Introduction to

Machine Learning and Data Mining

(Hoc may va Khai pha di¥ liéu)

Khoat Than

School of Information and Communication Technology
Hanoi University of Science and Technology

2025



Contents

= Introduction to Machine Learning & Data Mining
= Unsupervised learning

m Supervised learning

= Probabilistic modeling

= Data mining

®m Practical advice



Various sources of data

EACH DAY

50% e Pages have created

of active FB users log in 530 billion
| of fans

faCEbOOk 55 million 35 million
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Why do we need mining<¢ Prediction

= Google Flu Trends: detecting outbreaks fwo weeks ahead
of CDC data, 2009

FluTracker map data current as of 09:34 EDT 25 October

H1N1 Flu Map H1N1 Disease H1N1 Prevention
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Why do we need mining< Exploration

Subscribers in Youtube Views in Youtube

H1 (TH Hanoi)
HTV Entertainment

H1 (TH Hanoi) | 22,002,049
700,866 HTV Entertainment 589,368,537

VTV Go 841,629 VTV Go 372,993,993
VTCI1 Tin Tuc 696,709 VTCI1 Tin Tuc 980,345,169
THVL Giai Tri 1,032,878 THVL Giai Tri 1,088,750,732
THVL 236 THVL 1,542,390,919

Effective TV channels?¢

Videos in Youtube

= THVL
THVL GiaiTri
VTCI1 TinTuc
VTV Go
HTV Entertainment
H1 (TH Hanoi)




Why do we need mininge

Data make everything clearer
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(John Canny, UC Berkeley)



7
Knowledge discovery and data mining .




Definition of Data

= Dafa are just raw facts (Long and Long, 1998)

= Dafa . .. are streams of raw facts representing events . . .
before they have been arranged into a form that people
can understand and use (Laudon and Laudon, 1998)

= Dafa is comprised of facts (Hayes, 1992)
Recorded symbols (McNurlin and Sprague, 1998)

D liéu la tin hiéu (signals) thu
duwoc do quan sat, do dac, thu
thap... ttr cac ddi twong. Cu thé,
dir liéu la gia tri (values) cua cac

thudc tinh (features) ctia cac doi

twong, duoc biéu dién bang day
_cac bits, cac con s6 hay ky hiéu... \




Definifion of Information

» Data that have been shaped into a form that is meaningful
and useful tfo human beings (Laudon and Laudon, 1998)

= Data that have been collected and processed into a
meaningful form. Simply, information is the meaning we
give to accumulated facts (Long and Long, 1998)

® The property of data which represents and measures
effects of processing them (Hayes, 1992)

Théng tin Ia di liéu co ¥ nghia .
(data equiped with meaning), thu /Informo’rlon\

dworc khi xr ly di liéu dé loc bo di
cac phan dw thtra, tim ra phan coét
16i dac trwng cho di liéu. , Data




Definition of Knowledge

= The result of the understanding of information (Hayes, 1992)

= The result of intfernalizing information (Hayes, 1992)
Collected information about an area of concern (Senn,

1990)

= Information with direction or intent — it facilitates a decision
or an action (Zachman, 1987)

Tri thire la théng tin tich hep, nhw /|nformgﬁon\

quan hé gilra cac sw kién, gitra cac

thong tin... thu dwoc qua qua trinh
nhan thire, phat hién hoac hoc tap.
Data




Data-Information-Knowledge

Knowledge on knowledge
(e.g., how/when to apply)

Understanding of a
domain. Can be applied
to solve problems

Lower volume. Higher
value. With context and
associated meanings

Large volume. Low
value. Usually no
meaning/ context

Knowledge

Information

/ Data




Example of Data/Information/Knowledge n

= Data

o Nhiét do ngoai troi 1a 5°C
" Information

o Ngoai troi lanh qua
= Knowledge

o Néu trdi lanh thi ban nén mac do am khi di ra ngoai

» The perceived value of data increases as it is tfransfered
into knowledge.

= Knowledge enables useful decisions to be made.



KDD: main tasks

= Predictive task: make predictions about unknown future
events and disclose the reasons behind them.

(tao cac phan doan vé nhirng sw kién twong lai va vach ra nhirng ly do
dirng sau nhirng suw kién do)

= Classificafion Tri thirc nao gilip ta phan biét
= Regression, ... duwoc té bao ung thw?

= Descriptive task: characterize the properties of the data to

gain information, or for other useful purposes.
(phan tich cac dac trwng clha di liéu dé thu dwoc théng tin méi hoac
cho muc dich hiru ich nao do) -

= Clusterin -
Thoi quen nghe nhac truc

" Associat tuyén ra sao?




Predictive mining: classification

» Predict what label should be assigned to observation xe
what class should x belong fo?
(can doan xem x thudc I&p nao)

= “Nhirng ngudi dirng dau Barcelona cé vé hai long voi diéu nay” >
Positive or negative?



Predictive mining: outlier detection

= QOutlier (ngoai lai): A data object that deviates significantly
from the normal objects as if it were generated by @
different mechanism
(ngoai lai 1a mot ddi twong ma co khac biét rat Ién véi cac doi twong
théng thuwdng, twdng chirng nhw né dwoc sinh ra bdi mdt co’ ché hoan
toan khac)

® Unusual credit card purchase,
m Network attacks,

® Unusual stock price, ...

= Quitliers are interesting:
It violates the mechanism that generates the normal data

m Different with noises

m Qur task is fo detect those? (outlier detection, anomaly detection)



Descripfive mining: clustering

= Cluster: a group of data instances that have the same
properties (mét nhém dir liéu ma cd cung dac trwrng nao do)

= A group of users who like dancing

= Clustering: find all the clusters in a given data set.
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Descriptive mining: summarization

® Finding a compact description for a
subset of data
(tim kiém mét mé t& ngan gon cho tap di
liéu)
= E.g, compute the mean and deviation of
an attribute

= E.g, news summarization

Nguw&i Viét gidl toan: Géc nhin ‘that' tir ngudi
trong cugc

10002015 0100 GUT+7

Teviunsn sCHONg ta hay vign din cau chuydn thanh cong cda hec sinh Vigt
Nam trong cac ki thi toan qubc té aé chong minh cho ndng lyc hoo todn &

aing chp thé gil cua ngudd Vigt. Dy 13 do cach truydn thong cla ta ma
thoL

Nguot Vige giol toan: co thit vy khang?

3¢ viin 0& co chic nguat VL gidd 1odn nay indeg chic cndn sé gay rhidy
tranh ¢l vi 0o thé nd 56 ¢ rguoc il cuan dém cla da s ching ta voi mdc
&nh rdng: nguel Vit g& Todn hay & nhdt 1a c& ndng dyc va tém ndng hoc
Toan?

Thoo 9 ddy khdeng chi 1a mit &nh Wén ma con & mt sy huydn hodc nguy
ndm

Cring t cdu bilt treng Bdng xép Rang wh cic dong Rop cla cac nuthe thén thé
Qi vao khoa hee val olng nght B Vidt Nam lén xép & nndm coli.

Trang cac cufc Bidp xOc vo cic rhd Khca hoo harg ddu thé gon chdng ¥ &2
khang ngdn rgal héd ho nhin &nn 4 nao vé vi tri cda V&t Nam tén bdn 84
khoa Poc vl toan hoc cla thé 9ol va Ay i danh ga cla he

V& iknca hoo: chirg ta 18 58 O on vinn.
V& Todn hgo: chirg ta 1a mét chdm rdt nha.

Cring 83 khdrg hé ngoc rhitn w ddrh gid ndy. O iy ching 131 thdm chi con
dua viin 3b 41 xa hon kndng oY win vite dé clp ngud VIRt shéng gidd Todn ma
can rdl 801 vidc 1w cd phdl chorg ta Twe su cd dam Mm@ danh cho Todn hoco
hay khang?

Cho dde nay, B Ngd Bbo Chily (5 ngudy VT duy avdt oo dudi ngnidie Todn hoc v
20t rpe dnh cao. A AP

Cau chuydn & nhirng ky thi Toan quéc té

Creng ta hay wen dln clu chuyén fach cdng cda hoe sinh Ve Nam tong cac
ki 0 toam qudc 1 ¢d chimg minh cho ndng lyc hoc tadn & dling clp ©d gol
cia ngundy Vidt By 14 do cach truyén thieg cla @ ma thd. Suthdt i

1. Ky thi 1oan quéc & MO e 1a met cudc chat vul wé thea ddng nghla cda nd
Cac nuoc clr 3% tuydn tham 9y kit ndy theo béu i vul 1A chinh va hean ban
khong ool &y 1a sir mang mang wé vinh ¢y quéc gla hay giip nuwoc da khiing
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Descripftive mining: dependency modeling

® Find a model that describes significant dependencies
between variables. (tim kiém mo6 hinh ma né mé t& nhiing phu
thuéc cé y nghia gilra cac bién)
m Structural level: which variables are locally dependent on each
other.

= Quantitative level: the strength of the dependencies in term of
a number.




KDD: data type

= Supervised (c6 giam sat, c6 nhan):
= Fach obsevation in the training set will have an output (label)

® The aim is to predict what output for a new observation

11 ~ N s , A — BOW,
(x = “Nhirng ngwoi dirng dau Barcelona Y spoon
co vé hai long voi diéu nay”, y = Positive) ¥ ramen

=
= Unsupervised (khéng giam sat, khong nhan): we could not
observe any output of the fraining data.

m Ex: data = tweets 2 whatis the current trrend?

= Some tasks may have meta-data such as tags, likes, links,
views,... Those meta-data can help further discovery of new
knowledge.



KDD: data type

Structured — relational (table-like) Un-structured

| 4] A B C D E F G {

1 Country |+!|Region |~ |Population|~ |Underl5|~ Over60 v Fertil v |LifeExp{~ "code": "1473a6Ffd39d1d8fa48654aac9d8cc2754232,
2 Zimbabwe Africa 13724 40.24 5.68 3.64 54 s W, om . A " A w
3 Zambia Africa 14075 46.73 3.95 5.77 55 title": [Updatlng] cau Chuyen )‘(uyen mua ve .
4 Yemen Eastern M 23852 40.72 4.54 4.35 64 "url": "http://techtalk.vn/updating-cau-chuyel
5 [VietNam __ |Western P 90796 2287 932179 75 "labels”: "techtalk/Cong nghe”,

6 Venezuela (Bo Americas 29955 28.84 9.17 2.44 75 "content": "Vao chiéu t6i ngay ©9/12/2016 vira
7 Vanuatu Western P 247 37.37 6.02 3.46 72 "image_url": "",

8 Uzbekistan  Europe 28541 28.9 6.38 2.38 68 "date": "2016-12-10T93:51:10Z"

9 Uruguay Americas 3395 22.05 18.59 2.07 77 }

texts in websites, emails, articles, tweets 2D/3D images, videos + meta  spectrograms, DNAs, ...
) i n Dwayne Johnson © P i | -

= Sometimes as a father, you ARE the only
solution. A real honor making this true story.
- EEME SNITCH 2/22/12 nie twitter.com/aJhoF6dt
@ Seeking Life’s Bare (Genetic) Necessities

G HARROR, NEW




KDD: methodology

Interpretation /

Data Minin

m Patterns

Transformed
Preprocessed Data Data

Transformation

Preprocessing

Selection

(Fayyad, Piatetsky-Shapiro, & Smyth, 1996)




KDD: challenges

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

61 BILLION GIGABYTES

By 2014, it's anticipated
there will be

420 MILLION
WEARABLE, WIRELESS
HEALTH MONITORS

It’s estimated that

2.5 QUINTILLION BYTES

J TRILLION GIGABYTES

et T he
FOUR V’s
T

40 ZETTABYTES

43 TRILLION GIGABYTE

of data will be created by
2020, an increase of 300
times from 2005

4 BILLION+
HOURS OF VIDED

are watched on

SI:’Bfl[IiII-JIEEN Of Blg 'C = | -4 YouTube each month
:::vecse” Data ;';‘;‘J‘ S . ;. A &

30 BILLION & BQ

PIECES OF CONTENT

are shared on Facebook
every month

Most companies in the
U.S. have at least

100 TERABYTES
of“d“al‘t; st‘;x‘e;l %

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

WORLD POPULATION: 7 BILLION

pak biag data ir four dime Volume,
Velocity, Variety and Veracity

Maodern cars have close to Depending on the industry
100 SENSORS semmoiimama,is
))) that monitor items such as ernal and extemal sources su
= fuel level and tire pressure

Poor data quality costs the US
economy around

The New York Stock Exchange
captures

1TB OF TRADE
INFORMATION

during each trading session

\

don't trust the information
they use to make decisions

Velocity

ANALYSIS OF
STREAMING DATA

Av4‘PAILLION ITJOBS veraCi
s &8 UNCERTAINTY
e Unted S OF DATA

In one survey were unsure of

1';'16'200 Vlﬂﬁﬂ l'}lels B~ g Q v g how much of their data was
18.9 BILLION g inaccurate
NETWORK

@ o

connecTions Y YYYYYYYYYY
ek LLITEEITEL

Sowces: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, I18M, MEPTEC, GAS




Challenges: volumn

It’s estimated that

40 ZETTABYTES
TRILLION GIGABYTE 2.5 QUINTILLION BYTES

of data will be created by
2020, an increase of 300
times from 2005

6 BILLION
D PEOPLE
have cell
phones

RILLION GIGABYTE

of data are created each day

Meost companies in the
U.S. have at least

100 TERABYTES
ofv.t‘la(a s;ué; 2

But

WORLD POPULATION: 7 BILLION




Challenges: variety

By 2014, it's anticipated
there will be

420 MILLION
WEARABLE, WIRELESS
HEALTH MONITORS

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

130 EXABYTES

| 167 BILLION GIGASYTES

4 BILLION+

The
FOUR V,s < : : HOURS OF VIDEO
of Blg — e e

30 BILLION
PIECES OF CONTENT

are shared on Facebook

o reles on eery o 400 MILLION TWEETS

are sent per day by about 200
million monthly active users

2ak big data i four dime Volume,
Velocity, Variety and Veracity




Challenges: velocity

Modern cars have close to

.. 100 SENSORS
@ ( (@ that monitor items such as

fuel level and tire pressure

The New York Stock Exchange
captures

1TB OF TRADE
INFORMATION

during each trading session

Velocity

ANALYSIS OF
STREAMING DATA

By 2016, it is projected
there will be

18.9 BILLION
NETWORK
CONNECTIONS

YYY Y reryY YYY
e FYTTTTTITIT

Sowces: McKinsey Globa Institute, Twitter, Cisco, Gartner, EMC, SAS, 18M, MEPTEC, QAS

By 2015

4.4 MILLION IT JOBS

will be created globally to support beg

with 1.9 million in the United Stat




Challenges: veracity

Depending

data enco
5 and

Companies can leverage data ¢

apt their products and service:

By &

4.4 MILLION IT JOBS

sted globally to &t

will be Cred
wilk 9 million ir

don't trust the information
they use to make decisions

Veracity

UNCERTAINTY
OF DATA

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

inaccurate

Poor data quality costs the US

economy around




Challenges: free structure

= Unstructured data increases extremely fast

m Texts, images, tags, links, likes, emotions,

Total archived capacity, by content type, worldwide, 2008-2015 (petabytes)

350,000
300,000
250,000
200,000
150,000
100,000
50,000 .
i = =m B ! == mu
2008 2009 2010 2011 2012 2013 2014 2015
W Unstructured 11,430 16737 25127 39,237 59600 92536 147,885 226,716
Database 1952 2782 4065 6179 9140 13824 21532 32,188
B Email 1652 2552 4025 6575 10411 16796 27,817 44,001

(Vasant Dhar, CACM, 2013)



Challenges: hidden interaction

® The inferactions or correlations hidden in data might be
really huge

= (Nhirng mbi twong tac an chira bén trong di¥ liéu co thé rat Ién)

Location Risk

Occupational Risk
Family History

Dictary Risk
Travel History

Personal Financial Situation
Extraction Metadata Chemical Exposure

Domain Linkages Social Relationship

Full
Contextual Analytics

HIEU UNG CAP SO NHAN
TRONG PHAN TiCH DU LIEU L

(http://genk.vn/ibm-va-cuoc-cach-mang-tri-tue-nhan-tao-mang-ten-watson-
20160830152953753.chn)



Challenges: high dimensionality

= Real problems often have exiremely high dimensions
(sO chiéu cua di¥ liéu qua I&n)
= Bicycle runs: 2 dimensions (a road)
= We live: 4 dimensions
= But an image 1024x1024: ~1 million dimensions
m Text collections: million dimensions

® Recomenders’ system: billion dimensions (items/products)

= The curse of dimensionality
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