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ABSTRACT

Mining frequent patterns in transaction databases has been
a popular subject in data mining research. Common activi-
ties include finding patterns in database transactions, times-
series, and exceptions. The Apriori algorithm is a widely
accepted method of generating frequent patterns. The al-
gorithm can require many scans of the database and can
seriously tax resources. New methods of finding association
rules, such as the Frequent Pattern Tree (FP-Tree) have im-
proved performance, but still have problems when new data
becomes available and require two scans of the database.

This paper proposes a new method, which requires only one
scan of the database and supports update of patterns when
new data becomes available. We design a new structure
called Pattern Repository (PR), which stores all of the rele-
vant information in a highly compact form and allows direct
derivation of the FP-Tree and association rules quickly with
a minimum of resources. In addition, it supports run-time
generation of association rules by considering only those pat-
terns that meet on-line data requirements.

1. INTRODUCTION

Frequent pattern mining plays an essential role in many data
mining tasks. The best-known approach is the Apriori algo-
rithm [3, 8]. Apriori takes a transaction database, and iden-
tifies what are the frequent itemsets, which Boolean rules
are possible and which are the most probable based on sup-
port and confidence levels. Apriori is an iterative approach
with level-wise search. The k-itemsets found in level 1 are
used to find those in level 2 and so on. Each level of search
requires one full scan of the database. Frequent patterns
or association mining is an essential tool for correlations,
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causality, sequential patterns, etc. [3, 4, 6, 7, 9, 11, 14, 15,
16, 17, 22] in Data Mining analysis.

The problem with Apriori is the amount effort required to
generate the rules. The algorithm can require too many
resources for the following reasons:

1. Each iteration requires a full scan of the database. If
the database is large this can take a long time.

2. More detailed rules require more iterations and thus
more scans of the database. It is costly to analyze a
large number of candidate sets by pattern matching.

3. When the database changes, the entire process must
be repeated or some method must be used to merge
the rules from old and new data.

4. The support and confidence levels are arbitrary. They
are generally set high enough to get the algorithm to
terminate with reasonable performance. It may reject
useful rules simply because the algorithm did not go
deep enough.

5. A large number of candidate sets at level 1 can gen-
erate huge candidate sets in subsequent level searches
which strain memory resources.

There are various methods to improve Apriori performance.
Generally these rules limit the amount of data scanned or
improve the efficiency in retrieving records:

1. Hashtables to reduce retrieval time of itemset data
[19].

2. Pruning the database to remove data that is not useful
[18].

3. Knowledge type constraints on data examined to pre-
vent rules which are not useful [10, 15].

While these measures improve the situation, there are still
many problems:

1. Real time development of rules in response to changing
requirements is not available.



2. Accuracy is sacrificed when the database is pruned.

3. Updating of the rules is still a problem when new data
becomes available.

4. Resources are still an issue when the database is large.

5. Rules which are needed for a specific situation may
be missed in analysis because confidence and support
levels are set too high.

Consider a web site such as Amazon, which sells books.
When shopping at such a site it would be useful to sug-
gest books that the customer might want. A good associ-
ation may require analysis of many factors specific to the
customer to make an association that is genuinely useful. In
addition making the analysis for all customers and updating
this information frequently may not be practical due to the
size of the database and resource requirements.

This same sort of problem can occur in other situations.
One example would be a search engine on the Internet. The
typical search engine uses keywords to identify URL’s to list
for the customer. Some search engines are more refined such
as Google which uses links from potential list members to
authoritative sites as an indicator of a better association.
While this works better than most search engines, it still is
very limited in factors that it considers for association. The
size of the database is enormous and real time response is
imperative.

What is required is an association method similar to Apriori,
but with the following capabilities:

1. Development of rules in real time which are tailored to
current requirements. Not all possible rules are con-
sidered, just those that are needed.

2. More efficient use of resources and real time required
to develop the rules.

3. Data for association analysis is easy to update and use.

4. Computation process would be scalable and easy to
distribute among several processors for execution.

5. Able to adjust support/confidence levels and number
of rules found to suit the situation.

6. Minimize scans of the database.

Some previous work has touched on these improvements.
Some of the notable algorithms are Tree Projection [2], Fre-
quent Pattern Tree [13] and others reported in [1, 6, 10, 12,
18, 19, 23]. These methods do reduce resource requirements,
but do not adequately address real-time rule development of
rules and data update.

2. THE PATTERN REPOSITORY FROM A
DATABASE

One way to reduce the size problem of databases is to limit
our search to specific areas. Rather than looking for all pos-
sible associations, we are looking for specific ones. The prob-
lem then becomes how to efficiently identify the records that

are relevant to our data requirements and then identify as-
sociation rules which target our current data requirements.
‘We do not want to scan the entire database.

If this could be done real-time based on the current data
requirements, we have significant advantages. We do not
consider data and rules which do not meet the current data
requirements. This is equivalent to running Apriori analysis
constrained to rules only for those customers that a book
selling site would get the next day. Under normal circum-
stances this would be impossible. It does not matter how
large the database is as long as we can efficiently find the
limited number of records meeting the criteria.

The second advantage is that the support and confidence
settings can be modified to suit the specific situation under
analysis. We can get the number and type of rules desired
without performing the entire Apriori analysis again. The
third advantage is that real-time analysis allows for updates
of transaction data and rules on a daily basis.

Our design of the Pattern Repository attacks the above
problem in the following ways.

First, create an intermediate structure to store all of the es-
sential information of the transaction data that is compact.
Ideally this structure would be small enough to fit in mem-
ory. This would allow extremely fast retrieval of itemset
information.

Second, The intermediate structure must be updatable when
new data becomes available. New data would simply be
scanned once and added to the structure by simple modifi-
cation of the previous one.

Third, previously read itemset information is permanently
retained. Any given record in the database is scanned only
once. No matter how often new records are added, all es-
sential information on each itemset is maintained.

Fourth, patterns must be easy to extract from the structure.
The structure must be easy for use. The itemset information
must be easy to read in a useful form.

2.1 Pattern Repository

The above considerations formed the basis for the design of
the Pattern Repository. The database is scanned once to
convert the data and insert it into our Pattern Repository
structure. As each record is inserted, a list of unique values
or items found in all records is created with a count of each
unique value.

From this point on when new data becomes available the
new records can be inserted and the value counts updated.
Thus we always know the frequency of itemset values in the
database and the total count of itemsets in the database.
The structure can be saved to the database for later reload-
ing should the system be restarted.

As the records are retrieved, the Pattern Repository is cre-
ated as follows. As each record is scanned, the items are
checked to see if a frequency count exists. If not a new fre-



quency count is created for the item. Each item is replaced
with a unique number or token id representing that item.
If that item occurs in another record, the same token id is
used to represent the item.

The token ids are inserted into a structure called a chain.
The chain is an array of token ids representing the contents
of the record. These chains are kept in a temporary list
until all of the records for this cycle are read. The token ids
provide a simple and precise way of representing an item.
In addition, a number representation takes much less space
than a string which usually represents the item.

The token ids in each chain are now sorted by numeric value
in ascending order. Thus the first value in the chain is the
lowest number and the last value in the chain is the highest
number. Then the chains as a whole unit, are sorted in
numerical order. At this point, identical chains are now
next to each other in the temporary list. The list is now
sorted in order and when identical chains are found, they
are merged to one chain with a count matching the number
of identical chains found.

The next step is to merge the new chains with any that
already exist from previous import cycles. Each chain in the
temporary list is checked to see if any matching chain exists
in the permanent list. If it does, then the matching chain
count is incremented. If it does not, then it is added to the
permanent list. Note that this import cycle works the same
way whether there are no records in the current structure
or several million. When all the records are inserted and
processed, the new permanent list is saved. This could be
done using a flat file or database since the chains are just
linear arrays.

The structure below illustrates the Pattern Repository as
it is saved. The brackets [] indicates a single chain content.
The number in parenthesis () indicates the chain count. The
number in curly braces is the token id. There will be multi-
ple token ids indicating the itemset contents. When stored
in a list, the chains will be sorted numerically.

[(23), {10}, {23}, {40}, {55}, {67}]
[(11), {20}, {23}, {40}, {55}, {67}]
(17, {21}, {23}, {40}, {55}]
[(44), {21}, {45}, {47}]

[(34), {47}, {67}, {81}, {92}, {98}]

Note the only difference between the first and second chain
is the token id in the 2nd position. Thus the sort value of the
second chain is higher. The count shows that this itemset in
the first chain appears 23 times in the database. The values
have been sorted by numeric value within the chain. Thus
10 must appear before 20 in the chain. Note that none of
the chains will be repeated, they must all be unique. Any
chain matching an existing one will simply increment the
count.

2.2 Example Construction of Chains

Here is an example of how the Pattern Repository is con-
structed. Assume that there are 5 new records from the

database to be inserted. A new chain is created for each
record and given a count of 1. The records can be of dif-
ferent length. Initially the data looks like this. The curly
braces {x} represent an item in the record. The brackets
[1 indicate the contents of one record.

[ {a}, {c}, {d}, {£f} 1]
[ {b}, {x}, {m} ]
[ {a}, {c}, {d}, {£f} 1]
[ {c}, {a}, {d}, {£f} 1]
[ {b}, {m}, {x} 1]

Now create a chain and replace the items with a token id.
The token id values are assigned as follows. As each new
unique item is discovered during the database scan, it is
assigned the next unused number as a token id. As before
the parentheses () denote a count while curly braces {}
denote an item token id. Note that as before, the records in
positions 1, 3 and 4 have identical items and the records in
position 2 and 5 are identical.

[(1), {23}, {10}, {40}, {55}]
[(1), {11}, {83}, {45}]
[(1), {23}, {10}, {40}, {565}]
(1), {10}, {23}, {40}, {565}]
[, {11}, {45}, {83}]

Resort the chain contents by token id values. Chains 1, 3
and 4 become identical.

[(1), {10}, {23}, {40}, {55}]
[(1), {11}, {45}, {83}]
[(1), {10}, {23}, {40}, {55}]
[(1), {10}, {23}, {40}, {55}]
[(1), {11}, {45}, {83}]

Sort chains by numerical value. At this point, identical
records are next to each other.

[(1), {10}, {23}, {40}, {565}]
[(1), {10}, {23}, {40}, {565}]
[(1), {10}, {23}, {40}, {55}]
[(1), {11}, {45}, {83}]
[, {11}, {45}, {83}

Now sort the list, merge identical chains and update counts.

[(3, {10}, {23}, {40}, {55}
[(2, {11}, {45}, {83}]

At this point, the list can be merged with the permanent
list. The simplest way to detect a previously existing chain
would be to use a hashtable for the existing chains in the
permanent list. If [(3), {10}, {23}, {40}, {55}] does not
exist in the permanent list then it would be added. If it



already existed then just the count would be incremented.
When the merge operation is complete, the permanent list
is saved. During the save operation the occurrences of the
frequent items in each record should also be recorded and
saved. This allows a specific subset of the database to be
selected based on the selection of specific items.

2.3 Completenessand Compactnessof Item-
sets

As mentioned previously, the process of inserting itemsets
into the Pattern Repository starts with a chain that records
all of the values in the itemset. The chain contents are
sorted. The sorting ensures that even if the items do not
occur in a fixed order in a set, we will detect records that are
identical. Only identical records are merged with a count.
Thus the record count in the Pattern Repository is exactly
the same as the original database. By the method of con-
struction, for every pattern in the Pattern Repository, there
must be a least one matching pattern in the database and
for every pattern in the database there will be one matching
pattern in the Pattern Repository.

Given these observations, the Pattern Repository must du-

plicate all of the information that was in the original database.

Otherwise, a contradiction occurs. If there is a pattern in
the Pattern Repository that is not in the original database
then the record count would not match. If there is a pattern
in the database, that is not in the Pattern Repository then
once again the record count would not match.

The size of chains is limited to the maximum number of
items in any set from the current database. The number
of chains is limited to the number of unique itemsets in
the current database. Thus the size and number of chains
derived is limited. Also any rules or patterns derived from
the Pattern Repository will be of a limited number. This
is in contrast to Apriori which can generate an exponential
number of candidates.

2.4 Time Complexity

The creation of the Pattern Repository has no impact on
the time required to calculate the rules, because the Pat-
tern Repository is created before the rule development pro-
cess. The time complexity of this creation process can be
computed as follows.

1. n records in database scanned.

2. A chain with p items is sorted at a cost of p * log(p)
per chain.

3. Sort chains numerically at a cost of n * log(n).

4. Locate the matching chain in the permanent list with
hashtable is constant.

The time complexity becomes n * n * log(n) * p * log(p) *
constant. Since p is much smaller than n in practice, we
can consider pxlog(p) a constant. Thus the time complexity
reduces to n? x log(n).

3. PREPARING PATTERN REPOSITORY
FOR USE

Once the creation process is finished, the next step is to
extract the patterns in a usable form. This involves several
steps to prepare the data in the Pattern Repository. At
the end of these steps, a FP-Tree can be created and rule
development can proceed as described in [13].

3.1 Pattern Repository Preparation

The basic steps are as follows.

First, decide whether all of the itemsets will be used or
whether to filter for those that contain certain items that
come from on-line data requirements. Suppose we are only
interested in those itemsets that contain certain token ids.

Second, create a temporary list of chains that contain the
required token ids. Then sort the chain contents by item
frequency. The most frequent item will appear first in the
chain and the least frequent will appear last in the chain.
When items have the same frequency, use token id as a sec-
ondary sort criterion. The highest token id comes before a
lower-valued one in this case.

Third, scan each chain from the bottom until a frequent item
is encountered. Each item below it is an infrequent item
and is removed from the chain. Infrequent items cannot
be part of a valid Apriori pattern. The infrequent items
are retained in the Pattern Repository because it is possible
that an infrequent item may become frequent when more
data is added.

Fourth, sort the chains by numerical value of their contents.
Similar chains will be next to each other in the list. Build
an FP-Tree by sequentially scanning the chains in order.

These methods strive to eliminate the common bottlenecks
that occur in frequent pattern mining.

1. The data size is reduced to a minimum. Frequently
occurring items generate nodes higher in the graph,
thus will have a better chance of sharing nodes with
less frequent ones.

2. Counting and accumulation are the means of getting
candidates rather than exhaustive search and test. This
is much less costly than the candidate generation of
Apriori.

3. The candidate generation is done by divide and con-
quer rather than bottom up search of frequent candi-
dates.

3.2 An Example

The following is an example of preparing the data for use as
described above. We retrieve the selected chains from the
stored Pattern Repository. In this example, it is assumed
that all chains must contain 25. The chain contents are
sorted by token id when retrieved from the Pattern Reposi-
tory.



[(13), {10}, {25}, {34}, {56}, {68}]
[(10), {10}, {14}, {25}, {57}, {67}]
[(28), {10}, {25}, {34}, {66}, {78}]
[(67), {13}, {25}, {39}, {51}]
[(23), {10}, {21}, {25}, {45}]
[(15), {10}, {12}, {25}, {44}, {98}]

Suppose in the Pattern Repository, the frequency for each
item is as follows.

{10} occurs 455 times
{12} occurs 389 times
{13} occurs 487 times
{14} occurs 415 times
{21} occurs 395 times
{25} occurs 385 times
{28} occurs 261 times
{34} occurs 15 times
{39} occurs 326 times
{44} occurs 285 times
{45} occurs 320 times
{51} occurs 291 times
{56} occurs 250 times
{57} occurs 391 times
{66} occurs 11 times
{67} occurs 17 times
{68} occurs 361 times
{78} occurs 12 times
{98} occurs 34 times

Sort by frequency with most frequent at the beginning of
each chain. Note that frequency is for the database as a
whole and not the frequency within this sample.

[(13), {10}, {25}, {68}, {56}, {34}]
[(10), {10}, {14}, {57}, {25}, {67}]
[(28), {10}, {25}, {34}, {78}, {66}]
[(67), {13}, {25}, {39}, {51}]
[(23), {10}, {21}, {25}, {45}]
[(15), {10}, {12}, {25}, {44}, {98}]

Sort chains numerically. The counts in the first position are
not used in the sorting process.

[(15), {10}, {12}, {25}, {44}, {98}]
[(10), {10}, {14}, {57}, {25}, {67}]
[(23), {10}, {21}, {25}, {45}]
[(28), {10}, {25}, {34}, {78}, {66}]
[(13), {10}, {25}, {68}, {566}, {34}]
[(67), {13}, {25}, {39}, {51}]

Eliminate items which are not frequent items. Assume 40
instances are the minimum support. Tokens 34,66,67,78,98
are eliminated.

[(15), {10}, {12}, {25}, {44}]
[(10), {10}, {14}, {57}, {25}]

[(23), {10}, {21}, {25}, {45}]
[(28), {10}, {25}]

[(13), {10}, {25}, {68}, {56}]
[(67), {13}, {25}, {39}, {51}]

Finally, scan the above list and derive an FP-Tree (see Fig-
ure 1).

Since the first 5 chains contain 10, the occurrences are added
together to create the 10 for the start of the graph. Since
there is only one 13, the node is created directly with the
count of 67. Then we proceed to the next position in the
chain that contains two 25 entries after 10, and they are
added to get 41. The rest are unique and the nodes are sim-
ply added with counts. This is repeated until the end of the
chain is reached. When completed, a duplicate of the FP-
Tree has been constructed which is identical to that would
be derived by two database scans. However our version of
the FP-Tree can be recreated after update of the Pattern
Repository. The normal problems of updating the original
database have been bypassed.

At this point, the normal rule analysis can be performed as
described in [13].

3.3 Time Complexity

The time complexity of the above Pattern Repository prepa-
ration process can be computed as follows.

1. A chain with p items is sorted at a cost of p * log(p).
2. Sort chains numerically at a cost of n * log(n).

3. Scan n chains to create an FP-Tree

The time complexity becomes n * n * log(n) * p * log(p) *
constant. Since p is much smaller than n we can consider
p *log(p) a constant. Thus the time complexity reduces to
n? x log(n).

3.4 Advantagesand Similarities

Although the Pattern Repository does not look like a tree,
it does in fact reproduce much of the information that the
FP Tree [13] and Tree Projection [2] do with some signifi-
cant advantages. The Pattern Repository is updatable and
allows creation of a customized FP-Tree without scanning
the original database. The biggest problem with the FP-
Tree is handling updates and changes in frequency of item-
sets. Once the relative frequencies for different items in a
database have changed, a new FP-Tree will have to be re-
constructed. Our construction method effectively bypasses
these problems. In addition, only the needed portion of an
original FP-Tree has to be created, thus minimizing memory
resource requirements during analysis. The Pattern Repos-
itory can be created offline and then used in real-time to
create the needed FP-Tree for frequent pattern analysis.

The main advantages of the Pattern Repository are as fol-
lows.



{12 (15) | {25} (15)| w {44} (15)

(101 89" {14} (10)— {57} (20)[— {25} (10)
{21} (23)— {45} (23) | {25} (23)[ | { 77} (23)
Root {25} (41) 1 {34} (28)

{68} (13)| | {56}(13)

{13} (67) | {13}(67) > | {13}(67)— {13} (67)— {13} (67)
Figure 1: An FP-Tree
1. This structure is extremely easy to store and partition on A and B. In this case, we are looking for relevant as-
in a database. Thus we can examine just the part sociation rules where A and B imply another book C. The
we need. The entire structure does not have to be in Pattern Repository is queried for all patterns that have A
memory, which minimizes memory requirements. and B. This involves getting a list of patterns with A and
another list with B. The final list consists of those patterns
2. The Pattern Repository is updatable whereas the other that exist in both lists. Assume that A and B map to token
approaches mentioned are not. id 34 and 256 in the following chains.
3. Only one scan of the database is needed and this does
not affect rule development time. [(13),{5},{34},{55},{256},{1023}]
[(10),{8},{15},{34},{256},{678}]
3.5 Implementation Issues [(25),{5},{34},{55},{256},{1023},{2345}]
. [(5),{10},{34},{78},{256},{378}]
The best way to create the Pattern Repository from a large [(32),{7},{34},{55},{256},{1023}]
database is by batch updates with storage of the intermedi- [(28),{5},{34},{256}]
ate results. If a system crash occurs, the Pattern Repository
update can continue from the last successfully completed
batch. Several versions of the Pattern Repository could be Remove the infrequent items. Here we must look at the
stored to allow recovery form the last successful update. frequencies from the Pattern Repository. If the support re-
quirement is 25 instances to become a frequent item, then
Since the process has discrete steps, it is possible to load tokens 2345 and 378 are eliminated. They have 20 and 15
only those portions of the Pattern Repository necessary to occurrences in the database and are not frequent items. The
perform the calculations. However if there is a lot of repeti- remaining items are available for rule development.

tion in the itemsets, it should be possible to load the entire
structure in memory.

[(13),{5},{34},{55},{256},{1023}]

Generally the expected use of the Pattern Repository would [(10),{8},{15},{34},{256},{678}]
be to store the itemset information and recreate the neces- [(25),{5},{34},{55},{256},{1023}]
sary portions of the FP-Tree on a daily basis. Then the [(5),{34},{78},{256}]

recreated FP-Tree could be used whenever necessary, to [(32),{7},{34},{55},{256},{1023}]
mine frequent patterns. [(28),{5},{34},{256}]

4. RUN-TIME RULE GENERATION:

At this point, we could proceed as in Section 4.2 and create

AN EXAMPLE an FP-Tree. However, this is not necessary. We can get the
results by inspection of the patterns. We will ignore 34 and
The Pattern Repository can be used to generate a complete 256 since they are in all of the patterns.

FP-Tree or a subset of it, and subsequently generate appro-
priate association rules. However, a more productive use

of the Pattern Repository is to generate targeted rules in [(13),{5},{55},{1023}]

real-time. Below is an example. [(10),{8},{15},{678}]
[(25),{5},{55},{1023}]

Remember in Section 1, a book-selling web site was men- [(5),{78}]

tioned. Suppose the customer has already selected two books, [(32),{7},{55},{1023}]

A and B, and we are trying to suggest other books based [(28),{5}]



{5} occurs 66 times
{7} occurs 32 times
{8} occurs 10 times
{15} occurs 10 times
{55} occurs 70 times
{78} occurs 5 times
{678} occurs 10 times
{1023} occurs 70 times

34 and 256 occurs 273 times which is just the total count for
all of the matching patterns found. This meets the minimum
support requirement for a frequent itemset. The next step
is to determine support/confidence levels of the rules. We
can now create candidate rules as follows.

{34} and {256} => {5} (66)
{34} and {256} => {7} (32)
{34} and {256} => {8} (10)
{34} and {256} => {15} (10)
{34} and {256} => {55} (70)
{34} and {256} => {78} (5)
{34} and {256} => {678} (10)
{34} and {256} => {1023} (70)

Assuming our support level requires at least 25 occurrences
and a 20% confidence level is needed which translates to 55
occurrences. We can eliminate rules which occur less than
25 times. The rules ending with 8, 15, 78 and 678 fail on
the minimum support. We can also eliminate 7 since it fails
the required confidence level. The following rules exceed the
threshold levels for both support and confidence.

{34} and {256} => {5} (66)
{34} and {256} => {55} (70)
{34} and {256} => {1023} (70)

Due to the limited resources needed for this kind of analysis,
it is easy to accomplish this rule development in real-time
and suggest the three book titles for the buyer.

5. CONCLUSION

This paper has designed a specialized structure, called Pat-
tern Repository, which compacts the database itemsets into
a list of chains that is updatable. An updated FP-Tree
structure can be derived directly from this structure with-
out scanning the original database. This method has several
advantages. Updates of the itemsets can be done as soon as
new data becomes available. Thus the rules can be devel-
oped on demand with the most recent data. No further
scans of the original database are necessary. Since the rules
are done on demand, the constraints and support/confidence
can be adjusted as required to fit the current situation. The
process is easily divided into discrete steps and rule devel-
opment can be pursued just to the level needed to fit the
situation. The tree size is bounded and thus the size of the
problem is bounded.

The primary focus of the Pattern Repository is to keep the
itemset data small enough to fit in the memory of a ded-
icated server or workstation. If the database is very large
and does not compress much, then the Pattern Repository
can be partitioned into components which are stored in a
database and retrieved as needed. The creation of the Pat-
tern Repository can be partitioned into discrete steps and
allows storage of intermediate steps and freeing of computer
resources.

One area of future work is to provide an efficient method to
directly mine data patterns from the Pattern Repository.
Since all of the information of the FP-Tree is present it
should be possible to do the mining in a similar manner
without actually creating an FP-Tree. This would be espe-
cially useful in cases where only a selected portion of the
database is needed. The Pattern Repository could easily
be partitioned into just the areas needed. Another area of
future work is to combine the Pattern Repository with the
adjacency lattice developed in [5] to achieve better perfor-
mance in online generation of association rules.
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