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Course Objectives megnny

1. Understand the fundamental concepts
and research issues of big data analysis.

2. Equip with Hands-on practices of big
data analysis.

3. Conduct information systems research in
the context of big data analysis.
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Course Outline e

......................

* This course introduces the fundamental concepts,
research issues, and hands-on practices of big data analysis.

* Topics include

Introduction to Big Data Analysis

Al and Big Data Analysis

Foundations of Big Data Analysis in Python

Quantitative Big Data Analysis with Pandas in Python
Machine Learning with Scikit-Learn In Python

Deep Learning for Finance Big Data Analysis with TensorFlow
Artificial Intelligence for Robo-Advisors

Conversational Commerce and Intelligent Chatbots for Fintech

© ® N OV A WN

Hands-on Practices with FintechSpace Digital Sandbox

10. Case Study on Big Data Analysis
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National Taipel Univers

(Four Fundamental Qualities)

?}-é% (Professionalism)
5 B £ 91 B A8 AR /2 (Creative thinking and Problem-solving) 30 %

— éﬁ—?é\éﬁ,%(Comprehensive Integration) 30 %
AR (Interpersonal Relationship)
— 7#3@ 3 (Communication and Coordination) 10 %
— B B A1k (Teamwork) 10 %
f32 (Ethics)
— %1% iE & (Honesty and Integrity) 5 %
— B § B %4 (Self-Esteem and Self-reflection) 5 %
%33, (International Vision)
— % FULRE (Caring for Diversity) 5 %

%3 524, (Interdisciplinary Vision) 5 %
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HERLTERL =
(College Learning Goals)
* Ethics/Corporate Social Responsibility
* Global Knowledge/Awareness

* Communication
* Analytical and Critical Thinking



A% E B G
(Department Learning Goals) ~

* Information Technologies and System
Development Capabilities

* Internet Marketing Management
Capabilities

* Research capabilities
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al Taipel University

B R (Week) H 2j (Date) ™M % (Subject/Topics)
1 2020/09/16 K & 4% » #7942 (Introduction to Big Data Analysis)

2 2020/09/23 AIA % £ ¥1 K B35 - #7
(Al and Big Data Analysis)

3 2020/09/30 Python X 24 o547 st
(Foundations of Big Data Analysis in Python)

4 2020/10/07 #Ax v & H — %33R SV ERBETFE AN
(Digital Sandbox Lesson 1: Introduction to
FintechSpace Digital Sandbox)

5 2020/10/14 #fn b F —wR « TREGFFRALTEHREL
(Digital Sandbox Lesson 2: Hands-on Practices)

6 2020/10/21 Python Pandas A 235 21t 547
(Quantitative Big Data Analysis with Pandas in Python)
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National Taipel University

B & (Week) B #j (Date) ™M & (Subject/Topics)

7 2020/10/28 # b e F =2k T RA AT EARRER
(Digital Sandbox Lesson 3: Learning Teams
Hands-on Project Discussion and Project Presentation)

8 2020/11/04 Python Scikit-Learn #% 35 22 8 |
(Machine Learning with SC|k|t Learn In Python I)

9 2020/11/11 # P 2R % (Midterm Project Report)

10 2020/11/18 Python Scikit-Learn #% 35 228 |l
(Machine Learning with SC|k|t Learn In Python 1)

11 2020/11/25 TensorFlow ;& & 2 8 4 gk K 335 047 |

(Deep Learning for Finance Blg Data Analysis with TensorFlow )

12 2020/12/02 K #3575 #H 18 %
(Case Study on Blg Data Analysis)
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#£42 X 4 (Syllabus) G

B R (Week)
13 2020/12/09

14 2020/12/16

15 2020/12/23

16 2020/12/30

17 2021/01/06
18 2021/01/13

CEE P
National T

al Taipel University

H 25 (Date) M 2 (Subject/Topics)

TensorFlow iR B £ 8 & &k K 245 547 |l
(Deep Learning for Finance Big Data Analysis with TensorFlow II)

TensorFlow R & 2= F &8k K 235 247 I
(Deep Learning for Finance Big Data Analysis with TensorFlow lII)

Al A% 35 A X2 B1 48 ]
(Artificial Intelligence for Robo-Advisors)

LRFRTENREKIA
(Conversational Commerce and
Intelligent Chatbots for Fintech)

B K3k & | (Final Project Report |)
BA R #k & 1l (Final Project Report 1)
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HEFERHLEY &

(Teaching methods and activities)

» 2232 (Lecture)
» =34 (Discussion)

« &% (Practicum)
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(Evaluation Methods)
» 1B A# % (Individual Presentation) 60 %
o & #8232 (Group Presentation) 10 %
o 1B £ > #7 3Rk % (Case Report) 10 %
o 2 2 g (Class Participation) 10 %
o E# (Assignment) 10 %
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* Aurélien Géron (2019),

Hands-On Machine Learning with Scikit-Learn, Keras,
and TensorFlow: Concepts, Tools, and Techniques to
Build Intelligent Systems,

2nd Edition, O’Reilly Media.
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(REferEnce BOOkS) ......................

* Yves Hilpisch (2018),

Python for Finance: Mastering Data-Driven Finance,

2nd Edition, O'Reilly Media.

o H b % F K (Other References) :

— Paolo Sironi (2016), FinTech Innovation: From Robo-
Advisors to Goal Based Investing and Gamification,
Wiley.

— Yuxing Yan (2017), Python for Finance: Apply
powerful finance models and quantitative analysis
with Python, Second Edition, Packt Publishing
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Aurélien Géron (2019),
Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow:

Concepts, Tools, and Techniques to Build Intelligent Systems, 2nd Edition
O’Reilly Media, 2019

%

v,

OREILLY’ 58,

e
Hands-on "
Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Tools, and Techniques
to Build Intelligent Systems

Aurélien Géron

https://github.com/ageron/handson-ml2

https://www.amazon.com/Hands-Machine-Learning-Scikit-Learn-TensorFlow/dp/1492032646/
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https://www.amazon.com/Hands-Machine-Learning-Scikit-Learn-TensorFlow/dp/1492032646/
https://github.com/ageron/handson-ml2

Yves Hilpisch (2018),

Python for Finance: Mastering Data-Driven Finance,
O'Reilly

OREILLY

MASTERING DATA-DRIVEN FINANCE

Yves Hilpisch

https://www.amazon.com/Python-Finance-Mastering-Data-Driven/dp/1492024 333

21


https://www.amazon.com/Python-Finance-Mastering-Data-Driven/dp/1492024333

Paolo Sironi (2016)

FinTech Innovation:
From Robo-Advisors to Goal Based Investing and Gamification,
Wiley

Wiley Finance Series

Innovation

From Robo-Advisors to Goal Based
lm/('sting and deiﬁmtion

Source: https://www.amazon.com/FinTech-Innovation-Robo-Advisors-Investing-Gamification/dp/1119226988
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Yuxing Yan (2017),
Python for Finance: Apply powerful finance

models and quantitative analysis with Python,
Second Edition, Packt Publishing

Python
for Finance

Second Edition

Apply powerful finance modeis and quantitative analysis with Python

Source: https://www.amazon .com/Python-Finance-powerful-quantitative-analysis/dp/1787125696

23


https://www.amazon.com/Python-Finance-powerful-quantitative-analysis/dp/1787125696

Social Network Based Big Data Analysis and Applications,
Lecture Notes in Social Networks,
Mehmet Kaya, Jalal Kawash, Suheil Khoury, Min-Yuh Day,
Springer International Publishing, 2018.

Lecture Notes in Sodial Networks

Mehmet Kaya - Jalal Kawash
Suheil Khoury - Min-Yuh Day Editors

Social Network
Based Big Data

Analysis and
Applications

@ Springer

Source: https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952
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Hands-On Machine Learning with
Scikit-Learn, Keras, and TensorFlow

Notebooks

1.The Machine Learning landscape
2.End-to-end Machine Learning project
3.Classification

4. Training Models

5.Support Vector Machines

6.Decision Trees

7.Ensemble Learning and Random Forests
8.Dimensionality Reduction
9.Unsupervised Learning Techniques
10.Artificial Neural Nets with Keras
11.Training Deep Neural Networks
12.Custom Models and Training with TensorFlow
13.Loading and Preprocessing Data

Learning with
Scikit-Learn, Keras

Aurélien Géron

14.Deep Computer Vision Using Convolutional Neural Networks

15.Processing Sequences Using RNNs and CNNs

16.Natural Language Processing with RNNs and Attention

17.Representation Learning Using Autoencoders
18.Reinforcement Learning

19.Training and Deploying TensorFlow Models at Scale

https://qithub.com/ageron/handson-mi2



https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/01_the_machine_learning_landscape.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/02_end_to_end_machine_learning_project.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/03_classification.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/04_training_linear_models.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/05_support_vector_machines.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/06_decision_trees.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/07_ensemble_learning_and_random_forests.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/08_dimensionality_reduction.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/09_unsupervised_learning.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/10_neural_nets_with_keras.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/11_training_deep_neural_networks.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/12_custom_models_and_training_with_tensorflow.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/13_loading_and_preprocessing_data.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/14_deep_computer_vision_with_cnns.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/15_processing_sequences_using_rnns_and_cnns.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/16_nlp_with_rnns_and_attention.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/17_autoencoders.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/18_reinforcement_learning.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/19_training_and_deploying_at_scale.ipynb
https://github.com/ageron/handson-ml2

Sequences using RNNs and CNNs

() 15_processing_sequences_using_rnns_and_cnns.ipynb
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np.random.seed(43)
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1

2

3 series = generate_time_series(l, 50 + 10)
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5 Y pred = model.predict(X new)(:, -1])[..., np.newaxis)

[ ] 1 plot multiple forecasts(X_new, Y new, Y pred)
2 plt.show()
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Google Colab

-t © Hello, Colaboratory - Colabor: x

& C' @ Secure | https://colab.research.google.com/notebooks/welcome.ipynb * @ O
Hello, Colaborator

Co ) y R GD SHARE 6
File Edit View Insert Runtime Tools Help

CODE TEXT

4 CELL ¥ CELL #X COPY TO DRIVE CONNECT + 2 EDITING A

Table of contents Code snippets Files X

Getting Started
Highlighted Features
TensorFlow execution
GitHub
Visualization
Forms
Examples
Local runtime support

SECTION

Welcome to Colaboratory!

Colaboratory is a free Jupyter notebook environment that requires no setup and runs entirely in the cloud. See our
FAQ for more info.

Getting Started

« Overview of Colaboratory
» Loading and saving data: Local files, Drive, Sheets, Google Cloud Storage
« |mporting libraries and installing dependencies

« Forms, Charts, Markdown, & Widgets
« TensorFlow with GPU
» Machine Learning Crash Course: Intro to Pandas & First Steps with TensorFlow

~ Highlighted Features

Seedbank

Looking for Colab notebooks to learn from? Check out Seedbank, a place to discover interactive machine learning examples.
v TensorFlow execution

Colaboratory allows you to execute TensorFlow code in your browser with a single click. The example below adds two matrices.
[1. j | 1.] " [1. 2 3.] _ [2. 3. 4.]

https://colab.research.google.com/notebooks/welcome.ipynb 27
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

& python10tlipynb ¢
(6O 2 4 B Comment 2% Share £ o
File Edit View Insert Runtime Tools Help All changes saved
RAM 1 o o
+ Code + Text v N v # Editing ~
Table of contents X Disk
~ Portfolio Optimization and Algorithmic Trading
<> Python101
Python File Input / Output TN eooB SN
(] 0S, 10, files, and Google Drive ° 1 ! pip install pandas_datareader
2 import pandas as pd
Python Programming 3 import pandas_datareader.data as web
Pythong String and Text 4 import matplotlib.pyplot as plt
5 import seaborn as sns
Python Numpy 6 import datetime as dt
Python Pandas 7 smatplotlib inline
8
Deep Learning for Financial Time Series 9 #Read Stock Data from Yahoo Finance
Forecasting 10 end = dt.datetime.now()
Portfolio Optimization and Algorithmic 11 #start = dt.datetime(end.year-2, end.month, end.day)
Trading 12 start = dt.datetime(2010, 1, 1)
. L 13 df = web.DataReader("AAPL", 'yahoo', start, end)
\I’ci\:ﬁs;mﬁzzPortfollo Optimisation 14 df.to_csv('AAPL.csv')
it 15 #df = pd.read_csv('AAPL.csv')
Efficient Frontier Portfolio 16 print(df.head())
Optimisation in Python 17 print(df.tail())
Investment Portfolio Optimization 12 pEBE(CatcesCrbe )
Text Analytics and Natural Language 20 df['Adj Close'].plot(legend=True, figsize=(12, 8), title='AAPL', label='Adj Close')
Processing (NLP) 21 plt.figure(figsize=(12,9))
Python for Natural Language 22 top = plt.subplotZgrid(f12,9), (0, 0), rowspan=10, colspan=9)
Processing 23 bottom = plt.subplot2grid((12,9), (10,0), rowspan=2, colspan=9)
. 24 top.plot(df.index, df['Adj Close'], color='blue') #df.index gives the dates
spaCy Chinese Model 25 bottom.bar(df.index, df['Volume'])
Open Chinese Convert (OpenCC, Bii& 26
szEg ) 27 # set the labels

28 top.axes.get_xaxis().set_visible(False)

: A2

Jieba fEEAH A5 29 top.set_title('AAPL')

Natural Language Toolkit (NLTK) 30 top.set_ylabel('Adj Close')
. 31 bottom.set_ylabel( 'Volume')

Stanza: A Python NLP Library for 32

N Uman L anguaes 33 plt.fiqure(figsize=(12,9))

http://tinyurl.com/aintpupython101 28
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<>

Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

& python10tlipynb 7+

File Edit View Insert Runtime Tools Help All changes saved

Table of contents X

Python101

Python File Input / Output
0S, 10, files, and Google Drive
Python Programming
Pythong String and Text
Python Numpy

Python Pandas

Deep Learning for Financial Time Series
Forecasting

Portfolio Optimization and Algorithmic
Trading

Investment Portfolio Optimisation
with Python

Efficient Frontier Portfolio
Optimisation in Python

Investment Portfolio Optimization

Text Analytics and Natural Language
Processing (NLP)

Python for Natural Language
Processing

spaCy Chinese Model

Open Chinese Convert (OpenCC, B
R Egi)

Jieba BB 55
Natural Language Toolkit (NLTK)

Stanza: A Python NLP Library for
Many Human Languages

+ Code

o

+ Text

!pip install plotly

import plotly.graph_objects as go

2

S

4

5 import pandas as pd

6 from datetime import datetime
7 df = pd.read_csv('AAPL.csv')
8
9

fig = go.Figure(data=[go.Candlestick(x=df[ 'Date'],
open=df[ 'Open'],

10 high=df[ 'High'],

kil low=df[ 'Low'],

12 close=df[ 'Close'])])
13

14 fig.show()

B Comment &% Share £ o

RAM 1 (g
v Disk v # Editing A

Requirement already satisfied: plotly in /usr/local/lib/python3.6/dist-packages (4.4.1)
Requirement already satisfied: retrying>=1.3.3 in /usr/local/lib/python3.6/dist-packages (from plotly) (1.3.3)
Requirement already satisfied: six in /usr/local/lib/python3.6/dist-packages (from plotly) (1.12.0)
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http://tinyurl.com/aintpupython101
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2018 2020
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

& python10lipynb ¢

File Edit View Insert Runtime Tools Help All changes saved

-

B Comment 2% Share £ °

RAM I S i
- + Code + Text VA b4 # Editin A
| := Table of contents X Disk 9

51 max_sharpe_port = results_frame.iloc[results_frame[ 'sharpe’].idxmax()]

<> Python101 52 #locate positon of portfolio with minimum standard deviation
) 53 min_vol_port = results_frame.iloc[results_frame[ 'stdev'].idxmin()]
Python File Input / Output 54
O 08, 10, files, and Google Drive 55 #create scatter plot coloured by Sharpe Ratio

56 plt.figure(figsize=(10,6))

Python Programming 57 plt.scatter(results_frame.stdev,results_frame.ret,c=results_frame.sharpe,cmap='RdY1Bu')

Pythong String and Text 58 plt.xlabel('Volatility"')
59 plt.ylabel('Returns')
Python Numpy 60 plt.colorbar()
Python Pandas 61 #plot red star to highlight position of portfolio with highest Sharpe Ratio

62 plt.scatter(max_sharpe_ port[1l],max_sharpe port[0],marker=(5,1,0),color="r',s=1000)
63 #plot green star to highlight position of minimum variance portfolio
64 plt.scatter(min_vol_port[1l],min_vol_port[0],marker=(5,1,0),color="g',s=500)

Deep Learning for Financial Time Series
Forecasting

Portfolio Optimization and Algorithmic

Trading [»> <matplotlib.collections.PathCollection at 0x7£13132a01d0>
11
Investment Portfolio Optimisation
with Python 030 -
Efficient Frontier Portfolio 10
Optimisation in Python 028
Investment Portfolio Optimization
0.26
Text Analytics and Natural Language 09
Processing (NLP) 2 024
3
Python for Natural Language kY
Processing 022 038
spaCy Chinese Model
020 e
Open Chinese Convert (OpenCC, B P oo 07
X ES) ‘.,&0 ‘
018 o
Jieba B ‘o
o
Natural Language Toolkit (NLTK) 0161 ; . i ; . 06
024 026 028 030 032 034
Stanza: A Python NLP Library for \blatility

Manv Human Lanauaaes

http://tinyurl.com/aintpupython101 30
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

> A
q pA¢
O SipytnenioLipyno B Comment 2% Share £ o
File Edit View Insert Runtime Tools Help All changes saved
x  +Code -+ Text v ) v |/ Editng | A

Table of contents

ALUUGLLIDOTU NS LULiis Vo

Annualised Volatility: 0.18

<> Python101

Python File Input / Output AAPL  AMZN FB GOOGL
O 0S, 10, files, and Google Drive allocation 44.67 29.05 26.28 0.0
Python Programming Minimum Volatility Portfolio Allocation

FyMiong:saing and Text Annualised Return: 0.22

Python Numpy Annualised Volatility: 0.16

Python Pandas

AAPL AMZN FB GOOGL
allocation 34.02 0.73 6.98 58.26

Calculated Portfolio Optimization based on Efficient Frontier

Deep Learning for Financial Time Series
Forecasting

Portfolio Optimization and Algorithmic
= efficient frontier

Trading -
Maximum Sharpe ratio g o9
Investment Portfolio Optimisation 0.32 * Minimum volatility
with Python
Efficient Frontier Portfolio 0.30

Optimisation in Python

Investment Portfolio Optimization 9 (o8
Text Analytics and Natural Language ‘E 113
Processing (NLP) ©
% 0.26
Python for Natural Language [
Processing =
© 0.24 12
spaCy Chinese Model
Open Chinese Convert (OpenCC, R 65

FRSZESHR) 11
Jieba BB

0.20
Natural Language Toolkit (NLTK)

1.0
Stanza: A Python NLP Library for 0.16 0.18 0.20 0.22 0.24
Many Human Languages annualised volatility

http://tinyurl.com/aintpupython101 31
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Al, Big Data, Cloud Computing
Evolution of Decision Support,

Business Intelligence, and Analytics
Al

Al Cloud Computing Big Data

0 % ®® *,* L JUR 4
— — »———1970s —>—1980s >—1990s ——>—2000s ———>—2010s — — >

Decision Support Systems » Enterprise/Executive IS Business Intelligence ‘Big Data -

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson 34



Big Data4 'V

As of 2011, the global size of

By 2014, it's anticipated

40 ZETTABYTES It's estimated that data in healthcare was there will be

L4 LN GABE 2105 2.5 QUINTILLION BYTES T B 420 MILLION

of data will be created by [ 2.3 TRILLION GIGABYTES ] e 150 EXABYTES WEARABLE, WIRELESS
2020, an increase of 300 2020 of data are created each day [ 161 BILLION GIGABYTES ] HEALTH MONITORS

times from 2005

4 BILLION+
Eé HOURS OF VIDEO

are watched on

FOURV’s

6 BILLION Of Bi \ﬁ YouTube each month
PEOPLE g @&

You

phones
ata
30 BILLION ¢
From traffic patterns and music downloads to web PlECES UF CUNTENT
history and medical records, data is recorded, are shared on Facebook
stored, and analyzed to enable the technology every month

Most companies in the

U.S. have at least and services that the world relies on every day. 40[] M".UUN TWEETS
- But what exactly is big data, and how can these a
1[]0 TERABYTES massive amounts of data be used? n :; [ £] .

are sent per day by about 200
million monthly active users

[ 100,000 GIGABYTES ]

of data stored As a leader in the sector, IBM data scientists
break big data into four dimensions: Volume,
Velocity, Variety and Veracity

WORLD POPULATION: 7 BILLION

The New York Stock Exchange Modern cars have close to Depending on the industry and organization, big Poor data quality costs the US

captures 1[]0 SENSURS data encompasses information from multiple I economy around

] TB UF TRADE ( that monitor items such as internal and external sources such as transactions, - o . . (53[ TRILLION A YEAR
INFORMATION (\ fuel level and tire pressure social media, enterprise content, sensors and don't trust the information

during each trading session mobile devices. Companies can leverage data to thiey use to. make decisions .

adapt their products and services to better meet
customer needs, optimize operations and
infrastructure, and find new sources of revenue.

Velocity ........... - o

By 2015 -

ANALYSIS OF 4.4 MILLION IT JOBS RESP(
STREAMING DATA will be created globally to support big data,

with 1.9 million in the United States

Veracity

UNCERTAINTY
OF DATA

By 2016, it is projected in one survey were unsure of

there will be how much of their data was
18.9 BILLION inaccurate
NETWORK

CONNECTIONS

YYYYYYYYYYY
sz fi4d e e R R 44

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS

Source: https://www-01.ibm.com/software/data/bigdata/






Artificial Intelligence

Machine Learning & Deep Learning

ARTIFICIAL
INTELUGENCE

S Ss MACHINE
LEARNING

DEEP

1950’s 1960's 1970’s 1980’s 1990’s 2000’s 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Source: https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/



Stephan Kudyba (2014),
Big Data, Mining, and Analytics:
Components of Strategic Decision Making, Auerbach Publications

Big Data,
Mining, and
Analytics

y i *Stephan u
SSEoreword by Tom Davenport,.

Source: http://www.amazon.com/gp/product/1466568704
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Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

y

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Big Data Big Data
Transformation Platforms & Tools
f
Middleware
Hadoop
Raw Transformed MapReduce
Pi
Data Extract Data Hil\:ge
» Transform >
Load Jaqgl
Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others
CSV, Tables L

Reports
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Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Big Data
Transformation

Big Data
Platforms & Tools

Big Data
Analytics
Applications

Queries

Reports

Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Social Big Data Mining

(Hiroshi Ishikawa, 2015)

Social Big Data
Mining

Hiroshi Ishikawa

Source: http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X
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Architecture for
Social Big Data Mining
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Y o
* Integrated analysis model | (" Intearated analvsis * Model Construction :
1 1 A ° i
: '\_/“ g Yy ,'\'/‘ Explanation by Model !
I ] ' \ I
I ] \ i \C / \ I
, ] 1 ! Conceptual Layer .
I ,' “ 1 \\ ! “ I
o T Y g T ) « Construction and :
* Natural Language Processing ,’ 1 K v \ . . I
) . | [N r Data \ confirmation I
* Information Extraction I i [ { \ findividual :
. : v I of individua :
* Anomaly Detection | ! (W Mining hvoothesi |
* Discovery of relationships ! / \ ! \ ypotnesis d '
1 /g . 1~ Application * Description an I
among heterogeneous data LT Multivar !ate V¢ . F:::ific e ) executl?on of !
* Large-scale visualization : w a . application-specific |
! Logical Layer PP P :
[ task I
i i
: :
* Parallel distrusted processing i
| Software Social Data !
! ——— PN ’
F Hardware
d oy
— Physical Layer
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Business Intelligence (BIl) Infrastructure

Extract, transform,
load

Historical
Data

Casual users
* Queries
* Reports

e Dashboards

Web Dat

/ Power users

* Queries
* Reports

e Data mining :

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 43



A

Data Warehouse
Data Mining and

Increasing potential
to support
business decisions End User

Data Presentation Business
N . Analyst
Visualization Techniques
T'-'-'-'-'-'-'-'-'-'-'-'-'-'-'-'-'-'-'ﬁ
: Data Mining : Data
i Information Dzscovery i Analyst

Data Exploration
Statistical Summary, Querying, and Reporting

/ Data Preprocessing/Integration, Data Warehouses \
DBA

Data Sources
Paper, Files, Web documents, Scientific experiments, Database Systems
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The Evolution of Bl Capabilities

Querying and ETL
reporting
Data
Metadzia ’ warehouse
EIS /ESS DSS
Financial Data marts Spreadsheets
reporting (MS Excel)
Digital cockpits
and dashboards —> ot
Business \w
Scorecards and / Intelligence
dashboards
Workflow 4
Alerts and
notifications
Data & text Portals
mining Predictive Broadcasting

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems
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Questions

Enablers

Outcomes

Three Types of Analytics

Business Analytics

Descriptive Predictive Prescriptive

What happened? What will happen? What should | do?
What is happening? Why will it happen? Why should | do it?

v’ Business reporting v Data mining v/ Optimization
v' Dashboards v/ Text mining v/ Simulation
v/ Scorecards v Web/media mining v’ Decision modeling
v’ Data warehousing v' Forecasting v Expert systems
Well-defined Accurate projections Best possible
business problems of future events and business decisions
and opportunities outcomes and actions

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Big Data, Data Mining, and Machine Learning: Value Creation for
Business Leaders and Practitioners,

Jared Dean,

Wiley, 2014.

ANDMACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners

Jared Dean G

Source: https://lwww.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041
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Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Management Science &
Information Systems

Mathematical
Modeling



BIG DATA
ANALYTICS

TURNING BIG DATA INTO BIG MONEY

Hlll HEE EEE
. AEmERE T Em
im HEEEER = =

http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
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: A REVOLUTION
THAT WILL TRANSFORM HOW
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http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/BO0D81X2YE
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National Cyber Maritime Smarter
Security security security Transport
VISUAL ANALYTICS
DYNAMIC & INTERACTIVE ENHANCE

Dashboard Graph
Map

Understanding Investigation
User Experience

s [ B A ) P e

BIG ANALYTICS
QUERY & FILTER DETECT PREDICT DECIDE
Complex queries Anomalies Tending Simulation
R?I? Communities Real-time Optimization
Typologies Prediction

BIG DATA - Batch
w'hadoop g] m

Complex by nature

i

DATA

BIG DATA = Real Time
@

Complex by structure

- T
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Big Data with Hadoop Architecture

LOGICAL ARCHITECTURE PROCESS FLOW

Processing: MapReduce

+rm [ Reduce 0 |8

Job Tracker Split 0

Task Tracker Task Tracker Task Tracker

'I T 'I

s & o e

[ reocer R reovcer PRI Reoucer | Spite

¥

N\ .
> g T 2z [

PHYSICAL ARCHITECTURE
Hadoop Cluster

Storage: HDFS

Hhaasen

Data Node Data Node Data Node
S Blox coo [l
BLOCK BLOCK BLOCK

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

S
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Big Data with Hadoop Architecture

Logical Architecture
Processing: MapReduce

Job Tracker

Task Tracker Task Tracker Task Tracker
| e |

Jil

Shuffle and Sort

oo R reovcer IR rooucer

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

|
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Big Data with Hadoop Architecture

Logical Architecture
Storage: HDFS

Data Node Data Node Data Node

BLOCK

BLOCK

Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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Big Data with Hadoop Architecture
Process Flow

A
> Pm > l Reduce 0 B

Split O

Input

LN l b

Data @& | }m > l .l Reduce 0 .

Set N
Split 1 \

. \ b

> - I (g — lli Reduce 0 >.

Split n
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Big Data with Hadoop Architecture
Hadoop Cluster

 Master e W e
siave | ol |,
- slave e N | [So500l |,
siave pu i ool |
- slave s N | [S5o0l |
slave g N | [0l |
- slave SN | [S5o0l |,
slave S | Sl |,
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https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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Traditional ETL Architecture
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Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

csv

Staging
Area

\A A/

—

DATA
WAREHOUSE

S——

it e
H '3 B

Data
Marts

DATA
MINING

REPORTING

57


https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

CRM

ERP

WEB SITE
TRAFFIC

SOCIAL
MEDIA

SENSOR
LOGS

Sqoop
Flume JDBC
Sqoop Sqoop

Offload ETL with Hadoop
(Big Data Architecture)

> TL> T L
» sV

Staging
Area

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

\A A

/_\

DATA
WAREHOUSE

S—

|

ITL

L N R R N

HEE
‘H @3 '8

=
£

OLAP
ANALYSIS

DATA
MINING

REPORTING



https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

Spark and Hadoop

S;c:cwr‘l’zZ

'~hadEJEJp W

cassandra

Source: http://spark.apache.org/
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Spark Ecosystem

Spark MLIib
Streamingfl (machine

learning)

Apache Spark

Source: http://spark.apache.org/
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Summary i

......................

* This course introduces the fundamental concepts, research
issues, and hands-on practices of big data analysis.

* Topics include

Introduction to Big Data Analysis

Al and Big Data Analysis

Foundations of Big Data Analysis in Python
Quantitative Big Data Analysis with Pandas in Python

Machine Learning with Scikit-Learn In Python
Deep Learning for Finance Big Data Analysis with TensorFlow
Artificial Intelligence for Robo-Advisors

Conversational Commerce and Intelligent Chatbots for Fintech

© ® N OV A WN

Hands-on Practices with FintechSpace Digital Sandbox

10. Case Study on Big Data Analysis
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