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Recap: Incremental DBSCAN

DBSCAN (Density-Based Spatial Clustering of Applications with
Noise) is a spatial clustering algorithm of KDD96

Parameters (Eps/MinPts) and points (core/border/noise)
Uses DFS

Insertion Deletion
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Recap: Incremental DBSCAN

Initial Database New Date Overlapping

Set of intersection I′ contains those point
p ∈ ∆ for which ∃ a neighbor p′ ∈ D
It is necessary an sufficient to process all
p ∈ I′

How to efficiently compute I′? R-Tree
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Incremental AR Mining Without Candidate Generation

Two key issues with Apriori algorithms are as below
I Costly to handle huge candidate sets
I Tedious to repeatedly scan database

Frequent Pattern tree (FP-tree) structure1, which is an extended
prefix tree structure for storing information about frequent pattern
Three key things: (1) compression (2) avoid generation of
candidate sets, and (3) decompose mining
Method is efficient and scalable
Other methods are CATS-tree, CP-tree

1Han, Jiawei and Pei, Jian and Yin, Yiwen, “Mining Frequent Patterns without
Candidate Generation”, in ACM Sigmod 29(2) pages 1-12, ACM 2000
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FP-tree at work

Tr ID = {items}
T1 = {A,B,E}
T2 = {B,D}
T3 = {B,C}
T4 = {A,B,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {A,B,C,E}
T9 = {A,B,C}

Let minimum support be 22%

,
Minimum support count is
9*22/100 = 1.98

Item Frequency Priority
A 6
B 7
C 6
D 2
E 2

Priority order: B, A, C, D, E
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FP-tree at work

This would lead to a reordering

Tr ID = {items}
T1 = {A,B,E}
T2 = {B,D}
T3 = {B,C}
T4 = {A,B,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {A,B,C,E}
T9 = {A,B,C}

Priority order: B, A, C, D, E

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction {B,A,E}

Next transaction {B,D}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction {B,D}

Next transaction {B,C}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction {B,C}

Next transaction {B,A,D}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction {B,A,D}

Next transaction {A,C}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction {A,C}

Next transaction {B,C}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction {B,C}

Next transaction {A,C}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction {A,C}

Next transaction {B,A,C,E}
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FP-tree at work

Tr ID = {items}
T1 = {B,A,E}
T2 = {B,D}
T3 = {B,C}
T4 = {B,A,D}
T5 = {A,C}
T6 = {B,C}
T7 = {A,C}
T8 = {B,A,C,E}
T9 = {B,A,C}

FP-tree with transaction
{B,A,C,E}

Next transaction {B,A,C}
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FP-tree at work

Create links
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FP-tree at work

Item Conditional Pattern Base Cond. FP-Tree
E {B,A:1}, {B,A,C:1} (<B:2,A:2>)
D {B,A:1}, {B:1} (<B:2>)
C {B,A:2}, {B:2}, {A:2} (<B:4,A:2>, <A:2>)
B {} (Null)
A {B:4} (<B:4>)

E: {B,E}, {A,E}, {A,B,E}
D: {B,D}
C: {B,A,C}, {B,C}, {A,C}
A: {B,A}
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FP-tree at work
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CATS Tree

CATS Tree 2 (Compressed and Arranged Transaction Sequences
Tree) extends the idea of FP-Tree to improve storage
compression and allow frequent pattern mining without generation
of candidate itemsets.
The proposed algorithms enable frequent pattern mining with
different supports without rebuilding the tree structure
Algorithms allow mining with a single pass over the database
Handles insertion or deletion of transactions
CATS Tree is a prefix tree and it contains all elements of FP-Tree
including the header, the item links etc.

2Cheung, William and Zaiane, Osmar R, “Incremental mining of frequent patterns
without candidate generation or support constraint”, in Seventh International Database
Engineering and Applications Symposium, pages 111–116, IEEE, 2003
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CATS Tree

CATS Tree FP-Tree
Contains all items in every
transaction

Contains only frequent items

Sub-trees are locally opti-
mized to improve compres-
sion

Sub-trees are not locally opti-
mized

Ordering of items within paths
from the root to leaves are or-
dered by local support

Ordering of items within paths
from the root to leaves are or-
dered by global support

CATS nodes of the same par-
ent are sorted in descending
order according to local fre-
quencies

Children of a node are not
sorted
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CATS Tree

Consider database as

TID Transaction
T1 F,A,C,D,G,I,M,P
T2 A, B, C, F, L, M, O
T3 B, F, H, J, O
T4 B, C, K, S, P
T5 A, F, C, E, L, P, M, N

CATS Tree with T1
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CATS Tree

With T2 ={A, B, C, F, L, M, O}
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CATS Tree

With T3 ={B, F, H, J, O}

CATS Tree with T3
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CATS Tree

With T4 ={B, C, K, S, P}

CATS Tree with T4
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CATS Tree
With T5 ={A, F, C, E, L, P, M, N}
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CATS Tree

With T5 ={A, F, C, E, L, P, M, N}
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CATS Tree properties

1 The compactness of CATS Tree measures how many transactions
are sharing a node. Compactness decreases as it is getting away
from the root. This is the result of branches being arranged in
descending order.

2 No item of the same kind could appear on the lower right hand
side of another item. If there were items of the same kind on the
right hand side, they should have been merged with the node on
the left to increase compression. Any items on the lower right
hand side can be switched to the same level as the item, split
nodes as required if switching nodes violates the structure of
CATS Tree. After that they can be merged with the item on the left.

3 Because of the above properties, a vertical downward boundary is
formed beside each node and a horizontal rightward boundary is
formed at the top of each node to make a step-like individual
boundary.
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CATS Tree properties

Boundaries of multiple items can be joined together to form a refined
boundary for a particular item. Items of the same kind can only exist
on the refined boundary.
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CATS Tree properties

1 New transactions are added at the root level. At each level, items
of the transaction are compared with those of children nodes. If
the same items exist in both the new transaction and that of the
children nodes, the transaction is merged with the node at the
highest frequency. The frequency of the node is incremented. The
remainder of the transaction is added to the merged nodes and
the process is repeated recursively until all common items are
found. Any remaining items of the transaction are added as a new
branch to the last merged node.

2 In general, it is impossible to build a CATS Tree with maximal
compression and without prior knowledge of the data. Therefore
the compression of a CATS Tree is sensitive to both ordering of
transaction and items within the transactions.
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CATS Tree frequent pattern mining

1 FrEquent/Large patterns mINing with CATS trEe (FELINE)
2 Unlike FP-tree, once the CATS Tree is built, it can be mined

repeatedly for frequent patterns with different support thresholds
without the need to rebuild the tree.

3 FELINE employs divide and conquer, fragment growth method to
generate frequent patterns without generating candidate itemsets.

4 FELINE partitions the dataset based on what patterns
transactions have. For a pattern called p, a ps conditional CATS
Tree is a tree built from all transactions that contain pattern p.
Transactions contained in a conditional CATS Tree can be easily
gathered by traversing the item links of pattern p.
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FELINE
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CATS Tree Performance
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CATS Tree Performance
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Thank You!

Thank you very much for your attention!

Queries ?
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