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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.

7|19 : HIOIE{0I0I'E (Data Mining), BIW TE HIO|X|ot 2% (Frequent Pattern Bayesian Classification), Hl'% W& 00| (Frequent
Pattern Mining), WO|X|St ¥ ®(Bayesian Classification), AW E W& MY (ECG Pattern Diagnosis)
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Ho, JEFLS £ weln Fage 250Hzo e A A
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HEG A d&o] EAALY 80%F AR|StuE o] A9
A 2 Zy)Ade] Fadtch 3P AU FHZA
AAZI A AFo] e, AAEY ST-segment ele-
vation ®+ depression® = episodeE A ®©cl (28 1)
2 HA% dlolEell A ST-segment, RR 74, QRS complex,
J point 5& F#F Holoh
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o] gate} 2o Fug didE AANE WHozR AHE
FEsch 250 AE2 A% European ST-T djo[E o]~
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AAS HA <E 1>3 o

AHA(American Heart Association)ol A1 ST-segment
9 4IF& wAsn A AdFRERZA 08HzE FHd
A1l o1& wigrom Afe JIAH FE dolEE M

AET IE TEg S5 gig E WOoIRIY % 1033
%9 approximation level 8(A8)2. 2 # 2 %}.
(® 1) B Fuee Tnotg B
ol 2iFt F 28 Al
fs = 250Hz
Level
A7 3H{Hz] 23 3{Hz]
-1 0~60.3 60.3~125
-2 0~30.2 30.2~60.3
-3 0~15.1 151~30.2
-4 0~176 76~152
-5 0~38 38~76
-6 0~19 19~38
-7 0~08 08~19
-8 0~04 04~08
A : Approximation D : Detail

(2l 3) Dyadic Tree #X8| CHMT 0|88 H#
=+ FAgolst s W, ok Fo] Bt
S=D1+D2+D3+D4+D5+D6+D7+D8+AB (1)
S AAE - Fgolet A g o, th&F ol Forh
S’=D1+D2+D3+D4+D5+D6+D7+D8 (2)
A (DA 1A dgez A og approxi mation level

8(A8)] MEE AAT F 4 )3 2] level 1914 level
87bA1 9 detail 1188 A48t HE T

3.2 R-peak ¥ QRS complex d&

A A% R-peak 2 QRS complex A& #A L ¢35ty o]
EFNAE (F)Bionetd HHAA(EHE : CardioCare3000)E ©]
£33t AAAE #xe] AAEE FAsA (29 4% Ze
HA & Esle AutEHojL(heart rate varability : HRV)E
A3
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RR interval NN data - polation &
rejection equence e Re-sampli
R-peak &
R-peak
Detection

ECG
recording

X A

Time Domain Non-linear Frequency
Method Domain HRY
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1
e

Aol AAZL QRS complexE & &3]
ARt ojel, HEH R-peak FolAM HANow
A& ectopic beat® AFAT-7} Folr HAFEIANA 5
AAs = Hol 9 Fagtd), CardloCare.'SOOOi'—}
E B4E ZEafeE o Hy A
A= FEol folA o] A5 F3ld QRS com-
plex® A3 #ES 3 FHYOR ectopic beatE AA
g AEE #HY 71%e] 719 QRS complex A& L2
a¥E Adsst) CardioCare3000 #H]E sampling rate”}
S00Hzol 22 AutgHo| k9] Q& 43y Y8 sam-
pling rate® 2,048Hz% re-sampling3te] 4] algc} o/
Al re-sampling Ho1Z AAHE AZE b QRS com-
plex 4% ¥¢38F(Pan®} Tomkins7} A|¢Het 4, Wavelet
& o] &% W, CIC filterE o]-&% )& & &3t QRS
complex® #&3 9 A& =% QRS complex? R-
peakE AFAEYE0| <X 2>5 7|FoE FAgoz A
g 7 Jd==E ok

(E 2) RR 742 ARA HE CfA

B394

RR 7t7o] 1 019]—4 44 RR 23l ulste] 08) ol AL}
12492 z9e 4

2| RR 4ol 150ms ©lwho] AL 5000msE 234 2%

fusion, idio-ventricular, faced fusion, dual paced, atrial paced,
ventricular paced beat

AYHA beatet 2 %7 H beats(4A 371 beats)E
e 79 o] AAZ A normal R-peak 24 256 WEL
23NN data sequence). T3¢ 99 NS A
E Y A7 1AL 2 re-sampling #FoloF dt=d), 08
#18l Cubic-Spline Interpolationg 8te 4Hz& re-sampling
1, DCo AFut HEE AAS] 98 AFARE A
A 3, 7 ¥ FFT9 Burg AR(AutoreRressive) model S
ol &3t Fuhg oA At LE B,

33 ST-segment &8 HE F&
Adze dAxe 34 3 AAE QRS complexd ¢ o]

23 HES %%E}Cﬁ 7&35‘ T A28E A9 38 3
e} el ST-Al29 54 WElE :&3h QRS com-
plex¥ 5~30Hz9] —rif—} v‘f—% Zt7) w{el sflo]ER &
A& o83t 5~30Hz& FE319, Hiele AL By
o A FHA FudEL HEstd A QRSE
A&EH QRS complex 2% ¥ R-peak® 7#&3to ST-
M2HESY A9l ] pointy RR7VA©] 600msEul 2
B4-€ ] point =R +60ms, & 7%+ ] point =R +40ms
2 Aoght}, Ed ST60 STR0S SAHHE A3 dE
g, RRZHA¢] 600ms Hrh AW STE0S R+120msZ 8l
ST802 R +140ms& AH&3he uwbdel, 600ms 2u} 2ow
ST602 R+100ms® 3l ST80L R+ 120msE AR&3hc),
ST-segment?] slope} area® FZ3le] EAWEZ ALE
ato], Abd & dxnElFe d¥& Ad 4 Hy g
g A slEed o) ojabal @k ST8NSTH0)o] 0.085.
o &3 slope 65°¢]¢ol ALY STSHSTE0)®] 0.08 oAl
A ol A, a¥A g A$ Adew g wg
AAE AEe HEg BHE 3oz EYAHE 71X
52 74

D =1], ST80, Slope, Areal, D=1 ], Slope, STS0],
D3=[Slope, Area, STS01

4 AHE e ERE Y8 FB ER

AAE dAE AR ST-segment 4 WEHE 9 g
2R/ E BEE7] 8 dolHulolde BE 7y
< Hgsir},

oA oR hE BE B 7Y ulushy oAt B
e A4 LFEE et B3 Hojx¢ BEFAE w9
Z o|&& 27 ¢ UE £77|9 g o2 ZAE A
Tae Wil f83lth dE B9 54 4 sleA ge
Aol T A G curve-fitting) L EEo] o] ¥
o]A¢t BF7I9k Ze] Hdl Al-(maximum posteriori) 7Hd
& ATHGE Ag 2ded oy 292 27 5%‘”
olgte 7H4d @ R4 718 HE dolEe ¥
o7 st ARyt P FHAAE Gk A= 1:}]-,-

HolHES 45 Alolos F&4] £A8ch wey o
ofe] £4E Atold FHAE @ WolxN¢ BV

H(Es g FEH3)E o8
= dolr Hjo]x|<t

o) A BARFEDL 44 A @ shiel (FD)e

oz 2
o W
)
LN
o
Y
[o]

41 glek ©jHE 0|85t ool x| ot ER(Frequent Bayesian)
FB(Frequent Bayesian)= 2+ 44859 wluslk qloe] 7
ol 7HE Y IAFE AHE3le] AN approximation)at
= 2122 NB(Naive Bayesian)?] ##ojt} FBE o]&3t
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P2 o QP AAEE 7HNE ZE WL A4
E9 AFE 3% I (A&HYU WL HY gAE
938 FP-growth W& 33t o &3ch)
@ EF9A  Fd2 o] fle £4-39] ¥ A={(q,,
ay -, a,)eE BE Plc,| Al HUd Fd = ¢,
g 3¢, € C={cy, 0, ", Cp}, 1 < i< m).

88 P(c;| A)& M2 tE approximationEg AH§3t
Aoz A% £ dd12]. & approximation® £4E
d dig Mz g 24 5Y 1EE JYedt 48
P(a,a;a3a,c;)S 8 F
¥ Pla,a,c;))P(a, | ayc))Pla, ] aja,c;) o2 ALH
o o] W, T &L “Product Approximation”o|#+i Fc}.
o714 A Product Approximation® A¥-& &5 BA)
A Add W dAeEsg Ad9sis A3 FF8Th Pro-
duct Approximation?] A& 3 eS| M9 Mg
the-9] 3714 g o]t

P(a,a,c;)P(asa, | ac;)

O A" g HHse oyt st 18 HEE “fre-
quent pattern” ‘frequent itemset”°)8tal K-t}

@ Vs B Y JeyEo] AR oo} o)

@ Zzte] e shsd 1 HHES Hgdirt

w
T+=

gkeF FB7} product approximationg A €37l $8] 1-3
2o JeEay FAEChE, 13 NBY #rh

42 wigh gjE gALE 8 CFP-growth

FBo EFedAdAE i Ad JFE9 HAHE 94
24 A A7E FP-growth ¢igEs Fdl& e E¥
g m#sly} 984 CFP(Class Frequent Pattern)-growth
2 g

Fddelge S D, FREY FREHE)E A &
o g2 o s FYx E}%"]a} gl

(A9 1] ¥ Al Fd2 ARAX (Class support) : Dol A

A% ¢/ & ZEHE Folvl, dole A DelMel Fax
o 3 W A9 Falx AN E(Sup)E ST 2o
count(A, c;)
A. sup,-=——’-b|———- =P(A, ¢;) n

(49 2] Hd A9 A % (Support) : dlelE] 3§ DellA
A9l AAEE RE FH2 o g A sup,EY Folth

Dcount(A, c;)

DI =P(A) n

A. sup=

AXME IS DEE 9(T Bl IE HOoRIe 2% 1035

4.2.1 CFP-tree A4 41
22 Fde 713 FAdolgd g ¥l Y gAE
9% FP-tree ¥28|59 4L g 20

@ CFP-treex 7} =C 8EE9 F1LE 317 559
ZY2 AAL FLEZ FA57] A8 sy Hol &
g2 A= FAEEE FIHEH

@ Egd AYse 2E AHEL FEEY 12 EY 3
3 F¥zo] Ui JILE o] FUHET

(19 59 (18 6)& FP-treeE ##43 CFP-tree 74
dagFeltt,

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 1 F| entries. Set all
head of node-link pointers to nuil.

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

(4) cq = class of transaction data d ;

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

(6)  Sort P in the order of L,

(7Y Call insert_tree (P, cq, R) ;

® )

(12! 5) CFP-tree MM ¢2|E

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)=N.count(c}+1,;

4) else {

5) create a new node N

6) for all classes ¢ do

7 if ¢ = ¢ then

8 N.count =1 and N.count(ci)=1

N.count =0 and N.count(c)=0;
N.item_name = p,;
12) Nparent = R ;

// Make node-link of p point to the first item with the
same item_name.
13) N.node-link = H (p ).head
14) Hiplhead = N ;
15) }
// Increase by 1 count of item p in frequent-item header

table H.
16) H (p).count = H (pl.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.
}

)
)
9) else
)
)

(213 6) insert_tree() T2A|X
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A& Eo1 <E 3>o] FAUolE FFPolm F2AAEI}
29 2%, CPF-treed} 742 tg3 gt

(E 3) SHH0lE Zgtoll cist Aelg WE of
RID] A | B | C | D | CLASS

INSERT PATTERNS

1 Al [Bl|Cl| Dl X (AL, CD : X

2 | Al { B2 Cl| D2 Y (A1, B2, CD)' Y
3 |A2 | B3| C2| D3 X (D3) : X

4 | Al | B2 | C3| D3 Y (A1, B2, D3): Y
5 | Al | B2|Cl|D3 Y (Al, B2 CL, D3) 'Y

HEADER TABLE HEADER TABLE

hem sCIm Item Sclm
tem ID Support Support Node-Link ltern 1D Support Support Node-Link
\ KA) T

al 1 [oayal -1 at] 2 T oyl -F- m
82| 0 | (xo.v0 \5 B2 t | peo Y] —F-~-—pfoor
il 1 vl - cil2 [t yn]
o3l o | goval ™~ o3 o[ o vol
o “

(a) Inserting pattern
(AL, Cl) : X

(b) Inserting pattern
(A1, B2, C1) ' Y

HEADER TABLE

Class
Item iD suppoﬂ Support

Al 2 (X1, Y1

82 1 [X:C, Y1
C1 2 X1, Y1
D3 1 X1, Y.0)

HEADER TABLE

ftom Class
ltem ID Support Support  Node-Link
b @ @D
Al LY = ”

ol
S
no o mafes]

A

=] <
/{1
7
é
7

HEADER TABLE

lleE Sup%ﬂ Supwﬂ NodiLlnk

A1 {X:1.Y:3) r~

82 3 x0.¥3) | —
c1| 3 | xivy [ ~
D3 ot vy | -

w

(e} Inserting pattem(Al, B2, C1, D3) : Y
(38 7) CPF-tree 744 0o

A AR HAAAEE HEEs g 1-3E58 9}
TEE 71Fo2 UdAe A8y 2% "Age L=[A
1:4,B2:3,C1:3 D3:3lelx <3 3>¢ INSERT PAT-
TERNSe| Eglo] A2 IEEY ¢A9 ZFd28 LY
710 et L%EME} <E 3> A HA A9E dEHF
(a1, CD :X}e 278& B84 F = <Al IX: D),
Cl:1X:1)>8 7}x1f Eg9 3 A5 7S AAE T
& g FHeES} FH o g JNSEES 12 gy

(" D). F 9A A4YE F=43%, (Al B2, CD:
Yie (¥ Db 2ol AlY FE FILEE 1271 A7)
B2, Clell A 2& F =28 4AF 22 A
Lo dig] o] FEAFL Y FY2E sRnZ FPA Y
o ¥ JLEE 747 12 gt

A A FEAE {(D3): X} FEAM PJ2E X E
AAsta D3O e AL E, FY2 Xol dE FHLES 7}
Z 12 #9dn 22 Paez o WAg v g
Al s A9 W o] ¥l CFP-treeE A3
th <E 3>9 FHolE oF EY FAHL (2Y D
7 2}

4.2.2 CFP-tree25El9 W HEl njo)y]
CFP-tree2 -6 ¢] QI &gl AL FP-tree®t $-A}
& WHoR PE-HE UG HESA T zolHPe wlit
A A Al ZF Zefzo] g wid el AAEE §7
ok Aotk (1Y Ne) EFZFE ®d Ay g4 1
A dE 59, U4 Ede gX xxel D30 e A4
He 2A% 99 deolaE [AL B2 Cl:1L(Y: D] [AL
B2: 1Y : Dle] €t} o714 Cl9] F1LEE 1o]1 HAA
& o5 Z3uz AtAdoh WA e o] Az E
2% CFP-treet <A1:2(Y:2), B2:2(Y : 2)>0] v,
Wik e FJgoz {Al D3:2(Y:2), B2 D3:2(Y:2),
Al B2 D3:2(Y : 2)}& A4 ¥} »= Cld dig z=d%
He do]2e [Al: X : D], [Al, B2:2(Y:2)]¢] Hz
275 CFP-treet <A1:3(X:1, Y:2), B2:2(Y : 2)>9]
ot wabd AdEE wd dEe {Al C1:3X 1, Y
2), B2 C1:2(Y :2), Al B2 C1:2(Y : 2)}o|th. 19 BA
W FUsiA B2ol 93 Wi e {Al B2:3(Y:
3} Aok (2% 8) wlw Hd BAE 93 CFP-growth
e ot

Input : (1) CFP-tree Tree for training data D ;
(2) minimum support min_sup
Output : 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(7Tree, b)
1) F={dl 1-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=a Ub;

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 = ¢, U b

—
(3]

) sup (@) = supla) ;




13) F=FUa,
14) construct a@’s conditional pattern base ;
15) construct g’s conditional CFP-tree Tree, ;
16) if Tree. # @ then
17) call CFP-growth(Tree,, a) ;

18) }

)

(12! 8) CFP-growth() Z2A|X

43 dlgh mi=of o8t 2F CHA

4204 Aty RE 92 el FAF FolA £4F AL
olo} $8% AREZ 7 HE(ong itemsets)EY HEE}
o 2L case dB BF I o] uf Mol il g5
AFEL case d9 F-& HHOtHP FY I-itemsetse ¥l
S AY E wigex) & FdEHFel|n dusid gArE
2-itemsets ©]4Fel W B Eo] do) BE FEE| wjxH
2 & 7S l-itemsetZ o] &3t o]R& Naive Bayesst
FYsith).

(A9 3] ¥ e A Fo} AA(border), B do} #& o
HEZ Fodol EAjake 718 2 35 Jdes 744 R
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(B2,E?2),(C1,D3),(C1, E2),(D3,E2),
(Al1,B2,Cl), (Al1,D3,E2)

(08 9) vk mE FgtF

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

(2% 10) case dofl CiEt B

4.3.1 PAS] 74

BF diael case dol WiE A B7 24=HY, FB= 2
E 22 ;o dE P(A, ¢;)9 PA(Product Approximat-
ion)E FAs7] A8 B HlE A¥ES AHET
[B9] 4] case d7} ZA Be & #H€ (9] 2E FEJ4¥S

% E33vhE 12 dd 99 ¥ d@un ZYn /e
coverede} il gt [ ]

PAE [A9] 4]0 28} case dol EFHAE BQ] RrE
Hel e HEL Fole AR FAHL &

r-{m
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H

ST DHE mrEg IS BiE IiE HoIXIe % 1037

4 1009 AA HHEEL °|838d case, d={Al, B2,Cl,
D3, E2)9 i3 5% PAE F4%= Y d& JE
A

@ (Al1,B2,Cl1),(A1,D3,E2) —
P(Al1,B2,Cl,c)P(D3,E2|Al, c))

®@ (Al,B2,C1),(B2,E2),(Al, D3, E5) —
P(AL,B2,C1,c)P(E2|B2,c,)P(D3|Al,E2, ;)

® (A1,B2,C1),(B2,E2),(C1,D3) —
P(Al,B2,Cl,c))P(E2|B2,c,)P(D3|Cl,c;)

@ (B2,E2),(C1,E5),(A1,B2,C1),(Al1,D3,E2) —
P(B2,E2,c)P(C1|E2, c;)P(Al|B2,Cl,c;)
P(D3|Al,E2,c;)

A9 AAMA Y case doll tiF PAY T2 d9 FEE
& BEF sl 2 dYEHER o|FoA PAY FAHE
213 Bl 9" 9] A9 [He] 43]9 A 71l o8 A
gt PA A4S ol 43 BF wWilo W3 LuFe
(g 1olz #" Mg 2Ad didt T2AAE (19
12)0) JERASAT

|
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(4 5] PASl 74& A% HY 19 d9 23

Condition 1) | I— covered| = 1
Condition2) [1,— covered| < |1;— covered |
Condition 3) Pl =11

fel 274 1, A [, & AP ]

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

1) COV = @ // the subset of A already covered
2) NOM = @ // set of pattems in nominator

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

4) B={leFlicAand 3'EF:I'cAand I'C !}
5) for (k=1;,COVCA;k++){

6) Ik = selectNext(COV, B) ;

7 NOM = NOM U {k};

8) DEN = DEN U {ikNCOV} ;

9) COV = COV U k;

100 1}

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

P(A,c)=P(c;) TI P(Lec))] TI Plhc)
le NOM e DEN

(2 1) ¥12|& Classify

selectNext(COV, B)

T={l€B:|l-covered| = 1} ;

Return a patterns /¢ € T such that for all other patterns ;€ T :
a) | lx-covered| < |I;- covered|, or
b) |k~ covered| = |1;~covered | and |Ix| > |1;]

(T8 12) W8 Med =2 2/8 selectNext() Z2A|X
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