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Abstract

This paper surveys recent work on tree pat-
tern mining and provides an overview of the
state of the art in this emerging data mining
field. A handful of noteworthy tree pattern
mining algorithms are analyzed and they are
compared from different points of view in or-
der to highlight their similarities and recognize
their dissimilarities.

1 Introduction

Non-linear data structures are becoming more
and more common in data mining problems
nowadays. Graphs, for instance, are com-
monly used to represent data and their rela-
tionships in different problem domains, rang-
ing from web mining and XML databases to
bioinformatics and computer networks. Trees,
in particular, are amenable to efficient mining
techniques and they have recently attracted
the attention of the research community.

The aim of this paper is to describe the state
of the art in tree pattern mining. We will try
to give the reader a global view of the algo-
rithms that have been developed in this area.
We will analyze them from different perspec-
tives in order to spot their commonalities and
peculiarities.

Our paper is organized as follows. We intro-
duce some standard terms in Section 2. Sec-
tion 3 describes the frequent tree pattern min-
ing process. Alternative tree representation
strategies are summarized in Section 4. Sec-
tion 5 tackles the candidate generation prob-
lem, i.e. how to identify all potentially fre-

quent tree patterns. Section 6 surveys some
of the better known tree mining algorithms
and Section 7 concludes our survey with some
pointers to future work in this area.

2 Tree Mining Terminology

In this section we introduce some basic con-
cepts from graph theory. In particular, we
will focus on labeled trees and use the nota-
tion from [4].

A labeled graph G = (V, E, Σ, L) consists
of a vertex set V , an edge set E ⊆ V × V , an
alphabet Σ for vertex and edge labels, and a
labeling function L : V ∪ E → Σ ∪ ε, where ε

stands for the empty label.
A path is a sequence of consecutive edges

between two nodes in the graph. A cycle is a
path such that the first and the last vertices
of the path are the same.

A graph is directed when each edge con-
sists of an ordered pair of vertices. In this
context, edges are referred to as arcs.

A graph is acyclic if it contains no cycles. It
is connected if there exists at least one path
between every pair of vertices.

Two graphs G1 and G2 are isomorphic if
there exists a mapping function φ : V (G1) →

V (G2) so that, when u1 and u2 are adjacent
in G1, φ(u1) and φ(u2) are adjacent in G2.

A subgraph S of a graph G is a graph such
that V(S) ⊆ V(G) and E(S)⊆ E(G).

A tree is a connected and acyclic graph.
The size of a tree is defined as the number of
vertices it has. In a tree, there is only one
path between every pair of vertices. It is also
easy to see that, in a tree, �E = �V − 1, where



(a) (b) (c) (d)

Figure 1: Different kinds of subtrees: (a) original
tree, (b) bottom-up subtree, (c) induced subtree,
(d) embedded subtree.

�E and �V represent the number of edges and
vertices in the tree, respectively.

Different kinds of trees can be defined:

• Rooted trees: A tree is rooted if its
edges are directed and a special node,
called root, can be identified. The root
is the node from which it is possible to
reach all the other vertices in the tree.

Rooted trees can be classified as:

– Ordered trees, when there is a pre-
defined order within each set of sib-
lings.

– Unordered trees, when there is
not such a predefined order among
siblings.

In rooted trees, if a vertex v is on the path
from the root to a vertex w, then v is an
ancestor of w and w is a descendant of v.
If (v, w) ∈ E, then v is the parent of w

and w is a child of v. Sibling nodes share
the same parent, while leaf nodes have no
descendants. The depth or level of a node
is the length of the path form the root to
that node.

• Free trees: A tree is free if its edges
have no direction, i.e. it is an undirected
graph. Therefore, the tree has no prede-
fined root.

A subtree could be defined as a subgraph of
a tree. However, different kinds of subtrees can
also be defined depending on the way we define
the matching function between a pattern and
a tree:

• Bottom-up subtrees: Intuitively, a
bottom-up subtree T’ of T (with root v)
can be obtained by taking one vertex v

from T with all of its descents and corre-
sponding edges.
In a rooted tree T with vertex set V and
edge set E, we say that a tree T’ with ver-
tex set V’ and edge set E’ is a bottom-up
subtree of T if and only if:

1. V ′
⊆ V

2. E′
⊆ E

3. The labeling of V’ and E’ in T is pre-
served in T’.

4. If T is ordered, then the sibling or-
dering in T is preserved in T’.

5. For every vertex v ∈ V , if v ∈ V ′

then all descendants of v are also in
V’.

• Induced subtrees: We can obtain an in-
duced subtree T’ from a tree T by repeat-
edly removing leaf nodes from a bottom-
up subtree of T.
Formally, we can define induced subtrees
as bottom-up subtrees without the last
constraint above, i.e. for any vertex v ∈

V , if v ∈ V ′ there is no need for all its
descendants to also be in V ′.

• Embedded subtrees: An embedded
subtree must not break the ancestor re-
lationship among the vertices of T.
In a rooted tree T with vertex set V and
edge set E, we say that a tree T’ with ver-
tex set V’ and edge set E’ is an embedded
subtree of T if and only if:

1. V ′
⊆ V

2. The labeling of V’ and E’ in T is pre-
served in T’.

3. (v1, v2) ∈ E′ if and only if v1 is an
ancestor of v2 in T.

4. If T and T’ are rooted ordered trees,
then for v1, v2 ∈ V ′, preorder (v1) <
preorder (v2) in T’ if and only if pre-
order (v1)<preorder (v2) in T, where
the preorder of a node is its index
in the tree according to its preorder
traversal.

344 II Congreso Español de Informática



3 Frequent Pattern Mining in Trees

The goal of frequent tree mining is the dis-
covery of all the frequent subtrees in a large
database of trees D, also referred to as forest,
or in a unique large tree.

Let δT (S) be the occurrence count of a sub-
tree S in a tree T and dT a variable such
that dT (S)=0 if δT (S) = 0 and dT (S)=1 if
δT (S) > 0. We define the support of a sub-
tree as σ(S) =

∑
T∈D

dT (S), i.e, the num-
ber of trees in D that include at least one
occurrence of the subtree S. Analogously, the
weighted support of a subtree is defined as
σw(S) =

∑
T∈D

δT (S), i.e., the total number
of occurrences of S within all the trees in D.

We say that a subtree S is frequent if its
support is greater or equal than a minimum
threshold threshold defined by the user. We
define Fk as the set of all frequent subtrees
with size k.

A frequent tree t is maximal if it is not a
subtree of another frequent tree in T and it is
closed if is not a subtree of another tree with
exactly the same support in D.

Several frequent pattern mining algorithms
for trees have been proposed in the litera-
ture. All of them, to our knowledge, follow the
well-known Apriori [2] iterative pattern min-
ing strategy, where each iteration is broken up
into two distinct phases:

• Candidate Generation: Potentially fre-
quent candidates are generated from the
frequent patterns discovered in the previ-
ous iteration. Most algorithms generate
candidates of size k + 1 by merging two
patterns of size k having k − 1 elements
in common. Different candidate genera-
tion strategies for trees are discussed in
Section 5.

• Support Counting: Given the set of po-
tentially frequent candidates, determine
their support and keep only those candi-
dates that are actually frequent.

Before we delve into the details of particu-
lar tree mining algorithms, we will survey how
these algorithms internally represent trees.

4 Tree Representation

A canonical tree representation is a unique
way of representing a labeled tree. This repre-
sentation makes the problems of tree compar-
ison and subtree enumeration easier.

In the following sections, we describe how
different kinds of canonical representations al-
low for the efficient handling of different kinds
of trees:

4.1 Canonical Representation of Rooted
Ordered Trees

Three alternatives have been proposed to rep-
resent rooted ordered trees as strings:

• Depth-first codification: The string
representing the tree is built by adding
the label of the tree nodes in a depth first
order, and a special symbol ↑, which is
not in the label alphabet, when the se-
quence comes back from a child to his
parent. The depth-first codification for
the example tree in Figure 1(a) would be
ABA↑C↑B↑↑C↑CB↑A↑↑.

• Breadth-first codification: Using this
codification scheme, the string is ob-
tained by traversing the tree in a breadth-
first order, level by level. Again, we
need an additional symbol $ that is not
in the label alphabet in order to sep-
arate sibling families. The breath-first
codification for the previous example is
A$BCC$ACB$$BA.

• Depth-sequence-based codification:
This codification scheme is also based on
a depth-first traversal of the tree, but it
explicitly stores the depth of each node
within the tree. The resulting string is
built with pairs (d, l) where the first el-
ement, d, is the depth of the node and
the second one, l, is the node label. The
depth sequence for the tree used in the
previous examples is (0,A) (1,B) (2,A)
(2,C) (2,D) (1,C) (1,C) (2,B) (2,A).
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4.2 Canonical Representation of Rooted
Unordered Trees

Given a rooted unordered tree, it is possible
to derive several ordered trees from it, each
one with its corresponding string representa-
tion. The canonical representation for an un-
ordered tree is therefore defined as the mini-
mum codification, in lexicographical order, of
all the ordered trees that can be derived from
it. You can use a depth-first, breath-first or
depth-sequence-based codification scheme.

4.3 Canonical Representation of Free
Trees

Free trees have no predefined root, but it is
possible to select one node as the root in order
to get a unique canonical representation of the
tree.

The procedure typically used consists of re-
peatedly removing leaf nodes (with their in-
cident edges) from the free tree until a single
vertex or two adjacent vertices remain. In the
first case, the tree is called centered. In the
second case, the tree is called bicentered.

If a free tree is centered, the center node
is uniquely identified and it is designated as
the root node in order to obtain a rooted un-
ordered tree, which can be represented as ex-
plained above. If the free tree is bicentered,
two rooted unordered trees are obtained, each
one with a different center as root node. The
rooted unordered tree with the smaller string
representation in lexicographical order is then
selected as the free tree canonical representa-
tion.

5 Candidate Subtree Generation

The first step in Apriori-based pattern min-
ing algorithms consists of generating a set of
potentially frequent patterns. This set of can-
didate patterns must be a superset of the ac-
tual frequent pattern set. Several candidate
generation alternatives have been proposed for
trees. The following paragraphs describe some
of the most important.

5.1 Rightmost Expansion

One of the most common candidate generation
strategies, known as rightmost expansion con-
sists of generating subtrees of size k + 1 from
frequent subtrees of size k by adding nodes
only to the rightmost branch of the tree.

Let T be a tree pattern of size k and rml(T )
the rightmost leaf of T. The rightmost branch
of T is the unique path from the root to
rml(T ). A rightmost expansion of T is any
pattern of size k + 1 that can be obtained by
adding a child node to the right of any node
in the rightmost branch.

This technique is used, for instance, by
FreqT [1].

Rightmost expansion using depth sequences

When using depth sequences, connecting a
new node to the rightmost branch of the tree
results in a new pair (d, l) added to the end of
the depth sequence string.

The depth sequence of a node is defined as
the segment of the canonical sequence that
matches with the bottom-up ordered tree cor-
responding to the node. If a node n on the
rightmost path has a left sibling and its depth
sequence is a prefix of the depth sequence of
his left sibling, we say that n is a prefix node.
The prefix node in the least level of the tree is
called the lowest prefix node, but not all trees
have such a lowest prefix node.

As shown in [4], based on the demonstration
by [3], a depth pair (d, l) can be concatenated
at the end of a canonical depth sequence S to
generate a valid candidate if and only if:

• If the tree L has a lowest prefix node, then
d ≤ d′, or d = d′

∧l ≥ l′. Given the length
i of the depth sequence of the lowest prefix
node, (d′, l′) is the (i+1) pair in the depth
sequence of the left sibling of the lowest
prefix node.

• If the rightmost path has a node at depth
d with label l′, then l ≥ l′.

This technique is used by uFreqT [8] and
Unot [3].
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Join (L, R) Left Tree L Right  Tree R

Figure 2: Right-and-left tree join.

5.2 Equivalence Class-based Extension

This technique is based on the depth-first
canonical representation of trees. It generates
a candidate (k+1)-subtree through joining two
frequent k-subtrees.

Two k-subtrees are in the same equivalence
class [P ] if they share the same codification
string until the node k − 1. Each element of
the class can be represented by a single pair
(x, p) where x is the k-th node label and p

specifies the depth-first position of its parent.
Zaki [15] proves that all possible candidates

can be generated by joining elements of the
same equivalence class. Let (x, i) and (y, j)
denote two elements in the same class [P ], and
[P i

x] be the set of candidate trees derived from
the tree that is obtained by adding the element
(x, i) to P . The join procedure is defined as
follows [14]:

1. Cousin extension: If j ≤ i and |P | = k −

1 ≥ 1, then (y, j) ∈ [P i
x].

2. Child extension:
If j = i then (y, k − 1) ∈ [P i

x].

This candidate generation technique is used
by Zaki in TreeMiner [15] and SLEUTH [14].

5.3 Right-and-Left Tree Join

This technique uses both the rightmost and
the leftmost leaves of a tree to generate candi-
dates. The rightmost leaf was already defined
in Section 5.1. The leftmost leaf of the tree
T , lmt(T ), is the first leaf node in the pre-
order traversal of T . Let Right(T ) represent
the right tree obtained by removing lml(T )
from T , and Left(T ) the left tree obtained
by removing rml(T ) from T . Then, we de-
fine Center(T ) as the center tree where both
rml(T ) and lml(T ) have been removed.

Let L and R be two trees where Right(L) =
Left(R). Their right-and-left tree join is de-
fined as: Join(L, R) = L∪rml(R) = lml(L)∪
R.

This join operation can be used to generate
candidate patterns, even though serial trees
cannot be obtained with this procedure. An
additional serial extension is then used for
completeness. This serial extension simply
adds a frequent node v to the last node of a
serial tree.

This technique is used by AMIOT [7].

5.4 Extension and Join

This candidate generation method was pro-
posed by HybridTreeMiner [6]. It is based on
the breadth-first codification of trees and de-
fines two operations to generate candidates:

• Extension: Adding a new node v′ to a leaf
node of the subtree of height h yields a
subtree of height h+1. The resulting tree
must be in breadth-first canonical form to
be considered.

• Join: Two subtrees that are siblings in the
enumeration tree are joined to obtain a
new candidate subtree. Some constraints
are imposed to avoid duplicate candidate
generation.

5.5 Apriori-based Generation

Trees can be described in a relational way by
representing each tree T as a set of parent-
child relationships Rel(T ) and their cor-
responding descendent-ancestor relationships
Rel + (T ).

This technique uses the Apriori algorithm
[2] extended to tree in order to extract frequent
itemset in Rel + (T )

This technique is used by TreeFinder [10] to
extract maximal subtrees but it is only com-
plete if the trees that support the maximal fre-
quent subtrees have no label pairs in common
with those trees that do not support them.

5.6 Frequent Path Join

Another alternative consists of finding all max-
imal frequent paths and, then, mining the fre-
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quent subtrees by joining the frequent paths.
Joining k maximal frequent paths results in
subtrees with k leaf nodes.

This strategy, which is also similar to
Apriori-based candidate generation, has been
used by PathJoin [13].

6 Frequent Subtree Discovery Algo-
rithms

Once we have described the basic building
blocks of tree mining algorithms, we will ana-
lyze the implementation details of some rele-
vant tree pattern mining algorithms.

Table 1 summarizes the algorithms we dis-
cuss in this paper by indicating the kinds of
trees each algorithm is applicable to, as well
as the kinds of patterns each algorithm is able
to identify.

In our discussion, we group the algorithms
according to the kinds of patterns they dis-
cover (induced, embedded, maximal) and,
within each group, according to the kinds of
trees they can work on.

6.1 Mining Induced Subtrees

6.1.1 Induced subtrees in ordered trees

FreqT

FreqT [1] uses the rightmost expansion strat-
egy to generate candidate trees. In the sup-
port counting phase, it resorts to rightmost
occurrence lists (RMO-lists). RMO-lists are
stored with each candidate and contain (t, n)
pairs, where n is the node position (or po-
sition) of each tree t in the database that
matches with the rml(T ) node of the candi-
date pattern.

Update operations can be defined on these
lists, as in AprioriTID [2], so that the RMO-
list of a new k-pattern can be obtained from
the RMO-lists of the k−1 patterns it is gener-
ated from using the rightmost expansion tech-
nique discussed in Section 5.1.

AmioT

This algorithm [7] is based on the right-and-
left tree join operation described in Section

5.3. As in FreqT, the support counting phase
is performed with the help of RMO-lists.

AMIOT, which stands for Apriori-based

Mining of Induced Ordered Trees, cleverly uses
ancillary lists for each candidate so that it
avoids the generation of duplicate candidates.
Its strategy is more efficient than the right-
most expansion used by FreqT.

6.1.2 Induced subtrees in unordered
trees

uFreqT

This algorithm uses depth sequences to repre-
sent unordered trees in a canonical form and
it performs rightmost expansions to generate
candidates.

In the support counting phase for unordered
trees, the main problem is to determine all the
possible combinations of the children of each
node v in the pattern that can match with the
children of a node w in a database tree. The
potential mappings can be represented by a
bipartite graph G(v,w).

uFreqT uses a data structure that stores all
the possible mappings of the graph for each
node in the rightmost path along with pointers
to database tree nodes with the aim of facili-
tating the support counting phase for new pat-
terns generated after a rightmost expansion.

HybridTreeMiner

HybridTreeMiner [6] uses the breadth-first
canonical codification of trees. The extension
and join method is used to generate candidates
(Section 5.4). Occurrence lists are also used
for support counting.

HybridTreeMiner occurrence lists have ele-
ments with the form (tid, i1 . . . ik) where tid is
the tree identifier and i1 . . . ik represents the
mapping between the vertex indices in the pat-
tern and vertex indices in the database tree.

6.1.3 Induced subtrees in free trees

HybridTreeMiner

HybridTreeMiner can also be adapted to free
trees by using the canonical representation for
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Input trees Discovered patterns
Algorithm Ordered Unordered Free Induced Embedded Maximal
FreqT[1] � �
AMIOT [7] � �
uFreqT [8] � �
TreeMiner [15] � �
SLEUTH [14] � �
Unot [3] � �
TreeFinder [10] � � �
PathJoin [13] � � �
CMTreeMiner [12] � � � �
FreeTreeMiner [5] � � �
HybridTreeMiner [6] � � �

Table 1: Frequent tree mining algorithms.

free trees described in Section 4.3 and modi-
fying the standard extension-and-join candi-
date generation method (Section 5.4). The
join procedure is not modified, but extensions
are only applied to centered trees when dealing
with free trees (bicentered trees do not have to
be extended).

FreeTreeMiner

FreeTreeMiner [5] is a previous Apriori-based
frequent pattern mining algorithm for free
trees. Candidates of size k+1 are generated by
combining pairs of frequent trees of size k shar-
ing k − 1 vertices, as in the standard Apriori
algorithm. Indexing techniques based on B+
trees and hash tables are used to speed up the
support counting phase.

6.2 Mining Embedded Subtrees

6.2.1 Embedded subtrees in ordered
trees

TreeMiner

TreeMiner [15] uses the depth-first codification
of trees together with the class-based exten-
sion method to generate candidates (Section
5.2). Zaki also proposes how to prune the can-
didate generation phase in order to avoid du-
plicate candidates.

Scope-lists are used during the support
counting phase. Each scope list stores the dif-
ferent occurrences of a pattern X within each
database tree. The scope-lists are composed
of triplets (t, m, s) where t is the tree identi-
fier, m is the node label that matches with the
k−1 prefix of X, and s is the scope of the last
node of X. The scope of a node n is a pair
[a, b] where a is the position of the node in the
depth-first enumeration and b is the depth-first
position of its rightmost descendant.

Using the scope-lists, it is easy to determine
the support of each pattern. Moreover, the
scope-list for a new candidate is built by join-
ing the scope-lists of the subtrees involved in
the generation of the candidate.

6.2.2 Embedded subtrees in unordered
trees

SLEUTH

As in TreeMiner, Zaki uses the depth-first
canonical codification for representing un-
ordered trees and scope-lists to support the
support counting phase in SLEUTH [14]. In
the case of unordered trees, however, not all
the candidates generated by the class-based
extension of a canonical frequent subtree are
also in canonical form. Zaki proposes two al-
ternatives to generate candidates:

• Using the class-based extension mecha-
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nism, but checking if each subtree is
canonical before extending it with the el-
ements of its equivalence class.

• Canonical extension, which extends trees
with the elements that belong to the same
class and also with those belonging to the
2-subtree classes that share the node that
is going to be extended, but only if the
result is in canonical form.

As shown in [14], canonical extension gen-
erates non-redundant candidates, but many
of them may not be frequent. On the other
hand, class-based extension generates redun-
dant candidates, but considers a smaller num-
ber of potential frequent candidate extensions.
Experiments demonstrate that class-based ex-
tension is more efficient that canonical exten-
sion.

Unot

The Unot [3] algorithm uses depth sequences
to canonically represent unordered trees.
Rightmost expansion with depth sequences is
used to generate frequent candidates. In order
to speed up the support counting phase, Unot
uses occurrence lists which are similar to those
of Zaki’s TreeMiner 1.

6.3 Mining Maximal Subtrees

6.3.1 Maximal Induced Subtrees

CMTreeMiner

The enumeration DAG (directed acyclic
graph) is a lattice-like data structure that rep-
resents all frequent subtrees. Enumeration
trees, which are commonly used for frequent
subtree mining, are actually spanning trees of
the enumeration DAG.

The enumeration DAG joins each frequent
k-subtree t with the (k − 1)-subtrees that can
be extended to obtain t, as well as with (k+1)-
subtrees that can be obtained by extending t.

1In the paper that proposed Gaston [9], an efficient
graph mining algorithm, there is also a proposal de-
scribing how to extract embedded patterns from free
trees using maximal length paths called “backbones”.

This DAG can be used to prune the set
of frequent patterns and generate only those
patterns that are maximal. Pruning tech-
niques have been devised for improving the ef-
ficiency of maximal subtree mining in rooted
unordered trees [12].

PathJoin

This algorithm uses the path joining tech-
nique for maximal candidate generation (Sec-
tion 5.6). PathJoin employs a specialized
data structure, FST-Forest, that represents
frequent trees in a compact form and supports
the support counting phase of candidate pat-
terns.

6.3.2 Maximal Embedded Subtrees

TreeFinder

The TreeFinder algorithm [10] uses the
Apriori-based candidate generation technique
based on ancestor-descendent relationships
(Section 5.5).

Once frequent relationships are clustered by
their support count, it is very easy to deter-
mine whether a candidate is frequent. How-
ever, it is important to note that this method
is not complete: TreeFinder is an approximate
miner. In the general case, it is only guaran-
teed to find a subset of the actual frequent
trees.

DRYADE

DRYADE [11] searches for closed patterns in
tree databases (remember that closed patterns
are not necessarily maximal). The basic prin-
ciple in DRYADE is to discover the closed fre-
quent patterns of depth 1, and then to hook
them together in order to build higher-depth
closed frequent patterns in a level-wise fashion.
DRYADE reformulates search operations in a
propositional language. This way, DRYADE
can benefit from any progress made in the field
of closed itemset mining algorithms.
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7 Conclusions and Future Work

Table 2 summarizes the main features of some
relevant tree mining algorithms: their selected
tree representation scheme, the way they gen-
erate candidates, and references to optimiza-
tions used in their implementation.

All the algorithms we have analyzed follow
the candidate generation approach proposed
by the Apriori algorithm [2]. The application
of FP-Growth-like algorithms to tree mining
is an open research problem (i.e. suppressing
the explicit candidate generation phase from
tree mining algorithms).

XML-related technologies are an important
application domain for tree mining techniques.
However, the algorithms proposed in the lit-
erature work either on ordered or unordered
trees. They are unable to deal with trees
whose nodes are partially ordered, a common
situation when handling XML documents.

Finally, existing algorithms are based on a
simplistic tree labeling scheme that is not valid
(and should be extended) for many interesting
problems, such as entity resolution, data in-
tegration, duplication detection, or reference
reconciliation.
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