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Abstract
This paper presents the IMine index, a general and compact 
structure which provides tight integration of item set extraction 
in a relational DBMS. Since no constraint is enforced during the 
index creation phase, IMine provides a complete representation 
of the original database. To reduce the I/O cost, data accessed 
together during the same extraction phase are clustered on the 
same disk block. The IMine index structure can be efficiently 
exploited by different item set extraction algorithms. In particular, 
IMine data access methods currently support the FP-growth and 
LCM v.2 algorithms, but they can straightforwardly support the 
enforcement of various constraint categories. The IMine index 
has been integrated into the PostgreSQL DBMS and exploits its 
physical level access methods. Experiments, run for both sparse 
and dense data distributions, show the efficiency of the proposed 
index and its linear scalability also for large data sets. Item set 
mining supported by the IMine index shows performance always 
comparable with, and often (especially for low supports) better 
than, state-of-the-art algorithms accessing data on flat file.
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I. Introduction
ASSOCIATION rule mining discovers correlations among data 
items in a transactional database D. Each transaction in D is a set 
of data items. Association rules are usually represented in the form 
A ! B, where A and B are item sets, i.e., sets of data items. Item 
sets are characterized by their frequency of occurrence in D, which 
is called support. Research activity usually focuses on defining 
efficient algorithms for item set extraction, which represents the 
most computationally intensive knowledge extraction task in 
association rule mining [1]. The data to be analyzed is usually 
stored into binary files, possibly extracted from aDBMS.Most 
algorithms [1-6] exploit ad hoc main memory data structures to 
efficiently extract item sets from a flat file. Recently, disk-based 
extraction algorithms have been proposed to support the extraction 
from large data sets [7-9], but still dealing with data stored in flat 
files. To reduce the computational cost of item set extraction, 
different constraints maybe enforced [10-13], among which the 
most simple is the support constraint, which enforces a threshold 
on the minimum support of the extracted item sets. Relational 
DBMSs exploit indices, which are ad hoc data structures, to 
enhance query performance and support the execution of complex 
queries. In this paper, we propose a similar approach to support 
data mining queries. The IMine index (Item set-Mine index) 
is a novel data structure that provides a compact and complete 
representation of transactional data supporting efficient item set 
extraction from a relational DBMS. It is characterized by the 
following properties:
A. It is a covering index. No constraint (e.g., support constraint) 
is enforced during the index creation phase. Hence, the extraction 
can be performed by means of the index alone, without accessing 
the original database. The data representation is complete and 
allows reusing the index for mining item sets with any support 
threshold.

B. The IMine index is a general structure which can be efficiently 
exploited by various item set extraction algorithms. These 
algorithms can be characterized by different in-memory data 
representations (e.g., array list, prefix-tree) and techniques for 
visiting the search space. Data access functions have been devised 
for efficiently loading in memory the index data. Once in memory, 
data is available for item set extraction by means of the algorithm 
of choice. We implemented and experimentally evaluated the 
integration of the IMine index in FP-growth [3] and LCM v.2 
[14]. Furthermore, the IMine index also supports the enforcement 
of various constraint categories [15].
C. The IMine physical organization supports efficient data access 
during item set extraction. Correlation analysis allows us to discover 
data accessed together during pattern extraction. To minimize the 
number of physical data blocks read during the mining process, 
correlated information is stored in the same block.
D. IMine supports item set extraction in large data sets. We exploit 
a direct writing technique to avoid representing in memory the 
entire large data set. Direct materialization has a limited impact 
on the final index size because it is applied only on a reduced 
portion of the data set (the less frequent part).  The IMine index 
has been implemented into the Postgre SQL open source DBMS 
[16]. Index data are accessed through PostgreSQL physical level 
access methods. The index performance has been evaluated by 
means of a wide range of experiments with data sets characterized 
by different size and data distribution. The execution time of 
frequent item set extraction based on IMine is always comparable 
with, and often (especially for low supports) 

Fig. 1: Example data set

faster than, the state-of-the-art algorithms (e.g., Prefix-Tree [17] 
and LCM v.2 [14]) accessing data on flat file. Furthermore, the 
experimental results show the linear scalability of both IMine-
based algorithms also for data sets characterized by a large number 
of transactions and different pattern length. This paper is organized 
as follows: Section II thoroughly describes the IMine index by 
addressing its structure, its data access methods, and its physical 
layout. Section III describes how the FP-growth and LCM v.2 
algorithms may exploit IMine to perform efficiently the extraction 
of item sets. It also describes how the IMine index supports the 
enforcement of various constraint types. The experiments, which 
evaluate the effectiveness of the proposed index, are presented 
in Section IV. Section V compares our approach with previous 
work. Finally, Section VI draws conclusions and presents future 
developments of the proposed approach.

II. The Imine Index
The transactional data set D is represented, in the relational model, 
as a relation R. Each tuple inRis a pair (TransactionID, ItemID). 
The IMine index provides a compact and complete representation 
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of R. Hence, it allows the efficient extraction of item sets from 
R, possibly enforcing support or other constraints. In Section 
II(a), we present the general structure of the IMine index; while 
in Section II(b), we discuss how data access takes place. The 
physical organization of the index is presented in Section II(c) 
together with a discussion of access cost. Finally, Section II(d) 
discusses some optimizations for the physical storage of large 
sparse data sets.

A. IMine Index Structure
The structure of the IMine index is characterized by two 
components: the Item set-Tree and the Item-Btree. The two 
components provide two levels of indexing. The Item set-Tree 
(I-Tree) is a prefix-tree which represents  elation R by means of a 
succinct and lossless compact structure. The Item-Btree (I-Btree) 
is a B+Tree structure which allows reading selected I-Tree portions 
during the extraction task. For each item, it stores the physical 
locations of all item occurrences in the I-Tree. Thus, it supports 
efficiently loading from the I-Tree the transactions in R including 
the item. In the following, we describe in more detail the I-Tree 
and the I-Btree structures.

1. I-Tree
An effective way to compactly store transactional records is to use 
a prefix-tree. Trees and prefix-trees have been frequently used in 
data mining and data warehousing indices, including cube forest 
[18], FP-tree [3], H-tree [19], Inverted Matrix [7], and Patricia-
Tries [20]. Our current implementation of the I-Tree is based on 
the FP-tree data structure [3], which is very effective in providing 
a compact and lossless representation of relation R. However, 
since the two index components are designed to be independent, 
alternative I-Tree data structures can be easily integrated in the 
IMine index.

Fig. 2: IMine index for the example data set (a). I-Tree, (b). 
I-Btree

The I-Tree associated to relation R is actually a forest of prefix-
trees, where each tree represents a group of transactions all sharing 
one or more items. Each node in the I-Tree corresponds to an item 
in R. Each path in the I-Tree is an ordered sequence of nodes and 

represents one or more transactions in R. Each item in relation R 
is associated to one or more I-Tree nodes and each transaction in 
R is represented by a unique I-Tree path.
Fig. 1 reports (in a more succinct form than its actual relational 
representation) a small data set used as a running example, and 
fig. 2 shows the complete structure of the corresponding IMine 
index. In the I-Tree paths fig. 2(a), nodes are sorted by decreasing 
support of the corresponding items. In the case of items with the 
same support, nodes are sorted by item lexicographical order. In 
the I-Tree, the common prefix of two transactions is represented 
by a single path. For instance, consider transactions 3, 4, and 9 in 
the example data set. These transactions, once sorted as described 
above, share the common prefix [e:3,h:3], which is a single path in 
the I-Tree. Node [h:3] is the root of two subpaths, representing the 
remaining items in the considered transactions. Each I-Tree node 
is associated with a node support value, representing the number 
of transactions which contain (without any different interleaved 
item) all the items in the subpath reaching the node. For example, 
in subpath [e:3, h:3], the support of node [h:3] is 3. Hence, this 
subpath represents three transactions (i.e., transactions 3, 4, and 
9). Each item is associated to one or more nodes. The item support 
is obtained by adding the support of all nodes including the item. 
Nodes in the I-Tree are linked by means of pointers which allow 
selectively loading from disk the index portion necessary for the 
extraction task. Each node contains three pointers to nodes in the 
tree. Each pointer stores the physical location of the corresponding 
node. An arbitrary node (e.g., [p:3] in the example I-Tree in Fig. 
2a) includes the following links: 1) Parent pointer (continuous 
edge linking node [p:3] to node [d:5]). 2) First child pointer 
(dashed edge linking node [p:3] to node [g:2]). When a node 
has more direct descendants, this pointer points to the first child 
node inserted in the I-Tree. 3) Right brother pointer (dotted edge 
linking node [p:3] to node [n:2]). When a node has many brothers 
(i.e., direct descendants of the same father), the pointer points 
to the first brother node inserted in the I-Tree after the current 
node. These pointers allow both bottom-up and top-down tree 
traversal, thus enabling item set extraction with various types of 
constraints (see Section III). The I-Tree is stored in the relational 
table TI_Tree, which contains one record for each I-Tree node. 
Each record contains node identifier, item identifier, node support, 
and pointers to the parent, first child, and right brother nodes. 
Each pointer stores the physical location (block number and offset 
within the block) of the record in table TI_Tree representing the 
corresponding node.

2. I-Btree
The I-Btree allows selectively accessing the I-Tree disk blocks 
during the extraction process. It is based on a B+Tree structure 
[21]. Fig. 2(b) shows the I-Btree for the example data set and a 
portion of the pointed I-Tree. For each item i in relation R, there 
is one entry in the I-Btree. In particular, the I-Btree leaf associated 
to i contains i’s item support and pointers to all nodes in the I-Tree 
associated to item i. Each pointer stores the physical location of 
the record in table TI_Tree storing the node. Fig. 2(b) shows the 
pointers to the I-Tree nodes associated to item r.

B. IMine Data Access Methods
The IMine index structure is independent of the adopted item set 
extraction algorithm. Hence, different state-of-theart algorithms 
may be employed, once data has been loaded in memory. The 
in-memory representation suitable for the selected extraction 
algorithm is employed (e.g., FP-tree for FP-growth, array-based 
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structure for LCM). Depending on the enforced support and/or item 
constraints and on the selected algorithm for item set extraction, 
a different portion of the IMine index should be accessed. We 
devised three data access methods to load from the IMine index 
the following projections of the original database: 1) Frequent-
item based projection, to support projection-based algorithms 
(e.g., FP-growth [3]). 2) Support-based projection, to support level 
based (e.g., APRIORI [1]), and array-based (e.g., LCM v.2 [14]) 
algorithms. 3) Item-based projection, to load all transactions where 
a specific item occurs, enabling constraint enforcement during the 
extraction process. The three access methods are described in the 
following sections.

Fig. 3: Loading the frequent-item projected database

Since IMine is a covering index, the original database is never 
accessed. The IMine index allows selectively loading into memory 
only the index blocks used for the local search. Hence, it supports 
a reduction of disk reads. Since only a small fragment of the data 
is actually loaded in memory, more memory space is available 
for the extraction task. Read disk blocks are stored in the buffer 
cache memory of  Postgre SQL. Table TI_Tree and the I-Btree are 
accessed by using the read functions available in the PostgreSQL 
access methods [16]. 

1. Loading the Frequent-Item Projected Database
The frequent-item projection of relation R with respect to an 
arbitrary item _ includes the transactions in R where occurs, 
intersected with the items having higher support than or equal 
support but proceeding  in  lexicographical order [3]. In the I-Tree 
paths, items are sorted by descending support and lexicographical 
order. Thus, the projection is represented by the I-Tree prefix 
paths of item.
The Load_Freq_Item_Projected_DB access method reads the 
frequent-item projected database (see fig. 3). It is based on the 
function Load Prefix Path which loads a node prefix path by a 
bottom-up I-Tree visit exploiting the node parent pointer. First, 
the I-Tree paths containing item are identified. By means of the 
I-Btree, the pointers to all the I-Tree nodes for item _ are accessed 
(function get_ I-Btree_leaves in line 1) and the corresponding 
nodes are read from table TI_Tree. Then, for each node, its prefix 
path is read (function Load Prefix Path in line 6). Starting from 

a given node, the visit goes up the I-Tree by following the node 
parent pointer until the tree root is reached (lines 10-12). Once 
read, prefix paths are stored in an in-memory representation of 
the projected database denoted as D_(line 7). In each prefix path, 
node supports are normalized to the node support of item in the 
subpath to avoid considering transactions not including. In the 
example data set, item p appears in two nodes, i.e., [p:3] and [p:2]. 
The access method reads two prefix paths for p, i.e., ½p : 3 ! d : 5 
! h : 7 ! e : 7 ! b : 10_ and ½p : 2 ! i : 2 ! h : 3 ! e : 3_. 

Fig. 4: Loading the support-projected database

Each subpath is normalized to p node support. For example, the 
first prefix path, once normalized to [p:3], is ½p : 3 ! d : 3 ! h : 
3 ! e : 3 ! b : 3_.

2. Loading the Support-Based Projected Database
The support-based projection of relation R contains all transactions 
in R intersected with the items which are frequent with respect to 
a given support threshold ðMinSupÞ. The I-Tree paths completely 
represent the database transactions. Items are sorted by decreasing 
support along the paths. Thus, the support-based projection of R 
is given by the I-Tree subpaths between the I-Tree roots and the 
first node with an unfrequent item.

3. Loading the Item-Projected Database
To support constraint enforcement, see Section III(b), all the 
transactions including a given item should be selectively loaded. 
These transactions represent the item-projected database, which 
is read by the Load_Item_Projected_DB access method. It 
exploits both the Load Prefix Path and Load SubTree functions 
previously described in Sections II(b)(1) and II(b)(2). The database 
transactions including a given item _ are represented by the I-Tree 
paths containing _. These paths are selectively identified by means 
of the I-Btree, which returns the pointers to all nodes for _. For 
each node, first its prefix path is loaded by using the function Load 
Prefix Path. Then, its subtree is read by means of the function 
Load SubTree.
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C. IMine Physical Organization
The physical organization of the IMine index is designed to 
minimize the cost of reading the data needed for the current 
extraction process. The I-Btree allows a selective access to the 
I-Tree paths of interest. Hence, the I/O cost is mainly given by the 
number of disk blocks read to load the required I-Tree paths.

1. I-Tree Layers
The I-Tree is partitioned in three layers based on the node access 
frequency during the extraction processes. The frequency in 
accessing a node (and thus the subpath including it) depends on 
the interaction of three factors:
(i). the node level in the I-Tree, i.e., its distance from the root, 
(ii) the number of paths including it, represented by the node 
support, and (iii), the support of its item. When an item has very 
low support, it will be very rarely accessed, because it will be 
uninteresting for most support thresholds. Nodes located in lower 
levels of the I-Tree are associated to items with low support. The 
three layers are shown in fig. 2(a), for the example I-Tree.

2. I-Tree Path Correlation
Correlation among the subpaths within each layer is analyzed to 
optimize the index storage on disk. Two paths are correlated when a 
given percentage of items are common to both paths. Searching for 
optimal correlation is computationally expensive since all pairs of 
paths should be checked. As an alternative, we propose a heuristic 
technique to detect correlation with reduced computation cost. The 
technique is based on an “asymmetric” definition of correlation. A 
reference path, named pivot, is selected. Then, correlation of the 
other paths with the pivot is analyzed. The pivot and its correlated 
paths are stored in the same disk block.

3. I/O Analysis for Index Data Access
I-Tree paths are partitioned in subpaths stored in a specific disk 
block. Loading a subpath costs a single disk access. Both the 
Load Prefix Path and Load SubTree functions, see Section II.(b) 
sequentially access the nodes in a subpath (either top-down or 
bottom up) without interleaving any other operation. The disk 
block containing the subpath is thus loaded when the first (or 
last) node in the path is read. Likely, it will be in the buffer cache 
when the other nodes are accessed.

Fig. 5: Loading the frequent-item projected database Dp for the 
example data set.

D. IMine Index Materialization for Large Databases
The IMine index provides a complete representation of the 
database, which supports the extraction of item sets satisfying 
various types of constraints. During the index creation process, the 

I-Tree is first completely built in main memory and next written on 
disk. In the case of large databases, the I-Tree might not completely 
fit in memory. 
Hence, we devised a technique to avoid storing in memory the 
complete I-Tree, by directly writing on disk a portion of it.

III.  Item Set Mining
Several algorithms have been proposed for item set extraction. 
These algorithms are different mainly in the adopted main memory 
data structures and in the strategy to visit the search space. The 
IMine index can support all these different extraction strategies. 
Since the IMine index is a disk resident data structure, the process 
is structured in two sequential steps: 1) the needed index data is 
loaded and 2) item set extraction takes place on loaded data. The 
data access methods presented in Section II(b) allow effectively 
loading the data needed for the current extraction phase. Once data 
are in memory, the appropriate algorithm for item set extraction 
can be applied. In Section III.(a), frequent item set extraction by 
means of two representative state-of the- art approaches, i.e., FP-
growth [3] and LCM v.2 [14], is described. Section III(b) discusses 
how the IMine index supports constraint enforcement.

A. Frequent Item Set Extraction
FP-based algorithm. The FP-growth algorithm [3] stores the data 
in a prefix-tree structure called FP-tree. First, it computes item 
support. Then, for each transaction, it stores in the FP-tree its 
subset including frequent items. Items are considered one by 
one. For each item, extraction takes place on the frequent-item 
projected database, which is generated from the original FP-tree 
and represented in a FP-tree based structure.
LCM-based algorithm. The LCM v.2 algorithm [14] loads in 
memory the support-based projection of the
original database. First, it reads the transactions to count item 
support. Then, for each transaction, it loads the subset including 
frequent items. Data are represented in memory by means of an 
array-based data structure, on which the extraction takes place.

B. Enforcing Constraints
Constraint specification allows the (human) analyst to better 
focus on interesting item sets for the considered analysis task. 
A significant research effort [10-12, 13, 15] has been devoted 
to the exploration of techniques to push constraint enforcement 
into the extraction process, thus allowing an early pruning of the 
search space and a more efficient extraction process. Constraints 
have been classified as antimonotonic, monotonic, succinct, and 
convertible [15]. These latter constraints (e.g., avg, sum) are neither 
antimonotonic nor monotonic, but they can be converted into 
monotonic or antimonotonic by an appropriate item ordering.

Table 1: Data Set Characteristics and Corresponding Indices

The approach in [15] can be easily extended to deal with multiple 
constraints. Constraints may belong to the same category (e.g., 
all antimonotonic) or to different categories (e.g., antimonotonic 
and monotonic). The IMine index provides a flexible information 
storage structure which can easily support also this extension.
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IV. Experimental Results
We validated our approach by means of a large set of experiments 
addressing the following issues:
1. performance of the IMine index creation, in terms of both 
creation time and index size,
2. performance of frequent item set extraction, in terms of execution 
time, memory usage, and I/O access time,2
3. effect of the DBMS buffer cache size on hit rate,3
4. effect of the index layered organization,
5. effect of direct writing, and
6. scalability of the approach.

A. Index Creation and Structure
Table 1, reports both I-Tree and I-Btree size for the six data 
sets. The overall IMine index size is obtained by summing both 
contributions. The IMine indices have been created with the 
default value Kavg ¼ 1:2. Furthermore, the Connect, Pumsb, 
Kosarak, and T10I200P20D2M data sets have been created with 
KSup ¼ 0, while large synthetic data sets with KSup ¼ 0:05. These 
parameters are further discussed in Sections IV(d) and IV(e).

B. Frequent Item Set Extraction Performance
The IMine structure is independent of the extraction algorithm. To 
validate its generality, we compared the FP-based and LCM-based 
algorithms with three very effective state-of-the-art algorithms 
accessing data on flat file, i.e., Prefix-tree [17], LCM v.2 [14] 
(FIMI ’03 and FIMI ’04 best implementation algorithms),and 
FP-growth [3].

C. Memory Consumption
Fig. 6, reports the peak main memory required by the two IMine-
based algorithms during item set extraction. For both algorithms, 
the PostgreSQL buffer cache (with default size 512 Kbytes) is 
included in the memory held by the process. The FP-based and 
LCM-based algorithms are compared with the Prefix-Tree and 
LCM v.2 algorithms, respectively. Kosarak (sparse) and Pumsb 
(dense) data sets are discussed as representative examples.

Fig. 6: Peak main memory, (a). Kosarak (b). Pumsb

D. Effect of IMine Layered Organization
Fig. 7, reports the I-Tree node distribution in the three layers for 
the default index configuration (Kavg ¼ 1:2 and KSup ¼ 0 or 
0.005, see Section IV(a). The Top layer is larger for dense data 
sets, while the Middle layer is always rather small. Pumsb and 
T10I200P20D2M represent two extreme cases. Both data sets are 
dense, but Pumsb has a high number of very frequent items, while 
T10I200P20D2M has a high number of medium frequency items. 
Hence, the Top layer is large in Pumsb (51.5 percent) and very 
small in T10I200P20D2M (less than 1 percent). The size of the 
Bottom layer increases with the data set sparseness. We analyze 
the effect of the I-Tree layered organization in terms of hit rate, 
item set extraction time, and index creation time.

Fig. 7: I-Tree layer size

the usefulness of both path partitioning and correlation analysis. 
However, path correlation by itself (case 2) is not beneficial. In 
general, no correlation (case 1) is worse than global correlation 
(case 2) except for one case (Kosarak). Since a decrease in hit 
rate corresponds to a larger number of I/O requests, it causes an 
increase in execution time fig. 10(b). As expected, index creation 
time fig. 10(c), is always lower without correlation analysis. 
Extensive correlation analysis takes a significantly larger time, 
especially for sparse data sets which are usually characterized by 
long and weakly correlated paths (e.g., Kosarak).

Fig. 11: Tuning Kavg parameter on the T15I100P20C1D5M data 
set, (a). FP-based algorithm, (b). LCM-based algorithm.
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E. Effect of Directly Writing Items on Disk
Direct writing only occurs when the entire I-Tree does not fit 
in main memory. Parameter KSup allows selecting items which 
should be directly written on disk. KSup ranges in the interval 
[0,1]. ForKSup ¼ 0, no item is directly written on disk (default 
configuration). For KSup ¼ 1, all items with support lower than 
the average item support _Sup are directly written on disk. The 
analysis is performed on Kosarak ð_Sup ¼ 194Þ, T10I200P20D2M 
ð_Sup ¼ 464Þ, and T15I100P20C1D5M ð_Sup ¼ 2;423Þ. Fig. 
12 reports the increase in the (overall) index size with respect 
to the default configuration. KSup values in the range [0.025, 
0.075] yield a low increase (less than 0.8 percent) in index size. 
For KSup in the range [0.25, 1], the percentage variation in index 
size is mainly dependent on the data distribution.

F. Scalability
The scalability of the FP-based and LCM-based algorithms has 
been analyzed by varying 1) the number of transactions and 2) 
the pattern length. All data sets were generated by means of the 
IBM generator [23]. All IMine indices have been created with 
the values Kavg ¼ 1:2 and KSup ¼ 0:05. The experiments in 
this section have been performed on a dual-processor quad-core 
Intel Xeon Processor E5430 with 8-Gbyte main memory running 
Linux kernel v. 2.6.17-10-generic.6

V. Related Work
The wide diffusion of data warehouses caused an increased interest 
in coupling the item set extraction task with relational DBMSs. 
Different levels of coupling were proposed, ranging from loose 
coupling, given by SQL statements exploiting a traditional cursor 
interface [24], to tight coupling, which proposed various kinds of 
optimizations in managing the interaction with the DBMS [25-
26].
A parallel effort was devoted to the definition of expressive query 
languages, such as DMQL [27] or MINE RULE [28], to specify 
mining requests. These languages often proposed SQL extensions 
that support the specification of various types of constraints on 
the knowledge to be extracted (see [29] for a review of the most 
important languages). Chaudhuri et al. [30] perform one step 
further toward a tighter integration by proposing techniques to 
optimize queries including mining predicates. Knowledge of 
the mining model is exploited to derive from mining predicates 
simpler predicate expressions that can be exploited for access 
path selection like traditional database predicates.

VI. Conclusions And Future Work
The IMine index is a novel index structure that supports efficient 
item set mining into a relational DBMS. It has been implemented 
into the PostgreSQL open source DBMS, by exploiting its physical 
level access methods. The IMine index provides a complete and 
compact representation of transactional data. It is a general 
structure that efficiently supports different algorithmic approaches 
to item set extraction. Selective access of the physical index blocks 
significantly reduces the I/O costs and efficiently exploits DBMS 
buffer management strategies. This approach, albeit implemented 
into a relational DBMS, yields performance better than the state-
of-the-art algorithms (i.e., Prefix-Tree [17] and LCM v.2 [14]) 
accessing data on a flat file and is characterized by a linear scalability 
also for large data sets. As further extensions of this work, the 
following issues may be addressed: 1) Compact structures suitable 
for different data distributions. Currently, we adopt the prefix-tree 
structure to represent any transactional database independently 

of its data distribution. Different techniques may be adopted 
(e.g., [7]), possibly ad hoc for the local density of the considered 
data set portion. 2) Integration with a mining language. The 
proposed primitives may be integrated with a query language for 
specifying mining requests,  hus contributing an efficient database 
implementation of the basic extraction statements. 3) Incremental 
update of the index. Currently, when the transactional database is 
updated, the IMine index needs to be rematerialized. A different 
approach would be to incrementally update the index when new 
data become available. Since no support threshold is enforced 
during the index creation phase, the incremental update is feasible 
without accessing the original transactional database.
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