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Department Teaching Object;es

* Train students not only to acquire knowledge
from economics, finance, and industrial
developments but also to apply information
technology and analytical and quantitative
skills to various situations.

e Students can enhance their competitiveness
in facing rapid changes in world economy.



Department Core Competences

. Cultivating students the ability of computer
programming.

. Training students the ability of website
design for starting up a business.

. Training students the ability of analyzing
various situations in the financial market.

. Helping students to acquire the knowledge of
financial technology.
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Course Introduction

* This course introduces the fundamental concepts and
research issues of Big Data Mining.

* Topics include

ABC: Al, Big Data, Cloud Computing,

Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing
and Presenting Data,

Fundamental Big Data: MapReduce Paradigm, Hadoop and Spark
Ecosystem,

Foundations of Big Data Mining in Python,
Supervised Learning: Classification and Prediction,
Unsupervised Learning: Cluster Analysis,
Unsupervised Learning: Association Analysis,
Machine Learning with Scikit-Learn in Python,

Deep Learning for Finance Big Data with TensorFlow,
Convolutional Neural Networks (CNN)

Recurrent Neural Networks (RNN)

Reinforcement Learning (RL)

Social Network Analysis (SNA)



Teaching Objectives

Understand and apply the fundamental
concepts and research issues of

big data mining.

Conduct information systems research
in the context of big data mining.
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Teaching Methods

* Lecture
* Discussion
* Simulation
* Practicum
* Problem Solving
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Assessment

* Practicum
* Report
* Participation
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Week Date Subject/Topics

1 2018/09/10
2018/09/17
2018/09/24
2018/10/01
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ol

2018/10/08

2018/10/15
2018/10/22
2018/10/29
2018/11/05

O 00 N O

Course Orientation for Big Data Mining
ABC: Al, Big Data, Cloud Computing
Mid-Autumn Festival (Day off)

Data Science and Big Data Analytics: Discovering,
Analyzing, Visualizing and Presenting Data

Fundamental Big Data: MapReduce Paradigm,
Hadoop and Spark Ecosystem

Foundations of Big Data Mining in Python
Supervised Learning: Classification and Prediction
Unsupervised Learning: Cluster Analysis
Unsupervised Learning: Association Analysis
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Week Date Subject/Topics

10
11
12

13
14
15
16
17
18

2018/11/12
2018/11/19
2018/11/26

2018/12/03
2018/12/10
2018/12/17
2018/12/24
2018/12/31
2019/01/07

Midterm Project Report
Machine Learning with Scikit-Learn in Python

Deep Learning for Finance Big Data with
TensorFlow

Convolutional Neural Networks (CNN)
Recurrent Neural Networks (RNN)
Reinforcement Learning (RL)

Social Network Analysis (SNA)

Bridge Holiday (Extra Day Off)

Final Project Presentation

10



Grading Policy

e Mark of Usual: 40%

* Final Project: 60%
— Midterm Project Report

— Final Project Report

11
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Learning Data Mining with Python - Second Edition,
Robert Layton,
Packt Publishing, 2017

Data Mining
with Python

Second Edition

Use Python to manipulate data and build pradictive models

By Robert Layton

Source: https://www.amazon.com/Learning-Data-Mining-Python-Second/dp/1787126781
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Hands-On Data Science and Python Machine Learning: Perform data

mining and machine learning efficiently using Python and Spark,
Frank Kane,
Packt Publishing, 2017

Hands-On
Data Science
and Python

Machine Learning

Perform data mining and machine learning efficiently
using Python and Spark

L1 Packt

https://www.amazon.com/Hands-Science-Python-Machine-Learning/dp/1787280748
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Hands-On Machine Learning with Scikit-Learn and TensorFlow:

Concepts, Tools, and Techniques to Build Intelligent Systems,
Aurélien Géron,
O’Reilly Media, 2017

O'REILLY"

Hands-On
Machine Learning
with Scikit-Learn

15
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Practical Machine Learning with Python: A Problem-Solver’s Guide
to Building Real-World Intelligent Systems,
Dipanjan Sarkar, Raghav Bali, Tushar Sharma,
Apress, 2017.

Practical Machine
Learning with
Python

A Problem-Solver's Guide to Building
Real-World Intelligent Systems

an Sarkar

Apress:

Cogyrighdod Mot erial

https://www.amazon.com/Practical-Machine-Learning-Python-Problem-Solvers/dp/1484232062
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Python Machine Learning: Machine Learning and Deep Learning
with Python, scikit-learn, and TensorFlow, 2nd Edition,
Sebastian Raschka and Vahid Mirjalili,

Packt Publishing, 2017.

EXPERT INSICHT

Sebastian Raschka
& Vahid Mirjalili

Python
Machine

Learning

Machine Learning and Deep Leaming
with Python, scikit-learn, and TensorFlow

Second Edition - Fully revised and updated

L] Packh

https://www.amazon.com/Python-Machine-Learning-scikit-learn-TensorFlow/dp/1787125939
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Deep Learning with Python,
Francois Chollet,
Manning Publications, 2017.

uith Pyth

'I NANNING

https://www.amazon.com/Deep-Learning-Python-Francois-Chollet/dp/1617294438
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Big Data, Data Mining, and Machine Learning: Value Creation for
Business Leaders and Practitioners,
Jared Dean,
Wiley, 2014.

woMACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners

Jared Dean s

Source: https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041

19


https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041

Data Mining: Concepts and Techniques, Third Edition,
Jiawei Han, MichelineKamber and Jian Pei,
Morgan Kaufmann, 2011

Third Edition

k ’ | '- .. }_‘.‘_ o .',> :.". : )
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DATA MINING

Concepts and Techniques

M< Jiawei Han | Micheline Kamber | Jion Pei

https://www.amazon.com/Data-Mining-Concepts-Techniques-Management/dp/0123814790
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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 Social 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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Google Colab

& 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 ¢ 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 22
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Big Data
Analytics
and
Data Mining
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It's estimated that

2005 2.5 QUINTILLION BYTES

[ 2.3 TRILLION GIGABYTES ]
of data are created each day

40 ZETTABYTES

[43 TRILLION GIGABYTES ]

of data will be created by
2020, an increase of 300

times from 2005 202

The
FOURV’s
of Big
Data

From traffic patterns and music downloads to web
history and medical records, data is recorded,
stored, and analyzed to enable the technology
and services that the world relies on every day.
But what exactly is big data, and how can these
massive amounts of data be used?

6 BILLION
PEOPLE

have cell
phones

Most companies in the
U.S. have at least

100 TERABYTES
[ 100,000 GIGABYTES ]
of data stored

WORLD POPULATION: 7 BILLION As a leader in the sector, IBM data scientists
break big data into four dimensions: Volume,

Velocity, Variety and Veracity

Modern cars have close to

100 SENSORS

The New York Stock Exchange Depending on the industry and organization, big

captures data encompasses information from multiple
] TB UF TRADE ( that monitor items such as internal and external sources such as transactions,
INFORMATION (\ fuel level and tire pressure social media, enterprise content, sensors and

mobile devices. Companies can leverage data to

during each trading session adapt their products and services to better meet

customer needs, optimize operations and
infrastructure, and find new sources of revenue.

Velocity = B

By 2015
ANALYSIS OF 4.4 MILLION IT JOBS
STREAMING DATA

will be created globally to support big data,
with 1.9 million in the United States

By 2016, it is projected
there will be

18.9 BILLION
NETWORK
CONNECTIONS

YYYYYYYYYYY
sz fR4d e R R R EE

As of 2011, the global size of
data in healthcare was
estimated to be

By 2014, it's anticipated
there will be

420 MILLION
150 EXABYTES WEARABLE, WIRELESS
{161 BILLION GIGABYTES ] HEALTH MONITORS

&2
&.

4 BILLION+
HOURS OF VIDEO

are watched on
YouTube each month

You
You
m
‘

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

&

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

Poor data quality costs the US

R

economy around
$3.1 TRILLION A YE

they use to make decisions .

Veracity

UNCERTAINTY
OF DATA

in one survey were unsure of
how much of their data was
inaccurate

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

Source: https://www-01.ibm.com/software/data/bigdata/ 24






Artificial Intelligence
Machine Learning & Deep Learning

ARTIFICIAL
INTELUGENCE

e IR MACHINE
LEARNING

DEEP

A

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

Raw
Data

Big Data

Transformation

y

Middleware dee
Transformed| MapReduce
Pi
Extract Data Hivge
» Transform >
Load Jaql
03 Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others

Big Data

Platforms & Tools

CSV, Tables

7~

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Reports

28



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

29



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

Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection

* Discovery of relationships
among heterogeneous data
Large-scale visualization

* Parallel distrusted processing

AN Integrated analysis/

’ q
\)\\\\L--__b>‘£&———’#’////f/
\ \

1
1
y \ ] \Conceptual Layer
T Y J ! :
! \ 1 Vo )
/ ‘\ " \vl g
/ V! /- Data )
! 1 e ,
/ v Mining
\
; V] _—
/" Multivariate % ! Application

specific task

Logical Layer

Software Social Data

S ——————
S e —— -y

» Hardware

— Physical Layer\'

Analysts

I
I

I

I

I

I

I

I

I

* Construction and :
confirmation :
of individual :
hypothesis :

* Description and :
execution of :
application-specific |

I

task I

I

I

I

I

I

J
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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. 32



A

Data Warehouse
Data Mining and

Increasing potential
to support
business decisions End User

Data Presentation Business
L . Analyst
Visualization Techniques
Data Mining : Data
Information Discovery | Analyst

Data Exploration
Statistical Summary, Querying, and Reporting

/ Data Preprocessing/Integration, Data Warehouses \
DBA

Data Sources
Paper, Files, Web documents, Scientific experiments, Database Systems

33



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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Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Mathematical
Modeling

Databases

Management Science &
Information Systems



Data Mining.
Core Analytics Process
The KDD Process for

Extracting Useful Knowledge
from Volumes of Data



Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996).
The KDD Process for
Extracting Useful Knowledge
from Volumes of Data.
Communications of the ACM, 39(11), 27-34.

ledge Discovery in Databases creates the context for
developing the tools needed to control the flood of dat
"

organizations that depend on ever wing databases ¢

wtion.

manufacturing, scientific, and personal inforr

The KDD Process
for Extracting Usetul
Knoxxledge from
Volumes of Data

As WE MARCH INTO THE AGE

of digial information, the

problem of dac overkoad

looms ominously ahead

Our ability o amlyze and Greg P

undersand massive

dacsers lags far behind

our abiliey o gather and

moce the daa A new gen-

eraton of compuctonal wxhniques and many more applicaions generaie

and wools is required 1o support the sreams of digicl records archived in

extraction of useful knowledge from  huge daabases, somedmes in socalled

the rapidly growing volumes of da.  dac warchouses.

These wxchniques and wols are the Current hardware and daabase wch-

subject of the emerging fiekd of knowl-  nology allow efficient and inexpensive

edge discovery in daabases (KDD) and  reliable daa siorage and access. Howev-

data mining,. er, whedher the coneext is busines,
large dambases of digial informa-  medicne, sdence, or government, the

ton are ubiquitous. Dac from the dacses themselves (in raw form) are of

neighborhood store’s checkout regis-  lide direct value. Whae is of value is the

ier, your bank's credic card awthoniz-  knowledge that @n be inferred from

ton device, records in your doclor's  the dam and put 1 use. For example,

office, paerns in your telephone calls,  the markedng cacbase of 2 consumer

TE AT WE R

COMMCE TIONE O THE A ke v 30 1 R T



Data Mining

Knowledge Discovery in Databases (KDD) Process
(Fayyad et al., 1996)

Pre- Trans- I Data : Interpretation/
Selection processing formatlon : L'h_nm Evaluation
— ] = —— ||| = ——A
Target Preprocessed Transformed Patterns Knowledge
Data Data Data

Source: Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996). The KDD Process for Extracting Useful Knowledge from Volumes of Data.
Communications of the ACM, 39(11), 27-34. 38



Knowledge Discovery (KDD) Process

' MENY
-\-‘i&i\\#&&

S
Data mining: Pattern Evaluation
core of knowledge discovery process I

Data Miy
4

Task-relevant Data '
Data Warehouse Ation

A
|
I
I
Data Cleaning : |l
________ | :
4‘(&1 Integration :

Databases

Source: Han & Kamber (2006) 39



Data Mining Processing Pipeline
(Charu Aggarwal, 2015)

Data
Collection

Data Preprocessing

Feature e
) and
Extraction .
Integration

Analytical Processing

Building

Block 1

Building
Block 2

Output
—» for

Analyst

Source: Charu Aggarwal (2015), Data Mining: The Textbook Hardcover, Springer
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A Taxonomy for Data Mining Tasks

[Data Mining ] Learning Method | Popular Algorithms
>{Prodiction | supenves
\->:Classification : Supervised Eee’[(s:i,sggntgtaiisAG ’(;lr’i\':a\rﬂ_sp’ SVM, Rough
\->:Regression : Supervised bg‘g:’rﬁ\:\mlli'\r}li?; Féf/gl\;lession, Regression
»[Association ] Unsupervised Apriory, OneR, ZeroR, Eclat
\-brLink analysis ) Unsupervised Expe.ctation Maximization, Apripry
L ) Algorithm, Graph-based Matching
\->:Sequence analysis: Unsupervised Apriory Algorithm, FP-Growth technique
‘->[Clustering ] Unsupervised K-means, ANN/SOM
Outlier analysis ] Unsupervised K-means, Expectation Maximization (EM)




Business Insights
with
Social Analytics



Analyzing the Social Web:
Social Network Analysis



Jennifer Golbeck (2013), Analyzing the Social Web, Morgan Kaufmann

Analyzmg the
Social'Web

Jennifer Golbeck

Source: http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311 44
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The 14th NTCIR (2018 - 2019)

NTCIR (NIl "estbeds and Community for Information access Research) Project

NTCIR ... o

Ol Pro ey T Data/Tools NTCIRCMS Site ® Related URL's Contact us

NTCIR-14

#A NTCIR Home > NTCIR-14

NTCIR 14 > ]
The 14th NTCIR (2018 - 2019)
NTCIR-14 Conference Evaluation of Information Access Technologies
NEWS
January 2018 - June 2019
NTCIR-14 Aims
Call for Task Proposals
l What's New
How to Participate
Task Participation LWFebruary 1, 2018: Call for participation to the NTCIR-14 Kick-Off Event released.

Task-OverviewiCall for [February 1, 2018: Call for participation to the NTCIR-14 QALab-Polilnfo Kick-Off Event released.

Task Participation
December 5, 2017: The NTCIR-14 Task Selection Committee has selected the following six Tasks.

User Agreement Forms Lifelig-3, OpenLiveQ-2, QA Lab-4, STC-3, WWW-2, CENTRE.

Organization

August 23, 2017: NTCIR-14 Call for Task Proposals released.(Closed.)

Important Dates

Contact Us

NTCIR 13 | [“About Proceedings

After the NTCIR-14 conference, a post-proceedings of rivised selected papers willbe  NP¥a it e 3 [ caaT )
published in the Springer Lecture Notes on Computer Science (LNCS) series. Computer Suente

http://research.nii.ac.jp/ntcir/ntcir-14/index.html 45

NTCIR 12
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Short Text Conversation Task (STC-3)

e NTCIR

NTCIR-14

o Twitter: @ntcirstc

e STC-3@NTCIR-14

Welcome to the top page of STC-3@NTCIR-14!
STC-3 offers three subtasks:

¢ Chinese Emotional Conversation Generation (CECG)_Subtask
¢ Dialogue Quality (DQ) Subtask (for Chinese and English)
¢ Nugget Detection (ND) Subtask (for Chinese and English)

Key dates for DQ and ND Subtasks

Feb-Mar 2018Crawling Chinese test data from Weibo

Oct 2017-Jan 2018 Training data translation into English

Apr-Jun, 2018
Jul-Aug 2018
Aug 31,2018
Sep 1,2018
Nov 1,2018
Nov 30,2018
Dec 20,2018
Feb 1,2019
Mar 1, 2019
Mar 20,2019
Jun 2019

Test data translation into English

Training/test data annotation

STC-3 task registrations due (CECG, DQ, ND)
Training data with annotations released

Test data released

Run submissions due

Results and draft overview released to participants
Participant papers due

Acceptance notification

All camera-ready papers due

NTCIR-14 Conference @NII

46



NTCIR-14 STC-3

Short Text Conversation Task (STC-3)

Chinese Emotional Conversation Generation (CECG) Subtask

NTCIR

Short Text Conversation Task (STC-3)

Chinese Emotional Conversation Generation (CECG) Subtask

Task Definition
Dataset Description
Evaluation Metric
Time Schedule

Copy Rights &
Contacts

Links

nicin | NTCIR-14
stes | NTCIR-14 STC-3
nwecc | NLPCC 2017

Call for Participation

In recent years, there has been a rising tendency in Al research to enhance Human-Computer Interaction by humanizing machines. However, to create
a robot capable of acting and talking with a user at the human level requires the robot to understand human cognitive behaviors, while one of the most
important human behaviors is expressing and understanding emotions and affects. As a vital part of human intelligence, emotional intelligence is
defined as the ability to perceive, integrate, understand, and regulate emotions. Though a variety of models have been proposed for conversation
generation from large-scale social data, it is still quite challenging (and yet to be addressed) to generate emotional responses.

In this challenge, participants are expected to generate Chinese responses that are not only appropriate in content but also adequate in emotion, which
is quite important for building an empathic chatting machine. For instance, if user says “My cat died yesterday”, the most appropriate response may be
“It’s so sad, so sorry to hear that” to express sadness, but also could be “Bad things always happen, | hope you will be happy soon”to express
comfort.

Previous Evaluation Challenge at NLPCC 2017

Overview of the NLPCC 2017 Shared Task: Emotion Generation Challenge

Al lab. of Computer Science, Tsinghua University, Beijing 100084, China.
http://www.aihuang.org/p/challenge.html 47
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Short Text Conversation
(NTCIR-13 STC2)
Retrieval-based

retrieval-based method

Given a new post, can a A
coherent and useful comment
be returned by searching a
post-comment repository? )

—’. post

/ Search and reuse
post-comment repository

post comment post comment post comment

post comment

comment comment comment comment

http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm
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Short Text Conversation
(NTCIR-13 STC2)
Generation-based

generation-based method

i The Trained Generator
Givena new post,cana | ______________________

fluent, coherent and useful
comment be generated?

Understanding

post-comment reposito/

post comment post comment comment

post comment

comment comment comment

comment

http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm 49
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Summary

* This course introduces the fundamental concepts and
research issues of Big Data Mining.

* Topics include

ABC: Al, Big Data, Cloud Computing,

Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing
and Presenting Data,

Fundamental Big Data: MapReduce Paradigm, Hadoop and Spark
Ecosystem,

Foundations of Big Data Mining in Python,
Supervised Learning: Classification and Prediction,
Unsupervised Learning: Cluster Analysis,
Unsupervised Learning: Association Analysis,
Machine Learning with Scikit-Learn in Python,

Deep Learning for Finance Big Data with TensorFlow,
Convolutional Neural Networks (CNN)

Recurrent Neural Networks (RNN)

Reinforcement Learning (RL)

Social Network Analysis (SNA)
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Big Data Mining
Contact
Min-Yuh Day, Ph.D.

Assistant Professor

Department of Information Management,
Tamkang University

Tel: 886-2-26215656 ext. 2846
Fax: 886-2-26209737
Office: B929

Address: No.151, Yingzhuan Rd., Danshui Dist.,
New Taipei City 25137, Taiwan (R.O.C.)

Email: myday@mail.tku.edu.tw
Web: http://mail.tku.edu.tw/myday/
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