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Frequent Pattern Bayesian Classification for ECG Pattern Diagnosis

Gi Yeong Noh' - Wuon Shik Kim' - Hun Gyu Lee'”
Sang Tae Lee' - Keun Ho Ryu'""

ABSTRACT

Electrocardiogram being the recording of the heart’s electrical activity provides valuable clinical information about heart’s status. Many re-
searches have been pursued for heart disease diagnosis using ECG so far. However, electrocardio-graph uses foreign diagnosis algorithm due
to inaccuracy of diagnosis results for a heart disease. This paper suggests ECG data collection, data preprocessing and heart disease pattern
classification using data mining. This classification technique is the FB(Frequent pattern Bayesian) classifier and is a combination of two data
mining problems, naive bayesian and frequent pattern mining. FB uses Product Approximation construction that uses the discovered frequent
patterns. Therefore, this method overcomes weakness of naive bayesian which makes the assumption of class conditional independence.

7191= : dlolE{OloiY (Data Mining), BI% THEl HiOJX|2t 27 (Frequent Pattern Bayesian Classification), Hl &l 0}0|Y(Frequent
Pattern Mining), HO|XIQt £/ (Bayesian Classification), M™E HE HY(ECG Pattern Diagnosis)
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2 g3

FddolEe AEE D, FE59 JFEFHA)S A F
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(A9 1] #5 A9 £ AAZ (Class support) : DAl A
A% ¢; & EF3E Foly, Holy A DoAY FHx
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count(A, c;)

A. Suj)t-= lDl

=P(A, Ci)

(49 2] #8 A9 AA%(Support) : Hlo]8 HE DolA
A9 ARAEE ZE FY2 ¢ I A, sup, 59 Folth

2 count(A, ¢;)

A. sup= 1Dl

=P(A)

AN IE BEE s g IE #oIXiet 8] 1035

4.2.1 CFP-tree A4 dxn3&
2 g 7 FHdolge tid Y dE gALE
A FP-tree ¢x8l59 &34 e Zoh

@ CFP-tree® 4 =& &
Zh2 AA L 7}

29 71¢E @3 F559
E% §A571 49 ag Holgq

Y2 ANE HLEE F713
@ Egd AYFE RE JUEL FEE FLES 3
3 Fagxe O FEE o] Fridh

(28 5% (28 6) FP-tree® 333 CFP-tree 74
e

Input : (1) training data set D; (2) minimum support min_sup.

Output : CFP-tree corresponding to D and satisfying min_sup.

Method :

(1) Scan D once and collect the set of frequent items F and
their supports.
Sort F in support descending order as L, the list of frequent
items.
If several items have the same support, and their names are
numbers, sort the items in ascending order of their names.

(2) Create the root R of a new CFP-tree and label it as “null”.
Create frequent-item header table with | F'| entries. Set all
head of node-link pointers to null.

(3) for each transaction data d € D do { // Read D the second
time.

(4)  caq = class of transaction data d ;

(5)  Select only frequent items of d into a record P;

(6)  Sort P in the order of L ;

(7  Call insert_tree (P, cs, R) ;

® 3

(2! 5) CFP-tree MM obm1g|

il

Procedure insert_tree (P, ¢, R) {
Let P=[p|P-p], where p is the first element of P, and
P-p is the remaining list.
1) if R has a child N such that N.item_name=p then
2)  N.count=N.count+1;
3) Ncount(c)=Ncount(c)+1,;

4) else {

5 create a new node N ;

6) for all classes ¢ do

7 if ¢c; = ¢ then

8) N.count=1 and N.count{ci)=1;
9 else

10) N.count=0 and N.count(c;)=0;
11 N.item_name = p,

12) N.parent = R ;

// Make node-link of p point to the first item with the
same item_name.
13) N.node-link = H{(p ).head ;
14) H{p)head = N ;
15) }
// Increase by 1 count of item p in frequent-item header
table H.
16) H(p).count = H (p).count +1 ;
17) H{(p).count (ci) = H (p).count(c:) + 1
18) if P-p = ¢ then
19)  Call insert_tree(P-p, ¢, N) recursively.
}

(3 6) insert_tree() Z2A|H
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45 Eo] <FE 3>0] £ddolE Hiolm
29 A%, CPF-tree?] 742 th&3 #h

H2AA =7}

< 3) EdolojH Fgoll Cfgt dele TE o

R-ID| A B C D CLASS INSERT PATTERNS
1 Al | Bl | Cl1 | D1 X (A], C1): X
2 Al [ B2 | Cl | D2 Y (A1, B2, C1): Y
3 A2 B3| C2| D3 X (D3): X
4 Al | B2 | C3 | D3 Y (Al, B2, D3):Y
5 Al | B2 Cl | D3 Y (Al, B2, C1, D3 : Y
HEADER TABLE HEADER TABLE
ltem ID S‘I}:m S?lea:soﬂ Node-Link m Item ID Su‘;m Sﬁln art  Node-Link
L AR AN ol gl
Al 1 (X:I YEU ~ ~“~§ M 2 0(‘1 Y.l} :—: _____
e = R CR E s =
D3l 0 {X:0. Y:0! =~ D3] 0 {X:0, ¥:0]

(a) Inserting pattern
(A1, CD: X

(b) Inserting pattern
(AL, B2, C): Y

HEADER TABLE

Class
item iD Suppon Support  Node-Link

AT Jz' x1¢v1 f—————"’ @

82 X070 | T
(5] LEIRATIE
D3 | 1 | ot vop |

¥

~l

HEADER TABLE

Item Class
ftem 1D Suppont Supicr(

X1, Y:2]
:0, ¥:2
SIA)
01, Y1

9
wfn| ol

HEADER TABLE

ttem Class o
item Supgen Supfn NodeyLink
ALl 4 | kY3 [~
B2 0, ¥:3} -

[ X1, Y2}
03 X:1.Y:2)

0 [w fes

(e) Inserting pattern(Al, B2, C1, D3) : Y
(32 7) CPF-tree 74 of

A HAR FRAAES ‘?_é—ff}-“f wk 1-32Ee 7}
SEE 7|Fo2 UPEAs APk 4% AT L=[A
1:4,B2:3, C1:3, D3:3]e]x <¥ 3>9 INSERT PAT-
TERNSel Eglo]l 49€ dE559 ¢A9 EH2F L9
71&o) we) vehdch <E 3>9 A ﬂdaﬂ AddE FEAF
{(A1, CD:X)}e 292 B34 F == <A1 1X:D,
Cl:1X:1)>E 7IA+& E&l9 A HH 7}112 s
2o i FIES ez WP HSEE 12 9

(¥ D). 7 A48 492 FEJEF, (AL B2, CD:
YiE (29 Db)g Zo)] AlY FE JLEE 1571 AlF)
T B2 Clol i3t A2¢ F =28 AT Fd& AR
o i3 o] FEIFL Y FH2E NMXER Y2 Y
o tig FleEE 77 12 T3k

A WA FEAL (DI Xre FEAA A=ZE A E
A3 D3 A FleE, 2 X i REE %4
Z 12 33 2& ddoz o HAg wxg ¥=
Aol sl 919 dga o] Wk CFP-trees AT
th <E 3>9 FHuolH o Ege AL (™Y N
1 2,

4,2.2 CFP-tree25-E 9] widl s&l wloly
CFP-tree25-E 9] HI% dEiE9 QAL FP-treedt FAl
 BHod EE-AR JHE HEHAT Aol WE
e A Al 74 FYze) g il AHY AALE #A
gk Aotk (2¥ T)e) EYRREEH 8 ¥ €Al 1
4ol dg 29, WA Ege = =91 D3 dal A4
He 4% 49 dolsE (Al B2, Cl: Y : D] [A]L
B2:1(Y: Dlo] €tk o7]4 Cle9| 712EE 10|12 H4A
ALE wE 23laz Ao gtA g sejAz R
ZZAF CFP-treet= <Al:2(Y :2), B2:2(Y :2)>0] =,
Uk sje] Hgoz (Al D3:2(Y:2), B2 D3:2(Y:2),
Al B2 D3:2(Y : 2)}& AT} == Clo ozt =17
g wolAE [Al: 1(X: D], [Al, B2:2(Y:2)]¢] Hx
ZAR CFP-treet <Al :3(X:1, Y:2), B2:2(Y :2)>¢]
Ak w2k g Ad HEe (Al CL:3X L, Y
2), B2 C1:2(Y :2), Al B2 CL:2(Y : 2)}olt}h. 919 &4
W EUstA B2ol 9F Wy #EE {Al B2:3(Y:
3} o (2 8)& W Y gAE g CFP-growth
gag] ol

r
g >)L

[o=

Input : (1) CFP-tree Tree for training data D ;
(2) minimum support min_sup
QOutput : a complete set of frequent patterns F and their class
count F.count;
Method : Call CFP-growth (Tree, null), where null is the initial
frequent suffix.

Procedure CFP-growth(Tree, b)

1) F={all l-itemsets} ;

2) if Tree contains a single path P then {

3) for each combination a of the node in P do {
4) generate pattern p=aUb;

5) sup (p) = minimum support of nodes in a;
6) F=FUp;

7 }

8 }

9) else .

10) for each @ in the header of Tree starting from the least

frequent do {

11) generate pattem a = g U b ;

12) sup (@) = suplay) ;



13) F=FUa,

14) construct a’s conditional pattern base ;
15) construct a’s conditional CFP-tree Trees ;
16) if Tree, = @ then

17 call CFP-growth(Trees, a) ;

18) }

)

(33! 8) CFP-growth() Z=2A|H
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2-itemsets ©]/4¢] Mg HEEo] do] BE YEE9| djA| 5
A FE A l-itemsetS oF3H oA
st
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(34 3] W A" HF F ﬁﬁl(border) BE d9 &
HEE Foboll EAshs 7P 71 35 Age 749

do

£ 93 d" AegozEs v FA BY JHEWNS
ol &3t} dlE Eo 571X %A case, d = {Al, B2,
C1,D3,E2}& ERFdx stdsd, wid Ause g
F& oln 4 dAdA 25 A2 9). B3 (O
g 10091 Foll A HE Aol 747 BE Uehd '

=

=

T
s
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(Al), (B2),(C1),(D3), (E2)
(Al, B2), (Al,C1), (A1,D3), (Al,E2), (B2, Cl),
(B2,E2),(C1,D3),(C1,E2),(D3,E2),
(Al, B2, C1),(A1,D3,E2)

(g 9) dieh mE B F

(B2,E2),(C1,D3),(C1,E2)
(Al,B2,C1),(Al,D3,E2)

(32! 10) case doif CHSt B

4.3.1 PAY 74

57 49 case dol Wi 44 B/ 24 =W, FB= &
E Fd2 ;o g P(A, ¢;)9 PA(Product Approximat-
ion)& FAE7] A8 B W HEEE AL

A9 4] case d7} ZA BY 3 H€ 1o T E gERAIGL
w= TgeTd (e df 94 29 gt 298 1
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@ (A1, B2,Cl), (B2, E2),(Al,D3,E5) —
P(Al1,B2,C1,c,)P(E2|B2,c)P(D3|Al,E2, c;)

® (A1,B2,C1),(B2,E2),(C1,D3) —
P(Al1,B2,C1,c;)P(E2|B2,c)P(D3ICl,c;)

@ (B2,E2),(C1,E5),(Al1,B2,C1),(Al1,D3,E2) —
P(B2,E2,c;)P(C1|E2, c;)P(Al|B2,Cl,c,)
P(D3)Al,E2,¢c;)

9] ol MAY case doll e PAY FAHLE do 3=
& BT ¥FelE BE QUER o|FojZAd PAY T4
9% BY HY 9] Age [24—4 43191 A 71l s
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[ 5] PASl 74& 9% Hd /9 A9 =
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Condition1)
Condition 2)
Condition 3)

| {— covered| = 1
|1, — covered| < |1;— covered |

[ el 2141

A 2AAA £, DA 1,& ek N

Input : The set F of discovered patterns a new instance A
Output : the classification ¢; of A

1) COV = @& // the subset of A already covered

2) NOM = @ // set of patterns in nominator

3) DEN = @& // set of patterns in denominator

4) B={l€F|IcAand BI'EF: V'S Aand I'Cl}

5) for (k=1;COVCA;k++){

6) Ik = selectNext(COV, B) ;

7 NOM = NOM U {l} ;

8) DEN = DEN U {,kNCOV},;

9) COV = COV U

10) }

11) Output that class ¢ with maximal P(A, ) computed as :

P(A,c))=P(c;) TI P(Lc;)! TI P(hc)

1NoM 1€ DEN

(3’ 1) L2 Classify

selectNext(COV, B)

T={/€B:|l-covered | > 1} ;

Return a patterns Ix € T such that for all other pattems [;E T :
a) |l - covered| < |- covered|, or
b) 11k - covered! = | I; - covered | and | Ik > ||

(22 12) HE Met =HES 28t selectNext() Z2AIX
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