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Various sources of data
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¡ Google Flu Trends: detecting outbreaks two weeks ahead 
of CDC data, 2009

Why do we need mining? Prediction
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Why do we need mining? Exploration
5
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Why do we need mining?
6
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Searches 
for 

“MySpace”

Searches 
for 

“Facebook
”

(John Canny, UC Berkeley)

Data make everything clearer



Knowledge discovery and data mining
7

The automatic extraction of non-
obvious, hidden knowledge from 

large volumes of data

(tự động trích rút những tri thức ẩn, không tường 
minh từ dữ liệu lớn)



Definition of Data 

¡ Data are just raw facts (Long and Long, 1998) 

¡ Data . . . 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) 

¡ Data is comprised of facts (Hayes, 1992)
Recorded symbols (McNurlin and Sprague, 1998)

8

Dữ liệu là tín hiệu (signals) thu 
được do quan sát, đo đạc, thu 
thập... từ các đối tượng. Cụ thể, 
dữ liệu là giá trị (values) của các 
thuộc tính (features) của các đối 
tượng, được biểu diễn bằng dãy 
các bits, các con số hay ký hiệu... 

Data



Definition of Information 

¡ Data that have been shaped into a form that is meaningful 
and useful to 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) 
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Data

Information
Thông tin là dữ liệu có ý nghĩa 
(data equiped with meaning), thu 
được khi xử lý dữ liệu để lọc bỏ đi 
các phần dư thừa, tìm ra phần cốt 
lõi đặc trưng cho dữ liệu. 



Definition of Knowledge

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

¡ The result of internalizing 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)
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Data

Information

Knowledge

Tri thức là thông tin tích hợp, như 
quan hệ giữa các sự kiện, giữa các 
thông tin... thu được qua quá trình 
nhận thức, phát hiện hoặc học tập. 



Data-Information-Knowledge 
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Meta-
Knowledge
Knowledge
Information
Data

Large volume. Low 
value. Usually no 
meaning/ context

Lower volume. Higher 
value. With context and 
associated meanings

Understanding of a 
domain. Can be applied 
to solve problems

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



Example of Data/Information/Knowledge 

¡ Data
¨ Nhiệt độ ngoài trời là 50C

¡ Information
¨ Ngoài trời lạnh quá

¡ Knowledge
¨ Nếu trời lạnh thì bạn nên mặc áo ấm khi đi ra ngoài

¡ The perceived value of data increases as it is transfered 
into knowledge.

¡ Knowledge enables useful decisions to be made.
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¡ Predictive task: make predictions about unknown future 
events and disclose the reasons behind them.
(tạo các phán đoán về những sự kiện tương lai và vạch ra những lý do 
đứng sau những sự kiện đó)

¡ Classification

¡ Regression, …

¡ Descriptive task: characterize the properties of the data to 
gain information, or for other useful purposes.
(phân tích các đặc trưng của dữ liệu để thu được thông tin mới hoặc 
cho mục đích hữu ích nào đó)

¡ Clustering 

¡ Association rule mining

¡ …

KDD: main tasks
13

Tri thức nào giúp ta phân biệt 
được tế bào ung thư?

Thói quen nghe nhạc trực 
tuyến ra sao?



¡ Predict what label should be assigned to observation x? 
what class should x belong to?
(cần đoán xem x thuộc lớp nào)
¡ “Những người đứng đầu Barcelona có vẻ hài lòng với điều này” à 

Positive or negative?

Predictive mining: classification
14



¡ Outlier (ngoại lai): A data object that deviates significantly 
from the normal objects as if it were generated by a 
different mechanism
(ngoại lai là một đối tượng mà có khác biệt rất lớn với các đối tượng 
thông thường, tưởng chừng như nó được sinh ra bởi một cơ chế hoàn 
toàn khác)

¡ Unusual credit card purchase, 

¡ Network attacks, 

¡ Unusual stock price, …

¡ Outliers are interesting:  
It violates the mechanism that generates the normal data
¡ Different with noises

¡ Our task is to detect those? (outlier detection, anomaly detection)

Predictive mining: outlier detection
15



¡ Cluster: a group of data instances that have the same 
properties (một nhóm dữ liệu mà có cùng đặc trưng nào đó)
¡ A group of users who like dancing

¡ Clustering: find all the clusters in a given data set.

Descriptive mining: clustering
16



¡ Finding a compact description for a 
subset of data
(tìm kiếm một mô tả ngắn gọn cho tập dữ 
liệu)
¡ E.g, compute the mean and deviation of 

an attribute

¡ E.g, news summarization

Descriptive mining: summarization
17

Chúng ta hay viện dẫn câu chuyện 
thành công của học sinh Việt Nam 
trong các kì thi toán quốc tế để 
chứng minh cho năng lực học toán 
ở đẳng cấp thế giới của người Việt. 
Đấy là do cách truyền thông của ta 
mà thôi. Đây không chỉ là một định 
kiến mà còn là một sự huyễn hoặc 
nguy hiểm.



¡ Find a model that describes significant dependencies 
between variables. (tìm kiếm mô hình mà nó mô tả những phụ 
thuộc có ý nghĩa giữa các biến)

¡ Structural level: which variables are locally dependent on each 
other.

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

Descriptive mining: dependency modeling
18
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¡ Supervised (có giám sát, có nhãn):
¡ Each obsevation in the training set will have an output (label)

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

¡ Unsupervised (không giám sát, không nhãn): we could not 
observe any output of the training data. 
¡ Ex: data = tweets à what is the current trend?

¡ 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
19

(x = “Những người đứng đầu Barcelona 
có vẻ hài lòng với điều này”, y = Positive)

Bow, 
Spoon, 
ramen



KDD: data type
20

Un-structured 

texts in websites, emails, articles, tweets 2D/3D images, videos + meta spectrograms, DNAs, …

Structured – relational (table-like)



KDD: methodology
21

ly understandable patterns in data (Fayyad,
Piatetsky-Shapiro, and Smyth 1996).

Here, data are a set of facts (for example,
cases in a database), and pattern is an expres-
sion in some language describing a subset of
the data or a model applicable to the subset.
Hence, in our usage here, extracting a pattern
also designates fitting a model to data; find-
ing structure from data; or, in general, mak-
ing any high-level description of a set of data.
The term process implies that KDD comprises
many steps, which involve data preparation,
search for patterns, knowledge evaluation,
and refinement, all repeated in multiple itera-
tions. By nontrivial, we mean that some
search or inference is involved; that is, it is
not a straightforward computation of
predefined quantities like computing the av-
erage value of a set of numbers.

The discovered patterns should be valid on
new data with some degree of certainty. We
also want patterns to be novel (at least to the
system and preferably to the user) and poten-
tially useful, that is, lead to some benefit to
the user or task. Finally, the patterns should
be understandable, if not immediately then
after some postprocessing. 

The previous discussion implies that we can
define quantitative measures for evaluating
extracted patterns. In many cases, it is possi-
ble to define measures of certainty (for exam-
ple, estimated prediction accuracy on new

data) or utility (for example, gain, perhaps in
dollars saved because of better predictions or
speedup in response time of a system). No-
tions such as novelty and understandability
are much more subjective. In certain contexts,
understandability can be estimated by sim-
plicity (for example, the number of bits to de-
scribe a pattern). An important notion, called
interestingness (for example, see Silberschatz
and Tuzhilin [1995] and Piatetsky-Shapiro and
Matheus [1994]), is usually taken as an overall
measure of pattern value, combining validity,
novelty, usefulness, and simplicity. Interest-
ingness functions can be defined explicitly or
can be manifested implicitly through an or-
dering placed by the KDD system on the dis-
covered patterns or models. 

Given these notions, we can consider a
pattern to be knowledge if it exceeds some in-
terestingness threshold, which is by no
means an attempt to define knowledge in the
philosophical or even the popular view. As a
matter of fact, knowledge in this definition is
purely user oriented and domain specific and
is determined by whatever functions and
thresholds the user chooses.

Data mining is a step in the KDD process
that consists of applying data analysis and
discovery algorithms that, under acceptable
computational efficiency limitations, pro-
duce a particular enumeration of patterns (or
models) over the data. Note that the space of

Articles

FALL 1996   41
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Figure 1. An Overview of the Steps That Compose the KDD Process.(Fayyad, Piatetsky-Shapiro, & Smyth, 1996)

Maybe 70-90% of 
effort and cost in KDD
(có thể chiếm 70-90% 
lượng công sức và tiền 

của bỏ ra)

Use methods to produce 
useful knowledge from the 

data
(Sử dụng các phương pháp 

để tạo ra các tri thức hữu ích)



¡ Application

KDD: challenges
22
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Challenges: volumn

Số lượng dữ liệu 

thu thập được 

quá nhiều
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Challenges: variety

Dữ liệu 

quá đa dạng

24



Challenges: velocity

© Data Science Laboratory, SOICT, HUST, 2017

Dữ liệu 
đến liên tục 

và nhanh
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Challenges: veracity

© Data Science Laboratory, SOICT, HUST, 2017

Dữ liệu 

hổng, nhiễu, lỗi 

quá nhiều
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Challenges: free structure

¡ Unstructured data increases extremely fast
¡ Texts, images, tags, links, likes, emotions, …

27

(Vasant Dhar, CACM, 2013)

contributed articles
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not discovery of patterns in massive 
swaths of data when users lack a well-
formulated query. Unlike database 
querying, which asks “What data sat-
isfies this pattern (query)?” discovery 
asks “What patterns satisfy this data?” 
Specifically, our concern is finding 
interesting and robust patterns that 
satisfy the data, where “interesting” 

From an engineering perspective, 
scale matters in that it renders the tra-
ditional database models somewhat 
inadequate for knowledge discovery. 
Traditional database methods are 
not suited for knowledge discovery 
because they are optimized for fast ac-
cess and summarization of data, given 
what the user wants to ask, or a query, 

is usually something unexpected and 
actionable and “robust” is a pattern 
expected to occur in the future. 

What makes an insight actionable? 
Other than domain-specific reasons, 
it is its predictive power; the return 
distribution associated with an action 
can be reliably estimated from past 
data and therefore acted upon with a 
high degree of confidence. 

The emphasis on prediction is 
particularly strong in the machine 
learning and knowledge discov-
ery in databases, or KDD, commu-
nities. Unless a learned model is 
predictive, it is generally regarded 
with skepticism, a position mirror-
ing the view expressed by the 20th- 
century Austro-British philosopher 
Karl Popper as a primary criterion 
for evaluating a theory and for 
scientific progress in general.24 
Popper argued that theories that 
sought only to explain a phenom-
enon were weak, whereas those that 
made “bold predictions” that stand 
the test of time despite being read-
ily falsifiable should be taken more 
seriously. In his well-known 1963 
treatise on this subject, Conjec-
tures and Refutations, Popper char-
acterized Albert Einstein’s theory 
of relativity as a “good” one since it 
made bold predictions that could be 
falsified; all attempts at falsification 
of the theory have indeed failed. In 
contrast, Popper argued that theo-
ries of psychoanalyst pioneers Sig-
mund Freud and Alfred Adler could 
be “bent” to accommodate virtu-
ally polar opposite scenarios and are 
weak in that they are virtually unfal-
sifiable.a The emphasis on predictive 
accuracy implicitly favors “simple” 
theories over more complex theories 
in that the accuracy of sparser mod-
els tends to be more robust on future 
data.4,20 The requirement on predic-
tive accuracy on observations that 

a Popper used opposite cases of a man who 
pushes a child into water with the intention 
of drowning the child and that of a man who 
sacrifices his life in an attempt to save the 
child. In Adler’s view, the first man suffered 
from feelings of inferiority (producing per-
haps the need to prove to himself that he 
dared to commit the crime), and so did the 
second man (whose need was to prove to him-
self that he dared to rescue the child at the 
expense of his own life).

Figure 1. Projected growth of unstructured and structured data. 

2008 2009 2010 2011 2012 2013 2014 2015

π Unstructured 11,430 16,737 25,127 39,237 59,600 92,536 147,885 226,716

π Database 1,952 2,782 4,065 6,179 9,140 13,824 21,532 32,188

π Email 1,652 2,552 4,025 6,575 10,411 16,796 27,817 44,091
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Figure 2. Health-care-use database snippet. 
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Challenges: hidden interaction

¡ The interactions or correlations hidden in data might be 
really huge
¡ (Những mối tương tác ẩn chứa bên trong dữ liệu có thể rất lớn)

28
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Challenges: high dimensionality

¡ Real problems often have extremely high dimensions
(số chiều của dữ liệu quá lớn)
¡ Bicycle runs: 2 dimensions (a road)

¡ We live: 4 dimensions

¡ But an image 1024x1024: ~1 million dimensions

¡ Text collections: million dimensions

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

¡ The curse of dimensionality

29

Dữ liệu dù thu thập được 

lớn đến đâu thì cũng là 

quá nhỏ so với không 
gian của chúng
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