FREATHELRE ¢ MP TP E YA

AEACTW Az 2H2 AN EAREZ Y
FE=%ELGFEHR)

E R LR
% ¥ %L NSC 95-2221-E-216-041-

7= & 2 95#08”" 01px96+07" 3¢
7 H = P EFALRTAR

ERE SRR . °

g AL IR A e s

SRR RRAEA D BIRE 0 B B
VRPEAR CETE s BT



FREATPELR R R EF L7 &

FEAC TR k2 2 B RErRE

TEee E BUAYE o EEARE
234 %E  NSC  95-2221-E-216 -041
HEYPW 95 & 8 * 1 pi 96 & 7 »

PHABL A
B T G- o PN - BN 4
SE T TR BE 3 S Y

S EFEFA(RLT T ERTHR) wF fRE

AN R ST RER 2

DAL L Y e FREL -

DAL S R RO LAY c@FEL -

NR BRI R WA F ALK b B
ORI & TR 2R LRE T - &

o

@ﬂ%f'fﬁ%tﬁpr%~ﬁ4a#ﬁ%a

AEFE R T

NN
&~
—_
-

@
OWE2 B H S EMAE 0- £ £ (S

PooE X K 9% =& 10 * 30 ¢

| EREE1
off ¢ RS

mgﬁ

31

O
ik

T
i

g



FRERRPEL § PP S S R
FEACTH L2 E 2 E N TRrki 2 B
The construction of a smart electrocardiogram system and its application
in clinical environment

3 %E D NSC  95-2221-E-216 -041
REWT:05#87 10196577 31p

BRI B A P EAFISTRE
i": P\':';'_%‘t* A :?‘J’I‘#Qj—z ;‘-‘fl::r" % 2 “z%?ﬂ_§ SR
LRifFA e B ¢ BEAFE MRS )

ERAEA T B B EEREFEY coRF
PEEEAR BT (REAE TRIEHIAS L) R T (2
g FRias k)

_\\:‘é;jrﬁ_t m,bﬁ_‘@;}%%ﬁ,}\, Z;H;Z?}Z)J”"

2k E }~ NN EL, g‘] ;ﬂb %fu#??"é\ _)f,fr K o
A AR B Y S BN BN A AR
CEE L RN E R S et S IR A
LAl g 5_&_';,";“ 'ug’,%‘%%&uﬁ—ﬁ"/}

WTERAFET R 12 420 T B
F“}'E—"’E’/"\’HJ B2y RS
FE o R A S A

B*BAp EAFaOE AT &R
&i&ﬁalﬂﬁ‘éﬂ%@ﬁ%§
gz FQ‘%%%F% T 3 B
EhpE L R CTE AR
FRHEF e N TRERE
R TR I A LN ;‘gg} EENH 2
W if (gateway) 5 &« T &k ~ TR E P
JR B % %5 B F Wk s (Hospital
Information System, HIS) % 8 ~ » T+
*{ 7 ECG 352 $75~ ~ECG % 42 3
“ECG 7 # ™2 ECG ELA 47
FHwn o RERAERY CEERAR
24 BT RRGE o0 N ki gh
FH e AR ETS MO T EIR
o A g FEFRIRGT LT
A e LA S
YR A 2T R R

) R F SIS

45 ]
U

e f;——')g g""/\l/

B Eos TR RS T
B ERERLRDETN AR 2 -
‘202 PHP 2 Matlab B 4 che 3 Bl 50
i By s T e B R L R e
AR I AR R
FBp s chs TR 4 HcBE B 1 KB
2P CRBT AL LA - Bl
# % (Acute Myocardial Infarction) ~
& 49 g (Hyperkalemia) & .« & & 45 <
150 7T o drd 2 % R e Thde
BErpEARFAREZ RH NS T B
FPHQRSAE TR -7 %% 5:(1)
R 4 ¢ Sensitivity T 35 35 99% >
Specificity 5 99.9% ; (2) Q Bhgr J 2t
Sensitivity T35 % 97% » Specificity =
99.9% ; (3) T & = Sensitivity T 355
95% - Specificity = 99.9% ; (4) P 0
Sensitivity ¥ 32 % 92.5% - Specificity



% 99.9%: 4t 7t A57 5 11 JAVA %3 B
# 5p A & % g (Neural network) -
K-means £2*£ & ;% 5 ¥ % #-4](Hidden
Markov model) % = & 425 » iT5 A %k

TALE e 2 1 B AR o

MR T B~ o T BN
BEB « ) gk & A4~ BEAC) A
B 49 ST Pk QRS -
Tk ~ A S g~ K-means » & 3t

57 4 403

Abstract
Based on the portable ECG
developed domestically, along with

cooperation of Wei Gong Memorial
Hospital and Cheng Hsin General
Hospital, we developed an ECG system
which is built on a module architecture,
with the ECG Management and Analysis
Unit as its primary core, combined with
web-based gateways, portable
electrocardiogram, ECG database server
and Hospital Information System (HIS),
to collect ECG signals, manage the ECG
database, and analyze ECG signals and
provide web-based interfaces to suit

clinical  applications, health  care
applications, and medical research
purposes.

To facilitate the acquiring of raw
ECG data for research work and to
promote the use of open ECG file format,
we design a web-based ECG acquisition
and analysis system in this study. The
system has two major components: one
is the hardware part, which includes a

personal computer and a data acquisition
device; the other is the software part,
which includes a web-based data
acquisition  interface, a relational
database for storing ECG’s, a web-based
management interface and a set of tools
developed in PHP and MatLab for
format transform, data analysis, and
graphic representation of ECG records.
The collected data then can be analyzed
using the programs in the Matlab-based
toolbox to search for parameters which
are ECG related characteristics for
various heart diseases.

In this research, we used wavelet
transform to extract ECG characteristic
parameters for various kinds of cardiac
diseases, including Acute Myocardial
Infarction ~ Hyperkalemia ~ Normal and
heart rate more than 150 per second.
Wavelet coefficients at different scales
and a new algorithm were used to find
the locations and durations of P wave -
QRS complex and T wave. The results
are as follows: (1)the average Sensitivity
of R wave is 99%, the Specificity is
99.9%; (2) the average Sensitivity of Q
and J wave is 97%, Specificity is 99.9%;
(3) the average Sensitivity of T wave is
95%, Specificity is 99.9%; (4) the
average Sensitivity of P wave is 92.5%,
Specificity is 99.9%. In addition, three
data mining tools, Neural network,
K-means and Hidden Markov model,
were developed in JAVA programming
language.

Keywords: Electrocardiogram, ECG



format, Signal acquisition, Wavelet
packet analysis , Discrete wavelet
transform, Hyperkalemia, Acute
myocardial infarction, P wave, QRS
complex, T wave, Neural network,
K-means, Hidden Markov model

= ~%d BP

TE kA N EHREEE FTAYL 2
“’AW*%?%%%ﬁﬁﬂﬁ%ﬁ
W F@GEESFLARY LA
RESTRLAFRELEL p AR
?ﬂ’i%‘:%%ﬁ»__/ﬁ EH A B eh
%21 B2 — Pﬁf‘*i%ﬂ%’ii#ﬁ
Pes BETF S %ﬂéﬁia\ﬁ# A2 Fape
R R AAFEFY
PER- TR BRI 2FAG
ERREEFAL L LS FRERH
LN RS R R L T IR
%%4ﬁ£%4ﬁ%ﬁ1g,@§§
Ko A hpeR * HEE B* §EA
rﬁ%iﬂﬁ%éﬁmgnoy_-%*,
BT 2 Behp LR R AR A7)
:’%%ﬁ%ﬁJW@ﬁ7gv,

PEF

q

L ARs Biis A

L o

ﬂ\ﬂjmmwt
oy ﬁam

bl

=i _\\‘:

By o APRET RS T

%ﬁﬁﬂiﬁﬁ’?%%§%‘§ﬁ
?Fﬁoi%@g’ma TP & 175 ¥ ECG
AGHFFRFI gt TREF
RS E T g 0 5 d TN
% 2 Ff g (Qateway) £ %5)%‘ ER e
W RBEG S AR TR R

e E TP R
1. 7EHBECGMEERPEEEL
PN ]I%)jj: 41 ""]Iia ﬁﬁ":%@]ﬁud
2 F3L o

2. IV j-\Iﬁ i ,

4. &d

w2 “"\LHF'
'Elﬁféﬁxaﬂﬁ@gh
M B2 ECG BT o

3.2?Lu%ﬁﬁmﬁ%%””LJ%N

ECG FHE PIRE o bk ijphx
*:“?5:}%”":‘% KBz th o B R B 4
g%Am<%§%aJ%§%§
WA SE R RRIT 0 /A F R
FRA e apn F L2 1

yi%ﬁ%ﬁ
FTHEZEFFR IR 3

FFe 2 A RARRM 2 A RS
o HELUC TR s Fln
m%ﬁ)% AR %sgmi 2 fo

WL mhiG o FEER v

pAok ARG 2 TERR >
SRR I U <R - A S
ECG &Rl B2 5 i o

RIEAE N - I o R L
(Neural network) > K-mean > %

Z_F g o

o1
R

/] & #7 (wavelet analysis) % =
* 0 B ECG U ELA $7425% » ¥
+1 ECG 3 5L e < R i ik
2 g e

6. T FHE2Z ECC iy > K29
}i){% R AT 18 0 HApL R
PR TR SR L T

B

PP N0 BB A T A
2 AR L TE e N RRITRE
2o F LA $7 % 3L (ECG Database
and Analysis System, ECGDAS) & % <
2 TR LA KE
PEpA TR Bl THER



REFF DR GE & F

Ed EEN A RiEe R BIRNE
#oF e AT Ha o

Bl L% 50§ B A 47 4

%1

(=) =~ R

_#ﬂﬂﬁ&QJKz(
B P ZRPIE AT 2B

XrTR i%ﬁbbﬁilﬂﬁjﬁgf 12 42
S T T D - |
(BEST-B728A25A-12C, B 2)z &= =
4o ®] 3 4T o

T 12 EApo TR
PR R AT R 2 &p_hg X
R GUELREB A B K LR Sl
iz it g2 o T Bl#kdpi5d RS232 4
CRRCECEE R T INE

A7)

a@ﬁi?
ELUE SN

Bl 212 Az § im0y

Input

A Instrument Amp
}

B High Pass Filter
}

C 60Hz Notch
l

D Low Pass Filter
}

E Isolation Amp
}

F Amplifier

DAQ éystem

B3R AP AL 2 mad A iz
(=) “TRFHE

R & ket Apache ~ PHP -
MySQL B 4 » 4% = K s %45 1 ¥ -
R 5 MySQL FALE & 4% P & %
1% = & 1 Apache &2 PHP %k stz
RIS Xt
FY oo LRSS
BT FZE SR FHTR G
(1 4)

SCRE S X R



- First-tier
MySQL[«—s | File Database
Database DIFEe Server

System
Second-tier
Web and

Matlab Analysis | ¢— -ti
Apache
+PHP Application
XMLecgML
SVG, PNG * > DICOM, PACS Server

Third-tier

Upload End-user

Clinical data Web Browser End-user Client

B4 = FHE2cTRTHFE
() ~ TR

RET T A AT BAR B R ke AS 2 o
@ Bl 5% > 2 PHP 2 Matlab B % iz at
Rz gk 2t cTRFTHET
o iR TR 2 PR R R S
ASCII ~ XML ~ SVG ~ ecgML ~ PNG 4~
DICOM % #:.5¢ -

dos T EE BT T
(¢ 422 F ] 3% & i) L 1Y
ASCIl # s 5 = F 4% ¥ 11 HLY
DTSR N IS o
FDA XML % ecgML # 3% o %+ 55
KEMECLRBIFAZ RZR A B
w g R E BN S A N A
AT TR A 2 R 12 HAR e R
B4+ oe 2 BAREH* 1 XML & A #_
- ARk tET SVGHE o
LESVG AN L HTETY B R
STREEEZPF P T AL L2
iR ™ o s BNz pF o BRE SU ]
R * PNG & DICOM = ##:. 3¢ o
PNG #% % 12 CSIRO #7183 ¢ SVG 1
LA 0 ERESVG R EEME L -
T PNG Blfhe t R332 3L F
v MatlLab 47 ;% 7% £ & %
DICOM #; % -

oo

(2) = RAHA

LAl TR A2 B iz T
FAcH 5 1T o & AT T B
FoOR Rl e St oo LBy
Bk o d R A BT
P B D PR T TR

B2 EP > vd Rz T i=Fs
Fd HIZLPBNE 2 Bk

QRS

PR Segment

—

ST Segment

N i U
J Point
E ST Interval —«
PR Interval i QRS Interval
~—— QT Interval —

B 5 <R 2 o LR

“ERALEES S Rk

N\

:”— %é—% Z')E v Jr J /ﬁ»ﬁ%ﬁ'/f j\ {I"'
T RSP QRS Tk » 3
}24:‘—7\’7[} +Lpﬁ,pq 'ﬁ‘."*\fﬂ; < %7 KF]»—Q

T o I EORFEB e AT Y
JAVA F %5 B3 54 55 g5 (Neural
network) » K-means £ *£ g ;¢ 5 ¥ % §ic
4] (Hidden Markov model) % = % fz
FoTLARETREL 2 2 LR .

Z - EREHE

(-) #ENA ST AEHEE G
ST RPFTA G RRETE SN%
doR FEENE e P LR
ﬁaA%&:—;dﬁméﬁﬁﬂﬁ’
— L TR R oo 4o 6 T
TR ELR TR SR L FAE
1 % %45 (Patient ID) ~ Vi -k 5L AG



(Accession number) ~ 3 ELFEE-E B
P~ 4F 5 (sampling rate) 2 &2 s fh % &

¥ o TR s TG B R
FEE- M 12 B8 Az B

i - A BET ARG L o

B6 #F oA 0
(=) “TMFHL
AFFEZZCTRITRE M
W F R E F kR (relational
database management system) » # & Ti&
(schema)d 7 i % 12 = = (R 7) o R
BFfEECT AL 72 FE kb
(ECG Database and Analy5|s System,
ECGDAS)gd ®#F 8 id g2 H %
*i5E T ACR 8 4T o

‘‘‘‘‘‘‘

e © ovzenc

® 8 ECGDAS 2. 7 7

im?@?%&% B3 12 47
TRMABRZFTAN L FRBK
Phkp Ay R ik T Flop b2 v H
o i HcEF > AT %
WHEAZE 8 F B 12 Eoape
T RS e TR S XML -
SVG -~ PNG {- DICOM % if ** 2 4% 2.
B\ TG R RERS
ﬁz_ef'uwwsr&e'rwﬁw o
Mgl TR F Rz FR TR
& %i(Hospital information system, HIS)
BE o gd FERRE AR
7 ¥ A (Normal) 2w ff < %8 s &
%2 ECG FHE : &t il
(Acute myocardial infarction, AMI) ~ 3
w 47 ¢ (Hyperkalemia) ~ K x 49 ¢
(Hypokalemia)ﬂ RS Eﬁ% (Atrial

¢

%

~m

(]

T — 1 Fibrillation, Af) - ENLRE Y LR R
2200 M1 n [T X
o =" m== L@@ﬁi&%n BRI
eg(7) =~ annotation dat
= e %1 % fh R o B Y ECG R
mr-m kA vz 4 e
= 7 ECG % #&
Normal 12
AMI 44
= Hyperkalemia 40
M7« TRERLL S Hypokalemia 50
Af 19




j\w?ﬂ?‘%}:ﬂﬁﬁ?ﬁiﬁé‘“
rrerns § B PRAR 1%[94?;?-}%?5
4 BRI R BB AR e mﬂ
%R%fu)?@/@ ek o AR (TF L4
24w ?%Rﬁ’w%mlﬁwaﬁ
(Holter ECG) ~ i&d <« T W > kL E AR
Bfewd W¥ -

(2) “T RIS HE

Bl 9 #7775 B E AT L 1S
#1182 FDA XML < i » H Rdopm+
*—dp e TR R A o B 10 #1om
A& F1* AMPS LLC website #2~ ¥ 2
FDA_XML viewer #7{8 F|2_ % % » iz &2

Tkt FErery B enl12 fiee T WG

S¥G Viewes download site:

Bl 9 7 fTE LMz FDA_XML
@ i R4

L { R | . | A A |
H IR R e

® 10 FDA_XML viewer #77 2_ 12 ¥ 4%
< LW

0 A R TRA 7 FFoor g K el
YR EETHE AR HFRTR
% ¥t(Hospital information system, HIS)

R AT E 1R 4R
FDA XML } % 2 SVG 3= % i » &

PR

BEAR 1L rT o S E—HKRF
AR ZApFEE R
SVG # g2~ T B ¥ £ # 5 B ifp
F 2. PNG 2 DICOM # 3¢ o

k=

ECG #3% --Wei gong ER ECG Viewer-- SVG Viewer download site:

Bl 11 SVG <~ & iiﬁ]ﬁ‘? ¢ 12 Adobe
SVG viewer 3.0 plug-in #7% 2. 12 # 4%
=T

(2) < &ML AT
SR Bl Az B j\EH;Z



# - 7@%?‘7’;?;9 &) g2 j\ﬁ
[ a.ﬂmP QRS A& T o
FER B AFEIRF2ZE
WERA R TR EE F IR
2. % AT R (sensitivity) & & - &
(specificity) » H 3w & % 2213436 0 3
FRAEL > A2 2 o 23T REF
Wi > AT 1 JAVA F5 BB
# & 4 B5 (Neural network) » K-means &

A8 7 & fi-d] (Hidden Markov
model) % = 4258 (£ 4 A %k FAEW

221 Ef5N o p = BARNZ A fRUR

FACAIE L 2 K2 M2 AT o
P E AR

AT Y 5 AR A

1. #&z2- Bd g A EE &
BAR oA eL2 27 N
TAMELREE L4 4T kAL o P e Y
PHP 2 MatLab B % 2« % B 7
) A B N A (R
(ECGDAS) » ¥ i 5 Tok ¥ F7 5 7
el B W VBT AR
EECTRFMNZ A EE L4 o

2. gd E”«ﬁ‘%l‘%a@lf Bif 2
ZERF AT REAZE 8 F B
M R 12 EAres T RlE B o
%Pf'iﬁfl’m7 %51%*\’%,, ko
2L L 5d PEEH"/EE;ZM@ » A
TEZT Y AR m;f@us%ﬁ;f;;f};ﬁ
BE2 ECCTHE H? ¢ ek
Moo R G s B om A E ~ M 49
EE S S FERE o

3. ;ﬁﬂ 12 PHP & Matlab B 2 2_ < 7
Blfes @i 20 cERF
%?uéﬁﬁéiﬁ@mﬁﬁﬁ
= ASCII ~ XML ~ SVG -~ ecgML -~

PNG 4= DICOM % 5% - —= 4
FHHCTRERBET S22
o ¥ —3 5 T EC TR
ST 18 2 e B A 12 AR T
BlERTLIg* el AREre
EERE -

4. %ﬁ“é PR Rk il BH
piTEgag s k2w e TR
PR ~QRSAE TR - A7
fﬁ&ﬁ R SRR - RN~
IR AT PRV T gk S
B - ]:%_ » 2% L (1) R geh
Sensitivity T 35 % 99% > Specificity
= 999% 5 (2) Q ¥ J B
Sensitivity T 35 % 97%> Specificity
% 99.9% ; (3) T = Sensitivity
T 35 5 95% - Specificity 3
99.9% ; (4) P ;& &0 Sensitivity T 35
% 92.5% - Specificity = 99.9% -

5. MAGF T AT hF R KR &
AP MWBWM%?ﬁE’ﬁ
AEOFRRRLEE S F
FE P % ik 7 B Lo BB A
7w E 2. ECG # e $-#c i Bl 42
P E TR F R RBL TR Y o

6. #7311 JAVA F7 BREsd g
e i (Neural network) » K-means £
O 58 8 W 4§ 4] (Hidden
Markov model) % = 24238 » #-i%

P ARFTRFES L2 1B
;\40

4

CHE

Akay M. Wavelets in biomedical
engineering. Ann Biomed Eng. 1995
Sep-Oct; 23(5):531-542.



Analyzing Medical Parameters for
Solutions, AMPS LLC., 2005. website:
http://www.amps-llc.com/

Baxt WG, Shofer FS, Sites FD, and
Hollander JE. A neural network aid for
the early diagnosis of cardiac ischemia
in patients presenting to the emergency
department with chest pain. Annals of
Emergency Medicine. 2002;
40(6):575-582.

Chiang CC, Yang YC, Tzeng WC,
Tseng WD, Hsieh JC, “An SCP
Compatible 12-Lead Electrocardiogram
Database for Signal Transmission,

Storage and Analysis” Computers in
Cardiology 2004;31:621-624.

EUROPEAN COMMITTEE FOR
STANDARDIZATION. Standard
Communications Protocol for

Computer-Assisted Electrocardiography.

prENV 1064:2000 2000.

Everitt BS. Cluster Analysis. 4™ ed.
Oxford University Press. 2001.

Fischer R, and Zywietz C,
HowTolmplement SCP-ECG_Part I.
http://www.openecg.net/SCP_howto/Ho
w_To_Implement_SCP.pdf 2003.

Fischer R, and Zywietz C.
HowTolmplement SCP-ECG_Part II.
http://www.openecg.net/SCP_howto_I1/
HowTolmplementSCP_Partll.pdf

2003.

10

Li C et al., Detection of ECG
characteristic points using wavelet
transforms. IEEE Trans. Biomed. Engng.
1995;42:21-28.

Li T.,Li Q., Zhu S., and Ogihara M. A
survey on wavelet applications in data
mining. SIGKDD Explorations
4(2):49-68, 2003.

JC Hsieh, WC Tzeng, YC Yang, SM
Shieh, “Detecting ECG Characteristic
Points by Novel Hybrid Wavelet
Transforms: An Evaluation of a Clinical
SCP-ECG Database,” Computers in
Cardiology, 2005:32:751-754

Olmez T and Dokur Z. Classification of
heart sounds using an artificial neural
network. Pattern Recognition Letters.
2003; 24: 617-629.

Penny W and Frost D. Neural networks
in clinical medicine. Med Decis Making.
1996; 16(4):386-398.

Porter RS, KaplanJ, Zhao N,
Garavilla LDE, Eynon CA, Wenger
FG, and Dalsey WC. Prediction of
hyperkalemia in dogs from
electrocardiographic parameters using an
artifificial neural network. Academic
Emergency Medicine. 2001;
8(6):599-603.

Sahambi JS, Tandon SN, and Bhatt
RKP, Using Wavelet Transforms for
ECG Characterization (An On-Line


http://www.amps-llc.com/

Digital Signal Processing System).
IEEE Engineering in Meducune and
Biology. 1997 ; :77-83

Turkoglu I, Arslan A, and llkay E. An
intelligent system for diagnosis of the
heart valve diseases with wavelet packet
neural networks. Comput Biol Med.
2003 Jul;33(4):319-331.

WC Tzeng, YZ Chan, JC Hsieh,
“Predicting Hyperkalemia by the Use of
a 12-Lead Temporal-Spatial
Electrocardiograph: Clinical Evaluations
and Model Simulations,” Computers in
Cardiology, 2005:32:215-218

Wu MF, Chiang JJ, Yang YC, Chao IH,
Shieh SM, Tzeng WC, and Hsieh JC.
Predicting Hyperkalemia by a
Two-Staged Artificial Neural Network.
Computers in Cardiology. 2003 ; 30 :

433 - 435

FrckafErs ¥ 93 & 7~ Fl4E & > 2005:

http://www.doh.qgov.tw/statistic/data/ >+

4§ £ /93 & /93.htm

R E o 1284 T BIERE L 49

11

o P EAFTAIARAALLGS o
2004 -

¥ 2B I o B g T
FAHE o TRFREAA 52 2K
B RN 2 aE 4 #_1—}3}%’!} o {7 Pl B R
BAR e LAF T 50 A

4 2004 (NSC 92-2213-E-216-012) -

¥ B BT o R N0 R Bl
R4 AT R ER BT o Ttk
RAiPELE RV LHMFET 2 Y
* 482 > 2005 (NSC
93-2213-E-216-011) -

Woesori4g &5 iR S E WRIR
W2Fg o EAF T MR AL
W~ > 2005 -

SRR S
kR H AfRRRB e P B4 H
—«"TL‘I ﬁiﬂ £ﬁ~Fm? ) 2005 o

Fra c § 2R e e
EHEE AP B T A
B F R R a2 2 ARk g ouE
* U4 ERED f%g%,ﬁzﬁ; %He o
2005 -

‘f'—ETAU’éE


http://www.doh.gov.tw/statistic/data/���]�K�n/93�~/9
http://www.doh.gov.tw/statistic/data/���]�K�n/93�~/9

vl R Ad 12 $ae
T W35 B
Wavelet-Based 12 Lead ECG
Characteristic Waves
Extraction

2\ ez d
%liET

2

BB RCHRROT P B 1A 41012
Wie o T Bl AR E B F B B4 ch- Mipom
- 5% 5 HPPHILIPS % B¢ e 5012 %42
CERBRGEB BB ST BRY A ﬂ’ﬁ
A ﬁq;cagfr/\ﬁm:% Ao F B Y ;gd o
TEp &SP g L R FE
—‘rrﬂiﬁﬁﬁﬁﬁmvm@&

d IRk s TR B g R R 2
¥ o Flpt Bk gL W g b B PR
EARVEENE S VLI S T S Sy Ry R
ST BT BB P S TR AR
¥ ~ & o oedg & (Acute Myocardial
Infarction) ~ % « 4% Jz (Hyperkalemia) &7 . je &
A a8 150 T o fEd A % R ] i
B ARBOREE RHN ST RSP
A QRS A T oy RE2:(1) Riten
Sensitivity = 35 % 99% - Specificity 5 99.9% ;
(2) Q Zr2r J = Sensitivity T 5 97% >
Specificity 2 99.9% ; (3) T & 7 Sensitivity <
33 % 95% > Specificity 5 99.9% ; (4) P @ en
Sensitivity T 35 % 92.5%> Specificity 5 99.9%-

=

B~ oo @ R 12 Sz

o

MeEF : o T

-
w

Abstract

.
1 %3

L& ch1 B

SEY FERSITONE
2_— o F E{,ﬁmu’%’:}?‘ks}?‘g-&r

P
&Mt & (Acute

12

In order to develop cardiac disease diagnosis
by auto-computer analysis, the key part is
12-lead ECG characteristic points extraction. But
12-lead ECG instrument is not having diagnosis
and analysis by auto-computer besides HP ~
PHILIPS and so on. Therefore, rely on the
development of 12-lead ECG characteristic point
extraction, establish a instrument which has
cardiac disease diagnosis by auto-computer
analysis for Taiwan.

Because ECG clinical data is much
variability, the characteristic points extraction is
very challenge. Our research is ECG
characteristic points extraction based wavelet
transform for all kinds of cardiac diseases. The
cardiac diseases in our research include Acute
Myocardial Infarction ~ Hyperkalemia ~ Normal
and heart rate more than 150. Depend on
different scale wavelet coefficients, and
implement the new algorithm to find the P
wave ~ QRS complete and T wave. The result is
follow:(1)the average Sensitivity of R wave is
99%, the Specificity is 99.9%; (2) the average
Sensitivity of Q and J wave is 97%, Specificity is
99.9%; (3) the average Sensitivity of T wave is
95%, Specificity is 99.9%; (4) the average
Sensitivity of P wave is 92.5%, Specificity is
99.9%.

Keywords: ECG, Characteristic ,12-lead ECG
Abbreviation: ECG.
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Neural network:

import java.util.Random;

/**

* This class stimulates a simple 3 layer
neuron network. User is able

* to specify the number of neurons at
each layer and the maximum iteration

* that the neuron network is able to
run.

*

* Reference: "Back-Propagation Neural
Network Tutorial”, Daniel Franklin
(2003).

*
http://ieee.uow.edu.au/~daniel/software/|
ibneural/BPN_tutorial/BPN_English/BP
N_English/BPN_English.html

*

* @author Robert Tseng

*/
public class NN
{

[Iweight for edges from input to
hidden layer
private double[][] wHidden;

/Iweight for edges from hidden
layer to output
private double[][] wOutput;

/lcurrent value of the neurons
private double[] input;
private double[] hidden;
private double[] output;

//maximum iteration per run
private int maxlter;

/**

* Constructs a new neuron
network with random weights
* @param in number of neurons
in input layer
* @param hid number of neurons
in hidden layer
* @param out number of neurons
in output layer
*/
public NN(int in, int hid, int out, int
max|ter)
{
input = new double[in];
hidden = new double[hid];
output = new double[out];
wHidden = new
double[in][hid];
wOutput = new
double[hid][out];
this.maxlter = maxlter;

// initialize the weights to
some random number
initialize();

/**

* This is the sigmoid function

*

* @param in the input value

* @return the value which the
sigmoid function returns



*/
private double sigmoid(double in)
{
double ret =
1.0/(1.0+Math.exp(-in));
return ret;

/**

* Trains the neuron network with
an example

*

* @param in the input of the
example

* @param desired the desired
output of the example

* @param maxError the
maximum square mean error allowed

* @param learningRate the
learning rate of the neuron network

* @return the error obtained after
training the network. -1 if there was no

* convergence.

*/

public double train(double[] in,
double[] desired, double maxError,
double learningRate)

{

while(true)
{
/I runs the neuron
network with the input
int iteration = 0;
execute(in);
iteration++;
double error =
getError(desired,output);

20

Il check if the error is
with allowable range
if(error<maxError)
return
(maxError-error);

Il check if the NN has
been run too many times
else if(iteration>maxlter)

{
System.err.printin("WON'T
CONVERGE!"");
return -1;
¥

[* stores the values such
that the partial derivative of error with
respect to the

* weight of edge from
hidden neuron 'i’ to output neuron 'j' can
be found

* by adjOut[j]*hidden[i]

*/

double adjOut[] = new
double[output.length];

[* stores the values such
that the partial derivative of error with
respect to the

* weight of edge from
input neuron 'i' to hidden neuron 'j' can
be found

* by adjHid[j]*input[i]

*/

double adjHid[] = new



double [hidden.length];

/[ calculates the adjOut

array
for(inti =
0;i<output.length;i++)
{
double delta =

-2.0*(desired[i]-output[i]);
double sum = 0.0;
for(intj =
0;j<hidden.length;j++)
{

sum+=(hidden[j]*wOutput[j][i]);
}

delta*=((1-sigmoid(sum))*sigmoid(
sumy);
adjout[i] = delta;

¥
/I calculates the adjHid
array
for(inti =
0;i<hidden.length;i++)
{
double sum = 0.0;
for(int j =
0;j<input.length;j++)
{

sum+=(input[jI*wHidden[j][i]);
}
double outputSum =
0.0;
for(intj =
0;j<output.length;j++)
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outputSum-+=(adjOut[j]*wOutput[i
10D);
}
adjHid[i] =
(1-sigmoid(sum))*sigmoid(sum)*output
Sum,;

/I adjusts the weights of
edge from the hidden layer to output
layer

for(inti =
0;i<wOutput.length;i++)

{

for(intj =
0;j<wOQutput[i].length;j++)
{
double adj =
adjout[j]*hidden[i];

wOutput[i][j]-=(adj*learningRate);
}

/I adjusts the weights of
edge from the input layer to hidden layer
for(inti =

0;i<wHidden.length;i++)
{
for(int j =
0;j<wHidden[i].length;j++)
{
double adj =
adjHid[j]*input[i];

wHidden[i][j]-=(adj*learningRate);



/**

* Calculate the square mean error
of a set of datas

*

* @param desired the desired
result

* @param obtained the obtained
result

* @return the square mean error
obtained

*/

private double getError(double[]

desired, double[] obtained)

{
double ret = 0.0;
for(inti =
0;i<desired.length;i++)
{
double diff =

desired[i]-obtained[i];
ret+=(diff*diff);
}

return ret;

/**

* Initialize the weights of the
neuron network to some random
numbers

*/

private void initialize()

22

Random rand = new
Random();
for(inti =
0;i<wHidden.length;i++)
{
for(intj =
0;j<wHidden[i].length;j++)
{
wHidden[i][j] =
rand.nextDouble();

¥

for(inti =
0;i<wOutput.length;i++)
{
for(intj =
0;j<wOutput][i].length;j++)
{
wOutput[i][j] =
rand.nextDouble();

¥

/**

* runs the neuron network with
the input datas
* @param in the input data
* @return the output obtained
*/
public double[] execute(double[]
in)

for(int i = 0;i<in.length;i++)

{



input[i] = inil;

for(inti =
0;i<hidden.length;i++)
{
double sum = 0.0;
for(intj =
0;j<input.length;j++)
{

sum+=(input[j]*wHidden[j][i]);
k
hiddenli] =
sigmoid(sum);

ky

for(inti =
0;i<output.length;i++)
{

double sum = 0.0;

for(intj =
0;j<hidden.length;j++)

{

sum+=(hidden[j]*wOQOutput[j][i]);
}

output[i] = sigmoid(sum);

return output;

/**

* Retrieve the number of neurons
in the input layer.

*

* @return the number of neurons

23

in the input layer
*/
public int getNumInput()
{

return input.length;

/**

* Retrieve the number of neurons
in the output layer.
*
* @return the number of neurons
in the output layer
*/
public int getNumOutput()
{

return output.length;

/**

* A method which sets the weight
of the entire neuron network.
* Should be used for testing
purpose only.
* @param newHidden the weights
from input layer to hidden layer
* @param newOutput the weights
from hidden layer to output layer
*/
protected void setEdge(double[][]
newHidden, double[][] newQutput)
{
wHidden = newHidden;
wOutput = newQutput;
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K-means:

import java.util.*;

/**

* Implements a simple K-mean
algorithm. It stores both the datas

* and the result found in the most
recent analysis. After a data

* point is added, it should no longer be

manipulated.

*

* To use this class, create another class

to subclass this one and
* implement the optimal() method.
*
* @author Robert Tseng
*/
public abstract class Kmean
{
/] stores the data points
private ArrayList<Point> datas;

/] stores the result of the last
analysis
private Centroid[] centers;

/**

* Constructor of the class.
Initializes the fields.
*/
public Kmean()
{
datas = new
ArrayList<Point>();
centers = new Centroid[1];

/**
* Check whether the result found
in the most recent anaylsis
* is the desired optimal solution.
*
* @return whether the result in
the last anaylsis is optimal
*/
public abstract boolean optimal();

/-k-k
* add the data point described by
the Point data
* @param data the data point to
be added
*/
public void addData(Point data)

{
datas.add(data);

/**

* Retrieve the result of the most
recent analysis
*
* @return an array of Center
indicating the cluster centroids
* of the last analysis.
*/
protected Centroid[]
getLastResult()
{

return centers;
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/**

* Performs the K-mean analysis
on the current set of data points.
* Will randomly pick the starting
position for the centroids.
*
* Uses the cluster(int k, int[] start)
method.
*
* @param k number of clusters
desired
* @return An array of String
specifying the coordinates of the
* centroids of each cluster. The
order of the array is random
*/
public String[] cluster(int k)
{
int[] index = new int[k];
Random rand = new
Random();
inti=0;

/I randomly generate k unique
indices such that the data point
associated

I/ with each index is unique.

while(i<k)

{

int temp =
rand.nextint(datas.size());

/I checking whether
datas.get(temp) is unique

boolean canAdd = true;

Point next =
datas.get(temp);
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for(int j = 0;j<i;j++)
{
Point toComp =
datas.get(index[j]);

if(next.equals(toComp))
{
canAdd = false;
break:

/I if datas.get(temp) is
unique, update information
if(canAdd)
{
index[i] = temp;
i++;

return cluster(k,index);

/**

* Performs the K-mean analysis
on the current set of data points.

* The starting position of the
centroids will be the data point whose

* index is specified in the start
array. It should not be chosen such that

* the starting locations of two
centroids are equal.

*



* @param k the number of
clusters desired

* @param start an array
specifying the indices of the data points
that

* will be picked as the starting
position of the centroids.

* @return n array of String
specifying the coordinates of the
centroids

* of each cluster. The order of the
array is random

*/

public String[] cluster(int k, int[]
start)
{
Il initializes the centers array
to the specified starting positions
centers = new Centroid[k];
for(int i = O;i<start.length;i++)
{
centers[i] = new
Centroid(datas.get(start[i]));

ky

boolean shouldContinue =
true;

do{
I check for each point the
centroid that it is closest to
for(Point p:datas)
{

/I the index of the
centroid that the point is currently
closest to

int ownBy = 0;
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/I the distance to the
centroid that the point is currently
closest to

double dist =
centers[0].distance(p);

//'loop through all
centroid to calculate distance
for(inti =
1;i<centers.length;i++)
{
double temp =
centers[i].distance(p);

/I if point is
closer to the current centroid, update
information

if(temp<dist)

{
ownBy =
i
dist =
temp;
}
}
/ add the current

point to the center that it is closest to

centers[ownBy].addPoint(p);
}

/I check if another
iteration of calculating centroid is
required

shouldContinue = false;

for(inti =
0;i<centers.length;i++)



{ /**

/I generate the next * Remove all data points stored.
position for this centroid */
Centroid next = public void clearData()
centers[i].getNext(); {
datas.clear();
/I if centroid moves }
a lot, then another iteration is required }

if(next.distance(centers[i])>0.0000

001)
shouldContinue
= true;
/I updates the centers
array

centers[i] = next;

ky

while(shouldContinue);

if(loptimal())
return cluster(k);

/I parsing of the output

String[] ret = new
String[centers.length];

for(inti =
0;i<centers.length;i++)

{

ret[i] =

centers[i].toString();

}
Arrays.sort(ret);

return ret;
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Hidden Markov model:

import java.util.Arrays;
import java.util.Random;
import java.util. TreeMap;

/**

* A very simple HMM model where
the user is able to specify the number of
states,

* the number of observation symbols,
and the symbol set. The observation
symbols

* must be discrete. This class uses the
Viterbi Algorithm to find the optimal

* state sequence and the algorithm
proposed by Baum and others to
optimize the

* HMM model. No scaling is done in
any of the methods.

*

* A user is able to run, train, and/or
obtain the maximal state sequence of the

* HMM model for a specific set of
input.

*

* reference: Lawrence R. Rabiner, "A
Tutorial on Hidden Markov Models and

* Selected Applications in Speech
Recognition” Proceedings of the IEEE
Vol. 77,

* pp 257-286, 1989.

*

* @author Robert Tseng

*/
public class HMM
{

/I the state transition matrix
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private double[][] stateT;

/I the observation symbol
probability distribution
private double[][] observationT;

/I the initial state distribution
private double[] initial;

/I keeps track of the symbols used
private TreeMap<Character,
Integer> symbols;

/**

* Constructs a new HMM model
with the specified number of states and

* observation symbols. The state
transition matrix, observation symbol

* probability distribution, and the
initial state distribution will be

* randomly generated.

*

* @param states the number of
states in the model

* @param observations the
number of discrete observation symbols

* @param symbolSet the set of
symbols that will be used for
observations.

* Each symbol must be a
character.

*/

public HMM(int states, int
observations, String symbolSet)
{
// initializes the matrices
stateT = new

double[states][states];



observationT = new
double[states][observations];

initial = new double[states];

symbols = new
TreeMap<Character,Integer>();

/[ add the symbol set to the

map
for(inti =

0;i<symbolSet.length();i++)
{

symbols.put(symbolSet.charAt(i),i);
}

Random rand = new
Random();

/[ assigns random values to the
state transition matrix
for(inti =
0;i<stateT.length;i++)
{
double sum =0.0;
for(intj =
0;j<stateT[i].length;j++)
{
double temp =
Math.min(0.999,rand.nextDouble()+0.00
1);
stateT[i][j] = temp;
sum+=temp;
}
/I normalize the random
values
for(int j =
0;j<stateT[i].length;j++)
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stateT[i][j]/=sum;

/I assigns random values to the
observation symbols probability
/[ distribution matrix
for(inti =
0;i<observationT.length;i++)
{
double sum =0.0;
for(intj =
0;j<observationT[i].length;j++)
{
double temp =
Math.min(0.999,
rand.nextDouble()+0.001);
observationT[i][j]

temp;
sum+=temp;

}

// normalize the random
values

for(intj =
0;j<observationT[i].length;j++)

{

stateT[i][j]/=sum;

/I assigns random values to the
initial state distribution array

double sum =0.0;

for(inti =
0;i<initial.length;i++)

{

double temp =



Math.min(0.999,
rand.nextDouble()+0.001);

initial[i] = temp;
sum+=temp;
}
/I normalize the random values
for(inti =
0;i<initial.length;i++)
{
initial[i]/=sum;
}
}
/**

* A helper method which parse
the a string of observation to an
* integer array.
* @param obs the observation
sequence observed
* @return the integer array which
represent the observation sequence
*/
protected int[] parse(String obs)
{
int[] temp = new
int[obs.length()];
for(inti =
0;i<obs.length();i++)
{
templi] =
symbols.get(obs.charAt(i));
}

return temp;

/**

* Run the current HMM model
with the observation string passed in
*
* @param observation the
observation symbol sequence observed
* @return the result of evaluating
the HMM model
*/
public double run(String
observation)
{
int[] obs = parse(observation);
double ret = 0.0;
int T = obs.length;
int states = stateT.length;
double[][] alpha = new
double[T][states];

// initialization
for(inti=
0;i<alpha[0].length;i++)
alpha[0][i] =
initial[i]*observationT[i][obs[0]];

// dp to get the alpha array
for(int i = 1;i<T;i++)
{
for(int j = 0;j<states;j++)
{
alpha[i][j] =
observationT[j][obs[i]];
double sum = 0.0;
for(intk =
0;k<states;k++)

sum+=(alphali-1][k]*state T[K][j]);



¥
alpha[i][j]*=sum;

}
}
/I getting final result
for(inti =
0;i<stateT.length;i++)
{
ret+=alpha[T-1][i];
}
return ret;
}
/**

* Finds the hidden state sequence
of the HMM model for
* the observation string passed in.
*
* @param observation the
observation symbol sequence observed
* @return the optimal state
sequence with maximum likelihood
*/
public int[]
findHiddenSequence(String observation)
{
int[] obs = parse(observation);
int[] ret = new int[obs.length];
int T = obs.length;
int states = stateT.length;

double[][] delta = new
double[T][states];
int[][] psi =new

int[T][states];

/I initialization
for(int i = 0;i<states;i++)

{
delta[O][i] =
initial[i]*observationT[i][obs[0]];
psi[0][i] = O;
}

//dp to get the delta and psi
array
for(int i = 1;i<T;i++)
{
for(int j = 0;j<states;j++)
{
double max =
delta[i-1][0]*state T[O][j];
int maxindex = 0;

for(intk =
1;k<states;k++)
{
double temp =
delta[i-1][K]*state T[K][j];
if(temp>max)
{
max =
temp;
maxIndex
=k;
}
}
delta[i][j] =

max*observationT[j][obs[i]];
psi[i][j] = maxIndex;



/I getting the final result
double max = delta[T-1][0];
int maxindex = 0;

for(int i = 1;i<states;i++)

{
if(delta[ T-1][i]>max)
{
max = delta[ T-1][i];
maxIndex = i;
}
}

ret[ T-1] = maxindex;

for(int i=T-2;i>=0;i--)

{
ret[i] = psi[i+1][ret[i+1]];
}
return ret;
}
/**

* Set the observation symbol
probability distribution equal to the

* parameter. The method makes a
deep copy of the passed in matrix,

* 50 the parameter can be
modified safely afterward.

* @param newTrans the matrix
indicating the observation symbol

* probability distribution.

*/

public void

setObservationTrans(double[][]
newTrans)

33

for(inti =
0;i<observationT.length;i++)
{
for(intj =
0;j<observationT[i].length;j++)
{
observationT[i][j] =
newTrans[i][Jj];

¥

/**

* Trains the HMM model with the
given observation symbol sequence
* such that the output is no more
than maxError away from desiredOut.
*
* @param observation the
observation symbol sequence observed
* @param desiredOut the desired
outcome for the observation sequence
* @param maxError the max error
allowed
* @return the error obtained after
training the HMM model
*/
public double train(String
observation, double desiredOut, double
maxError)
{
int[] obs = parse(observation);
int T = obs.length;
int states = stateT.length;

double[][][] eta = new
double[T][states][states];



double[][] alpha = new
double[T][states];

double[][] beta = new
double[T][states];

double[][] gamma = new
double[T][states];

while(true)
{
/I initialization
for(int i = O;i<states;i++)
{
alpha[O][i] =
initial[i]*observationT[i][obs[0]];
beta[ T-1][i] = 1;

}
/[ dp to get the alpha and
beta array
for(int i = 1;i<T;i++)
{
for(intj =
0;j<states;j++)
{
alpha[i][j] =
observationT[j][obs[i+1]];
double sum =
0.0;
for(intk =
0;k<states;k++)
{

beta[ T-i-1][j]
+=(stateT[j][K]*observationT[k][obs[T-i
11*beta[T-i][K]);

sum+=(alpha[i-1][k]*state T[K][j]);
}

alpha[i][j]*=sum;
¥

/I the probabilities
obtained in the current HMM
double curr = 0.0;
for(int i = 0;i<states;i++)
{
curr+=alpha[T-1][i];

/I if error small enough,
the break out of loop and return the error
double temp =
Math.abs(curr-desiredOut);
if(temp<maxError)
return temp;

// Reestimate the HMM
Il generating the eta and

gamma matrices
for(int i = 0;i<T;i++)

{
for(intj =
0;j<states;j++)
{
gammali][j] =
alpha[i][j]*beta[i][j]/curr;
for(intk =
0;k<states;k++)
{

eta[i][j][k]

alpha[i][j]*stateT[j][k]*observationT[K]
[obs[i+1]]*beta[i+1][K]/curr;



/I 1 AndObsExpect[j] =
expected number of times in state i and
observation j

double[] iIAndObsExpect
= new double[observationT[0].length];

[l updating the initial,
stateT, and observationT matrices
for(int i = O;i<states;i++)
{
/[ update the initial
array
initial[i] =
gammal[O][i];

Il expected number
of transition from state i

double iToExpect =
0.0;

Il expected number
of times state i is visited

double iExpect =
gamma[T-1][i];

/l reset and
initializae the iIAndObsExpect array

Arrays.fill(iIAndObsExpect,0.0);

IAndObsExpect[obs[T-1]]+=
gamma[T-1][i];

for(intj =
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0;j<T-1;j++)

iToExpect+=gammal[j][i];

iExpect+=gammal[j][i];

IAndObsExpect[obs[j]]+=gamma][]

101;

}

Il update the stateT
matrix

for(intj =
0;j<states;j++)

{

Il expected
number of transitions from state i to
state j

double
iTojExpect = 0.0;
for(intk =
0;k<T-1;k++)
{
iTojExpect+=eta[K][i][j];
}
stateT[i][j] =
iTojExpect/iToEXxpect;
}
Il update the
observationT array
for(intj =
0;j<observationT[0].length;j++)
{



observationT[i][j] =
IAndObsExpect[j]/iExpect;
}
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