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Abstract

Mining frequent closed patterns in a data
stream is very challenging for the high
complexity of continuous exploration of
unbounded data with bounded memory. Most
previous approaches assume a fixed minimum
support and an unchangeable time interval in
mining frequent closed itemsets in a stream.
However, the support threshold and the time
interval should be flexibly specified to cope with
the needs of the users and the characteristics of
the incoming data in reality. Since closed
frequent itemsets can be used to recover all
frequent itemsets, both the space requirement and
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process time can be reduced significantly.

In this thesis, we propose an efficient
algorithm, called VIFCI (Variable Interval
Mining of Frequent Closed Itemsets), to mine all
frequent closed itemsets over an arbitrary time
interval. VIFCI uses an efficient bit-sequence
representation of items and a summary structure
to approximate past transactions within a flexible
interval. However, VIFCI can interactive mining
changeable support threshold and variable
interval. The experiments over various parameter
settings demonstrate that our approach is efficient
and scalable for variable time interval mining in
data streams.

Keywords: data stream, frequent closed itemsets,
bit vector, interactive mining.
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Tk b o f£ 5P w2 E (current
transaction) » @ FHL 8 inehE BB A - A
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R FERGRE G2 LA F R A Z|(support
sequence); ¥ &k ms, i R 5 t ek A
B ALz 5 B % & £ ¥ A& (current minimum
support) s % - P B & e AR ®FTIL
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>ms. v RIFESE P e L BAEAP I:sk(frequent
itemsets) > ® ¥ - BRAMAEP B2 TG T8
A2 P B (superset) 3 Fe AL fpR A HFRE
P RIS R e SRAEAFER Fooptp
hE B E e iy LA R BN T R gy e
B AFRERSDFAEHFED & o
PR A RETALE R BB
HPRNA S LU R F VT Er T
T.%F'W;B’»H« NSRRI SEE S LV S S S
4z E,E%F’%zég AR

4. VIFCI ;x & ;2

rip- o APER "“F—ﬂ m/ﬁ-ﬁ/z‘f}“‘\ B
VIFCI (Variable Interval mining of Frequent
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Data
Stream

Ty ——

3
ms

Bit-sequence
Compression

Mining
Compress | Y Algorithm
PBV

requel
Closed
itemsets

(b) Interactive mining phase

Bit-sequence o PBYV
Appending

*z,:interval start
*r,:interval end

*ms: Minimum support (%)
*PBV: Power bit vector

W 2. VIFCI & ¥ i 7% f ek
(@)% 5 FHwscris (b)I & N IFBrFR

(a) Transaction append phase
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bit- vector “and” % 1F %+ 5 weighted support
TN Az R % T support
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(abcd)>Z% <T6, (abc)>F] 5 78 B a I3 A t1~t3~
t5-t6 £ % ¢ -3 P a iz -w £ (bit-vector)
% 7+ Bit(a) =101011 - F %3 7 Bit(c)=110011,
% Bit(d)=011110 -

Tid Transaction Bit(a) |Bit(b) | Bit(c) [ Bit(d)
tl abc
1 1 1 0
2 bed 0 1 1 1
13 ad - o | o 1
t4 bd 0 ! 0 !
1 1 1 1
t5 abed
1 1 1 0
t6 abc
W3 7 6223 FHE mawnS
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Wik BF-=AtnleEs - =~tn T
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A BT R S ()R
E o blde o BEART AW E 4 AR4¢
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Bit(a)=0000 > F]% % 1 B fici=~ s % 2 B g
#Hi=~o% 0 0 IE Bit(b)=1100 - Bit(c)=1000,
% Bit(d)=1100 > /& 4 m ern e w2 RIEY IF
BT B R - R E(ER
» Cp) K e g = e

l’n-l 0
& 1

) )t
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0000 % { % 0010 - 3= Bit(b)/£_1100 % { =

1110 Bit(c)4£_1000 % { = 1010 Bit(d)<_0100
%{ %0110 -

ot Lt )
0 | |

0

Sup(a)=2:0+1x1=1
- Weght=2 Gup(h)=0x2+1x1=5

0 1 0 |
Sup(c)=2«1+1x1=3

Sup(d)=21+1x1=3
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Support

Bit-Vector 3+ ¥ Weighted

P EH - 38 p g £ L #F A (weighted
support) > 2 4= > 4 [ 5 ¢ Bit(a) & PBV p &
0010 T & th p & 38 P (@) @ Bit(a)sfE &
4% & =2(weight)x0+1(weight)x1=1 - Bit(c) =g
£ 1 3F & =2(weight)x1+1(weight)x1=3 ; F 32 3E
B AT AW TP B
(itemsets) » B4 B[] 5 ¢ 2-itemset be iz

» Bit(bc) & PBV p £_1010 > & ¢ & PBV
S mui tl~t22 t5 p & 238 P B (bc) -

- p B E LR (weighted
support)iE A2 4cT 1 BAc 2 B k-itemsets X fr
Yo v Pru#gkaor-»E 5 Bit(X)fr
Bit(Y) » ¥ (k+1)-itemset iz ~-w & Z=XUY
¥ 24 Bit(X)4r Bit(Y)i® AND #igi& § & »
BI'[(Z)" MR EL AR5 P 2-itemset
bc 2 PBV P tiiz<-m &7 1ud 58P bfrcn
= A-w g F AND $4B:F ¥ > 7 Bit(h)=1110
{o Bit(c)=1010 i+ AND B {E:i& & {5 v £ F
Bit(bc)=1010 ; ¥ f# & £ $F B - 5 ¥ 11 o
2(weight)x1+1(weight)x1=3 J& ¥ -

peniz-w

A5VIFCl %%

VIFCI /% % ;% & Output_on_demand ¢ 3
B3> oriea 1(1) 4 3+ E weighted support %
A& 213 l-itemsets - (2) d i€ * AND 3 iT3%
F & g B2 depth-first % 2 4 large itemsets o
(3) # supportcount * % E3ms x (Te-Ts) °
RIGRAFRD F 25 - BRIRAP FF 30
7 EEALE P F&E A 4p ke support count
IEE%EJ@?] DT s BAEHFARD BF oo

AE P VIFCl f ¥ 2 7 4 1842 3%

Rl 60 FF - L ik, gAY
w+cp*w/2 i@ﬁ%ﬁ PBV P 2257 » 24 44
B #-% % ti f‘]’ﬁi@)xﬂ]PBV M5 % PBV R e
RV SE PBV > riE L 30 PBV BB R

HIR 5 ¥ 1‘]’4\:15_)\’4* o

FFEP Append + 250 AR > AR
TG -2 4PV ERTCEHF R T
Ao T 3TH R EE T PBY A 2

1B 3E

r
GRS I R F*#"" 2R T
LRAN R G R R A B Ly
PBV p z B PFEA P E ﬁéﬁ";\j&_
7 RS ﬁﬁ’ 'fgﬁq_ 1/2 9 PBV % B % % pa7ie
ket b F F' ‘f—— o

@ Output_on_demand =+ #7.;% (B 8)#4 {7 i~
~ AND 5 2 fE it h A2 R D B
THRAEE- S éf‘*E—!;,L(rli’)_'riﬂsupport @A & En(n)
gosupport EEARE 0 Pie i m EAR R H PR
P f %4 r 3 hashtable b o B ts iy o

Input:t;: a new incoming transaction in the data
stream DS; ms: minimum support; ts: interval start;
te: interval end

Output : Frequent closed itemset FCI

Let PBV be empty and cp=0 /* PBV : power bit
vector; cp: compression count */

while t; comes

If (i <w+cp*w/2) /* w: window size */
Append(PBV, t;); /* append t; into PBV */
Else /* PBV Full */
for(n=1;n<w;n+=2) /*compress PBV*/
test PBV(bit(n)) and reset bit position
end-for
cp++; /* cp: compression count */
Append(PBV, t)); /* append t; into PBV */
end-while

Output_on_demand(PBV, ms, 15, T.)/*output

the FCI*/
W 6. VIFCI % & ;%

Subroutine Append(PBV, t;)

Input: PBV: powered bit vector; t;
incoming transaction in the data stream DS

Output: PBV;

for each item in PBV do

If (t; < item) set bit
end- for
return PBV

W 7. Append = 425\

a new

Subroutine Output_on_demand(PBV, ms, t,

Te)
Input: PBV: powered bit vector; t.: interval



start; .. interval end
Output: FCI: Frequent closed itemsets
L;={ bitmaps of large 1l-itemset generate by
PBV}
for{k=2;L,1#J;k++} do
Remove those elements in L; which are not
included in any itemset of L
C=bitwise AND Bit(Ly.;) and Bit(L;)
L={c e Ci| bitmap weighted count of ¢ > ms
X(Te-T5) }
If a child n,- of n, such that
support(n;)=support(n,) then
mark n;- an intermediate node;
else
mark n, a closed node;
insert n, into the FCI
end-for
Output = FCI

¥ 8. Output_on_demand + #g;\

5. @5k
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A ié % 2 R £ 4p ¥ E precision % recall %
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F-Measure % precision - recall g & 3
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True frequent itemsets
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[ |©
(>

Frequent itemsets output by algorithm

® 9. Precision 4= Recall

3 LFREPRER T

5% Hi S 1
D] EERETLhoHE 100k~5000k
| SELHFHRE 10, 12,15
l BERARTHBRTHRE 4,5,6
IN] FERY 1000

5.1 &A% 7B il frie bl * A4

Bt @ B AP Y & T10.14.D100K F
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fe recall o J3F & PR IR 5 “ﬂr‘ B
WAL T MRT & w=32768 - H ¢ & 2
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1.0%3] 0.1%- %8 10 * VIFCI & & ;2 endd {7

PF Rt Non compress % > 7RE_F] 5 VIFCI #
FH 4 gp :’1’7@5‘ SRPER AR 11 ¢ AT e
Wigr 2 MB 2 H = VIFCI =it * 4

7MB > iz Non compress i * 7 42 15 MB > %]
% VIFCl # * % 2_+ | &3z ff 48 (32kbit x
1000items=4MB) % 3z 4% Powered Bit \ector
(VIFCI-PBV) 2 /|- 284 5 5 ¥ 97 % iz iy o

t# ¥ 2 ¢ VIFCl 3 % «h #2252 precision
fo recall T a1 « »% 87%U\j RO -1
AR P HEEF D] 0.1%pF > precision
recall *# ] 53. 04%fr 62 14% > 78§ _F] 5 45 % 44
FEP FBEF 14640 Am A 37 A
i 2 ke PBV (16K, 32K, % 64K) %
# & precision = recall g% > § PBV + /|

BoepE o Ty Y FF yane R Ee

precision §= recall » i‘g’ 4v o B 2 VIFCI gt 23
w ”ﬁ P rL B LS o
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% 3. %1 WB + -] e Precision 4= Recall &

Execution time (soccnds)
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