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Abstract

This paper proposes a novel research dimension in the
field of data mining, which is mining the future data
before its arrival, or in other words: predicting
association rules ahead before the arrival of the data. To
achieve that, we need only predict the itemsets’ support,
upon which association rules could be easily produced. A
time series analysis approach (MFTP) is proposed to
perform itemsets’ support prediction task. The proposed
technique outperforms other prediction techniques for
short history. The conducted performance study showed
good prediction accuracy and response time. This, we
provide a new tool to provide more information in the
decision support field.

1. Introduction

Data mining analyzes huge data and extracts useful
hidden knowledge in the data to support decision maker.
In the famous basket-mining model, the mined association
rules hints the super market owner (decision maker) how
to group items to increase the sales. However, it is true in
many applications that the item grouping changes over
time and it is not necessary that the grouping that was
valid in the last month will be valid in the next month. In
this research, we propose to analyze and detect useful
hidden knowledge in the data of the future ahead before
its arrival, or in other words, to predict the mining rules of
the future. For example, in the basket-mining model, the
decision maker can run our proposed technique to detect
the items grouping that is predicted to be valid in the
following month, along with the items grouping that was
valid in the past.

In the following subsection we define the problem
statement. Then the rest of the paper is organized as
follows. Section 2 provides information about the related
work. Sections 3 and 4 discuss the proposed technique
and the performance evaluation respectively. Then we
conclude the results and provide some suggestions to
extend this research in section 5.

1.2 Problem Statement
The problem the proposed technique solves can be stated
as follows:
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Definition 1: Given an incremental database environment,
it is required to efficiently generate association rules for
the most recent database increment, given a certain
minimum support (minsup), and to predict the support of
frequent itemsets of the next database increment ahead
before its arrival. An incremental database environment is
one where the database faces additions as well as
deletions.

That is for an incremental database environment the
itemsets’ support values in the forthcoming database
increment are predicted. Once the supports are predicted,
mining rules could be easily deduced.

2. Related Work

One of the greatest challenges we faced when we
started this research is that the research dimension of this
paper is new; no previous work suggested mining the
future. However, prediction is an old issue that is well
studied. And since we abstract our problem to predict
itemsets’ support, we surveyed all prediction techniques
and adopted the technique that suits the association
mining context. We also surveyed the incremental
association mining techniques, since we propose our
technique to work in an incremental mining environment.

Many prediction approaches are applicable in this
context; such as Neural Networks, Expert Systems, and
Time Series analysis. Although expert systems are robust
to new data, they are not general in the sense that it
requires domain experts to write down domain specific
rules (the knowledge base). Neural networks have proven
to be excel-lent tools for forecasting. However, a certain
neural network is designed to model and forecast, a
certain dataset and requires a long history to allow
training; the same limitation of statistical time series
approaches.

A time series approach that requires no long history is
the trend analysis approach which is simple and general
solution. Therefore, a trend analysis approach is pro-
posed. The proposed approach transforms the time series
of each itemset into a string of trend indicators, and mines
them for maximal-frequent-trend-pattern. It is therefore
called the Maximal Frequent Trend Pattern (MFTP)
algorithm.



Many incremental mining algorithms have appeared,
such as “Fast Update”, “Dif-ference Estimation for Large
Itemsets”, “When to Update”, “Update with Early Prun-
ing”, “BORDER?”, and “Dynamic Data Mining”. Among
all, Efficient Counting Using TIDLists (ECUT) [11] is
one of the best known incremental algorithms. Therefore,
the ECUT algorithm is proposed to be used.

3. The Proposed Technique

3.1 Definitions and Terminology
In this section, a set of definitions of terms that are used in
the proposed technique is given. Before moving to the
definitions, Table 1 below lists a set of symbols to be used
hereafter.

Table 1: Symbols of the algorithm

Definition 7: The History Log refers to the set of large
itemsets and the set of negative border itemsets of each
database increment (db;) and the original database (DB).

Definition 8: The history length is the number of database
increments that exists DB.

Definition 9: The moving average is a simple
mathematical technique used primarily to eliminate
aberrations and reveal the real trend in a collection of data
points.

There are five popular types of moving averages: simple,
exponential, triangular, variable, and weighted. The only
significant difference between them is the weight assigned
to the most recent data. In the proposed technique, a

In the following set of definitions, let /= {i,, i,, ..., i,,} be
a set of literals called items, and let DB be a database of
transactions where each transaction 7c I and has a unique
identifier (TID). Note: any subset of / is called an itemset.

Definition 2: An association rule R is an implication of the
form R: §,= S., where both S, (rule antecedent) and S,
(rule consequent) are itemsets, and S, N S. = .

Definition 3: A rule R:S,= S, has support s iff s% of the
transactions in DB contain S, S,.. and an itemset S has
support s iff s% of the transactions in DB contain S.

Definition 4: A rule R: S, = S. has confidence c iff ¢%
the transactions containing S, also contain S, S..

Definition 5: An itemset is large or frequent iff its support
exceeds a certain predefined support threshold called
minimum support (minsup)

Definition 6: Given a set of itemsets L P(R); where R is
a set of items, and P(R) is the power-set of R, and L is
closed with respect to the set inclusion relation, the
negative border set NBd(L) of L consists of the minimal
itemsets X P(R) not in L [21]. Alternatively, NBd(L) =
P(R)-L.

Symbol | Definition g ’ : |

DB The original database triangular moving average is applied to smooth the data

b The database increment that has just arrived before detecting the trends. In a series of values {x;, x;,

DB’ — ..., X»}, the triangular moving average for value number i
The updated. database = DB U db (x’)) is computed as:

L Set of large itemset of a database x

NBd(y) Negative border of the set of a large 5 =%a * Zi& * X )
itemsets y

minsup | Minimum support ( 0 < minsup < 1) Definition 10: The Support Trend Range (STR) is a range

minhl System parameter: Minimum History of support values defined for each trend indicator, as
Length; which is set by the system manager. given in definition 11.

Definition 11: Trends are the identification of value
movements on individual time series sequences. Trend
Indicators are calculated by relating the current value of a
phenomenon to its previous value. If the support value of
a certain itemset changed from a certain value xi at
database increment number i, to a value x;,; at database
increment number i+/, and x,.; lays within the range of a
certain trend indicator (77), then it said that this support
transition is of trend 77. A trend scale is used to determine
the size of the space used to choose the values of the trend
indicators.

In the proposed technique a trend scale of “4” is used,
which means that the trend indicators can take the values
{-2, -1, 0, 1, 2}. That is for a support transition —of a
certain itemset- from s; to s;4;, the trend indicator takes the
values {-2, -1, 0, 1, 2} defined as follows:

TI;= 2 = s;;1s in a two steps higher range than s;
TI;= 1 = s;.;1s in a one step higher range than s;
TI;= 0 = s;.;1s in the same range as s;

TI;=-1 = s;,;1s in a one step lower range than s;
TI;=-2 = s;,;1s in a two step lower range than s;

Specifying whether the trend is “0” or so, is related to the
STR size, or alternatively STR. Therefore, several



experiments were conducted to recommend how to define
the STR.

Definition 12: A trend-pattern is a string of trend-
indicators. A frequent-trend-pattern is a sub-pattern that
appears frequently in the trend-pattern. A maximal-
frequent-trend-pattern is the longest frequent-trend-pattern
found in the time series.

3.2 The ECUT and MFTP algorithms
The proposed technique is divided into two components;
the incremental data mining component, and the
prediction component as shown in Figure 1.
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Figure 1: Block Diagram of the Proposed Technique

Upon arrival of a new database increment (db), the
technique goes as follows: the ECUT is first called to
update the history log, then MFTP is called for each
itemset that is large or belongs to the negative border, as
shown in Figure 2.

Function Main(database increment db)

01. call ECUT (db, DB, History Log) to generate [,
and NVBd(L?) , and to update (%% and NBd(LZ)

02. if history length < minhithen return;

03. R« 75U NBd(LPE)

04. PL € empty set //set of predicted large
itemsets

05. For each itemset A € R

06. call MFTP (A, db, DB, Updated History Log) to

calculate predicted_support(A4)

07. if predicted_support(4) > minsupthen

08. add Ato PL

09. end if

10. Next A

11. Output PL

End Main Function

Figure 2: Main function.

The ECUT algorithm (Figure 3) is applied to compute the
set of large itemsets and the negative border of db (L" and
NBdA(L®)) and DB’ (L”®" and NBd(L"?")).

The ECUT was modified to first generates the L% and
NBdA(L") to add them to the history log. Then, it proceeds
normally updating the support of all itemsets of L* and
NBdA(L”?) against the database increment. All itemsets
that are found to be large are saved and added to the L””".
All itemsets that were in NBd(L”®) and became large are
added to a winners set. This winners set is used with L”*
to generate the candidates set. This candidates set is

Function ECUT (database increment db, DB, History Log)

01. SCAN dbto create its 7TIDList of db

02. Generate L% and NBd(L?)

03. Update counts of itemsets in L% and in NBd(L”?) and
specify winners as all itemsets that were in NBd(L?®)
and now are in NBd(L"?)

04. while winners set is not empty

05. generate candidates set and empty the winners set.

06. use the History Log and db to update count of candidates

and specify new winners.

07. End while

End ECUT function

Figure 3: ECUT function.

filtered against NBd(L"”), based on the theory proved in
[11] that a winner itemset should have at least one subset
that belongs to NBd(L"?). After filtering the candidates
set, new winners and new candidates are generated and so
on till no more winners could be generated.

For each itemset in L”® and NBdJ(L"”), the MFTP
algorithm (Figure 4) constructs the time series, from the
history log, applies the triangular moving average to
smooth the series, and then transforms it into a trend
pattern, which is mined for maximal frequent trend
pattern. The maximal frequent trend pattern that matches
the current pattern is then used to predict the forthcoming
trend, and hence, the forthcoming support range. To
match a frequent pattern of length / with the current
pattern, a match-factor is used. That is if (match-factor)%
of the first /-1 indicators of the frequent pattern matches
their corresponding indicators in the last /-1 indicators of
the whole pattern, then they are matched and the /™
indicator is the predicted trend.

Function MFTP (itemset A, db, DB, History Log)

01. from History Log, construct the times series of A:
TS(A).

02. Calculate the triangular moving average of 75(A):
MA(A).

03. Calculate the trend indicators of MA(A): TR(A).

04. Find maximal-frequent-pattern in 7R(A) that
matches the current Pattern.

05. Based on the maximal matched frequent-pattern,
predict next support range of A

End MFTP function

Figure 4: MFTP function.



4. Performance Study

4.1 Implementation, Performance Indexes, and
Error measures

Visual C++ 6.0 was used in implementation. The validity
of the implemented ECUT algorithm was tested by
comparing the results with that of a brute force Apriori
program downloadable from Christian Brogelt’s web-
pages [5]. The performance indexes are the response time
and the accuracy. The error measures defined following.

4.1.1. Error Measures. The proposed algorithm predicts
a range of support values, within which the actual value is
believed to be. Therefore, the mid point of the predicted
range is used to compare to the actual value. If the
predicted range is [v;, v,], then the predicted value is:

predicted = (Vi+ V;) /2 2

Hence, the Mean Squared Error (MSE) is calculated by
the formula (where “N” is the number of predictions):

msE = Y (actual — predicted )/~ ©)

While the Normalized Mean Squared Error (NMSE) is
calculated by the formula:

NMSE = MSE / &’ (4)

Where “02” is the variance of the actual itemset’s support.
Similarly the Root Mean Squared Error (RMSE) and
Normalized Root Mean Square Errors where used:

RMSE = ~/MSE ()
NRMSE = RMSE / o (6)

The Mean Absolute Percentage Error (MAPE) is
calculated by the formula:

Absolute( - predicted ) 7
AP % > actual - p (7)

actual

4.2 Experimental Environment

The algorithm was implemented and tested on an IBM
compatible PC (Pentium II®) with 1.2 GHz processor,
128 MB main memory, and 512 KB cache memory. The
program was the only major job running on the machine
throughout all experiments. Kernel and background
processes were occupying 1% of the CPU capacity, and
9% of the main physical memory. Synthetic data were
used as test data, having properties chosen to assimilate a
reasonable retailing environment. The dataset properties
are:

- Total number of transactions = 199,947 transaction.
- Average transaction length = 10 items.
- Number of items = 100 items.

The test data was generated using a program developed in
IBM Almaden research center. It is available from the
IBM quest website. The database was divided manually,
by splitting the generated file, into 200 database
increments.

4.3 The Complexity of the MFTP Algorithm

The time complexity of the MFTP algorithm is studied as
a function of the History Length “N”. The MFTP first
goes through the database increments retrieving the
support values, smoothing the series using the moving
average, calculate differences and derives the trends.
These steps are O(N) operations. Then, the algorithm
mines the trend pattern for maximal frequent trend pattern.

In best case, the algorithm would find a matched frequent
trend pattern of length N/2 in first test, i.e. O(N)
comparisons. In worst case, the algorithm would fail, i.e.
the algorithm will check all pattern lengths and will not
find a match. The algorithm starts from length N/2 and
decreases this length by one each time. For each length k,
the algorithm checks (N-2k) different patterns whether
they match the current trend pattern of length &, and each
check of two trend patterns requires k different
comparisons. Thus, the total number of checked patterns
in worst case (TN) is:

IN="$"k(N - 2k)

Tel= M=

N
Nk - 2)2 K
=N x O(NV°) — 2 x O(N’) = O(N’)

That is the MFTP is of complexity O(N) in best case, and
of complexity O(N°) in worst case. Figure 5 shows the
response time of the MFTP algorithm against the history
length; the relation is linear. This means that the worst
case occurs rarely. It is also noted that large drops in the
response time occurs randomly when the algorithm be
lucky and finds a matched frequent trend pattern very
early.
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Figure 5: The MFTP Response Time versus the
History Length.

4.4 Performance Analysis of the MFTP

Algorithm

4.4.1. Varying the Support Trend Range of the MFTP.
The Support Trend Range (STR) is calculated for each
itemset depending on features of its time series; to achieve
most accurate possible prediction. Different schemes for
calculating the STR were tested. In all the cases, for the
time series formed by the support values S={s;; i=1, 2, ...

history length}, the support transition 4\; is defined as:
A =514, -8; i=1,2, ..., history length-1 (8)

The Trend Indicator (77;) takes the values {-2, -1, 0, 1, 2}
as defined in section 2.2. In first experiment, the range of
the support transitions was used as the STR; i.e.

STR=max ( A,) - miin (A) (9)

The results were good for the frequent itemset case and
better for the infrequent itemset case. Then, the standard
deviation of the support transitions was used, that is.

historylength—1 _ 2 (10)
\/ 2 (A - A

(historylength —2)

STR=¢5, =

The trend indicator (77;) for the movement of the support
of a certain itemset from s, to s;4,, is calculated as follows:

2 if A >2 0,

1 if 0,<Ai <20,
TI, = 0 if -O'A<A,-<O'A

-1 if -2 O'A<A,'<-O'A

-2 if A <20,

The results are shown in figures 6 and 7, and in tables 2
and 3. For an infrequent itemset case the performance was
similar to that when the STR was the range of differences
while it improved for the frequent case.

Figure 6: The frequent itemset case with STR is the
standard deviation of differences
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Figure 7: The infrequent itemset case with STR is the
standard deviation of differences

Table 2: Errors when STR is the standard deviation of
differences: frequent itemset case

MSE NMSE RMSE NRMSE
4.05049  2.25350  2.01258 1.50116

MAPE
7.6198%

Table 3: Errors when STR is the standard deviation of
differences: infrequent itemset case

MSE NMSE RMSE NRMSE
0.20528  2.0149 0.45308  1.419474

MAPE
46.723%

4.4.2. Comparing the Proposed MFTP Algorithm to
Statistical Time Series Analysis Methods (Box-Jenkins
Method) on Empirical Data. Empirical datasets were
used to compare the performance of the proposed MFTP
algorithm to that of the Box-Jenkins method, a standard
and very powerful statistical time series analysis method,
using SPSS tool.

a. US Quarterly Unemployment Rates Dataset (between
1948-1978): downloadable from http://www-
personal.buseco.monash.edu.au/~hyndman/TSDL/labour.

html. The Box-Jenkins model found to best model this
dataset in [16] was an AR(2) model, which was suggested
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Figure 8: Percentage of valid predicted large itemsets
versus DB size.

to SPSS program, without parameters values, leaving
SPSS to calculate them. The proposed method
outperformed the Box-Jenkins method for history length
of 120 points and 30 points. For short history lengths, less
than 30 points, the Box-Jenkins method failed to predict.

b. Daily Readings of the Viscosity of a Chemical Product
Dataset: downloadable from
http://www.math.mun.ca/~aoyet/stat3540.html. Similarly,
an AR(2) model was used. The Box-Jenkins method
slightly outperformed MFTP for history length of 94
points, while MFTP outperformed it for history length of
35 points. However, Box-Jenkins method failed to predict
for short history lengths, less than 35 points.

4.5 Performance Analysis of the Entire Proposed
Technique

45.1. Validation of the Implemented ECUT. To
validate the implemented ECUT, its output, the set of
large itemsets, was compared to that of the Apriori
algorithm (implemented by Christian Brogelts, is available
on the web [5]) [because no outputs (in terms of set of
large itemsets and negative border) were available for the
ECUT algorithm in the literature]. The same large itemsets
were generated by both algorithms for randomly selected
sizes of the original database.

4.5.2. Accuracy of the Entire Proposed Technique. The
accuracy is measured as the percentage of validly
predicted large itemsets to the actual ones, and the
percentage of invalidly predicted large itemsets. In Figure
8, the accuracy is studied as DB size, and the minsup
changes, while fixing the percentage of db to 1% of DB,
and it was high; between 86% and 98%. The accuracy
increases as the minsup increases, because the sensitivity

Figure 9: Percentage of invalid predicted large
itemsets versus DB size.

to errors increases at smaller minsup values, and increases
as the DB size increases. On the other hand, Figure 9
shows the percentage of the invalid predictions, for the
same variations of parameters. Low percentage, between
1.5% and 5%, were found and it increases as the minsup
decreases, and decreases as the DB size increases.

45.3. Error Measures of the Proposed Technique
versus the History Length. To specify the minimum
history length (minhl) after which MFTP can be used, the
error measures were studied as the history length grows,
for frequent and infrequent itemset cases. Figures 10 and
11 show the error measures of the frequent and infrequent
itemset cases, respectively.

In this experiment, the STR was the standard deviation of
the differences between support values. For the frequent
itemset case, the error measures stabilize when the history
length is 25. For the infrequent itemset case, all error
measures, except the NMSE, stabilize when the history
length is 30, while the NMSE stabilizes when the history
length is 70. These results recommend a minhl between 25
and 30 database increments, for datasets with
characteristics that are similar to the dataset used in
experiments.
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Figure 10: Prediction error measures versus history
length: The frequent itemset case
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Figure 11: Prediction error measures versus history
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5. Conclusions and Future Work

This paper proposes a new technique to predict the
frequent itemsets’ support in an incremental database
environment, which applies a time series analysis
algorithm (MFTP) for prediction, and (ECUT) for the
incremental mining. The experiments showed that MFTP
runs in O(N), where N is the history length, using the
standard deviation of the support transitions as the support
trend range achieves best prediction accuracy, and that
MFTP accuracy is high compared to statistical forecasting
methods for short history lengths. MFTP also showed high
performance in terms of response time and percentage of
actual large itemsets that were predicted to be large.
Experiments recommended using minhl of 25 database
increments to achieve reliable results for datasets with
similar characteristics of the used dataset.

Suggested future research extensions. It is needed to
establish a mechanism to automatically adjust the moving
average weights and to examine other approaches of
prediction such as Bayesian modeling and compare it to
the proposed MFTP algorithm. Then, implementing a
mining dependency between time series algorithm, which
enables taking into consideration, when predicting, the
effect of external time series (out of business scope) on
the time series of the itemsets and the addition of a new
degree of freedom, namely, the data span dimension,
proposed in [11]. This allows user-defined selections of a
temporal subset of the database to be used in the mining
process. Finally is to integrate this work with a real life
application such as Bioinformatics.
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