Some are very well 
suited for image data, others for sequences (like text, or music), some for 
numerical data, others for text-based data. 
● Training 

Now we move onto what is often considered the bulk of machine learning — the 
training. 
● Evaluation 

Once training is complete, it’s time to see if the model is any good, using 
Evaluation. This is where that dataset that we set aside earlier comes into play. 
Evaluation allows us to test our model against data that has never been used for 
training.  
● Hyperparameter tuning 

Once you’ve done evaluation, it’s possible that you want to see if you can further 
improve your training in any way. We can do this by tuning our parameters. 
There were a few parameters we implicitly assumed when we did our training, 
and now is a good time to go back and test those assumptions and try other 
values. 
● Prediction. 

So Prediction, or inference, is the step where we get to answer some questions. 
This is the point of all this work, where the value of machine learning is realized. 
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Linear Methods for Classification 

● Logistic Regression 
https://youtu.be/HYE9ruNDESA 
 

● Support Vector Machine  
https://youtu.be/xLkk6MUrvrw 
https://youtu.be/0MJTaPoHv-g 

Linear Methods for Regression 
● Linear Regression and Multiple Regression 

 https://youtu.be/lzGKRSvs5HM 

Support Vector Machines 
https://youtu.be/xLkk6MUrvrw 
https://youtu.be/0MJTaPoHv-g 

Basis Expansions 
In data preprocessing, transformation is the replacement of a variable by applying a 
function on that variable. 
For example, replacing a variable x by the square root of x or the logarithm of x. In a 
stronger sense, a transformation is a replacement that changes the shape of a 
distribution or relationship with response variable. 
Reason for using transformations 
• Reducing skewness  A transformation may be used to reduce skewness. A distribution 
that is symmetric or nearly so is often easier to handle and interpret than a skewed 
distribution. 
To reduce right skewness, take roots or logarithms or reciprocals. 
 To reduce left skewness, take squares or cubes or higher powers. 
• Equal spreads A transformation may be used to produce approximately equal 
spreads, despite marked variations in level, which again makes data easier to handle 
and interpret. 
• Reducing skewness  A transformation may be used to reduce skewness. A distribution 
that is symmetric or nearly so is often easier to handle and interpret than a skewed 
distribution. 
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To reduce right skewness, take roots or logarithms or reciprocals. 
To reduce left skewness, take squares or cubes or higher powers. 
• Equal spreads A transformation may be used to produce approximately equal 
spreads, despite marked variations in level, which again makes data easier to handle 
and interpret 
• 
• Linear relationships When looking at relationships between variables, it is often far 
easier to think about patterns that are approximately linear than about patterns that are 
highly curved. This is vitally important when using linear regression, which amounts to 
fitting such patterns to data. 
 
Some Common Transformations: 
• Logarithm 

X->log(X) 
 
• Square 

YX->X2 

 
• Cosine 

X->θ1*cos(X+θ4) + θ2*cos(2*X+θ4)+ θ3 
 
• Square root 

XX->√X 
 
• Reciprocal 

 X      X->1/X 
 

Model selection procedures  
Model selection is an important part of any statistical analysis, and indeed is central to 
the pursuit of science in general. Many authors have examined this question, from both 
frequentist and Bayesian perspectives, and many tools for selecting the best model" 
have been suggested in the literature. This paper evaluates the various proposals from 
a decision{theoretic perspective, as a way of bringing coherence to a complex and 
central question in the  field.   
 
 

Perceptron 
REFER UNIT 1 of SOFT COMPUTING 
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Exponential families 
In probability  and statistics, an exponential family is a parametric  set of probability distributions  of a 
certain form, specified below. This special form is chosen for mathematical convenience, based on 
some useful algebraic properties, as well as for generality, as exponential families are in a sense 
very natural sets of distributions to consider. The term exponential class is sometimes used in 

place of "exponential family", [1] or the older term Koopman-Darmois family . The terms "distribution" 
and "family" are often used loosely: properly, an  exponential family is a set  of distributions, where the 

specific distribution varies with the parameter; [a] however, a parametric family  of distributions is often 
referred to as " a  distribution" (like "the normal distribution", meaning "the family of normal 
distributions"), and the set of all exponential families is sometimes loosely referred to as "the" 
exponential family. 

Examples of exponential family distributions [edit] 

Exponential families include many of the most common distributions. Among many others, 
exponential families includes the following: 

● normal 
● exponential 
● gamma 
● chi-squared 
● beta 
● Dirichlet 
● Bernoulli 
● categorical 
● Poisson 
● Wishart 
● inverse Wishart 
● geometric 

 
Exponential families are a broad class of probability distributions which includes many 
basic distributions such as Bernoullis and Gaussians, as well as Markov random fields. 
What they have in common is that the distributions can be represented in terms of 
log-linear functions of sufficient statistics. 
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Generative learning algorithms 
Generative learning is a theory that involves the active integration of new ideas 
with the learner’s existing schemata. The main idea of generative learning is that, 
in order to learn with understanding, a learner has to construct meaning actively 
 
https://youtu.be/XtYMRq7f7KA 
 

Naive Bayes 
https://youtu.be/ZxbF0qDe-pw 
https://youtu.be/8vv9julkQEA 
https://youtu.be/ZDzO0AXkP44 
 

feature selection 
https://youtu.be/vZDDmULsCUU 
 

Decision Tree 
https://youtu.be/RVuy1ezN_qA 
https://youtu.be/ffZ0ShPi-wg 
 
 

Ensemble methods 
 
https://youtu.be/LNrBcDfUhq0 
https://youtu.be/kW4XSvuBtDw 
https://youtu.be/CV9PE3iTjPI 
 
 

Downloaded from  be.rgpvnotes.in

Page no: 5 Follow us on facebook to get real-time updates from RGPV

https://youtu.be/XtYMRq7f7KA
https://youtu.be/ZxbF0qDe-pw
https://youtu.be/8vv9julkQEA
https://youtu.be/ZDzO0AXkP44
https://youtu.be/vZDDmULsCUU
https://youtu.be/RVuy1ezN_qA
https://youtu.be/ffZ0ShPi-wg
https://youtu.be/LNrBcDfUhq0
https://youtu.be/kW4XSvuBtDw
https://youtu.be/CV9PE3iTjPI
https://be.rgpvnotes.in
https://www.facebook.com/rgpvnotes.in
https://be.rgpvnotes.in


Naive Bayes Classification 
Naive Bayes classifiers  are linear classifiers that are known for being simple yet very 
efficient. The probabilistic model of naive Bayes classifiers is based on Bayes’ theorem, 
and the adjective naive comes from the assumption that the features in a dataset are 
mutually independent. In practice, the independence assumption is often violated, but 
naive Bayes classifiers still tend to perform very well under this unrealistic assumption 
[1 ]. Especially for small sample sizes, naive Bayes classifiers can outperform the more 
powerful alternatives [ 2 ]. 
Being relatively robust, easy to implement, fast, and accurate, naive Bayes classifiers 
are used in many different fields. Some examples include the diagnosis of diseases and 
making decisions about treatment processes [ 3 ], the classification of RNA sequences in 
taxonomic studies [ 4 ], and spam filtering in e-mail clients [ 5 ]. 
However, strong violations of the independence assumptions and non-linear 
classification problems can lead to very poor performances of naive Bayes classifiers. 

We have to keep in mind that the type of data and the type problem to be solved dictate 
which classification model we want to choose. In practice, it is always recommended to 
compare different classification models on the particular dataset and consider the 
prediction performances as well as computational efficiency. 

In the following sections, we will take a closer look at the probability model of the naive 
Bayes classifier and apply the concept to a simple toy problem. Later, we will use a 
publicly available SMS (text message) collection to train a naive Bayes classifier in 
Python that allows us to classify unseen messages as spam or ham. 
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Figure 2. Linear (A) vs. non-linear problems (B). Random samples for two different 
classes are shown as colored spheres, and the dotted lines indicate the class 
boundaries that classifiers try to approximate by computing the decision boundaries. A 
non-linear problem (B) would be a case where linear classifiers, such as naive Bayes, 
would not be suitable since the classes are not linearly separable. In such a scenario, 
non-linear classifiers (e.g.,instance-based nearest neighbor classifiers) should be 
preferred. 

Classification problems; decision boundaries; 
nearest neighbor methods  
REFER UNIT 1 

Random forests 
https://youtu.be/WkFtIqWmX9o 
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Must watch 
 
https://www.youtube.com/watch?v=eIicc0UTd4M&list=PL0s3O6GgLL5cGHFY_ymkrevnapVCD
9jU7 
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We hope you find these notes useful. 

You can get previous year question papers at  

https://qp.rgpvnotes.in . 

 

If you have any queries or you want to submit your 

study notes please write us at 

rgpvnotes.in@gmail.com 
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