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Introduction /1

Data mining also known as Knowledge 
Discovery in Databases or KDD (Piatesky-
Shapiro 1991), is the process of extracting 
useful hidden information from very large 
databases in an unsupervised manner.
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Introduction /2

Central themes of data mining are:
! Classification
! Cluster analysis
! Associations analysis
! Outlier analysis
! Evolution analysis
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Classification/Prediction

Classification is a  2-step process :
" First a model is built based on a training set 

of tuples that produces a set of classification 
rules : e.g. If age = “20..30” and income = high 
then credit_rating=“excellent”

" Then the model is applied to a real data set and 
from this a test-set is extracted and the 
accuracy of the model computed
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Cluster analysis/1

It is called so the process of grouping into classes 
objects that are similar in such a way to 
maximize the differences between objects in 
different classes and minimize those between 
objects in the same class.

A typical algorithm used to do so in an 
unsupervised way is the agglomerative 
hierarchical clustering algorithm.
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Cluster analysis/2

This algorithms starts putting each object in a 
separate class. Then using some distance 
function defined between objects and clusters of 
objects, merges the two less dissimilar  clusters 
into a larger clusters until all objects belong to 
only 1 cluster.

This produces a binary tree also called a 
dendrogram with the final cluster being the root.
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Cluster analysis/3

" dendrogram 
of a gene 
expression 
microarray
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Outliers

Very often there are objects in a data set that do 
not comply to the general model of the data.

These object that are usually very different from 
the others are called outliers. In many cases for 
data mining it is extremely important to 
minimize the influence of outlier, eventually 
removing it from the data set. 
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ARM /1
(association rules mining)

" Formally introduced in 1993 by Agrawal, 
Imielinski and Swami (AIS) in connection with 
market basket analysis

" Formalizes statements of the form:
What is the percentage of customers that 

together with cheese buy beer ?
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ARM /2

" We have a set of items I={i1,i2,..}, and a set of transaction T={t1,t2..}. Each 
transaction (like a supermarket bill) is a set of items (or better as it is called an 
itemset)

" If U and V are disjoint itemsets, we call support of U=>V the fraction of transactions 
that contain U ∪ V and we indicate this with s(U=>V) 

" We say that an itemset is frequent if its support is greater than a chosen threshold 
called minsupp.

" If A and B are disjoint itemsets, we call confidence of A=>B and indicate with 
c(A=>B), the fraction of transactions containing A that contain also B. This is also 
called the Bayesian or conditional probability  p(B|A). 

" We say that a rule is strong if its confidence is greater than a threshold called 
minconf.
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ARM /3

ARM  can then be formulated as:
Given a set I of items and a set T of transactions over I,  

produce in an automated manner all association rules 
that are more than x% frequent and more than y% 
strong.
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ARM /4

On the right we have 6 
transactions T={1,2,3,4,5,6} 
on a set of 5 items 
I={A,B,C,D,E}

The itemset BC is present in the 
transactions {1,2,3,4,5} so its 
support  s(B=>C) = 5/6

The confidence of B=>C, given 
that BC is present in 5 
transactions and B is present 
in all 6 transactions, is  
c(B=>C) = s(B=>C)/s(B)=5/6
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ARM /5

Another possible representation is 
the matrix representation, that 
can combine the properties of the 
so called horizontal and vertical 
format.



14 Nov 2002 Roberto Innocente 14

ARM /6

All algorithms divide the search in two phases :
- Find frequent itemsets
- Find the strong association rules for each 

frequent itemset
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ARM /7

The second phase can in principle be quite simple.
To find the strong association rules associated with an itemset U, 

simply :

for each proper subset A of U :
If s(U)/s(A) is more than minconf then 

the rule A=>(U-A) is strong

For this reason, in what follows, only the search for frequent 
itemsets will be investigated.
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Quantitative rules mining
It is possible to consider the case where an attribute is not boolean (true or false), 

but assumes a value. For example age in census data is such an attribute.
It is possible to reduce this case to the case of boolean attributes binning the 

range of the attribute value. For example age can be translated to the 
following boolean attributes:

# Young (age 0-30)
# Adult (31-65)
# Old (66-)

The expression level of a gene (0-255) can be represented by :
# Low (0-50)
# Medium(51-205)
# High(206-)
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Sequential mining /1

In this case the database rows are eventsets with a timestamp:
!110 A,B,E
!150 E,F
!160 A

We are interested in frequent episodes (sequences of eventsets), 
like :
! (A,(B,E),F)

(where (B,E) is an eventset) occurring in a time window:
event A precedes the eventset (B,E) that precedes F.
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Sequential mining /2

100 110 120 130 140

A
B
E

E
F A

150 160
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Sequential mining /3

" It’s been applied for example to the alarms of 
the finnish telephone network

" It can be applied to  temporal series of gene 
expression
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Posets /1

Given a set U,  a binary relation ≤
reflexive, antisymmetric and 
transititve, is called a partial order 
(or an order tout-court), and (U,≤) 
is called a partially ordered set ( 
or a poset)

A poset is frequently represented with a 
Hasse diagram, a diagram in 
which if a ≤ b, then there is an 
ascending path from a to b. The 
binary relation on N, is divisor of 
(usually represented with |) is a 
partial order on N.

12

4 6

32

1

Hasse diagram of the
divisors of 12
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Posets /2

In a poset, an element that is not less 
than any other is said to be 
maximal. Clearly, there can be 
many maximal elements.

If a maximal element is comparable 
with all other elements, then it is 
the only maximum. 

Maximal
elements

Maximum

Minimal
elements
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Posets /3

If  (U, ≤) and (V, ≤) are two posets, a pair of 
functions f:U->V and g:V->U such that 
(u,u’ ∈ U; v,v’∈ V) :

" if u ≤ u’ then f(u’) ≤ f(u)
" if v ≤ v’ then g(v’) ≤ g(v)
" u ≤ g(f(u))
" v ≤ f(g(v))
are said to be a Galois connection between 

the two posets.
From the above properties we can deduce: 

f(g(f(u))) = f(u) and g(f(g(v)))=g(v)

U V

anti-
homo

morphism

f

In this example U and V
are linear orders

g
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Lattices /1

A poset in which for each pair of 
elements u, v it exists an 
element z that is the least 
upper bound (or join or lub) 
and an element w that is the
greatest lower bound (or 
meet or glb) is said to be a 
lattice. 

This  allows us to define 2 binary 
operators :

z  = join(u,v) = u ∪ v
w = meet(u,v) = u ∩ v

f

c

This poset
is not a lattice
because there is
no lub for (b,c)

ed

b

a
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Lattices /2

We say that a lattice is complete 
if it has glb and lub for each 
subset. Every finite lattice is 
complete. 

A poset is called a join 
semilattice (meet 
semilattice) if only the join 
(meet) exists.

The powerset of a set ordered by 
inclusion is a complete 
lattice.

Frequent sets are only a meet-
semilattice.

All lattices of order 5
(up to ismorphism)
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Lattices /3
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Algorithmic families /1

There are  two ways in which you can run over the lattice of subsets in bottom-up order. 
These ways correspond to two families of algorithms : 

" breadth first 
" depth first 
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Algorithmic families /2

Infrequent itemsets, have the property that all their supersets are also 
infrequent. Infrequent itmesets form a join semilattice. Minimal
infrequent itemsets are sufficient to completely specify the semilattice.

So it makes sense to run over the lattice also in top-down order. Or better, 
as in hybrid algorithms, mixing bottom-up with top-down.

Furthermore the search can be performed for :
! all frequent itemsets
! only maximal frequent itemsets 
! closed frequent itemsets (will be defined later)
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Apriori /1

Presented by Agrawal and Srikant in 1994.
Fast algorithms for mining Association Rules
(IBM Almaden Research Center)
essentially based on the hereditary property that :
All subsets of a frequent itemset are also frequent
It performs a breadth first search. 
If l is the maximum length of frequent itemsets then it performs l 

scans of the database.
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Apriori /2

F(1) = { frequent 1-itemsets}
for (k=2; F(k-1) not empty; k++) {

C(k) = generate_candidates(F(k-1));
forall transactions t in T {

Ct = subset(C(k),t); // Ct are the C(k)
// candidates present in t

forall candidates c in Ct  { c.count++: }
}
F(k) = {c in C(k) and c.count >= minsup}

}
Answer =  {all F(k) }
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Apriori /3

generate_candidates(F(k-1) {
join  : 

for each pair l1,l2 in F(k-1){
if l1 and l2 are (k-1)-itemsets pairs in F(k-1) that differ just in the last item then

l1 ∪ l2 is a k-itemset candidate
}

pruning:
foreach k-itemset candidate {

if one of its (k-1)-subsets is not frequent then
prune it

}
}
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Apriori /4
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Apriori /5
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Apriori /6

" To find a frequent k-itemset it requires k passes over 
the database

" Frequent itemsets of over 50-60 items are not feasible. 
Apriori needs to run over all 2^60-1 frequent subsets 

" Just a small example : find all itemsets with 
minsup=0.5 in the 2 transactions:

(a1,a2,........,a100)
(a1,a2,........,a100,a101,...,a200)
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