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Lecture (9.00 – 10.30)

- Machine Learning Overview
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- Demo – Insurance Case

- Model Assessment
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Big Data Analytics

• We are entering the era of big data
• Big Data Analytics create “Business Value” in today’s world (better decision)

Picture: https://www.promptcloud.com/blog/datafication-era-of-big-data
SURONAPEE PHOOMVUTHISARN, Ph.D

Picture: Internet

$177.87B

$40.65B

$109.65B

$11.69B

Recent Big Success Story

Social Sensors Devices

How to do with your data

Analytics is for everyone whether “Big or Not”



Big Data Analytics 
• The process of discovering actionable insights through the analysis from the data”

• Example – NETFLIX
• What is data?
• What is insight?
• What is action?

Big Data Analytics 

ข้อมูลการรับชมภาพยนตร์ของสมาชิก 

ภาพยนตร์เรื่องไหน ประเภทใด ที่เป็นที่สนใจที่ผูช้ม

ระบบแนะน าโปรแกรมหนงั/การสร้างภาพยนตร์
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Types of Big Data Analytics

https://www.ecapitaladvisors.com/blog/analytics-maturity/analytics-maturity/

Gartner Analytics Maturity Model

SURONAPEE PHOOMVUTHISARN, Ph.D

https://www.ecapitaladvisors.com/blog/analytics-maturity/analytics-maturity/


Descriptive Analytics
• “What happened?”

• “Describe” or “Summarize” raw
data and make it interpretable
by humans.

• Example
• Google Analytics

Picture: https://www.itopclass.com/blog/google-analytics-คอือะไร

Google Analytics
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Diagnostic Analytics
• Why did it happen?

• Underline why something happened
in the past and help locate the root
cause of the problem

• Example
• factors influence medical

expenses for insurance company

Which factors influence medical expenses charged per year?
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Predictive Analytics
• “What will happen?”

• Make predictions about
the future

• Example
• Southwest Airlines

Picture: https://www.edureka.co/blog/big-data-analytics/
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Prescriptive Analytics
• “What should we do about this?”

• Uses optimization and simulation
algorithms to advice on possible
outcomes

• Example
• Google Maps – best root

Google Maps 
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Cognition/ Self Learning Analytics
• What don’t I know?

• Cognition is all about thinking, understanding, learning and remembering. Cognitive
computing is all about creating analytics technology that mimics the human brain's
ability to perform these functions.

• Example
• Google ‘s self-driving car

Picture: adapt from https://www.edureka.co/blog/big-data-analytics/
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Data Analytics Process
• Data collection: gather data an algorithm will use
• Data preparation: prepare the data 
• Model Building: chose a learning algorithm to 

represent 
the data in the form of a model.

• Model evaluation: evaluate the algorithm learned
• Model improvement: improve a performance of the 

model

Data 

Collection

Data 

Preparation

Model 

Building

Model 

Evaluation

Model 

Improvement 

Machine Learning/ 
Data Mining/ 
Statistical ModelSource: Applied Analytics through case studies
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Machine Learning 

• What is Machine Learning?
“the field of study that gives computers the ability to learn
without being explicitly programmed” Arthur Samuel (1959)

SURONAPEE PHOOMVUTHISARN, Ph.D

Programming AnswerRule
Machine 

Learning
Answer Rule



How does the Machine Learn?  
• How Machine Learns?

• Housing Price Prediction

OutputModel (h)Input

Training Data

Choose algorithm to build the model

Picture : internet

Picture : internet
SURONAPEE PHOOMVUTHISARN, Ph.D



Types of Machine Learning

• Supervised learning (h = predictive model)
• “correct answers” given

• Regression problems (predict continuous output)

• Classification problems  (predict discrete output)

• Unsupervised learning (h = descriptive model) 
• “no correct answers” given

Unsupervised - Market 

Segmentation (example)

Size

Width 

Sold

Available

Supervised 

(Classification)

SURONAPEE PHOOMVUTHISARN, Ph.D

Size

Housing Price

Supervised  

(Regression)



Classification or Regression problems? 

• You’re running a company, and you want to develop 
learning algorithms to address each of two problems

• Problem 1: You have a large inventory of identical items. You 
want to predict how many of these items will sell over the 
next 3 months. 

• Problem 2: You’d like software to examine individual 
customer accounts, and for each account decide if it has 
been hacked/compromised. 

SURONAPEE PHOOMVUTHISARN, Ph.D



Recent Success Stories

• Examples 

Application Input Output

Real Estate Size, #Bedrooms, Location Price of the House

Spam Classification Keywords Spam/not Spam

Self-Driving Car Image, Radar Info.   Position of other Cars

Face Recognition Image Yes/No

Speech Recognition Audio Text 

Game Application User Profile, Ad Info. Click/ not Click

SURONAPEE PHOOMVUTHISARN, Ph.D

Source: Google



Types of Machine Learning (con’t)
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The Limits of Machine Learning
• Machine learning, at this time, is not in any way a substitute for a human brain.

• little flexibility to extrapolate outside of the strict parameters it learned and knows no common sense

Source: Google Twitter
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Common Notation 

𝑥 = input variable/features 𝑥 = {𝑥1,𝑥2,… , 𝑥n}

𝑦 = output variable/target feature 𝑦 = {𝑦1,𝑦2,… , 𝑦n}

Training examples = {(𝑥(1), 𝑦(1)), (𝑥(2), 𝑦(2)), .. , (𝑥(m), 𝑦(m))}

𝑚 = number of training examples

Size

1,000,000

2,000,000

House Price

100

200

300 3,000,000

SURONAPEE PHOOMVUTHISARN, Ph.D

categorical (or Nominal) – model, color, transmission

Numeric – year, price, mileage
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Case Studies – Supervised (Regression)
• Understanding Regression

• specifying the relationship between one or more numeric 
independent variables (the predictors) and a single 
numeric dependent variable (the value to be predicted)

• More example
• Predict housing price based on width and #bedroom

SURONAPEE PHOOMVUTHISARN, Ph.D



Linear Regression
• Hypothesis Function

• Cost Function
• Measure the accuracy of the hypothesis function

ℎ𝜃 𝑥 = θ0+θ1𝑥

𝐽 𝜃 = 1

𝑚

෍

𝑖=1

𝑚

ℎ𝜃(𝑥
(i) )− 𝑦(i) 2
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Linear Regression (2)
• Choose θ0,θ1 to minimize the cost function

• Parameter Learning - Gradient Descent
• Start with some parameters, for example θ0, θ1
• Keep changing θ0,θ1 until we end up at a minimum

• Gradient Descent Algorithm
Repeat until convergence{

}
θ𝑖 ≔ θ𝑖 − 𝛼

𝜕𝐽(𝜃𝑖)

𝜕𝜃𝑖 θ1 θ1

𝛼 = 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒

𝐽 𝜃1 𝐽 𝜃1

Source: Andrew Ng Coursera

suppose θ0= 0

SURONAPEE PHOOMVUTHISARN, Ph.D



Example – Regression Problem (How much/How many?)

• Predict medical expense each person charged to the insurance plan for the year 

• Prediction Model 
• expenses = 139.0053 - 32.6181*age + 3.7307*age2 + 678.6017 * children + 119.7715*BMI -

496.7690*sexmale - 997.9355*BMI30 + 13404.5952*smokeryes + 19810.1534*bmi30:smokeryes

กลุ่มตวัอย่าง 1,338 ตวัอย่าง ตวัแปรตน้ 6 ตวั ตวัแปรตามทีเ่ราสนใจจะท านาย 1 ตวั (expenses)

SURONAPEE PHOOMVUTHISARN, Ph.D



Case Studies – Supervised (Classification)
• Predict whether a student gets admitted or rejected 

into a university

• Predict whether a microship pass a quality test

SURONAPEE PHOOMVUTHISARN, Ph.D



Example – Classification Problem (A or B or..)

• Diagnosing breast cancer by determining whether the mass is likely to be malignant or benign

กลุ่มตวัอย่าง 569 ตวัอย่าง
ตวัแปรตน้ 31 ตวั ตวัแปรตามทีเ่ราสนใจจะท านาย 1 ตวั (diagnosis)

(Credit จาก demographic statistics from the US Census Bureau)
SURONAPEE PHOOMVUTHISARN, Ph.D



K-Nearest Neighbor Classification (KNN)
• Uses an example's k-nearest neighbors to classify unlabeled examples.

• Blind Tasting Experience Example

Source: Machine Learning with R

SURONAPEE PHOOMVUTHISARN, Ph.D



K-Nearest Neighbor Classification (KNN) (2)
• Is tomato a fruit or vegetable?

• Let ‘s calculate the distance between the tomato (sweetness = 6, crunchiness = 4), and the green bean 
(sweetness = 3, crunchiness = 7).

Source: Machine Learning with R

SURONAPEE PHOOMVUTHISARN, Ph.D



K-NN and ML Algorithms

• Classification algorithms using nearest neighbor are 
considered lazy learning algorithms

• Heavily  reliance on the training instances rather than an 
abstracted model (also known as instance-based learning)

• no parameters are learned about the data (non-parametric
learning methods)

Source: Machine Learning with R Second 

Edition, Brett Lantz

SURONAPEE PHOOMVUTHISARN, Ph.D





Case Studies - Unsupervised Learning

• Discover hidden patterns or a structures of data.
• “no correct answers” - no target to learn

• no single feature is more important than any other

• Example

• Teen market segments 
• เป็นการจดักลุม่วยัรุน่ทีใ่ชง้าน Social Media ตามลกัษณะทีค่ลา้ยๆกนั 

เชน่ อายุ เพศ จ านวนเพือ่นความชอบสว่นตวั

SURONAPEE PHOOMVUTHISARN, Ph.D

“no correct answers”



Organizing a Data Science Conference

• To facilitate professional networking and collaboration, you 
planned to seat people in groups according to one of three 
research specialties: computer and/or database science, math and 
statistics, and machine learning.

SURONAPEE PHOOMVUTHISARN, Ph.D

Source: Machine Learning with R



Clustering

• Clustering is an unsupervised machine learning task 
that automatically divides the data into clusters, or 
groups of similar items.

• Clustering is guided by the principle that items 
inside a cluster should be very similar to each other

• Clustering is used for knowledge discovery rather 
than prediction
• It provides an insight into the natural groupings found 

within data.

SURONAPEE PHOOMVUTHISARN, Ph.D

X2

X1 



K-means Clustering

• K-means clustering partition training  examples into a pre-specified 
number of clusters.  

• K-means is consists of 2 phases
• Cluster assignment 

• assign each example to one of the K clusters

• Updates cluster centroids
• adjusting centroids of clusters

* The process of updating and assigning occurs several times until changes no longer improve the cluster fit.

SURONAPEE PHOOMVUTHISARN, Ph.D



Iteration 1

• Cluster assignment

SURONAPEE PHOOMVUTHISARN, Ph.D

(6,6

)

(8,6

)

(7,2

)

dist = 6 − 8 2+ 6 − 6 2

dist = 6 − 7 2+ 6 − 2 2

Euclidean distance d p, q = d q, 𝑝 = 𝑞1− 𝑝1
2 + 𝑞2− 𝑝2

2 +⋯+ 𝑞𝑛 − 𝑝𝑛 2



Iteration 1

• Update cluster centroids

SURONAPEE PHOOMVUTHISARN, Ph.D

(6,6)

(11,5)

(5,8)

(3,6) (8,6)(1,7)

Centroid (red) =(
(1+3+5+6+11)

5
,
(7+6+8+6+5)

5
)



Iteration 2

• The same process of iteration1 
• Since no change in cluster assignment occurs, K-means stops at 

iteration2.

SURONAPEE PHOOMVUTHISARN, Ph.D

Cluster assignment Update cluster centroids
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Demo

• Insurance Case Study
• Which factors influence medical expenses charged per year?

• How many expenses should the insurance company should charge 
individual customers per year?

SURONAPEE PHOOMVUTHISARN, Ph.D



Evaluating Model Performance

SURONAPEE PHOOMVUTHISARN, Ph.D

• Evaluate how well a learned hypothesis can be expected to 
perform on new training examples
• A hypothesis may have a low error for the training examples but still be inaccurate 

to predict output

• A hypothesis may not even have a low error for the training examples and therefore 
be inaccurate to predict output

OverfitUnderfit
Source: Picture from Machine Learning with R Second Edition, Brett Lantz)



Bias versus Variance

SURONAPEE PHOOMVUTHISARN, Ph.D

• Every model has bias and variance error components 
• Bias component comes from erroneous assumptions of chosen learning 

algorithms (underfitting problems)

• Variance component comes from sensitivity to change in a model 
(overfitting problems)

• Bias and Variance Trade-off 
• Bias and Variance are inversely related to each other

• Balancing between both components is an ideal solution 
(low bias and low variance)

OverfitUnderfit



Example

SURONAPEE PHOOMVUTHISARN, Ph.D



Evaluating a Model

SURONAPEE PHOOMVUTHISARN, Ph.D

• Splitting training examples into 2 parts – train and test 
datasets
• randomly 70-30 or 80-20 into train and test dataset 
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Splitting Training Examples into 2 Parts

SURONAPEE PHOOMVUTHISARN, Ph.D

•The hypothesis is fit on the training set, and 
its performance is evaluated on the test set:
• Learn  and minimize 𝐽𝑡𝑟𝑎𝑖𝑛() using a training set

• Compute test error 𝐽𝑡𝑒𝑠𝑡()
• For linear regression

• For KNN

• simple approximately misclassification error



Problems with Splitting Data into 2 parts 

SURONAPEE PHOOMVUTHISARN, Ph.D

• Consider the case of underfitting

• Model Selection 

• select the appropriate level of flexibility for a model
h(x) = 0 +1x

h(x) = 0 +1x +2x
2

h(x) = 0 +1x +2x
2 +3x

3

h(x) = 0 +1x +2x
2 +3x

3 +4x
4

..

h(x) = 0 +1x +2x
2 +……+10x

10

How does the model generalize?



Evaluating a Model

SURONAPEE PHOOMVUTHISARN, Ph.D

• Splitting training examples into 3 parts – train, cross validation 
and test datasets (Machine Learning World – not for statistics!)

• randomly 60-20-20 or 50-25-25 into train, cross validation 
and test dataset 
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Splitting Training Examples into 3 parts

SURONAPEE PHOOMVUTHISARN, Ph.D

• The hypothesis is fit on the training set, and its performance is evaluated on the 
test set:

• Optimize parameters  using training set for each polynomial degree

• Goal: min J( ) =

• Find polynomial degree d with the least error using cross validation set

• Estimate the generalization error using test set wit Jtest(
(i)) , (i)= theta from

polynomial with lowest error)



Model Improvement 

SURONAPEE PHOOMVUTHISARN, Ph.D

• Advanced strategies may be needed to improve a model’s performance

• Some Strategies 
• Collect more examples 

• Try smaller set of features 

• Try adding relevant features

• Try higher degree of features

• Increasing regularization parameter

• decreasing regularization parameter

-> Goal : perform a test to gain insight 

what is/isn’t work with a learning 

algorithms so as to correctly improve the 

model’s performance

-> Diagnose Bias or Variance



Bias or Variance Problem?

SURONAPEE PHOOMVUTHISARN, Ph.D

• Suppose our learning hypothesis is bad predictions: bias or 
variance problem?
• High bias (underfitting): 

• both Jtrain( ) and Jcv( ) will be high

• High variance (overfitting):
• Jtrain( ) will be low and Jcv( ) will be high 

(muchmore than Jtrain( ))  

Source: Figure by Andrew Ng



Overcome Overfitting

SURONAPEE PHOOMVUTHISARN, Ph.D

• Reduce a number of features
• Select only relevant features

• Decrease degree of polynomial

• Regularization 
• Keep all features (each contributes a bit to predict output) but constrains or 

regularizes the parameters to small values (many cases towards zero but not 
zero).

• Regularized Linear Regression
• Cost Function



การตรวจสอบ Bias vs Variance ดว้ย Learning Curve

• Learning Curve เป็นกราฟทีเ่ราใชส้ าหรบัตรวจสอบ Model วา่มลีกัษณะ 
High Bias หรอื High Variance โดยจะท าการ plot cost ทีเ่กดิขึน้ใน train
dataset (error_train) และ cross validation dataset (error_cv) ตาม
จ านวน training example ทีเ่พิม่ขึน้

Model ท่ีดีที่ Balance เร่ือง Bias (low) และ Variance (low)

SURONAPEE PHOOMVUTHISARN, Ph.D



Learning Curve – High Bias

• ถา้เสน้ error train และ cross validation มคีา่สงูทัง้คู ่Model จะมลีกัษณะ 
High Bias เพราะ จาก error ทีเ่กดิขึน้ แสดงวา่ Model ไม่สามารถอธบิาย
ขอ้มูลทัง้ทีน่ ามาทดสอบและขอ้มูลกลุม่ตวัอยา่งใหม่ได ้

SURONAPEE PHOOMVUTHISARN, Ph.D



Learning Curve – High Variance 

• ถา้เสน้ error จาก train มคีา่ต ่า และ error จาก cross validation มคีา่สงู 
Model จะมลีกัษณะ High Variance เพราะ จาก error ทีเ่กดิขึน้ แสดงวา่
Model จ ารปูแบบ training examples มากเกนิไป ท าใหอ้ธบิายขอ้มูลกลุม่
ตวัอยา่งใหม่ไม่ดี

SURONAPEE PHOOMVUTHISARN, Ph.D



วธิกีารในการ Improve Model 

SURONAPEE PHOOMVUTHISARN, Ph.D





Programming for Data Analytics and Demo
• R Programming Language 

• A collection of R functions that can be 
shared among users is called a package

• View a list at Comprehensive R Archive 
Network (CRAN) http://cran.r-
project.org/index.html

• Python Programming Language
• Others programming platforms such as SAS

Source: Applied Analytics through case 

studies

SURONAPEE PHOOMVUTHISARN, Ph.D



How to Start a Project?

• Challenges
• Successful businesses will be defined by their ability to collect and curate the right 

data and apply analytics in order to make insights actionable at the point of decision, 
and make better decisions.

SURONAPEE PHOOMVUTHISARN, Ph.D



Top 10 Skills ที่ Data Scientist ต้องรู้
• Source: http://www.msit.mut.ac.th

SURONAPEE PHOOMVUTHISARN, Ph.D



Thank you

• Question?

SURONAPEE PHOOMVUTHISARN, Ph.D


