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Introduction to Machine Learning and Related concepts
Introduction to Machine Learning

Machine learning (ML) is the study of computer algorithms that
improve automatically through experience and of data.it is seen
as a part of artificial intelligence. Machine learning algorithms
build a model based on sample data , known as "training data" ,
in order to make predictions or decisions without being explicitly
programmed to do so

Voice Assistants

Stock Price Prediction some super cool
Email Filtering use cases of
Product Recommendations = Machine Learning
Predictive Maintenance

Self Driving Cars

1- Machine Learning vs Traditional Programming
e Traditional programming

In traditional programming, business requirements are converted
into "daterministic” rules. These rules are then applied on input data
to produce outcomes. The rules are deterministic implying that th y



3-

do not change or learn from the data they ingest or outcomes they
produce.

e Machine Learning

In Machine Learning, you will not write "deterministic” rules.
instead, you wiil use Machine Learning Algorithms to iearn from the
historical data fed and create a Model, which is essentially the set of
rules that the algorithm has learnt from the data to solve a comple ¢
problem for which writing static rules is unsuitable.

Why Machine Learning
Can easily replace traditional programming methods where
complex and very large set of combinations of rules (Emile spam
Filtering)
Complex Problems where no traditional solution exist, e.g. Image
Processing, Voice Processing, Autonomous Engines such as Self
Driving Cars (Image Classification)
In situations with changing scenarios (Stock Market Prediction)
Getting insights about complex problems and large amounts of da.a
(Fraud Detection)
Types of Machine Learning
Machine Learning Algorithms can be classified in the following
ways:
Basis of Classifications of ML Algorithms
Whether or not they are trained with Labelled Target values
Supervised Learning
UN Supervised Learning
Semi-Supervised Learning
Reinforcement Learning



Whether or not they can learn incrementally on the fly
Online Learning
Batch Learning
Whether they work by simply comparing new data point io knowin
data points, or instead detect patterns in the training data and
buiid 3 predictive model
Instance-based Learning
Modal-based Learning
e Types of Machine Learning
Classification based on whether they are labeled /unlabeled/
reward based
e Supervised Learning : In supervised learning, the input data
consisted of "labels" or the target values.
E.g : k-nearest Neighbours, Linear Regression, Logistic
Regression, Support Vector machines (SVMs)
Decision Trees, Random Forests.
e UnSupervised learning : In unsupervised learning, the input dat:
does not include the labels.
E.g : K-Means, DBSCAN, PCA, T-SNE, Apriori
e Semi-Supervised learning: In Semi-supervised Learning,
you would normally start with a supervised method and
the system gradually move into an unsupervised learning.
E.g: Deep Bellf Networks.
¢ Reinforcement Learning :In Reinforcement Learning, an
"Agent" tries to find an optimum path to solve a problem
based on a "reward"/"penalty" basis. The target has to be
achieved in the maximum reward path.



4- Types of Machine learning
Classification based on whether or not they can learn
incrementally

s Batch iearning :in batch iearning the modei is trained
using ali the avaiiabie data at one go. this may take
more time and computing resources if the voiume of
input data is large, hence it is typicaiiy done offiine.

¢ Online learning : in online learning (also termed as
incremental or out —of core learning),the model is
trained incrementally by feeding it data instances
sequentially, either individually or by small groups
called mini-batches. Each learning step is faster than
batch learning method and it ensures that a
productionised models is kept up-to-date.

5- Types of Machine Learning

Whether they work by simple comparing new data points to
known data points or instead detect patterns in training data and
build a predictive model ,much like scientists do

e Instance based learning : in instance-based learning(also
called memory-based-learning),the system learns from the
examples fed to it ,then generalizes to new cases by
comparing them to the learned examples (which are stored in
the memory), using a similarity measure.

e Model based learning :in model-based learning ,the system
learns from input examples to build a model of these
examples then we use that model to make prediction .



6- Use cases of Machine Learning
e Medical imaging
e Stock Price Prediction
s Customer Segmentation
e Product Reccmmendation
s Sentiment Analysis
e Fraud Detection
e Customer Chum Prediction
e Robotic Assistants
e Autonomous Engines
7- Role of Data in Machine Learning
Data is in the heart of every Machine Learning Model. Learning
Algorithms are applied on Data to learn patterns and create models to
solve a problem, such as a Regression problem or a classification
problem.

The quality of the input data is hence key to the success or accuracy of
the machine learning model thus created.

Machine learning professional must take utmost care in choosing the
right data and appropriate analysis and subsequent pre-processing to
make the data suitable for ingestion to a specific Learning Algorithm
to create the right model.

Models created by using rightly pre-processed data are subjected to

validation/test to measure the accuracy/performance of the model.
Types of Data

- Numerical Data

- Categorical Data

- Time-Series Data

- Text Data

- Image Data



8- Challenges in Machine Learning
The Two key components of Machine Learning
Algorithm
Data
Hence the challenges in setting up a successful ML system is:

- Bad Algorithm
- Bad Data

9- Linear Regression
¢ Introduction to Linear Regression
¢ Understanding Cost Functions
e Linear Regression Assumption
e problem Statement
e Data pre-processing
e Building our LR Model
e Understanding Model performance
¢ Model tuning methods

10- Logistic Regression

e Introduction to Logistic Regression

e Estimating probabilities

e Logistic Regression cost Functions

e Softmax Regression

e Performance metrics

e Roc Curve and AUC

e Optimizing Logistic Regression model
11- Support Vector Machine (SVM)

e Introduction to support vector machine

e Linear SVM Classification

¢ Non Linear SVM Classification

e Polynomial Kernel Trick



12- Decision Tree Classifier

=
-

introduction to Classification Aigorithms
Introduction to Decision Trees

Gini Index and Entropy

Decision Tree in Practice

Measuring Performance

13- Random Forest Classifier

Recap on Decision tree

Ensemble Techniques and Bagging Process
introduction to Random forest

Gini Index and Entropy

Steps in the building of a Random Forest classifier
Random Forest in practice

Measuring performance

Out of Bag Error

Credit Default prediction

14- Unsupervised learning with k-means clustering

Unsupervised Learning
Introduction to k-means

K-means clustering process steps
Centroid optimization/convergence
Other consideration

Optimizing number of clusters
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Simple Linear Regression with an Example
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Simple Linear Regression with an Example " —
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Heswua Mosmality

The PP (Probability-Beohatitity} plot further  estahlichoes the i }
normality of the Residuals

The normal probability plot or P-P Plot is a graphical
technique for assessing whether or not a data set i3
approximately normally distributed. (here the dataset
indicates the error Lterms,

The data (Error terms) are plotted against 3 theoretical
normal distribution in such a way that the points shauld form
an approximate straight line.

Testing the Model

Test of Homoscedasticity of residuals: Residual Al - Momes

Variance of the residuals should not change for each ;
predicted value of the targel variable or {here should not

he & dependency pattern between the error term variance .
and predicted values. This is determined by platting the :
residuals against the predicted values. ¢
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Hard Margin Classification ' \

: e et - - o | i “:-._,_.h‘
o i3 T

“Iolne. s 355

'f we strictly impase that all instances be off the street and on the correct sida, this is calied hard margin
classification. There are two main issues with hard margin classification,

First, it only works if the data s linearly separable, and second it is guite sensitive to outliers.

Figure shows the iris dataset with just one additionai outlier: on the left, it is impossible to find a hard
margin, and on the right the decision bioundary ends up very different from the one we saw in Figure
without the outlier, and it will probably not generalize as well.

Soft Margin Classification

To avoid these issues it is preferable to use a more flexible ® cosn @ o
model. The objective is to find a good balance between
keeping the street as large as possible and limiting the margin " .
violations {i.e., instances that end up in the middle of the street b A &3
or even on the wrong side). 2 D % </
(e @ - o .
® @O
+
This is called soft margin classification. @ ® ® /-"' :
o vo® ®
® / ’ ® &
E ® ®
o %o
Featire sl 2




Bias and Variance

Tnere are Two 1yoes of Generahzanon Errors that can come our of Machine
Learning Modeis:

Bios

Sias is the differance between the avaiage predichion of ouwr wmicdel and the
correct value which we are trving to predict. Model with high bias pays
very little attention to the training data and oversimplifies the model. It
always leads to high error on training and test data.

Variance

Variance is the variability of model prediction for a given data point or a
value which tells us spread of our data. Model with high varlance pays a lot
of attention to training data and does not generalize on the data which it
hasn‘t seen before. As a result, such models perform very well on training

data but has high error rates on test data.

Bias-Variance Trade-off

Irreducible error 3
20Ne

This part is due to the noisiness of the data itself.

The only way to reduce this part of the error is to
clean up the data (e.g., fix the data sources, such

as broken sensors, or detect and remove
outliers). 5

High Bias

High Vacaoce

undurfitting

Ao alizating (et

overfitting
20ne

<" variance

Heeduo e ereor

training error

v

Total gy

model complexity

iag™Z = vVariance +

irreduc:bie Error




Large Margin Classification

The SURA svarfyard o e cpoinland ol s el of tha

tipiire
&

The data has two closses a5 noted by the colorz snd
ihiey are clearly lipaariy sepaniole.

<ot

the

Swarpin . ;. - support
f ™~, * ; iz
. This Is cailed “large-margin-ciassification”, The bold

Iy ' line in ihe middle is the “decision boundary”.

™ ; Notice that adding more training nstances “off the
. streel” will not affect the decsion boundary al all: it is

fully determined (or “supported”) by the instances
N located on the edge of the streel. These Instances are
iR e called the support vectors.

.:,l!.l’;p:};: rn;}q‘-'::_nm

Sensitivity to Scales

SVMs are sensitive to the feature scales, as you can see in Figure below: on the left plot,
the vertical scale is much larger than the horizontal scale, so the widest possible street is
close to horizontal.

Unscaled = Scaled
1 . | T -,
[[| T eeaa .
) AR e e e f-—\“‘—- h_h""--.._
X)] Preaceqpocmumemneememmmmemmne—a e a—e ! T —— Rl
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201 . | | “""*--_._ ——
| | ~‘.-__
) | = 3 T
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Cost Functions

Residuals Calcuiation Physical Significance of R?
\_.v.nw:
Pregicied Line -
Best Fit
! : Revidusls
t ) ’ R'=1 R =0.70
An:nl Data
X-Axis
R'= 0,36 R’ = 0.05

Gradient Descent

The Gradient Descent Method is an oplimization lechnique that is used by Cast
Linear Regression Algorithms thal aims at finding the baest possible Lincar
Equation baetween the predictor and target vanables by minimizing the cost
function. Finding the best possible equation means finding the sel of optimum

4
|
li-coefliclents (|§, %, [5,) and Intercepl (J,). | N\ Leanng step
| % /
The way Gradient Descent Algorthms works is that il assigns an initia! sat of [ /
values to the f-coefficients to the equation and determines the predicled f ! \‘ Mamem /,/
{arget (y) values for the inpul dataset. l ' o _~
Thereafter the derivative of the equation Is calculated. The derivalive refers Rangom o L e ™
to the slope of the equalion al a given poinl The slope will indicate which niial vahse

direction the values of the coefficients have to be moved in order to get a lower
value of the cos! function.

As lhe next step, Gradient Descent will update the values of the f-coefficients towards the direction indicatad by the derivativ
The update of ihe values is by a quanium ihat is known as lhe "Learming Rate” or the Alpha value. This value can be specified as part
the Linear Regression as a Hyper Parameter lo optimize the speed of the model building process. A higher Learning rale wilt make the
model building faster bul wiil have the risk of skipping lhe most optimurn cambination of coefficients. On the other hand, a lower Learning
Rate will make the mode! building slower but will have the ability to aitain a best set values for the final model.




Iintroduction to Logistic Regression

Pigtting the Probabilities
Sigmoid Curve

Sigmoid Function

1

y (Probability of Diabetes) = o
L ek

Challenge:

How can you find the best fit sigmoid curve?

. »  e—e  Diabetic(1)
/
y
!
LI\.'J/
fon
’.f
/
/
} //-’ 1
s
. . Non-Diabetic (0
200 250 200

How to find the combination of B0 and B1 which fits the data best.

Introduction to Logistic Regression

Pointne, 1 R B A 5 6 7 B 8 o |
Diabetes no |no |no fyes |no |yes Iyes yes |yes lyes

Cost Function?

The best fitting combination of B0 and B1 will be the one
which maximises the product:

{1-P1){1-P2)(1~P3){1-P4){1-PE)(P5)(P7)(P8)(P9)(P10}

Maximum Likellhood Function

{(1-Pi)(1-Pi)----- for all non-diabetics —-----}
* [{Pi)Pi) ~=----- for all diabetics -------}
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Decisivn Trees are
Seth dossification

Srg R OB
Dy o

The goal of a Decision Tree is to create a made! that nredicts the value of 3
target variable by learning simple decision rules in the form of a tree inferred
from the data features.

Decision Trees are aiso the fundamental camponents of Rondom Forests,
which are amang the most powerful Machine Learning afgorithms ovailable ;
today. ¢ .

R T TR
Example

Oay  Weather  Temperature  Humidity Wind Play?
Suatwey {aent vt
oy (2] hals Wer s,
ety ik P RUTIaIE
ity i Feobs S - Wil by
iy Pilhie pHule FERNAY m
Hany 1 an! Ml (AR i
ol HSAN b G

by Pt tnat AL

ooy il Fisyera e gw

i R iry LN I et ]

A general algorithm for a decision tree can be described as follows:

1, Pick the best attelbute/feature. The best artribute is one which best splits or separates the data
2. Ask the relevan! guestion

3. Follow the answer path,

4. Gotostep 1 until you arrve (o the answer

PO e 3 B e et e St o o STt e ot i T ) e T e i P e e RN = T




Decision Tree Concepts

oy
1
o
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eF
o«
Q
€l
m
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» Ropt Node: Tha repraseniation o >
CONGITION &Y SGHT At the AIZONENM Dlaces WIth the aint of
ultimately labelling all the observations coirectly.

Decisinn Node: Any fucther nade down (he tree athar th
the Reot Mode, where » decision of data split is being mace

1 -y

g F . T A I PU AL PUADES BV, & U T Y e ey
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NOde O Sil!;;_li\'l A NDrie

« Splitting: Splitting is the process of separating the inp ¢

Souh Ko dataset at 3 node into multiple output sets based on the
condition at that Node.

Mot it * Leaf: Observations that have received the target label at1 e
A i r & end of branching through the tree / conditions are called Leof.

Node Leaf Node Lesf There is no further splitting from Leaf nodes.
» . ’ N * Pruning: Decision Trees unless controlled throu n
Node (] Node Loat Hyperparameters, have the tendency to run through ! =
eptire dataset and place / create conditions / nodes to split
v SR . . data to the minutest level to achieve a 100% accuracy thereby
Leat Lost Leal Leaf causing overfitting. Pruning is a method to limit the number f

levels of a tree to avoid overfitting. There are muitt e
Hyperparameters that can be used to achieve this,

* Branch / Sub-Tree: Tree beneath a Node that's created 2- a
result of conditions in that Node.

« Parent and Child Node: Nodes beneath a particular Node are
child nodes and the Node In question is termed as the Parent
Node.

Decision Tree Steps

I Input Dataset ‘
I

.

i Calculate Gini index / Entropy values for each Feature / Condition | T? begin ‘M[h' lhe. Begision. Tree ’Aigorlthm
! | aims to find a single Feature 'K and a

Threshold ‘t,” to split the Data.
_._ & p

Choose the Feature / Condition combination that results in the lowest The approach taken is ta find out the Feature
Gint Index / Entropy k', that yields the lowest value of Gi
- B o - impurity index or ‘Entropy’.

Split the Dataset using that Feature / Condition |

&

Repeat steps 1 to 3 tlll it is constrained by a Hyperparameter or it
cannot find a split that would reduce Impurity
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Caleudations from the IRIS Dataset

Graphvia Representation
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¥K-Means Clustering — Calculations-1
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K-Rlean

1]
]

e

4nnl

-#_
gerning

K-Means Clustering is an  Unsupervised
Learning  Alzarithm,  which  groope the
anlabeliad datasar nto K ditfarent clusters.
Here K defines the number of pre-defined
clusters that need to be created in the
process, as if K=2, there will be two clusters,
and for K=3, there will be three clusters, and

SO on.

K-Means Clustering

similarigy ;mt!nrrs
T axs ! 3

similarity patterns

similarity patterns
into 3 groups

¥
4

similarity patterns
into 4 groups

The objective of K-means is to group similar data points together and discover underlying

patterns. To achieve this objective, K-means looks for a fixed number {k) of clusters in a

dataset.

similarities.

A

The ‘means’ in the K-means refers to averaging of the data, that is, finding the centroid.

A cluster refers to a collection of data points aggregated together because of certain

we'll define a target number ‘k’, which refers to the number of centroids you need in the
dataset. A centroid is the location {data point) representing the center of the cluster.

In other words, the K-means algorithm identifies k number of centroids, and then
allocates every data point to the nearest cluster.



BSCAN (Density-Based Spatial Clustering of Applications with Noise) -
ined
ALE SANg AL )
h lp_luui :ql-c;u;_a—s r_Iu:st_els) af g?:opl_z W |4r;u|]1i§ ﬂ;u lonets (naise) :

= e T ES e o e

Finding Crowds (Dense Arcas) @
e DRSCAN looks far people standing close together
o Il enough prople are neartsy, it conaders this a group (cluster)
Expanding the Group &
o It chocksf thase peopls lave even more people nearby and expands the group
e This cantinues untit there are na maore close people to add
Ignoring the Loners (Noise)
e Same peeple are standing ton tar from any group

e DRSUAN ignores them as noise becouse thiy dan’t belong ta any dense region.

ey Features of DBSCAN

# Finds clusters of any shape {good for real-world data)
! Doesn't necd to know the number of clusters beforehand {unlike ¥-Means).
Automatically ignores outliers (noisc)

! Works well when clusters have different sizes and densities

omparison with K-Means

Feature DBSCAN # K-Means @
Cluster Shape Any shape Cirguiar
Neods Number of Clustors?

Handles Outiiers?

Good for Noisy Data?

hen to Use DBSCAN?

When you don't know the number of clusters




+ DatoSet

they are in the
same group
because their
x1,x2,x3 valies
ave CIasE 10

ach other

la to Find Distance Between Points in K-Means Key Properties of an Ideal Clustering:

ans Clustering, we use the Euclidean Distance to measurs the distance i High Intra-Cluster Similanty

s data point X (with coordinates iy, w4, 20) and a cluster ceoter C (with | o Data paints within the same cluster shauld be very close to each cther.,

This ensures that aach group cansists of similar data points,

High Inter-Cluster Separation
Data points from different clusters should be far apart trom each ather,
o3 This ensures that distinet groups are well-separated and meaningfal.

Io, oy -+ Coordingtes of the dats poial,
o + Goal of Clustering:
o, £y~ Coordinates of the duster cenler,
i *  Maximize similarity within clusters,
Distance belween the powl and the custer center.
Minimize similarity hetween clustors.

iulz exlends to N dimensions as;

https://www.naftaliharris.com/blog/visualizing-k-means-clustering/

| &
| S(rl ey cl)._

\& A

s s an iterative clustening algarithm that groups siimilar data peints inte k clusters. Lel's

K-Means+ +: A Smarter Way to Select Initial Centroids
E k = 3 lor this expianation, Problem with Random Selection:

f K-Means Clustering: o Imtraditional K-Maans, centraids are chasen randamly, which can lead to poor
{alize Cantrolds o8 clustering and slow convergence if tha starting points are not wall spread out,
ndamiy select 3 data points from the dataset, Solution: K-Means++

=s¢ points act as the initial centroids of the clusters (Cy, Ca, C). o K-Means+ + improves the initialization by choosing centroids that are far apart,

leading to better and faster clustering

ign Data Points
Steps of K-Means++ [nitialization

1 aach remaining data point, calculate the distance from all centroids (€4, Ce, Cy).

* Chonse one data point randomiy fcom the dataser as the first centroid.

date Centroids %
[ ; s Compute Distances for the Next Centroid

pripate the new centroid for cach cluster by taking the average position of alf points in that

beg® For each remaining data point:

31 Select the First Centroid Randomly &
sign each data point to the nearest centroid (ie., closest cluster) l

ese new centroids are ricw Cy(new), Cs(new), Cs{new). e Calculate the distance from the nearest selected cenlioid,

s The tarther a point is from existing centiaids, the higher its chance of being selected as

beat Until Convergence = next centroid

b back to Step 2 & Step 3, reassizning paints and recakoulating certroids,
. 4] Seclect the Next Centroid Based on Probability {8
ntinue this process untif the centroids stop changing (i.e, canvergence is reached),

Chioose the next centroid randomly but with weighted probability:
» [1ata points farther away Iram existing centroids are more likely to be seledml

sures data points in the same cluster are close to each cther.
bures clusters are well-segarated, ] :

e ; ! Repeat Until k Centroids Are Chosen S
: finsl clusters depend or the initial candom salection of centroids {which is why K-Means+ +

s sis e 1= ¢ el 0 o
s used fir better initialization). Keen repeating Step 2 & 3 untit all k centroids are selecied.

Faster convergence (reduces the number I;tr
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