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Abstract

*
Weighted association rules are to research on association rule mining expangi \Ws
aimed at users of different project importance of different database mining@f‘i%sers

find interesting association rules, but also does not produce too many useles s. The
most important process of weighted association rules miniRg 4s wej generate
frequent item sets. Unidirectional FP- tree node ent & jial numBergmarking and

recording the support count. Item number by the=sUpport from ig to small order
determination. The paper presents the research novel hted” association rules
algorithm based on unidirectional FP tree. | entan& ults show that the

algorithm unidirectional FP running efﬂuenc,@elatlvd @

Keywords: Weighted association ru% irectio P tree, data mining

1. Introduction s\

The study of association n&%s an mpt@branch of data mining, has attracted a lot
of scholars. This paper introduces th knowledge of data mining technology,

especially the mmmg 0 OC|at|on , and introduces the basic concept and the
classical algorlthm. searc hlnk database importance of each item is the
same. In fact, |m “g\s to the user is different. Therefore the existing
algorithm of : |s not ily our interest rules. In view of this situation, put

Welghte associatio
association rules in
reality the import

se items that the important degree of the same, however in
each item is different. For example, decision makers tend to give
priority to hig item, and ignore the less profitable project [1]. In addition, the
passage qf time and changes in consumption habits will also affect the association rules,
time interval=shorter affairs despite the support degree is not very high, but is likely to
reflect te Hew consumption trend. In view of the limitation of association rules, weighted

ogiatjon rules is proposed

%l paper proposes a new weighted association rule model, and based on the Arr

ithm proposed a based on the small support weighted association rules mining
algorithm by, for each data item through setting is not the same weight and minimum
support, and solve the transaction number from the database data item to each are not
identical, the actual rate of occurrence frequency and the problem of uneven distribution.
The support can be avoided by a single multiple support degree caused by the occurrence
frequency of difficult to the lower association rules.

Based on the FP- tree to generate frequent item set FP-growth algorithm, the algorithm
first database all frequent information compression and storage on the FP- tree, so the
database mining problem into FP- tree mining problem; then through frequent pattern
mining frequent item set. Frequent pattern growth through suffixation itemsets and
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conditional pattern tree generated frequent itemsets connection. The method reduces the
search cost, faster than the Apriori algorithm about one order of magnitude.

The algorithm presented in this paper will be a FP tree is divided into multiple small
FP tree, so that the network of the machine running in parallel, in the process of
decomposition of pruning and merge, simplified sub FP tree, thus improving the mining
efficiency. Because each computer generated FP tree exists part of intersection, so if it
were taken and set, can in a single FP tree, resulting in various computer on the mining
cost sum may be greater than in a large type machine for single FP tree digging. But due
to the parallel mining, parallel mining of real time cost depends on the Tmax, rather than
the host for temporal summation.

Apparently the commodity as importance are the same, it will produce the support
threshold value. If the threshold value is too high, the discovered association rules may be
involved not to appear in low frequency but important project; if the threshold is too Iow
too many meaningless, or even misleading association rules, may also I
combinatorial explosion, thereby reducing the efficiency of the algorithm. r¥d~

n

solve practical database for each item in the importance of differenc even
distribution of weight, we introduce concept, thus expandl g the probl el, put
forward the so-called weighted association rules. The msent r earch of a
novel weighted association rules algorithm based on uni iq aI P tr

2. The Research of Weighted Associatio@es Mi

In recent years, with the popularization a Ilcatlgn ssouatlon rules in depth,
association rule mining has become a pr |gn|f|can§§ the mining technology of
mining association rules is derived fr datasat} meet the minimum support and
minimum of association rules. Usu be decomposed into two sub
problems, namely: calculated da satlsfyl minimum support degree all the
frequent itemsets and use of fre temset enerated to meet the minimum confidence
all association rules [2]. mini ociation rules in the process of the
implementation of the f|r ub- problg@e core question. When finding all frequent
itemsets, the correspo e associa ules can easily generate.

This paper pro w weighted association rules in weighted support measure and
weighted reliabilj od, t e analysis of Boolean data examples, with Apriori
algorithm 3 -- ntal weig association rules mining algorithm, prove that the
method ca Igorithm to frequent sets closed under properties, and can

8

quickly and & ctlvely important association rules.

Weighted associ in database transaction set D m project, 1={il, i2, ... , im}
items, each item eight corresponding to, their weights are {wl, w2, . wm}, wi
€ [0,1]. Spec& minimum weighted support threshold wminsup and minimum
confideno\gshold wmincof. Weighted association rules support degree and confidence
degree ociation rules in a X support for supp ( X ). MINWAL ( O ) algorithm
defir@eighted support suppw (A— B )= (> WI) supp (A UB).

ut forward the suitable weighted association rules in MINWAL (O) algorithm.
Igorithm is based on the Apriori algorithm, the principle and steps are as follows:
the total number of transactions in the N database D in any g- set X, its support for the

transaction database contains the X transaction number, denoted by SC (X). If X is
weighted frequent itemsets, it must have the following formulal.

SC(X) wminsup x n

2

ijcX (1)
Weighted association rules mining method improvement, Boolean association rule

mining. 1= {11, i2... i|l|} is a collection of items, D is a database transaction set. Each of
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the D service T is a collection of items, and satisfy the T I. The corresponding | weight
vector for the W={w1, w2, ..., w|l[}, | transaction is a subset of I, such that every item in
the Ti J project (named Ti [i J] ) has a weight W. Head with an W value corresponding to,
for example, (I, w) is | &1 weighted terms, on the | transaction of the first j project
weighted value denoted as Ti [i j [w]].

Therefore, a conclusion: non frequent superset is a frequent, this allows the algorithm
to add new item prior to the cutting off of frequent items, so as to improve the efficiency
of mining association rules. Through the attribute weights, a general algorithm of
weighted association rules mining frequent items often do not meet the downward closure
character. The improved method in mining Boolean and numeric data can maintain
frequent downward closure character.

Algorithm to use Scan function scanning database, access to various project attribute
value, the function Generate scan of the database, according to the definition of the
weighted support formula for solving weighted support, and in accordance wi
defined minimum support degree is 1- frequent set. The Apriori-gen functi
frequent sets are combined and the pruning, get k- a candidate. Because
maintains the “non frequent superset is also a frequent” this property 1ori-gen
function and Apriori algorithm. The Weight function is so&) calcu@e weights of
candidate itemsets affairs, algorithm of weighted su tiohyCk traditional
support and services right value product, the effic ole rithm similar to
that of Apriori, but added a number of database @ng pro&%order to obtain the
project attribute weights.

In order to solve this problem, can use et smo \%s to soften the boundary,
and the attribute probability to calculate % S, SO, al boundary nearby elements

it

can neither be excluded, and also will undg ed while at the same time, can

do possible to excavate the small p ity e assouatlon rules [3]. Let | = {I1,
12, in }, is the project attrib ut s |Ie using | construct a weighted data base T =
{T1, T2,, TN}, weighted ets for the database properties, and is
defined as a fuzzy attributes. D n|t|o attrlbute the weight of ij w (ij ) =P (ij).
Among them, P (ij) i u in sactlon se probability, as is shown by Figure 1.

association rales

[ i [
] 1 [
[ L] L]

@ 3 i fre quent items E

12 11

Figure 1. The Basic Model of Weighted Association Rules Mining
The association rule mining is only for the positive association rules, but the negative

association rules of the effect are also very important. When making any decision often
faced with many factors and it are to turn negative factors to a minimum. When the
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desired beneficial factors occur, while those adverse factors appear, to through the use of
previous data master, which are the negative association rules? In view of the above
problems, the paper will be weighted association rules with negative association rules of
combination, put forward weighted positive and negative association rules mining.

Mining association rules from large amounts of data can be found in the itemsets asked
potential and interesting interconnected. According to each item of interest to varying
degrees, some scholars put forward horizontal weighted association rules. However, each
generation of new candidate for the entire database. After scanning has become a
bottleneck of the efficiency of the algorithm. In order to further improve the efficiency of
mining weighted association rules, in the original horizontal weighted association rules
algorithm based on depth-first strategy, taken out, which is based on the B C horizontal
weighted association rules mining algorithm to U. The improved algorithm can greatly
reduce the database scan range. The experimental results show that, the improved
algorithm has better performance.

Weighted association rules can be divided into vertical and horizontal
association rules association rules. Vertical weighted association rules
changes over time, horizontal weighted association rules js based o
decision-making important degree distribution of differe \»ﬁ

Association rule mining is a Web data mining f|e pect of data

importa
mining. Firstly, Web data mining and proces®) eb d%&;ﬂd other related

knowledge are described; then studies the basi ry of ion rules and the

classical association rules algorithm: the last to,solve Teality database for each item in the

distribution unevenness and the |mportance¢~dlffere efocus on the mining of

weighted association rules algorithm. 4 @> anal 9& the well-known weighted

association rules mining algorithm to defeté\the evy@r algorithm, the algorithm found
equ

the problems existing in the, as is sh N

(S(@ | a(@ ﬂ’? k) 2
(2

The weighted supp @)tend to rt the right major attribute; weighted trust will
tend to trust nght@n the weighted support rate and weighted trust analysis table 3

—,

let W= {0.5, 0. theagi reshold 0.1; called R on the normalized fuzzy set if
and only if 0 (x0) = Nthen the O called the A x regular; 3) if thell K (0, 1], A

K bounded hen A d bounded fuzzy set; - 4 ) R regular convex fuzzy set A
known as a : regular closed convex fuzzy set is called a closed fuzzy
number; regular bo closed convex fuzzy set called 1, x = 0; bounded closed fuzzy

umber, 0 (x) =0, X #05) let A be a fuzzy number, if suppA

contains numbenis‘a positive real number, then A is called a normal fuzzy number, where

SUppA = A (x)>0}
Wei ssociation rules are to research on association rule mining expansion. It is
aim ers of different project importance of different database mining, to help users

resting association rules, but also does not produce too many useless rules [5].

paper mainly introduces a method of generating positive and negative association

rules algorithm, in the traditional support confidence framework based on joining the

correlation parameters to determine the set of correlation, thereby eliminating
contradictory rules, as is shown by equation3.

D(X! y’ O-) = L(X1 yi k|o-) - L(X1 yi O-)
=G(X, Y, ko) *1 (X, y) —G(X,y,0) * 1 (X,y)
=(G(x, Y, ko) =G(x,y,0)) * (X, Y) ?)

The candidate 1 sets, 2 sets of candidate itemsets and candidate K. (k>2) generation are
discussed respectively, first scans transaction database, find all items to the project
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appears set I, and the | project according to the weight sequence from high to low, then
generates a 1 candidate set CI, in scanning each transaction, in addition to each item
count, but also record that contains the transaction identifier (TID). It scanned over the
database; get the candidate item set C. for each item set includes a corresponding
transaction identifier list data structure of.Cl: (item items, weighted support wsup,
transaction identifier list.

Input: The database D; minimum support threshold min_sup; X u Y is weighted
frequent itemsets and weconf= wminconf ( X=> VI;

Output: Weighted association rules;

Step 1: For a set of X weights, apparently 0 < w ( X )< L. project set | arbitrary
subset of the X weighted support measure is defined as the wsup ( X)) =w ( X);

Step 2: for each transaction in D do.

Step 3: Ct=subset(Ck,t);//get the subsets of t that are candidates, the rule is still useless
go to Step 7; Otherwise, go to Step 5.

Step 4: The user input the minimum weighted support expressed as wminsup, (
X') >7 wminsup, then X is called weighted frequent itemsets. All weighted ffequegt items
sets is denoted as L. when weighted frequent itemsets X contains k proj %’ nown as
the weighted frequent itemsets frequent K., K. item all\&[ed a c@)n of sets is
denoted as Lk;

Step 5: If the project is set X is weighted frequ 7wminsup. X is
weighted frequent itemsets, go to Step 4;

Step 6: if IL[1]=I2[1] A IL[2]=I2[2] A ... A 11e2]= I2[k 2] 11 [k 1<I2[k-1] then {;

Step 7: (Ck,Lk)=Checking(Ck,D)};

Step 8: Lk={C<=Ckl wsup(c)>— Wml\k

Step 9: When k=I, Ci={{x}ixel}: =2
when k>2, let Ck={XoYIX& Lk. t.1, and

Step 10: Rules(SC,L); :

Thus can calculate each i et wei pport, and with the minimum weighted
support, to produce Weig frequens&u. (3) In the candidate item sets Ck ( k>2)
before, on the Lk.i pr o red e connection ( k.1 ). ltem sets, thus reducing
the connection of lation ﬁcan reduce the number of candidate Ck. ( 4) Lk.1
prunmg is gener er theV@ m Ck. to Ck connected, generated by pruning, in
e to generat& weighted frequent itemsets candidate itemsets [6]. One

identifier list equal to generate two of its set transaction
é I am looking forward intersection.
For transaction d ses D={TI, T2, ..., T.), N for the transaction record number |DI.

ted frequent itemsets, according to the following algorithm.
WARDM: algon for mining weighted frequent itemsets. Input: transaction database

(‘\‘ , YH{x} €L1, Ys'ECI, x<y );

can be connected;

hted association rules describe: D, scanning, weighted candidate itemsets
00: WSup ({B,A, C and E}) = 0.3. Therefore, L3, = {{B, C and E}}. End of the

the algorithm ends. Generated from the L = L U of Lk weighted association rules,
Apriori algorithm..

New.Apriori algorithm require repeated scanning database to count, each generate a
candidate itemsets when, to the database to conduct a comprehensive search. If the
database store a large amount of data, so in a limited memory capacity, system 1/O load is
quite large, each scan the database could take a long time while WARDM algorithm only
needs scan the database once, you can quickly find all weighted frequent itemsets, and
stores the auxiliary information needed for space less. Only in the first step in the
generation of candidate 1 set Cl when the need to scan database, accessible to each item
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set transaction list, in computing any other candidate itemsets Ck support count, only the
corresponding transaction list in Ck TID number can be equation4.

EOXIAC!

w4, (K) = P{m; (k) [ Z(k)} = -
Zf (k)Zﬂ,.ﬂ (k-1)
(4)

In this paper we respect science at the same time, the weighted association rules
technology and negative association rules data mining technology development and the
origin of international and domestic research status and outcomes were very fruitful
research, but also for the weighting of the positive and negative association rules mining
algorithm and construct the theoretic necessity premise. This paper is mainly on the
weighted negative association rules shellfish interested, would be of interest measuge mto,
weighted mining positive and negative association rules, and put forward
effective mining algorithm, and the user can according to their own req %for
setting interest to dig out more in line with the requirements of users of the @

The traditional association rule mining algorithm tha d t ase ite
degree of the same, however in reality the |mportance 0
example, decision makers tend to give priority to_high ite
profitable project. In addition, the passage of time nges on ptlon habits will
also affect the association rules, time interval sho transac enerated association
rules although support is not too high, it can r@gt the newgConsumption trend, therefore,

mportant
|tem is ent [7]. For
008 |t ignore the less

d C

in the actual data analysis, using the weig ssociatio s is meaningful. Proposed
weighted Boolean association rules cg =and gi kinds of weighted association
rules mining algorithm: MINWAL( orlt NWAL (W) algorithm, but the

multiple weighted attribute Ass n rules

The method can highlig effect ht. Because of the above algorithm is
introduced for each weightythus dam@\e Apriori algorithm in generating candidate
item pruning. In this onsiderin number of attributes and attributes weight on
association rules igf , propo new weighted association rules support degree and
confidence calc@ etho@
3. The D¢ @

Jpme nidirectional FP Tree

weighted support may be grejte 1 the ted support not support containing

This paper analy FP- tree and one-way FP- tree two tree structure, summarize
the problem existi FP-growth algorithm, as well as Ming Fan puts forward one-way
FP- tree and il&ithm. From the overall analysis, the proposed algorithm has better
performa thart the classical FP-growth algorithm. It is based on the research and
conclusi l%H'é author put forward the following maximal frequent itemset mining
algorij d the algorithm for mining frequent closed.

row algorithm is more efficient algorithm of mining frequent patterns in one, but
I be used for mining maximal frequent patterns can be unable to obtain high
effiCiency 1 in-depth analysis of the causes of inefficient, proposes the use of FP2 sorted
tree mining maximum frequent pattern algorithm SFP2Max1 algorithm as follows: DFP2
tree based on the sort; the use of the properties of maximal frequent patterns, reduce
generate candidate max size;@setting intermediate result sets, reduce the test range, and
thereby reduce the test candidate max time 1 experiments that show, SFP2 Max is an
efficient algorithm for mining maximal frequent patterns, for the test data set, the
performance of SFP2Max most cases are better than the MAFA algorithm, as is shown by
equation 5.
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1 1/1-M¢ . (m,n
meln (m!n) =5 A YAB( )
2 2 1-T
(m n) 1- Wj min (m n) (5)
A frequent item set is {I1, 12, 13, ... , In} the possible frequent continued on surface
analysis, which can be I1115: 2, 1113: 2, and 12: a set number of 2n 1. Proof: by the
elements of 11, 12, 13, ..., In constitute a set of numbers are 2n, remove a null set, get 2n

1. Theorem 2 the method of separating the various FP tree by digging out to frequent item
sets, not repeat [8].

Different FP2growt h algorithm is the frequent pattern directly into frequent itemsets;
and FP2Max algorithm require frequent pattern as a candidate pattern 1 from the
experimental results, the FP2Max low efficiency, even need to spend a lot of time;@ to
dense database, recursive layers too much, so much time and memory, but also préduce
a lot of redundancy mode;®for every candidate maximum mode to verify existi

FP2 tree all the same ', the father node of the ch|Id no dmg t header
table sequence of row ( column, then if Al, a2, . ree a model,
then it must be a FP2 tree on the left branch of the'®a g that Al, a2, ...

, Al "FP2 " is a type of tree in the mold, and FP2 ve acc to their item header
table in the order sorting, so Al must be the | most ch% A2 must be Al's left

to centralize all mode.
FP2 tree ( FP2 tree or conditions ) the item header table ig Al, a2, . we will
as%r ir, item

child, ..., Al al - 1 of the children left, so P2 must be the left branch

of the tree as is shown by Figure 2.
&9 s\\
i é@ %dareimnal FF tree
[2]

'@@ : @QT

on I branch
O @ hase-count
Figure 2 evelopment of Unidirectional FP Tree Chart

In the one-\@- mining frequent item sets of main process is simple. It uses a full
array of FP storage has been a frequent itemsets (project its corresponding serial number
states ), le I\&Ms the frequent item sets of length [9]. For each serial number I, the main
process @, s by item ( 1) will be converted into a number of I into FP, and output the

r q item set { 1- li } and its support of count[ I / N ( n is the number of transactions
@ ansaction database, similarly hereinafter ). Then, constructed with one-way FP-
ound subtree ST (1), and will be more frequent itemsets mining to process mine, as

is shown by equatin6.

d2
exp(— 'kz) c
uik=—02 i=12--ck=12--m> 14 =1
Z i=1
= (6)

In the initial FP2 tree, with a head table in a x suffix of the resulting models, not to x
front for the suffix the patterns generated by the pattern of 1 proved 1 from the FP2 tree to
generate frequent patterns known to item header table method, the X suffix produced by
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mode, the suffix is x 1y item header table row in front of the X of any one item, due to X
in the Y, so in a Y suffix to generate frequent patterns must not contain X, so these models
can not be generated by the X model Super Collection 1 QED 1 theorem 21 let FP2 tree (
FP2 tree or conditions ) the item header table in Xiang Wei Al, a2, ... ,an " if the FP 2
tree exists from the roots, to a node of the path formed by the model of A1, a2, ...,al""(
I< n ) and the mode of support degree greater than or equal to the minimum support
threshold, while A1, a2, ..., Al - 1 in any of the patterns generated by a suffix is not the
biggest mode.

The character of data sets and algorithms about 1 D strategy 1 kinds of characteristics
of the data set is a set and frequent 12 item set is larger, the frequent itemsets is scattered,
IS sparse data sets; and D 2 data set and 12 set of frequent itemsets is smaller, but the data
is very dense 1 for sparse data set MAF 1A efficiency low reason, it to the transaction data
is used in vertical bitmap representation, such as frequent 12 item set is larger, need to test
the data amount is large, so the efficiency greatly, and the SFP2 tree representation
do not exist issue 1 for dense data sets, due to the frequent 12 set of small S|ze
can give full play to the superiority of the bitmap representations and o
when the support threshold gain is very small, and the maX| um freq scale is

%

very large, due to the SFP2Max candidate set size [10].

FP 2Grow algorithm based on frequent pattern growtsqe ent itemsets
mining. It uses a divide and rule of the idea: thg”fmphcl fre uen tern database is
compressed into a frequent pattern tree, but still 5 a set d information; and

then generates compressed database into a groug, of conditio base, each of which is
associated with a frequent item, and the stn@ the co @nal pattern tree mining.

4. A Novel Weighted Assomatn@\.lles N@:hm Based On

Unidirectional FP Tree

This paper proposes a % hted. |at|on rule mining support degree and
confidence degree method ighti i i i

algo t Welghtmg the practical importance in
projects, and can ma%géhe Apri equent the downward closure property. In

practical use, there ar ely goad resalts, but in order to meet the processing needs of
large database m iize and improve the algorithm.

Itilayer associated rule mining algorithm, it is by
the concept of cross layer to improve the performance of
he algorithm only scans the database for 3 times, can
produce various Iaye equent item sets and 1- repair items, each layer of the cross
level frequent |te§ nd 1- cross level ( lowest level ) FP-tree tree. Then from the m

layer of FP-tre r, and set up the M tree layer, layer by layer traversal FP-tree tree,
using path genergting a Iayer of FP-tree tree, to achieve the same Ievel association rules

files mining. So, the FAMML_FPT algorithm for any number of levels of the
giassociation rules mining, up to 3 times of scanning database. For Apriori based
el association rules mining algorithm, each layer in mining frequent itemsets and
? level of frequent item sets, needs to scan the database with multiple times, as is
shown by equation?.

A (K) _ 7y 7o (K) + 7p 0, (K)
M)z, myn (K)+ 7oty (K) )
Unidirectional FP- tree is one-way, from the roots to the leaves do not exist in the path,
relative to the FP- tree with less pointers, each node needs at most two pointers, a pointer

to the parent node, a pointer to the next node name [12]. Thus the occupied storage space
is less than FP- tree.
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This article proposes a new weighted association rule model, and based on the one-way
FP tree is presented based on multiple minimum supports weighted association rules
mining algorithm by it, for each data item set different weights and the minimum support
degree, thus solving the transaction database data items vary in importance, and the actual
frequency of the problem of uneven distribution of. Multiple minimum supports can be
avoided by the single support leads to discovery showed a lower frequency of association
rules or redundant rules, while the weight set so that the algorithm tends to mining and
important data items related to the association rules [13]. In this paper gives the
corresponding theorem, proved. In synthetic data on the experimental verification of the
algorithm is effective.

Input: The database D; minimum weighted support wminsup; Unidirectional FP- tree
Unid_FP-tree and minimum support count min_count;

Output: All weighted frequent items set L, All the maximum frequent set MFI;

Stepl: Scans transaction database D, get each item support count;

Step2: If Xcl, Y €1, and Xn Y=9. Xj Y weighted reliability defined as wc
=sup ( XUY) /sup, VI ( X);

Step3: Procedure in SERT tree (tran _s, set< Item T > §o r tran %@ or each

iteminthe {P=T find (tran s[ 1] );
Step4: for each transaction in D do (SC,C1)=Countin
Step5: Because w (X) =w (YY) wsup (Y) t>wsup |ns

Step6: build S T (i) based on Unid_FP-tree;

Step7: for each transaction teD{//scan Df ounts ; Ct (th) //get the subsets
of t that are candidates;
Step8: build ST (k1, ~, km, i) ba@ ST( km)
Step9: if there is a non-root node i ) an ount []
Step10: Procedure has_freque t(c c%e k-itemset;Lk-1:frequent (k-1)-
itemset);

Stepl1l: (Ck,Lk)=Checki D); L=L

Stepl12: if there is an @root nodf\' (XUI) then call Unid_FP-FCI(S T (Xui)

, FCD);
Step13: Rules Q
In order to displa W@ jithm relative to MINWAL (O) algorithm advantage
g this section MWEFI algorithm and MINWAL (O) algorithm
sling, a 0 test results were compared and evaluated. Experiment
hardware enVifonment P4 2.8G, memory, hard disk 160G. experiment software
environment: Win PSP2 operating system using the SQL Server system,
the2005 NET d development environment, as a database programming

system PC machine. A real data set using the UCI machine is learning
mushroom data set (7672 records, 320 projects, and the average transaction
3). Source code is using Visual C++ 6.0. Implementation results show that,
%&red with FP-Max algorithm, Unid_FP-Max algorithm mining speed is improved by
over 1 time.
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Weighted assoclatlon rules algorithm based on
unidirectional FP tree
12000
10000 /'
B 3000
= 5000 r = FP-Max
= / —e— umnidirectional FP tree
s 4000 /' //_,_A
2000 M
O B L 1 1 1 1 1 1 1
1 2 3 4 = & T g 9 10
FF tree nodes
Figure 3. Comparison Results of Novel Weighted Association Rul .

Algorithm Based on Unidirectional FP Tree and FP-Max

The paper presents the research of a novel weighted association rules @m based
on unidirectional FP tree. In order to display the WARDM.algotithm d with the
New.Apriori algorithm advantage in performance, in thi ion WI| on WARDM

algorithm and New.Apriori algorithm performancestesting,” and the est results were
compared and evaluated, which reflected the two .@ nces i o ance on tests from

performance comparison: (1) in different
candidate itemsets. (2) In different mini
frequent itemsets using time. On this
Unid_FP-Max algorithm, Unid_FP
space overhead than FP-Max

Max algorithm experiment ‘gﬁs/‘

operating efficiency of Unid

m wej support the number of
eighted sOpport, generating a weighted
asedQn design of the one-way FP- tree

Igori??%h oretical analysis shows that the

the following three aspects of the WARDgi algorithm a w.Apriori algorithm

. The las e FP-Max algorithm and Unid_FP-
ow th& algorithm comparison and analysis, the

ax |$ y high.

35@ rules in data mining technology is an important
e mining ofweighted association rules is the most important process
eneratlon This paper focuses on the anaIyS|s and research

solve the existing d association rule model of weighted support definition and
weighted frequeptNiternsets mining algorithms, this paper proposes a new weighted
association ruI&el, defines the weighted support, and gives the mining weighted
frequent i%ﬁhts algorithm ---MWFI algorithm. This one-way FP- tree and its algorithm

of freq sets mining are based on one-way FP tree algorithm for mining maximal
freq sets Unid_FP-Max.
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