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From Julien Blin

Outline

= Statistics, machine learning, data mining, and data

science
» Issues in data mining

= Development of data mining and its challenges

How knowledge is created?

Chudn chu6n bay thap thi mwa
Bay cao thi ning bay vira thi rAm (thoi)

Mua hé dang ning, c6 ga trang thi mua.
Co6 ga moc lang, ca lang dwoc nuwéece.

Kién den tha trirng 1én cao
Thé nio cling c6 mwa rao rit to

Chudn chubdn cin rén, bén ngay biét boi!

Mét s6 slides chua chuyén qua tiéng Viét nhung sé dwoc trinh bay béng tiéng Viét

Biét {x;}, Tim f(x)

Induction (quy nap)

Biét f(x) va x;, Tim f(x;)
Deduction (suy dién)




Data, information, and knowledge

Knowledge can be considered data at a

high level of abstraction and generalization.

Obtaining by
- Perceiving

- Discovering
- Learning

Obtaining by
- Processing

Obtaining by
- Observing
- Measuring
- Collecting

From data to knowledge?

C6 thé xem tri thire |a div liéu & mirc
khai quat hoa cao (generalization).

Information

Data

Information

Data

integrated information, including facts and
their relations (“justified true belief)

Is this road appropriate for such amount of cars?

data equipped with meaning

Average ofnumber ofcars each hour, each
day, each week, each yearon the road.

Un-interpreted signal

Numberofcars countedon aroad by
hours, by days of the week, by months.

Nhiéu khoa hoc lién quan
viéc di tir dir liéu dén tri thirc
 Statistics

* Machine Learning

* Data Mining

* Data Science

How does people collect data?

= Di liéu chinh 1a gia tri ctia cac thudc tinh (features, attributes,
properties, variables) cia cac d6i twong, thu dwgc do quan sat, do dac
va thu thap.

= Hai cach thu thap ditliéu

L3y mau Thu moi dit liéu
ngau nhién c6 duwoc
Conventional statistics: First have Data Mining: Data are collected
the target then collect data to reach without connecting to any target.
the target. Methods were mostly Many innovative multivariate
created for small or medium-sized techniques being developed to solve
data sets. large-scale data problems.
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Thong ké - Statistics

= Théng ké cung cap cdc phwong phap va ky thuat toan hoc dé
phan tich, khai quét va ra quyét dinh ttr div liéu.
= Noi dung chinh
o Thdéng ké mé td (descriptive statistics): phan bo xac sudt...
a Théng ké suy dién (inferential statistics): wéc lwgng va kiém
dinh gia thiét thong ké...)
= D liéu ttr thi nghiém va di liéu quan sat
o Dt liéu thong ké thwong dwoe thu thap d€ trd li nhitng cdu
héi dwore dinh trwdce (experiment design, survey design)
o Phan 1én la div liéu s6, it dir liéu hinh thire (symbolic).

= Nhiéu phwong phap phat trién cho tap dir liéu nhéd, phan tich tirng
bién ngdu nhién riéng 1é, trwdc khi cé may tinh.



Phan tich dir liéu nhiéu bién
Multivariate analysis
= Phan tich dong thoi quan hé cta nhiéu bién ngau nhién

= Phan tich thdm do (EDA, exploratory data analysis) dung dir
liéu tao ra cdc gia thiét vs. viéc kiém dinh gia thiét trong
Phdn tich khdng dinh (CDA, confirmatory data analysis)
o Factor analysis, PCA, Linear discriminant analysis

o Regression analysis
o Cluster analysis

= Thdy gi tir cdc phwong phép truyén théng?
o Két qud ngheo trén dir liéu lon va phire tap
o Céc phwong phép truyén thong chi phan tich tap dir liéu nhé.
o Gid lwu triv va xt ly div liéu giam nhanh thdp ky qua.

Machine learning and data mining

Machine learning Data mining

" To build computer ® To find new and useful
systems that learn as knowledge from large
human does. datasets.

" |CML since 1982 ® ACM SIGKDD (1995),
(33th ICML in 2016), PKDD and PAKDD (1997)
ECML since 1989. IEEE ICDM and SIAM DM

= ECML/PKDD since 2001. (2000), etc.

ACML: Asia Conference on Machine Learning
PAKDD: Pacific Asia Knowledge Discovery and Data Mining
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» Mot chwong trinh may tinh dwoc noi la

Phan tich dir liéu nhiéu bién
Multivariate analysis

= Phwong phap phan tich dworc tao ra cho cac tap dit liéu c6 kich

thwéc nho hodc trung binh, va khi may tinh con yéu.

= Phén tich thong ké nhiéu bién dang thay ddi nhanh do k§j thuat

tinh toan nhanh va hiéu qua hon. Nhiéu phwong phap méi dwoc
phat trién dé gidi cac bai toan 16n (Pagerank ctiia Google nghich
dao ma tran kich thwéc nhiéu ty chiéu)

June 2013: China Tianhe-2, 33.86 petaflops,
3,120,000 Intel cores (No. 1. Sunway TaihuLight)

Nﬁv,2012: Cray’s Titan computer,
17.59 petaflops, 560640 processors.
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M?achine learning

» Field of study that gives computers the

ability to learn without being explicitly
programmed (Arthur Samuel, 1959).

o hoc tir kinh nghiém E

o cho mot1ép cic nhiém vu T

0 v&ido do hiéu sudt P
néu hiéu sudt cha n6 v&inhiém vu T,
danh gia bang P, c6 thé tang 1én cling
kinh nghiém.
(Tom Mitchell, 1997)

(from Eric Xing lecture notes)

* Three main Al targets: Automatic Reasoning, Language understanding, Learning
* Finding hypothesis f in the hypothesis space F by narrowing the search with constraints (bias)



Khai pha dir liéu - Data Mining Statistics vs. Machine Learning

Tw déng kham pha, phat hién cac tri thive tidm an tor Statistics Machine learning
e B A R G 3 da d = Nhéin manh suy dién théng ké hinh = Nhin manh cac bai todn dw doén,
cac tap aw lieu lon va da dang. thire (wéc lwong, kiém dinh gia thiét). b4t d4u véi dir liéu hinh thirc.
= Dua trén cac mo6 hinh (models) cho bai = Bwéc dau chi yéu xiy dung va
o . todn c6 s6 chiéu nho, & dang sd. dung cac thuit toan tryc cdm
.. Statistics e A e (heuristics algorithms).
Data mining metaphor: Large and = Khoa hoc da thiét 1dp, it ‘van héa’ thay
Extracting ore from rock unstructured dfj,i va thich nghi v&i méi trwdng tinh = Gan V(')’iAth(:)'ng ké] nhiéu hIO'n, XﬁAy
toan. dung mo hinh toan cho cac thuat

real-life data toan (statistical models underlying

the algorithms).

< = -

Théng ké vs. Khai pha dit liéu Thiy gan day

London subway

Kiéu bai toan & dir  C6 cAu tric (well structured)  Khéng cAu triic/Nira cAu tric

= C6 xu hwéng mé rong sang hoc may.
Machine Learning

lieu Unstructured/Semi-structured
Muc dich phan tich  Xac dinh muc tiéu rdi thu D liéu thu thap thwdng khong lién
va thu thap d¥ liéu  thap di liéu quan dén muc tiéu
Kich thuwéc div liéu  Nhé va thwéng thudn nhét Lén va thweng khong thudn nhét.
Mb thtrc/tiép can Duwa trén ly thuyét suy dién  Phdi hop Iy thuyét va trec cam
Paradigm/approach  Theory based (deductive) Theory & heuristic based
(inductive)

2 a ’ 3 . 2 . . - \ . . P — ————
Kiéu phan tich Confirmative (khang dinh) Explorative (tham do, khai pha) .

o Dream big, data. ComCab
SO bién Nho Lén

P X A X A 3 . a re . X ./_7-\"' A

Gia dinh vé phan bo Dwa trén gia dinh ve phan bo Khong gia dinh phan bo xac suat f° ‘
Distribution assump. — )

15 ' Wi 16



Big data la gi?

D@ lieu I&n néi vé cac
tap div liéu rat I1&n

Velocity

ANALYSIS OF
STREAMING DATA

va/hoacrat phirc tap,
vwot qua kha nang x
ly ciia cac ky thuatIT

truyén théng (View 1).

Veracity
UNCERTAINTY
OF DATA

Activity: 10PS.

Fle/Oject e, Content Volume

(View 2) Big Data is about technology (tools and processes).
(View 3) Hién tuong khach quan ma céc té churc, doanh nghiép... phai doi dau dé phét trién.
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Data science

“In God we trust.

All others bring data.”

DOMAIN W.E. Deming
EXPERTISE

“Chi Thwong dé la dang tin. Moi
thtr khac déu phai dwa vao di ligu”

aeniicionse

Data Scientist: The Sexiest
Job of the 21st Century

(Harvard Business Review, October

STATISTICAL
RESEARCH

DATA
SCIENCE

Source: Palmer, Shelly. Data Science for the C-Suite.
New York: Digital Living Press, 2015. Print. 201 2)

A scheme of data science

PUBLICATION [ DIRECTED ACTIONS TO HUMAN ] [ DIRECTED ACTIONS TO MACHINES ]

ACCESS Bowser  yobile Custom hand help ] coeb  FTPandSFTP  MQ, IMS, Sockers ]

RESULT | | |
COMMUNICATION VISUALIZATION

7 N\
' ANALYTICS
DATA
ANALYTICS
DATA 4w Cassandra
MANIPULATION 0 mongoDB
P e e
DATA SOURCES [ e e e Sensors Mobiles Web/Unstructured ~~~....... ]
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Outline

= Statistics, machine learning, data mining, and data science
» Issues in data mining

1) Types, models and structures of data

2) Data mining process

3) Model assessment and selection

4) Data mining methods

5) Others
= Development of data mining and its challenges

Mét s6 slides chua chuyén qua tiéng Viét nhng sé dwoc trinh bay béng tiéng Viét
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.. @
Data types and models vs. mining methods
Data types and models Mining tasks and methods
= Classification/Prediction
" Flat data tables o
] o Decision trees
" Relational databases o Bayesian classification
® Temporal & spatial data o Neural networks
= Transactional databases 0 Rule induction
= Multimedia data o Support vector machines
. 0 Hidden Markov Model
Genome databases O etc.
= Materials science data = Description
= Textual data 0 Association analysis
= Web data o Clustering
" etc 0 Summarization
’ a etc.
21

Major tasks in data preprocessing

®
—

0 Data cleaning

—
ﬁ>ﬁ
—

-2, 32,100, 59, 48 — -0.02,0.32,1.00,0.59,0.48

o Data integration and transformation

AR A3 . A% MO . ALS }

T Ti N - S Figh
T2 T4 ~N —
iE] - / oo
T1456 > J:um-
T2000

. » = | ,:
o Data reduction T et

(instances and dimensions) o Data discretization
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The data analysis process

e
a step consisting of methods

that analyze the data for
useful patterns or models
from the data

G Putting the results
in practical use

o Interpret and evaluate
discovered knowledge

Maybe 70-90% e Data Analysis
of effort and cost Extract Patterns/Models

Preprocess data

o Understand the domain,

collect data, define problems The process is inherently

interactive and iterative
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Data types

= SYMBOLIC

0 Indexing: E.g, names, tags, case numbers, or serial \
numbers that identify a respondent or group of
respondents.

0 Binary: Two values, e.g., YES or NO, SUCCESS or
FAILURE, MALE or FEMALE, WHITE or NON-WHITE, FOR
or AGAINST, and so on.

0 Boolean: Two values TRUE or FALSE, and may have the Symbols
value UNKNOWN. or

Nominal: Character-string values (green, blue, red, ...) Numbers
Ordinal: Values for this character-string data type are
linearly ordered (Small, Middle, Large,...)

= NUMERIC
0 Integer: Values are just integer numbers ]
0 Continuous: real numbers.

24



Why we should care about data types?

Combinatorial search in hypothesis spaces (machine learning)

Attribute Numerical Symbolic Posible
- analysis
Nominal or o
categorical operations
(thus methods,
algorithms)

Ordinal Integer: dependon data
structure Age, Resemblance i types
=== Temperature Ordinal P
Ring Continuous: .
structure Income, Measurable
s I N

Often matrix-based computation (multivariate data analysis)
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Structures of data

Unstructured data

o Unstructured data represent around 80% of data. It often include
text and multimedia content.

Example: e-mail messages, word documents, videos, photos, audio
files, webpages and many other kinds of business documents.

o Akey issue in data science is representing unstructured data
Example: The DNA sequence

“..TACATTAGTTATTACATTGAGAAACTTTATAATTAAAAAAGATTC...”

can be represented by different ways for computation such as
sliding windows, motifs, kernel function, web link... representation

T b

@
@ | >

N
° IR
= |o

o
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Structures of data

Structured data

swims ?as flies has isa

) ) ins lung fish

o Can be stored in database SQL in werrng e ves
table with rows and columns. Feon o T A I
Flying fish yes yes yes no yes

o Only about 5-10% of all ool o lye I lme e
Whale yes yes no yes no

available data.

N\,
Semi-structured data sy
o Doesn’t reside in a relational
database but that does have P
. . . author = "]. Mazzeo",
Some Organlzatlonal propertles e gznl';‘;rabﬂwly of Computer and Paper-and-Pencil Scores"
that make it easier to analyze. ST oner - CRducacionan Tecting servicery o
o XML documents and NoSQL wokwines,
databases documents are semi - M nceractive Tester Gersion .0 (Comutr sofomre)
publisher = "Psytel ervices”,
Structured address = "Westminster, CA",}

Articls in a Latex database
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Supervised vs. Unsupervised data

Given: (xy,y,), (x2,¥2), e, (X, V)

- x; is description of an object, phenomenon, etc.

- y; (label attribute) is some property of x;, if not available learning is unsupervised
Find: a function f(x) that characterizes {x;} or that f(x;) = y;

Unsupervised data Supervised data

@ color | #nuclei| #tails color | #nuclei | #tails
H1 H2
@ healthy
H3 H4 healthy

@ healthy
C1 Cc2

cancerous
C3 C4

cancerous
cancerous

1
1
2
il
2
1
2
2

cancerous

The problem is usually called classification if “label” is categorical, and prediction if “label”
is continuous (in this case, if the descriptive attribute is numerical the problem is regression

Hoang Xuan Huén, Classification and Regression

)
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Classification—a two-step process

Model construction Model usage
.:> Classification
@H ; ,Hz Algorithms
@m @m Jl ?
@
@. €.
If color = dark

training data and  #tails = 2

Then  cancerous cell y Y(@Sj

Unknown object

ancerous?
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Classification with decision trees

®.9.

#nuclei?

)

@.8.

g\) ? H C H (C
C3 C4
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Classification: Train, Validation, Test

Results known

+ Training set Model
€ . ¢ Builder
* l Evaluate
Model Builder Pl'edictions
l / \ 4]
o
Validation set -]
i el |
Testing Set Y Final Model _| Final Evaluation
s +

Classification with neural networks

®.@.

H3 H4

color = dark

# nuclei =1

- @

30

Healthy

Cancerous

32



Classification with decision rules

IF Color = light
HT (M2 AND  # nuclei = 1
THEN Healthy
H3 H4
IF Color = dark
1 c2 AND  # nuclei =2
THEN Cancerous
c3 c4
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Bayesian classification

n  The essence of Bayes’ theorem is that tell us how to update our initial
probabilities P (h) if we see evidence E, in order to find out P (h|E)

P(E|R)P(h)

P(RIE) = =5

P(E|h).P(h) _ P(E|h).P(h)

P(RIE) = P(E) = P(E|h).P(h) + P(E|=h).P(=h)

= A prior probability
= Conditional probability (likelihood) « coming from the data
= Posteriori probability

* Naive assumption: attribute independence

* Bayesian belief network allows a subset of the variables conditionally
independent.
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Instance-based classification

Class A

= Instance-based classification
o Using most similar individual instances known
in the past to classify a new instance
= Typical approaches X X

o k-nearest neighbor approach belongs

U
= Instances represented as points in a toAorB?
Euclidean space

o Locally weighted regression
= Constructs local approximation
o Case-based reasoning

= Uses symbolic representations and Class B
knowledge-based inference
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Clustering (Apsara faces)

Euclidean, Single link TPS, complete link

370-
80- 2000+

50 1800+

340
330- 1400

320 1200+
310- 1000+
1300 800

260~ 600~
260- 400+

127 landmarks

1.2 9 10 5 7 8 3 6 4 2 5 9 1 10 3 4 6 7 8

0,0,00
P RPRESCC,

&
%

Lttty q,awgqq,

&
= oo &
PR

o JER R Single Link clusters

Shape alignment An ethnologist needs to validate the groups

Nguyén Tri Thanh, Cluster Analysis 36



Mining associations

Super market data ‘

“Young men buy diaper and beer together”

Dit liéu siéu thi Khai pha dir liéu Trai tré 20-30 tudi Bim Bia

Young men when buy diaper also buy beer to use in the weekend when keeping their
children and watching TV.

V6 Binh Bay, Pattern and asociation mining

W A . Ve ~ n - z ~ A
Nguon théng tin Ién nhdt vé khai phd dir liéu
www.kdnuggets.com is website of the data mining community
Data Mining, Analytics, Big Data, and Data Science e KOmgoets -
nuggets™ Subscribe to KDnuggets News | Follow £ @xonuggets K1 [ contact
Data Mining Software | News | Jobs | Academic | Companies | Courses | Datasets | Data Mining Course | Education | Meetings | Polls | Webcasts
6 PolyAnalyst 6
Simplify your analysis A&.ﬁ
Swamped with TEXT Data ? Simplify your analysis! PolyAnalyst from Megaputer
. L . Latest News
Data Mining, Analytics, Big Data, Data Science . NYC Data Science Academy gsas
Bootcamps, Classes on R, Python, and
Software, Suites, Text, « Latest KDnuggets News Machine Learning [ O
Classification , Visualization X X 8 — CourseBuffet: Organizing MOOC
& Twiter | B3¢ | Dllinkedin | 63 Courses on Big Data, Data Science,
« Jobs in Data Mining, Data « [T Top stories Statistics ) Data
Science, Analytics « KDnuggets 2015 News — Top stories for Apr 5-11: 10 things Management
statistics taught us about big data analysis;
+ Academic / Research positions * KDnuggets News Schedule Awesome Public Datasets on GitHub What you need
« Subscribe to KDnuggets News (free — Wikibon Big Data Vendor Revenue and to know -
« Submit an item for KDnuggets bi-weekly newsletter) Market Forecast, 2020 .
— NREL: Senior Scientist Computational and how to use it
Statistics to get ahead.
NYC Data Science Bootcamp P
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Many other issues

= Ensemble learning

» Transfer learning

» Learning to rank

= Multi-instance multi-label learning
» Semi-supervised learning

m Structured prediction

= Social network analysis (Trin Mai Vi)
= Learning in specific domains

= etc.

Which algorithms perform bestat which tasks?
[ wigoritm [ pros ___________Joos ___________Joowa |

Uinear 7 Vervfast(unoi constantume) (20 ¢ TS ORI SOTPS - The rstiook at a dataset
- Easy to understand the model P! Numerical data with lots of

regression | < prone to overfiting rela_tlonshlps without first transforming S
the inputs
Decision - Fast - Complex trees are hard to interpret - Star classification
- Robust to noise and missing values - Duplication within the same sub-treeis - Medical diagnosis
trees T o .
- Accurate possible - Credit risk analysis
- Extremely powerful - Prone to overfitting - Images
Neural - Canmodel even very complex - Longtraining time - Video
s relationships - Requires significant computing power for - “Human-intelligence” type tasks
- Noneed to understand the underlying large datasets like driving or flying
data- Aimostworks by “magic” - Model is essentially unreadable - Robotics
1 - Need to select a good kernel function B n
Support : Can_mode_l ScbletiogReay - Model parameters are difficult tointerpret Classlfylng_ _pro(_elns
relationships & 5 s - Textclassification
sctoy - Robustto noise (because they e mesliinencaleiabibioble s - Image classification
Machines maximize margins) S liesisdnificaniipeneivand - Handwriting recognition
processing power
- Low-dimensional datasets
" - Expensive and slow to predict new - Computer security: intrusion
- Simple N :
- Powerful instances detecton _
K-Nearest E e - Mustdefine a meaningful distance - Faultdetection in semi-conducter
Nei - Notraining involved (“lazy”) 3 N
eighbors § function manufacturing
= Ly gl zs i igees - Performs poorly on high-dimensionality - Video contentretrieval
classification and regression datasets - Gene expression

- Protein-protein interaction

http://www.lauradhamilton.com/machine-learning-algorithm-cheat-sheet
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Outline

= Statistics, machine learning, data mining, and data science
» Issues in data mining
= Development of data mining and its challenges

Mét sb slides chwa chuyén qua tiéng Viét nhuwng sé dwoc trinh bay béng tiéng Viét
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Kernel methods: the scheme

o Input space X Feature space F
‘X* o X inverse map ¢!
0o ®% o o(x)
o Xo

k(xi,X;) = d(x;) d(x;)

kernel function k: Xx el-based algorithm on K

Gram matrix Kuq= {k(x;,X;)}

Bién d&i dit liéu tir X béi mét anh xa ¢p(x) vao mét khéng gian vector (nhiéu chiéu), goi la

feature space F.

Tim moét ham/mo hinh tuyén tinh (hodc mot ham tot hon) trong F bang cdc thuat toan

quen biét thyc hién trén Gram matrix.

= B&i mot anh xa ngu'gc, ham tuyén tinh trén F cé thé tuong (ing véi mot ham phirc tap trén
X.

" DPiéu nay cé thé thuc hién don gian hon do st dung ndi tich (inner products) trong F (kernel

trick) xac dinh b&i mét ham hach (kernel function).

Development of machine learning

Successful applications
Symbolic concept induction IR & ranking
Multi strategy learning Data mining MIML
Minsky criticism NN, GA, EBL, CBL Active & online leaming  13nsfer leaming
Abduction, Analogy Kemel methods Sparse learning

Pattern Recognition emerged .
Revival of non-symbolic learning Bayesian methods

PAC learning ILP Semi-supervised learning Deep learning

. . Dimensionality reduction
Math discovery AM Experimental comparisons
Probabilistic graphical models

Supervised learning Statistical learning

Neural modelin:
9 Unsupervised learning

Nonparametric Bayesian
Ensemble methods

Rote learning Reinforcement learning Structured prediction
1950 1960 1970 1980 1990 2000 2010
ICML (1982) ECML(1989) KDD (1995) PAKDD (1997) ACML (2009)
N A U\ AN _
Yy Y e e g
enthusiasm dark age renaissance maturity fast development
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Probabilistic graphical models

= K&t ndi graph theory va probability
theory trong mat hinh thirc chat ché
cho mé hinh hoa théng ké nhiéu chiéu.

= Probability theory dam bdo tinh nhat
quan (consistency) va cho mo hinh mé
ta va két noi véi dir lidu.

= Graph theory cho mdt giao dién truc

glac vol con nguol. A ICU alarm network, 37 nodes, 509 parameters.
“Ng6n ngit d6 thi cho ta cach dién giai

ro tinh chat thwc té: cac bién c6 xu = Issues:

hwéng chi twong tac truec tiép véi mot o Representation

s6 it bién khac”. (Koller’s book). o Learning

o Inference

= Modularity: Moi hé phitc tap déu dwoc e
o Applications

x4y dung tr nhitrng phan don gian hon.

Tran Quéc Long, Probabilistic graphical models



Probabilistic graphical models Non-linearly separable problems
Instances of graphical models and deep ]earning

I Types of Exclusive-OR | Classes with | Most General
Probabilistic models Structure Decis‘)'/fn Regions Problem
Naive
Graphical models
Blaye§f_ P Single-Layer Half Plane o
classifier }\ Bounded By
. LDA
Directed Undirected Hyperplane
Two-Layer Convex Open o
ixture Closed Regions e
models | Conditional a 5
random Three-Layer Arbitrary
fields (Complexity
Eilaman Limited by No.
ner Hidden Markov Model (HMM) of Nodes)
model
e . Lé Hdng Phuwong, Deep Learning for Text
Murphy, ML for life sciences
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Some typical books

INTRODUCTION 0
Statistical Learing STATISTICAL MACHINE
with Sparsity LEARNING
The Lasso and
Generalizations

MACHINE
ne Learning LEARNING

Alan Julian Izenman PROBABILIS

Modern Multivariate
Statistical Techniques
Regression, Classification, and
Manifold Learning




