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Abstract. I11 Lhis paper we presenL Ll~e Cayesian diagnostic model and 
Lhc 1ogisl.ic rcgrcssion rnotlcl wiLh 1 . n ~  diffcrcnt cn1.ra.ncc stratcgics for tlc- 
terinirlirlg factors predicting CAD risk. In lhe (H)  inethodological slrat- 
cgy t11c appropriatc ratios lipitls/;i.pogrotciils wcrc consiclcrctl ;i.s intlc- 
pcntlcnt variables, in thc (PC) the principal coirlponcnts a.nalysis wa.s 
used as a data reductiorl technique. The inode1 based on Bayes' Theo- 
rcin ;inti tllc logist,ic rcgrcssioil rnoclcl xwrc goocl prcclictivc moticls. It is 
tllc main ot)jcctivc of the projcct to try to tlcsigrl a, tool for diagnosing. 

1 The Aim 

C'olonar~ artelv clisease lemains still tlie gleatest cause of plemature deatli f o ~  
the Polish population. In tlie industlial countries it is ~esponsilde for 50% of 
all the deal h ( ases. The reasons of this are relateti 1 o the adverse (hanges in 
the popl~lai ion's lifest yle reslilt ing in i he in( rease of (he so ( a11ed "risk fat tors" 
for dc~clopmcnt of d r  t criosclcr osis. leading to c oroilarj artcry cliscasc (CAD). 
TIE concept of "risk factor" co~rlcs from a long-term studies of Fralningllain 
l)ol)~llalion. in ~vhich t he pxislpncp of sevpral P ~ Z O -  ant1 ~ntlog~ilic l)hei10n1~11a 
has h e ~ n  s110wi1, ~vhich are callsallv r~lalpcl lo ilw CAD occlirrence. 

Taking into account tlic recent clinical studies, scientific acl~icvcmxts and 
inorc coinplctc rmdcrstanding of the peril and tllc action irlccl~anisin of the "risk 
fact ors" 111~ In1 ~ r n a l  ional Con1inissioi1 for Pr~vent ion of Coronary Art erv Dis- 
ease, in ( ooperal ion wil 11 t he Int ernat ioilal So( iei v for Art erios( lerosis and 01 )e- 
sitj. the. Europc~m Socicty of Hypc~tmsion .~nd tlicx Di,lhc+>s Socicty, l l , ~ ~  lm-  
parcd an ~ c c  ur,ltc, and c omprc~l~cnsi~c~ doc uincmt c onc c,r ning tllc pri in,~r~ ,~nd 
secontlary 1)r~wnt ion of coionaiv arl ery (liseas~ [2,4]. 

The earlv tiel ec 1 ion anti eliiniilat ion of 1 he risk fa( 1 ors of t he CAD is liar- 
tic u l d y  import,lnt, Iwc a i w  in rc,c cmt ) curs tllc. clinic ,ll form of tllc discuscx 11~1s 
Imm founcl in m,~nj j ormg pc7rsons. 

The earlier and great er is the awareness of the risk level for (Jewlopinenl of 
t he disease in a given 1)at ieni , 1 he more appropriat e an(] oil-t iine (ie( isions will 
he takcn regarding t l ~ c  prc~cntion of its clcvc~lopmcnt. T l ~ c  rclatccl cl~mgcs in the 
patient 's nour islirncnt hal~its ancl lifest) lc ancl tlic ncc cssit) of pliar rnacological 
1 reat irl~i11 (choice of 1 he approl)rial e inecliciae a i d  il s (lose) (kyentl on t he glol~al 
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risk ;lssc~ssimnt - tlw probahilitj of coronarj t1rtc.r~ tliscxasc. tlcvc~lopincnt in a 
givm population. fainilj ; ~nd  c.vcxn particular patient. 

Ainong inorc tlmn 250 risk factors clcscriljcd up t o  clatc a t  least tllrcc liavc 
I.)een re( ognized as iilde1)~11dent i . ~ .  iixlividliall~ responsible for (Jevelopinenl of 
t he disease. These are: disorders in lipid level. 11ix liretl art erial llvlm-t ension and 
smoking. The lipid inel aI.)olisin disorders have I.)een foliiltJ to he a 1)riinarr risk 
factor for the C'4D [8 101. 

The aim of the studv was t o  compare the anticipation accuracl- of three 
different inetliods using a logistic regression ailalvsis and the Ba~esian diagnostic 
motlel. 

2 The Data 

T l ~ c  dataljasc used in the present study has hccn collcctccl in tlic Dcpt. of Clini- 
cal Biocl~einist ry; Chair of Clini(.al Bioclwnlist ry a i d  Diagnosis ill 1 he Colle,' (~iliin 

Rletliclm of Jagiellonian Universily (CRICJ). Cmcow. a i d  it contained ailony- 
inous data of pationts trc;ltcd in tllo Clinic for Rlotabolic Diso;l.scs, CRIUJ (in- 
clucling pcriod 1985 l00n), t l ~ c  Institute of Cardiology. CRIIJ,J (1902 1008) and 
grolLl)s of palien1 s fi-om a select e(l pop~~ la i  ion of healt 1137 1)ersons fiom (he Tarnow 
Voioclshil) ( I  he POL - AIOKICIZ project ; realized in years 1085-1998). 

Two lum(ired ~1x1 i~venly-eight slil)je(.i s (.oiq)rising 95 pal ient s ~villl art erio- 
grapllic.ally e~+ienceti CAD (males, aged dT.99f11.12) anti 133 healll~y control 
(males, aged 4T.llf7.20) without CAD wcrc studicd. 

Blood samplcs wcra ~vithclra~vn aRcr ovarnight, fasting. Plw.sina 1cvc:ls of bio- 
cl~emical varialdes were assaye(1 ~lsiilg a~ l to ina t i~  coloriinetric metl~otls; except 
ins1 din (let eriniiled 11y radioiinln~ ~i~oassay. 

Plasma lil~icl l~rofile was clel~eriniaecl as follows: l,ol,al am1 fi-ee choles1,erol a i d  
h-iglicerytle level in 1)lasina (Ch, fCh. tg) am1 1ipol)rokiils VLDL (VLDL-Ch, 
VLDL-fC11. VLDL-tg), LDL (LDL-C11. LDL-fCh, LDL-tg) a i d  HDL (HDL-C11, 
HDL-fC11. HDL-tg). 

Estcrificd cllolcstcrol was calculated (cC11, VLDL-cC11, LDL-cC11. HLDL- 
cC11). 

Apolipoprotein A1 l e d  in plasma and HDL (apoAl, HDL-apoAl). a 1' ipopro- 
t r i m  I3 level in plasma a i d  VLDL. LDL (almB, VLDL-almB, LDL-apoB); as 
mall as pro1 cia C in VLDL. LDL ant1 HDL (VB: LC, HB) worc: also tiat c:rminc:tl. 

Plasma g11 lcose am1 iim din were (let ern1iiml in f a s h g  si a k  (GI1 10. InsO), 
and aftm 30. GO a i d  120 min. during thc oral gluc.osc t~ol(:rwncc tast (OGTT) 
(Glu30, GluCiO, Glu120. Ins30, InsGO. Ins120 raspc:ct,ivc:ly). 

Sum of glucose (SurnGlrl) and insulin (SuinIns) were calculatccl as an area 
under glyccmic and insulin kinetic curves cstiinatcd during OGTT rcspcctivcly 
Botly mass iaclex (EM1 [kg/in"]) was calc~llaietl. 
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3 Statistical Methods 

4 R Strategy 

4.1 Thc Logistic Rcgrcssion Modcl 

For wl~olc group of patients tlic rclationsl~ip hctnccn f i x  scores and CAD nas  
csplorccl 1jv t11c logistic rcgicssion analvsis. Tlic prol~abilitv of tlic appearance 
of the CAD ( Y )  coilditional bv the variable (x,) can bc calculated 1 1 ~  incans of 
I he following form [3. 51. 

~ x l )  (bo  + bl.rl + . . . + bp.rp) 
P (Y = the appearance of CAD) = 

1 + ( ' s p ( b o + b l . r l +  . . .  +b,,.r,,) 
( 1 )  

where: x l .  L Z .  . . . . x p  vector of iildepeildeiit varialjles ratios, calculated from 
I.)ioc h~inic a1 varial)l~s: S1iinG111/S11inIi1s LDL-Ch/LDL-al)oE. HDL-Ch/HE, HDL- 
I g/HDL-al)ohl anti ELI1 
bO. b l ,  . . . , b,, ui1knowi-n cocficicnt of tllc rcgrcssion 
1 dcpcildcnt variable. 

Tahlp 1  shows the var ia l~ l~s  which sigaificanl lv iilfllience 111~ appearamp of 
111~ CAD. 

Table 1. The significarlcc of logistic rcgrcssion cocffi~icr~ts RSSCSSC(~ t)y ( 1 ~  i\'ald clli- 
sqmrc stat,ist,ic 

Ratios of Coefficient Standard p - Value 
of variables hi error (Wald's test) 

236 J. Martyniak, K. Stanisz-Wallis, and L. Walczycka



5 PC Strategy 

5.1 Principal  Componen t s  Analysis 

Principal componci~t~s analysis is tha mult,iv;triata data rc:tluction tcchniyuc [Is]. 
This analysis selecl s the linear coi-nhial,ion of 111e varial~les t hat hesl capl ,~~res  

011e variahilil y of I 11e ( 1 ~ 1 , ~  in a i-n~llt idiineiisioiial space. 
Givon ;I tlata sc:l with n nlmc:ric varial)l(:s, m princip;tl c.omponc:nls can I.)(: 

c.ompl~t ad. E;tch 1)rincip;tl c.oml)onanl is a 1inc:;rr c.oml)in;tl ion of 111~ original wri- 
ablcs, wit11 cocfficicnts equal to  the cigcm-cctors of t l ~ c  correlation or covariance 
matrix . Tllc cigcnr-cctors arc customarily taken with unit lcngtl~. 

T l ~ c  principal components arc sorted in dcsccliding order of the cigcnvalucs, 
~vliic.11 are eqlial 1 o 1 he variance+ of t he coml)oi~eiil s . 

11% have 11 varial-hi. X I ,  X2: . . . , X n  all of ~vhic~h are st aatJartJiseti, anti we 
dcsirc to  gci~cratc ,nz coinpositc variables of tlic form: 

mhcrc~ 1r1 < 11  anti d l  arcx s c h  I c d  lo kq)l,tiii '  1 h~ rn;rsirnlm possil-)lc variant (,. 
That is Yl will liavc t l ~ c  largest possible ~ar iancc  (XI) subject to  t l ~ c  restriction: 

I;; will ha uncorralat~ccl wit11 I.; and 11avc: tlic ncxt largwt possihla variances 
(A2 ~ i t ~ l ~  ,A1 > A2 ) ct, c.. until w(: olhtain 111 s~icli mcorr~latcd composit~(: ~'ilriahlcs 
all of wliicli 1mre weigli1s normalized ant1 variances X I  > A2 > . . . > A,,,. 

The pewen1 age of t 11e variaiice of t 11e original 11 variaI11es explained l ~ y  011e 
in co1nl)osil e variables is 

loo( A 1  + ... +A,, )/( A1 + ... + A,, ) 

5.2 D a t a  Reduct ion  

The r e s~  111 ing st oies ale linear t oinbiiiat ion of 1 11e 34 original vaiial~les whit 11 are 
s ( h  1 (d to h~ ~ m c  orr(~1~11 ( Y I  wit 11 (,<I( 11 01 1 1 ~ ~ .  

~ Y P  c ,111 r d  ain o n l ~  s co r~s  with c4gcmvrtluc~s grml c,r than 1. I11 c.sscmc (, 1 his is 
like saving that.  unlcss a scoic extracts at lcast as inucl~ as tlic cquivalcnt of one 
oiiginal vaiiahle, we diop it. Psing this, we would ietain 8 piincipal components. 

The sele( 1 ed 1)riix i l d  ( oin1)oi1enl~ were: 
f ract ion V : VLDL-lg. VLDL-Ch. VE. VLDL-eCh. VLDL-fCh, tg 
fract ion L : fCh. LDL-eCh. LDL-Ch. eCh. Ch, al)oE. LDL-al)oE 
fract ion LH: LDL-fC11. LDL-apo B. LB, HDL-tg. HDL-fC11. l~ciglit, BLII 
f ract ion Totalgluc: GluGO, Glr1120, SuinGlu 
fract ion Ins: Ins30, InsGO, S~mI i i s  
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f ract ion H : HDL-C11. HDL-oC11. HB: apoAl, HDL-;l.poAl 

fract ion Wcight  : woight 
f ract ion GluO: G1110. G~IBO 
The res~dt ing coml)onenk were ii lcl~~ded in a logis1,ic regression l,l1al, selec1,ed 

a moclel wil,l1 eighl scores . 

5.3 Logistic Rcgrcssion M o d c l  

For tha wholc group of p;~tiants thc rc:lwtionship 1x:t~~vcan fiva swras and CAD ww.s 
explore(1 by the logistic regression alialysis. Tlie prolxhility of tlie apl)earance 
of the CAD (Y) coilditiolial 11y the variaIde ( . rp )  can 11e calc~dated 11y ineans of 
011e l)revio~ LS form (1) ; 
WllPrP: 

xt.1. 2 2 %  . . . , x,, vector of indcpcndcnt ~ar iahlcs  sclcctccl principal compo- 
11cnt s: 

- fi-act ion V 
- fract ion L 
- fiact ion LH 

- fraction Totalgluc 
- fi-artion Ins 
- fiact ion H 
- fi-act ion TT'eighl 
- fraction G11d). 

The significance of logisl ic regression coefficienl s was assessetl will1 l,11e Walti 
cl~i-sqllare sl at is1 ic. 

T a l k  2 shows the varial~les which significaally i n f l~m~ce  1,he appearance of 
(,he CAD. 

Table 2. Significance levels of the ATald test 

Principal Coefficient Standard p - Value 
Component 1 ) ~  error (Wald's test) 

Finction 1' -1,45 0,45 0,0017 
Fraction H 1 , 8 0  0,15 0,0011 
FracLion 1115 .3,23 0,bx 0,000 
Finction Licigl~t 0.99 0.4 0,016 
Fraction Glu0 1.91 0,52 0,0001 
ho 0,13 0,.3X 0,74.3 
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6 The Bayes Theorem 

Eaws' 1 l l ~ o r ~ i n  is a (plant it a1 i w  ind 110d for calc lilal ing 1 11e po4 mior prohahilil v 
using t h  prior probability [G. 71. 

Let {B,,) hc a coimtahlc mcasurablc partition of fl and P ( A )  > 0 and 
B1 U ... U B,, = R ancl B, n B ,  = Qi for L # j and P ( B , )  > 0 for L = 1. . . . . 1 2 .  

Then 

where P (A 1B)is calletl {,he concli1,ional 1)rol)al)ilitp of even1 h given e~w11 E. 
We propose 1,o I L S ~  h e  t11eorein of Eayes as a 1,001 Lo pretlicl CAD for l l x  intli- 

vitllial patiant. This inotlcl computc:s thc posterior prohahilit,y of an wppc:armca 
CAD givcn a sct of paticnts symptoms, syntlroincs or laboratory ~d1ic:s. 

Lct X = ( x l .  .rl. . . . .TG) will hc: a sct of pat,iant's syntlroincs, sympt,oals or 
lalmra1,ory w l~ l e s  and .r.j E (0; 1 )  am1 .r; represen1 L11e 1)resence or 111e absence 
of Ll~ose varia1)les. Tlie Eayes ~)rol)al)ilily we can calc~~lale  as 

P ( X  IC'IID) . P (CdlD)  
P (CiID l X )  = 

P ( X  ICrlD ) . P (CJID) + P ( X  1-Vo CJID ) . P (Yo CAD) 
(4) 

wlme 
P (C11D) is tlie 11rior probabili1,y of CAD 
P (:XTo CAD) = 1 - P (C11D) 
P (XICAD) = P (.rl IC11D) . P (.r.alCilD) . . . . . P (.I:GICAD) for .rj = 1. . . . ; ti. 
P (XINO CAD) = P (.rl IN0 CAD) . P ( . I : ~ ~ : X ~ O  CAD) . . . . . P (.I:,IL\~O CAD) 

Tha fdlowing intial)c:ntlanl (Paarson's chi-scpi;~rc: 1c:sl) sy-ntirornos, sympt oms ;tnd 
l,tl.)or,tl ory v~111c.s n-cw s ( h  t cd: t g. Ch. LDL-Ch, HDL-Ch. 13LII. 1 g/HDL-Ch. 

7 Rcsults 

T l ~ c  rcsults of cxainination of inoclcl quality arc old\ for t l ~ c  tcst scts [I]. 

Table 3. T l ~ c  rcwltq of PC inoclcl and R rrlotlcl 

I PC model I R model 

expected 

CAD No C-AD 

observed 

expected 
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8 Prcdictivc Valuc 

The 1)r~tlic l i w  vallle of n. 1 ~ 5 1  i\ \imply the post - t esl prohahilily that a disw\e 
is 1)res~nl I.~ast.tl on the rwill s of a t esl . The predi( 1 i w  va11ie of a 1)osil ive t P S ~  

tlcpcmtls on tllv tvst 's scnsitivitj . spcc ific itj  . prc~~llcnc c x  .lncl c ,111 hc c ,llc ul,xtctl of 
tlw following form [O] : 

Tllc P V  inclcx is also onc of t,llc: form of Baycs' t,llc:orcm. 
Tahlo 4 sllows tllc prc:tlict,iw: vduc (P\' intlm) of a positivc t,cst in t,llrc:o 

me1 llotls. 

Table 4. Results of conlparison of tliffcrcnt prctlictivc ~notlcls 

Model 
Number of 

PV index 
parameters 

It is cviclcnt tllat, t,l~c: P V  inclox has tllc 11igllc:st d r ~ :  for Bay:s'rnoclol and 
t,llo lowost for t l ~ c  R modcl. 

9 Conclusion 

T l ~ c  principal cornponcnt analj sis follo~vccl by stcpwisc logistic regression anal- 
ysis sl~oncd t l ~ c  hcttcr prcdicti~c power of prevalence in the largc and complex 
CllD (la1 a ~ S P  1 ha11 i n ~ 1  hodologi( a1 st rat egv of ratios lil)itis/apoprot   ins ( onsiti- 
e r~ t l  as iixIep~i1(ient variables. The Eayes' 1 heor~in model also shows a rt.1alivt.lv 
high prcdicti~c, powl-c,r vomparccl with ot11c.r two moclcls. 
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