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Abstract—In this paper we present a way to construct Apri-
ori-like  algorithms  for  mining  spatio-tempral  patterns.  An 
Apriori-like algorithm is created on the basis  of a candidate 
generator and a suitable comparing function. In order to avoid 
ambiguity,  a  classification  of basic  and extended  comparing 
functions is also introduced. Moreover, some of these functions 
are characteristic  for spatial  searching only. In addition,  the 
comparing  functions  and  the  Apriori-like  algorithms  com-
plement each other. The comparing functions can also extend 
the area of data exploration. 

I. INTRODUCTION

he algorithms for mining frequent  patterns  have been 
presented in  many papers.  They are usually based on 

apriori-like algorithms [1]–[4] and indices [5], [6]. Despite 
the fact that algorithms based on indices have many advan-
tages (e.g., high efficiency), they are also less flexible, more 
complex  and  can  be demanding  in  terms  of resources  (a 
process of searching for results may be costly in terms of the 
memory usage when the sequences are long, a range of la-
bel values of sequence elements is wide and a value of user-
specified minimum support is low). On the other hand, ba-
sic Apriori-like algorithms (i.e.,  without any optimization) 
are usually slow, they may generate a large number of can-
didates and may require multiple database scans when then 
analyzed sequences do not fit into main memory. However, 
these algorithms,  as  we show below, share  many features 
which can be used to generate a wide range of algorithms 
for mining  frequent  patterns.  Eg.,  for indices,  in  order  to 
find all frequent patterns one should use the FP-growth al-
gorithm that is based on the FPTree structure [5] but to find 
all frequent ordered patterns it is necessary to use the FOP-
Growth algorithm and the FOPTree [6]. In the case of the 
Apriori-like algorithms  it  is  sufficient  to change  only the 
way the candidates are generated and the way their support 
is determined, what we describe in detail later in this paper.

T

The spatio-temporal pattern queries presented in this pa-
per are,  in most cases, dedicated for Moving Object Data-
bases (MODs) and  Trajectory Data  Warehouses (TrDWs). 
Those two fields have been the subject of intensive work in 
a  number  of research  centers  around  the  world  [7]–[10]. 
Among the listed papers a special attention must be paid for 
the paper  of Giannotti  et  al.  where comprehensive defini-
tions of trajectory patterns and their exploration have been 
introduced.

To the best of our knowledge, the problem of using com-
paring functions and Apriori-like algorithms for spatio-tem-
poral  pattern  queries has  not  yet been addressed. In  addi-
tion, since many papers approach the subject of frequent se-
quences  in  different  ways,  we propose  a  classification  of 
comparing functions. We also show how to generate a wide 
range  of  algorithms  for  mining  frequent  spatio-temporal 
patterns.

The remaining  of the paper  is organized as follows: in 
Section 2 we briefly show how, on the basis of the trajectory 
points, the sequence of regions is generated. In Section 3 we 
present  a  classification  of basic  and  extended  comparing 
functions. Then, in Section 4, we discuss the details of the 
Apriori-like algorithms and in Section 5 we present selected 
experimental results. Section 6 summarizes our study.

II. THE PROCESS OF DETERMINING SEQUENCES OF REGIONS

Our  application,  designed  for  spatio-temporal  pattern 
queries, can be characterized in the following ways: (1) the 
Euclidean space is divided into a given number of disjoint 
regions of the same size, i.e., a regular grid is placed on a 
map (e.g.,  on a map of city); (2) dense regions are deter-
mined on the basis of trajectory points (a region is consid-
ered to be dense, if the number of trajectory points in the re-
gion is equal to or greater than  a user-specified  minimum 
threshold referred as Minden); (3) each sequence of succes-
sive trajectory points is mapped to a sequence of dense re-
gions.

Example. Let each region be described  by a pair  (r, c), 
where  r refers to the position of the region on the vertical 
axis and  c refers to the position of the region on the hori-
zontal axis (see Fig. 1). Let us suppose that Minden is equal 
to 4. Thus, in Fig. 1 the regions with coordinates (3, 3) and 
(4, 5) are dense – each of them has the number of trajectory 
points  (marked  in  black)  greater  than  4.  Please also note 
that points counted in a region may belong to different tra-
jectories.

The process of mapping trajectory points into a sequence 
of regions  is  realized  by the  ComputeSequence algorithm 
that counts occurrences of the successive trajectory points in 
dense regions. A region is considered to be a stop on a route 
of an object, and thus is added to the sequence of regions, if 
in the process of determining the region density the region 
is  appropriately dense and the stay time of the object in the 
region is appropriately long. In  order to check if an object 
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stays appropriately long in a region, the user determines a 
minimum stay time for all regions by means of a StayTime  
parameter.  Moreover,  we assume that  positions  of objects 
are measured at regular intervals.

Example. In Fig. 1 we show a trajectory Tr of an object 
in the form of arrows connecting successive position points. 
Suppose  that  the  StayTime  parameter  equals  2.  Regions 
where an object begins and ends the trip – in the analyzed 
example, the regions with coordinates (1, 1) and (1, 7) re-
spectively – are always added to the result  sequence. Fur-
thermore, since the regions (3, 3) and (4, 5) are dense, the 
ComputeSequence algorithm has  to check if the trajectory 
of the object crosses any of these regions and if the object 
has  in  those regions  the number  of consecutive trajectory 
points equal to or greater than the StayTime parameter.

As a consequence, on the output of ComputeSequence we 
will  obtain  the  following  sequence:  (1, 1)→(3, 3)→(4, 5) 
→(1, 7), where the arrows denote an order of sequence ele-
ments. For simplicity, this sequence one can present in one 
dimension, e.g., using equation (1).

rc=1000∗rc (1)

As the result of the above transformation the sequence fi-
nally gains the following form: (1001)→(3003)→(4005)→ 
(1007). As we can observe, the notation of sequence is al-
most identical in comparison to notations used in other ar-
eas of research related to the pattern mining. In  the follow-
ing part of the paper we show that  region sequences have 
features  which  allow much  more  various  searches  of fre-
quent patterns.

Because of the fact that in spatio-temporal pattern queries 
we deal with the comparison of regions, from now we will 
use interchangeably the terms: an element of sequence/a re-
gion of sequence and a sequence of elements/a sequence of  
regions.

III. COMPARING FUNCTIONS

Algorithms for mining  frequent  patterns  can be catego-
rized according to two main aspects. The first one refers to 
the order of the pattern elements in the analyzed sequences, 
i.e., whether the successive elements of a pattern have to ap-
pear in the same order in the analyzed sequences (this as-

pect corresponds to the order property). The other aspect de-
termines whether the elements of the pattern have to occur 
in the sequence each after another (this aspect corresponds 
to the continuity/contiguous property).

Considering  the  introduced  criteria,  we  propose  basic 
functions of comparison (see Table 1). The classification of 
functions  is based on the earlier  works carried  out in  the 
field of mining frequent patterns. Please note that the Sim-
pleSearch  function  usually  corresponds  to  the  subject  of 
mining frequent  patterns [1] and the  ExactSearch and  Se-
lectiveSearch functions correspond to the subjects of the or-
dered and contiguous sequential patterns mining [2]–[4].

Since we deal  with  a  wide range  of pattern  types,  the 
classification of comparing functions is necessary to avoid 
ambiguity. In addition, using the criteria from Table 1 it is 
possible to introduce new comparing functions. For exam-
ple, we can introduce a function (not included in Table 1) 
which  searches  for  contiguous  sequential  patterns,  where 
the order of pattern elements does not matter, but it is im-
portant  that  the elements of pattern  must  occur in  the se-
quence each after another. 

Example. Suppose that we have the following sequences 
C→B→A,  A→B→C,  A→E→B→C  and  a  pattern 
A→B→C.  If  we use  ExactSearch,  on  the  output  of this 
function we obtain only one sequence A→B→C – the order 
of the  elements  in  the  pattern  is  the  same as  in  the  se-
quence, and between the pattern elements in this sequence 
there are no other elements. The sequence A→E→B→C is 
discarded because it does not meet the continuity criterion – 
in this sequence the E element is located between A and B. 
The sequence C→B→A is discarded because it  has incor-
rect  order  of elements.  However,  if  in  the  definition  of a 
function the order  of pattern  elements would not be taken 
into  account,  then  two  sequences  would  be  returned: 
C→B→A and A→B→C, each with  supp = 1. An example 
of  new comparing function usage may be a scenario when 
we know five regions in a city and we want to find all se-
quences in  which elements of the pattern  occur each after 
another.

In  addition,  we introduce an  additional  function,  called 
MarkedSearch, which is a combination of functions: Simple-

Search and ExactSearch (hence in the continuity column of 
Table 1 we have two values Yes and No). Please note that 
this function allows to determine, for each two consecutive 
elements of a pattern, whether there may be other elements 
between them or not. When between all successive elements 
of pattern  other  elements  are  allowed,  the  MarkedSearch 
function corresponds  to  the  SelectiveSearch  function.  But 

Fig 1. A trajectory and regions obtained from it

TABLE I.
COMPARING FUNCTIONS

Function Order 
property

Contiguous 
property 

SimpleSearch NO NO

ExactSearch YES YES

SelectiveSearch YES NO

MarkedSearch YES YES/NO
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when between any two successive elements of pattern there 
can not be other elements we get an equivalent for the Exact-
Search function. In a similar way we can combine other ba-
sic comparing functions.

For  spatio-temporal  pattern  queries  we can  distinguish 
several different ways of searching similarities, therefore we 
introduce  the  extensions  of comparing  functions  that  we 
presented in  the Table 2.  The first  extension in  this table 
(the second column), called the approximate search, means 
that, during comparing additional regions surrounding a re-
gion of a pattern are taken into account.  The extension in 
the third column imposes limits on the stay time of an ob-
ject in a region and on the transition time between succes-
sive elements of a sequence. The fourth column of Table 2 
refers to the bidirectional comparison; the direction of pat-
tern  searching is not taken into account.  The bidirectional 
search is based on searching, in the compared sequences, a 
given pattern and its inverted form. The precise search (the 
last column of Table 2) counts the exact number of occur-
rences of a pattern in a given sequence, e.g., in the sequence 
A→B→C→A→B we have double occurrence of a pattern 
A→B.

Since we omit  the  pseudocodes of comparing  functions 
(due to the limited number of pages), we only state that they 
are similar to string search algorithms.

In addition, it can be observed that the more restrictions 
are imposed on the basic comparing functions the less se-
quences  will  be  found,  i.e.,  the  SelectiveSearch  function 
may  return  more  results  than  ExactSearch  because  this 
function has no limit on the continuity property. Similarly, 
the SimpleSearch function may return more results than Se-
lectiveSearch  because the former  imposes no limit  on the 
order of the analyzed elements.

Using the example in  Fig. 2 we demonstrate  the opera-
tion of the approximate search. (For simplicity we analyse 
only one region of a pattern.)  Let us suppose that  the re-
gions marked in grey in Fig. 2 represent regions of a pattern 
and  that  the  regions  marked  in  black  and  bold  and  sur-
rounding  the  region  with  coordinates  (4, 5)  are  neighbor-
hood regions of the pattern. When comparing a region of a 
pattern with a region of a sequence, the region of the pat-
tern  is  first  converted  into a  set  of neighborhood regions 
and then it is checked if the region of the sequence fall into 
this set. For example, the pattern element with coordinates 
(4, 5) is converted into the following set of neighborhood 
regions  {(5, 4),  (5, 5),  (5, 6),  (4, 4),  (4, 5),  (4, 6),  (3, 4), 

(3, 5),  (3, 6)} and  then  an  element  of a  sequence is com-
pared with the elements of this set. Application of the ap-
proximate  function  increases  the  probability of finding  a 
pattern in a sequence. Notice that the number of neighbor-
hood regions depends on the  neighborhood radius  that  in 
this example equals 1.

We use the above mentioned comparing functions when 
we know a pattern and we want to know, for example, how 
often this pattern occurs in the sequences. However, some-
times we want to find the most frequent patterns for all se-
quences. In this case one can use a version of the Aprori al-
gorithm.

For the remaining  part  of the paper  we assume that  in 
any sequence of regions there cannot exist two regions with 
the same label.

IV. APRIORI-LIKE ALGORITHMS

In  recent  years much attention  has  been devoted to the 
Apriori  algorithms  and  their  versions.  To the  best of our 
knowledge, nobody has exactly formulated a universal way 
of  determining  various  types  of  frequent  sequences  by 
means of Apriori.

At the beginning, note that in Apriori-like algorithms the 
candidates  can  be generated  in  three  different  ways.  The 
first way of generating candidates took the name from the 
Apriori  algorithm  [1],  later  the AprioriAll  algorithm  was 
developed  [2],  and  finally  the  GSP algorithm  was  intro-
duced [4]. After an appropriate adaptation of those genera-
tors to our needs we got: a generator of combinations of fre-

TABLE II.
EXTENDED COMPARING FUNCTIONS

Function Approximate 
Search

Conditions on the 
transition time/stay time

Bidirectional 
Search 

Precise Search

SimpleSearch YES NO/YES NO YES

ExactSearch YES YES/YES YES YES

SelectiveSearch YES YES/YES YES YES

MarkedSearch YES YES/YES YES YES

Fig 2. Approximate comparing
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quent  elements,  a  generator  of variations  without  repeti-
tions, and a generator of continuous sequences, respectively. 
Each of those algorithms is characterized by a different way 
of generating candidates and discarding infrequent subsets 
of candidates. The procedures of generating candidates will 
be in detail discussed later in this paper.

The pseudocode of the  Apriori algorithm,  based on the 
original  from [1],  has  been  presented  in  Algorithm 1.  In 
this  algorithm  we can  distinguish  a  phase  of  generating 
candidates  (line 4)  and  a  phase  of counting  their  support 
(lines 5-8). A sequence s supports a candidate c if s contains 
c in accordance with a comparing function. If we place in 
line 4 a generator  of candidates  and  in  line 7 the suitable 
comparing function, we can get a wide range of Apriori-like 
algorithms.  In  Algorithm 1  S is  a  set  of sequences of re-
gions and  a subscript  of a set  L denotes the length  of se-
quences in L.

Apriori-like algorithms run iteratively. In consecutive it-
erations, on the basis of a set of candidates from the previ-
ous iteration  Lk-1,  a new set of candidates  Ck is generated 

(line 4), the support for each candidate c∈C k is evaluat-
ed (line 8)  and  the  candidates  with  the  support  less  than 
minsup are discarded (line 9). The algorithm run  until  the 
size of candidates is grater than 1 (line 2). For more infor-
mation please to [1]–[3].

A. Generators of Candidates

A common feature of all  below presented generators  of 
candidates is the phase in which the frequent (k–1)-element 
sequences are joined and,  as a consequence,  k-element se-
quences are obtained. In the next phase, for the Apriori and 
AprioriAll algorithms, those k-element sequences which (k–
1)-element subsequences are not contained in Lk-1 are delet-

ed. For the generator based on GSP, it is only checked if the 
first and last elements of the newly generated candidate are 
not the same. Thanks to that we do not allow repetitions of 
elements in any candidate.

Another common feature of those generators is that there 
are no repetitions of elements in any generated candidate.

Let L k-1 denote a set of ( k –1)-element sequences, where 

a sequence has a form { p .reg 1 ,  p .reg 2 …, p .reg k -1 } 

and the attribute reg of each item is encoded a region label 
(see equation 1). To generate the combinations of elements, 
according to [1], you can use Algorithm 2. 

In  line 5 of Algorithm 2 a combination  c  of elements of 
candidates is created and then in line 8 it is checked if sub-
sequences of c are frequent. Testing in line 8 is performed 
by means of the SimpleSearch function.

Example .  If  we put  the  set  L 3 = {(1, 2, 3),  (1, 2, 9), 

(1, 3, 9), (2, 3, 9), (3, 4, 5)} as the input of Algorithm 2, on 
the output we will obtain the set C 4 = {(1, 2, 3, 9)}. Algo-

rithm 2 is used together with the comparing functions of the 
SimpleSearch type. 

To generate variations (without repetitions), according to 
[2] and [4], we must replace in Algorithm 2 lines 4-5 with 
the following:

   4)   if ((p.reg1 = q.reg1 ) and ... and
           (p.regk-2 = q.regk-2) and
          (p.regk-1 ≠ q.regk-1)) then begin 
   5)    c = { p.reg1,..., p.regk-1, q.regk-1};

Note that, in this generator, elements of a subsequence s 
should not change its order in relation to c , i.e.,  for a se-
quence  (1, 2, 3, 9)  we  should  get  the  following  subse-
quences (2, 3, 9), (1, 3, 9), (1, 2, 9), and (1, 2, 3). The sub-
sequences (3, 2, 9), (3, 9, 2), (9, 2, 3, (9, 3, 2), (2, 9, 3) etc. 
are incor rect because their  elements are not in the proper 
order. Checking if a subsequence s is contained in  L k- 1 is 

Algorithm 1 – Algorithm Apriori : 

   1) L1 ={a set of frequent 1-element

           candidates};
   2) for(k = 2; Lk-1.count > 1 ;k++)do

   3)  begin
   4)   Ck = apriori-gen(Lk-1);

   5)   foreach sequence s∈S do
   6)    foreach candidate c∈Ck do
   7)     if(comparing-fun(c,s))then
   8)      c.count++;
   9)   Lk = { c∈C |c.count ≥ minsup};

   10) end
   11)Result = L1∪∪Lk−1 ;

Algorithm 2 – Algorithm apriori-gen(Lk-1) for combinations:

   1)  Ck = Ø; 
   2) foreach candidate p∈Lk−1 do
   3)  foreach candidate q∈Lk−1 do
   4)   if((p.reg1 = q.reg1) and ... and

         (p.regk-2 = q.regk-2) and

         (p.regk-1 < q.regk-1))then begin

   5)     c={p.reg1, ..., p.regk-1, q.regk-1};
   6)   Ck=Ck∪c ;
   7)     foreach (k–1) - subset s of c do 
   8)     if s∉Lk−1 then begin
   9)      delete c from Ck;

   10)     break;
   11)    end
   12)  end
   13) return Ck;

Algorithm 4 – Algorithm apriori-gen( L k- 1 ) for contiguous 

sequences:

    1)  foreach candidate p∈Lk−1  do 
   2)  foreach candidate q∈Lk−1 do
   3)   if((p.reg2 = q.reg1) and ... and

           (p.regk-1 = q.regk-2) and

           (p.reg1 ≠ q.regk-1)) then begin

   4)    c = {p.reg1, ..., p.regk-1, q.regk-1};
   5)   Ck=Ck∪c ;
   6)   end
   7) return Ck;
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performed  by the  SelectiveSearch function.  The  modified 
Algorithm 2 we call Algorithm 3. 

Example.  If  we  put  the  set  L3 =  {(1, 2, 3),  (1, 2, 9), 

(1, 9, 3), (2, 9, 3), (3, 4, 5)} as the input of Algorithm 3, on 
the output  we will  obtain  a  set  C4 = {(1, 2, 9, 3)}.  Algo-

rithm 3 is used together with the comparing functions of the 
SelectiveSearch type.

To  generate  all  frequent  contiguous  sequences  of  ele-
ments, on the basis of [3], one can use Algorithm 4.

In line 3 of Algorithm 4 the condition (p.reg1 ≠ q.regk-1) 

does not allow to generate repetitions of elements in a can-
didate,  i.e.,  for  candidates  (1, 2, 3),  (2, 3, 1)  the sequence 
( 1, 2, 3, 1) is not generated (the first and last elements are 
the same). 

Example.  If  we  put  a  set  L3 =  {(1, 2, 3),  (1, 2, 9), 

(2, 3, 9), (2, 9, 1), (3, 9, 1)} as the input of Algorithm 4, on 
the output we obtain  a set  C4 = {(1, 2, 3, 9),  (2, 3, 9, 1)}. 

Algorithm 4 is used together with the comparing functions 
of the ExactSearch type. 

For the last two generators the order of elements in se-
quences and candidates is important.

B. Choosing the Generator of Candidates and the  
Comparing Function

To generate  correct  sequences  it  is  necessary to  apply 
both an appropriate generator and a comparing function by 
means of which the support of generated candidates is eval-
uated.  More  precisely,  when  we select  a  generator  and  a 
comparing function, in both of them the continuity and or-
der criteria  must be the same.

For example, when we place in line 4 of Algorithm 1 the 
generator on the basis of Algorithm 3 and in line 7 the Se-
lectiveSearch function, all  frequent patterns whose proper-
ties correspond to criteria of the function can be generated. 
Similarly, using the generator of continuous sequences and 
the  ExactSearch comparing function we can obtain all fre-
quent continuous sequences.

Another  example  is  mining  frequent  approximate  se-
quences. In this case we use the Approximate {Simple | Se-
lective | Exact} Search comparing function and, respective-
ly, {Alg. 2 | Alg. 3 | Alg. 4} to obtain frequent sequences. 
After the generation of candidates we have to check if the 
candidates are included in the analyzed sequences. In  this 
phase we eliminate incorrect candidates. Because the num-
ber of the generated candidates is huge we may also speed 
up the evaluation phase.

Example . Let us suppose that we want to obtain frequent 
sequences with the aid of Algorithm 3 and the Approximate 
SelectiveSearch comparing  function  (for  the  simplicity 
neighborhood radius equals 1). Suppose also that  we have 
an  input  set  of  sequences  {(1000, 1041),  (1001, 1042), 
(1000, 1042), (1001, 1041)}, where labels of regions are en-
coded in accordance with Equation 1. The minsup equals 3. 
Since L1 = {(1000), (1001), (1041), (1042)}, the following 

set  of candidates  will  be generated:  C1 =  {(1000, 1001), 

(1000, 1041),  (1000, 1042),  (1001, 1000),  (1001, 1041), 
(1001,  1042),  (1042, 1000),  (1042, 1001),  (1042, 1041), 
(1041, 1000),  (1041, 1001),  (1041, 1042)}.  However,  only 

the  candidates  (1000, 1041),  (1000, 1042),  (1001, 1041), 
and  (1001, 1042)  are  correct  and  frequent.  Their  support 
equals  4.  Algorithm 1  outputs  the  following  frequent  se-
quences:  {(1000),  (1001),  (1041),  (1042),  (1000, 1041), 
(1000, 1042), (1001, 1041) (1001, 1042)}. Notice that dur-
ing  the evaluation  of the support  of 1-element  candidates 
the approximate comparing function was used. 

Notice also that  frequent  patterns  returned  by Apriori-
like algorithms do not contain  IDs of sequences in  which 
they were found. Therefore, in order to extend the analysis 
to other aspects, e.g.,  the age of passenger s, social status, 
etc.,  basic and extended comparing  functions must  be ap-
plied. 

V. EXPERIMENTS

In order to generate trajectory points in our experiments 
we use  a  network-based  generator  of Brinkhoff  with  the 
Oldenburg  network  [12].  The  total  number  of trajectories 
involved in the experiments was 3000. For this raw data on 
the  output  of  the  ComputeSequence  algorithm  the  total 
number  of sequences was 3000,  the  average  size of a  se-
quence was about 4.13 and all sequences consisted of 630 
different  label values of regions.  The neighborhood radius 
was equal to 1. 

All algorithms were written in Java JDK1.6 and the ex-
periments  were performed on a computer  with  Intel  Core 
Duo E6550 2.33GHz processor and 4GB RAM. The operat-
ing system was Windows XP Pro SP 2. Each measurement 
was performed five times independently and then averaged.

For simplicity, in the experiments we used abbreviations 
AAES, AASS and AASiS for algorithms Apriori-like algo-
rithm for Approximate ExactSearch, Apriori-like algorithm 
for  Approximate  SelectiveSearch  and  Apriori-like  algo-
rithm for Approximate SimpleSearch, respectively.

Fig. 3  illustrates  the  runtime  of analyzed  algorithms  as  a 
function of minsup defined by the user.  For all the curves, 
the  runtime  grows  exponentially  when  minsup decreases, 
however the longest runtime was observed for AASiS.

Fig. 4 shows the number of obtained patterns as a func-
tion of minsup. As we can see AASiS generates the most re-
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sults  because the SimpleSearch function imposes the small-
est restrictions on the compared sequences.

As can be observed the new types of functions may gener-
ate a huge number of patterns.

VI. CONCLUSION

In the paper we address a problem of the different types 
of comparing functions that  can be used to mine frequent 
patterns. To adapt Apriori-like algorithms for the needs of 
pattern queries, it was necessary to introduce the classifica-
tion of comparing functions.

The  Aprori-like  algorithms  in  the  case of approximate 
search  may generate  a  large  number  of frequent  patterns. 
Also,  the larger  the  neighborhood radius  the more candi-
dates will be generated. To reduce the number of generated 
patterns  we can implement  e.g.,  maximal  phase  [2],  what 
will be one of modifications.

Since basic Apriori-like algorithms are not efficient,  es-
pecially when a value of the support is small and analyzed 
sequences are  long,  in  our  future work we will  address a 
problem of pattern queries optimization.
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Fig 4. The number of patterns as a function of minsup
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