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Abstract 

A information hnology ro pennea all ar as of our , odety, vast am.0W1ts of data are 
incrrosingly b ing coll d for hei:t po Lial u ili '. This · peciall~• tr cf da -ri nviron~ 
raen , uch airplan o kpi or hospi al op rating rooms. Th environment share in oommou 
th presence of multiple sensor who..-:e aim i l.o monitor h of affai in ha nvironm n 
o\'er tim . Da a. frmn ensors, how ver, can only b M wwf\.11 as we know how to in e:rpr hem and 
.are abl _ to do so in a timely manner. If we have a. good uoder tanding of the r~ationship between 
monitored sensor value and he ta. us or the moni · ored pr c . v."t! could create knowledge-based 

' tetru3, fo:r example, o help int.erpr .h volum of data, tha. would no otben.-i.9e be possible 
fo human observer to do. Often. hov.-ever, such relation ·hips are no w 11 under tood, How could 
these data nseful the-n'f Skillful u~ of machine foaming is one answer. 

In hi thesis. we p.~nt ThentlFinder, a paradigm for d:iscm•ering h knowl d.ge needed r.o ewe 
event , or trend , in mun rical tim seri s. p ci!kally, we present a.. :suite of data collection, pre .. 
proc · ng and ana1ysis techniques hat enable elfe ·tiv use of exist.illg supenris d machine learning 
m tbods on ime-se.rie data. V e demonstra e ho h chniquel'I can b applied h de,.'lllop
men of 'inteUig; 'patient monitoring in the hospital in en ·ve rare ulli (IC ), wh r emf ntly as 
many as 6% of bedside ruonitor alarms a.r fals . First , ,.. d crib applic.atiou of th Tr ndFinder 
paradigm t artifac d ion in a neonatal I cond, we crib TrendFind r' eclmic1u 
.app]i _ to de tion of trends ittdica ·v or 'trn- alarm' ·tua ion h1 a medical I --. Through il
lw.tra ioo .. ~ explor i "sues of a a granularity arid data compr ion, class lab ling mwti-phast> 
r nd learn.mg, multi-@gna.l models. and prin ip]ed iru in rval I - ion. \M? furth r introduc 
h id a of 'post-model hr hold rei:inem ' for ad.'lpting a machine-learned model d veiop fot 

on popula iou t Ol'I a iffi 11 population. O\\' rail, we demonstra Lh feas.ibili ' and arlvan~ 
tage of applying Trend ind r nliqu to ICU monitoring, an area that is e.xtremely important, 
challenging, and in ne d Qf imp.rovem.cnt, 

Th a" Up rvisor: p tcr zolo\its Ph.D. 
Titl : Prof $or of Computer Science and Enginee.ing 
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,Chapter 1 

Introduction 

1.1 Overview 

• information echnology con ·nu o expand into ail areas of our .ocie , u.1 1:100cl to unde tand 

how o take achran ag of the data b ing mad~ availabie. Vas amoun of data no only are b ing 

gene.at d daily, bu increasingly, arc also being ~oil ced and tored for their po n iai u iJi y. This 

•itonments 511ch as airplane cockpits, ho pita.l opera: in room , or 

1n aau:E uring plru1 . h environm o har In common th pr em-e o muJtipl i.sor~ whose 

aim is to m i or · h. sta of affair in tha nvironm ov-er time. This includes for e.xampl • 

ke ping wa. ch on th! prop fu ionin of an airborn · plan , a. patien und tgoi.ng ffl.llrg; y, or Li 

macltin in an ru mbly li.n . Data from ru; rs, however, an onl' as helpful w k:11 ~· how 

to use heru. This requir knowing hoth how to int rpr he data .aild how o i.11 a ' imely 

manner. 

When w hav a good 1.md ;standing of be rclatlow hip b '- n moni red u;or ,,alu . an 

he wdl~beio o tht mom or :1 prno · . w rnigh be aJbl to crea know) [19 ], 

for example, o help int rpret h vo!um of data which would no otht'rwise b p 'ible £ r a 

buman observer to o. Ji a _mall mam1£acturing plant. we tni h be able t.o appl) rules within a 

knowl dg -based ~j wm to d . r.nin wh her a par icular production ma.chin ha.,; run o of par , 

has malfunction unde1:!yil1g lmowledg n •d d to wri e such rnfo in t.h s 

data-r.ich nvironment 1 no well un oo l. \Vhat pa of internet communica ion transfers 

are in.die h' of a 'Denial of n•k ' (Do } a tack on ha in ne i e'! In a !lpa shu le with Hl9 

22 
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sensm· [102], how do one begin to und rstand the in rrela.tionshl of h e ensor ruling ? How 

do H1.1c ua i.on in th tock market .and pr@ i ·t-lon1i of tl:rls quarter' 

f a particular stock'! '1 'hen he r lationships between event and moni or d ignals are no ! ar 

as is h case in many da a~in nsive enviromn n , how can data llected from h i a1s then 

b of valu "! ki!lf'ul ~ of ma.chin I arning i one a.nsw r. 

achine learning m tbods, uch as neural n :work and decision tree d.assifi e b ing us d 

in i:easi.nigly for kno"I 1 dge discovery. E ·amples of th i:r applica ion at in loan advising, ~peech 

recognition, and robo vision [139]. w I, machine learning meth Ii.ave be n 

xplot . A romm u arg t a.rea for th m ho he d .assifica ion of pa ien as having or 

no having a dis as onclition ( .g .. m 'OCar ial infarc ion) has d upon patient charaC'c.eris i 

age, g;end r. smoking his ry, and_ /'111.ptotn ). An a a of rn.edicin bat has no r eived as much. 

at ion for ma.chln I arnlng is da a-int ·v boo id monitoring .. Pa i nts in the operating room, 

in.tensiv care t1n1 (ICU), em l'gmcy room, labor and dcliv • depar ment, ro:rooar • care u1lit , · 

, ·ell as o h r a.r ~ of th h al h care ~ ting, ar :uall: bo 1.-ed up' 

:probes tha continuousl mo:rrito.r vi al sign ·uch ais bear ra . blood r r , and respirarory rate. 

'ti.cation of a pa ient as having am ·ocard.ial infarc ion or no is rcla iv 1 • as• fl 

in o h fram work of maebi.n ~ 1 ming, i is le· clear how o formulate h b ide monitoring 

as machine ? arning qu tion . 

is present Tr ndFindet, a paradigm or discoverin he know ledge n - ed to detec 

:r nd , in munerical im • rie da a. hi includes an elaboration of data. oollec ion, 

tha al hough :u:uently ov rlooked, under-emphasiz d. or 

of know! g discovery. Trmi of in~t migh range from 

a walkin,g robot'. los of hydraulic pow in on leeg, to low-Jc,, Ytmts, 

\ e hen rnonstra how th rendFi.nd r paI"adigm ·an b applied for 

knowledge d' <n' :ry in b al b car . Om argc application· ' in elJigent patien monitoring in 

hospi. .al inteMiv c.ar unit (ICU), wher W1' ntly as many as % of bed ide moni or alar:m are 

fals [206]. pecifically, w d crib wo appli ation.s f' I Trend.Finder paradigm: on , , o dt> ec 

low-1 v ar ifact on monitored ph5 "ologic signals in th. neonatal IC ; and ru:ioth , o detec 

high r l wd rends indicative of ' rru alarm' ittt tion in h medical ICU. 

To mrnarlz . he goal of ltis r e8:l'cit are twofold: first , w ll"Ould Jike d " op PChniqu 

that nabl succ ful le,arning of inter i.ng trends .&om numerical tim seri · cla a. ecm , hrougb 

our d mo ra: ion o , th ti asibllit o here hniques in heal h care, we v,muld mw o aiin a r 
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lllldersta:rnling or h clinical problem of fals al.arms in h ICC. wa., for heir d.iminatfo11 and 

c.afl.8tru ion of i, llig n ala.rm . 

1 .2 Th i Organizat ion 

Tbe remainde:r of this llesis i · organized into several major tions. We begin by cribing th 

TrendFind '.I' par;i.digm ror ,rent d iion. Then, befor describing two applications ()f'fiendF:ind 

to health care, we next ·e tbe tag by de cribing the existing sta of pat.tent monitoring in th 

hospital IC . Following he descriptions of TrondFinder' application o det.~tirlg ·ensor artifacts 

and 1 ru alarm ve!lts , \'l discuss in detail a muple altema. iv p ibilit ic fur imprm"lllg 

pa. i t monitoring. bi is [ollo ·ed by a more thorough presenta: ion oh ll'lt I work in t'h ar of 

time- r'l analy · , macllin leru:mng mooitol'ing and ahm , and in lli,gen ala.rm co truction. 

finally, w onclud wi h a ltmmary of con • rihu ioUB. 

Sp c.ificall)•, Chap e.r 2 pwvid ad "ptio.n of h TrendFinder paradigm for v n diseov • 

in time-: eri data. Each component af th p~. including e, nt ioon if:i a. ion annotated ata 

colic tion, annotate d at..'l preproc · ng, mod d ri"a · on, and 1)€'tformance evahtation, is discussed 

in detail. 

hap er 3· giv ba.cl:grou.nd information a.bou hospital in car uni , patien mo11itoring. 

and alarms. By illustra ing he prob1 ms of xist.ing monitors and their astoundingly Wgh fal . e alarm 

rates, aw- aim i to h Ip the reader understand our moti,·ation for e-xploring know! .Jg i oov ry 

t clm:iques in. the health ca.11e domain. \Ve presen · he me hodology and l' lt.s of o r prosp h<e 

obs rvatioaaJ tudy ha w performed in a p~ lia tic h pita! inteilloive tAre uni over the course of 

t n week:, . 

Chap · r 4 illu:strn.~ in d tail applica[ion of h Tr 1dFind r paradigni to ·eusor artifac 

dee ction in th neo11ataJ in nsive rare uni, . Here, w also discuss th cl tail of ·everal p11eprocessing 

i i m · n ion only at a high level in Chapter 9 . peci.li ally, w cxplOT , m th context of ma.chin 

learning from ime.series dat issu of data g;ranulari y and data compr ion. 'class lab liing' of 

data as , Yllllts 01' non •e11 , and ]earning of ing1 · phas V multiaph:a,s nmds: of inter . W, 

also co1npare th . performance on artifact detection of everai differ Dt types of cli!S.Siliers , irn::ludiug 

logis-ti T 

DiMhines. 

km , de ision tre _ neural networks . radial basis nm tion n tworks, and oppo:rt \"tt or 

hap er 5 illu ti.rat s th n Finder paradigm to anoEh area of heal h car 
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d ion of ru i.n th medical ln nsive rar unit. Her~, we di5i!uss the d c.aiJs of 

v ral ala coll tion and pr proc ing 

2. Sp i-fic.ally, \\ xplo.r · u ~ of prlnci 

· gnal learning. and uon-tf' ditional ·commi 

of 'po t mod I. threshold refi.uemem. 

a new ·i uation. 

bat, .again, r r mentioned onl ' cursorily in hapter 

feature a tribute sci etion, mul i-signaJ ver si.ng'le-

assi:fi tion svsten1s. W furth :r introdu :e he idea 

se of a mode] de·v lop d or one situa: ion in 

Chapter 6 pro\cid 'a amplli:1 of al mat.iv approach o decreasing fi ala.rm · in he u1 nsiv 

are uni . Firs . l\ urn to indm;try and s-cudy how w U an available ·J.mpIOved moni or' perform ·. 

pecilically. ,;ve compare th per.fur-mane of r;wo pulse oxiniet r , bo h from he same manufac ur r, 

on of which is a.dn.r i.sed o dec:roose false alarms due to motion artifact. h m tho and resul 

of that tudy at d crib d. ndJy, we exp rim ~rt wi h ingl "gnal filter m h ha do not 

invoiv using machin learning eclmiqu and por OIi heir pe.rlorman a d . reasin false alarm . 

W h n follow this d tailed e,.--pl ration of wo alte-ma h approacru · ~,i h a ruo.r borough -u.r-

:Y of related \':ork ill Cha I' · • Thi includ work don in rin,g 

and aJ.ann algorithm dev lopmen , and ma.chin I arning in \'arious ar of h altb cMe. 

Finally. C~pter ·11m1nar: 11 ribu io:ns ma.de in this h is. 



Chapter 2 

1\-endFin,der Event Discovery 

Pipeline 

Fi\ ndrunental partc; compti: · he pipelin ,or \ n discov ry in 1me- eri . a The e ar : 

id 'U •'fication of h · ot(s) of int r st; appropriate co!Jec:t:ion of annotated da a; appropria p 

pro _ ing ,of annota ed tlat.a; derh-ation of an vent d ec ion mod I: a.rid per:fonoan vahrn: ion. 

Emphasis i given o 'appropri ' data coll . ion and preproces. in!!' ecause he c are t p that arc 

curr ntJ · unde.r-emphasiz in import.anc y a.re crucial for succe ful mod l ve]opmenL Th 

live- p pipeline i epi in Figure 2-1. 

2.1 Event Identification 

The first . t p iri he e, 11t di. OO\' r' pip Llne is iden ifi ati.on of h v"n or e\"ett - or in 

for knowl discovery. n even in thi con ·t • hou.ld he an 11tity that i hou h to ff. 

, ·hanges in ;.wailabl monttorM time- _ i \l'al1:1: : th exact n at ur o • those ctiange i wha we would 

Ewml 
ldmtilreat[on _..,. 

I 

i\nm 100 
Dara 

CoUccrion 

J\naa1:11.cd 

Dalll. P· 
proees$ing 

Model 
DcrivaliOD 

l'crio1m;u1oc 
Eval lion 

Figure 2-1: ompo te11ts of he TrondFin er pipel.in for ev n discovery in tim 
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like to b te.r understand. Exam.pie of vCJI · mdud I of cabin pr m an an airp1an. , voioo 

omman given. in th "ut Uisen room' of the fu we [36]. and r-aised inter ra annou d hy 

Alan Gxeenspan l _ Examp} of clinical. even include dismnnection of an elec.trocardiograin tECG) 

lea • apnea (lack of breathing), false alarm clue to patien motion, and blood pressure decreas 

war.ranting clinical attention. 

Candidate el' 11t fo knowl e m;scovery should either occur frequen l)', or, iI no , oc ur in 

en\l"iromnen amenable to prolonged monitoring and ob -rvation such that adequate nuniba of 

those even ;s may \'Im.tu.ally b obs-enr . In som donw.ins, such as r ai.xfi in intrusion de ·on 

[96, 120, 121] , limi ed a.mount of a tual event data may necessarily need to be supplemertted by 

5imula.t d data. Candidate e"'ent-s should also b such tha it · !ear to an ob.wrvcr wb n they are or 

are no occ=mg. for exa.mpl , if a. pa i n brea. hin , clearly h 'apn ' v · hot oc , urrlng; 

if th pati n has not een brea hing for he past minut , on tbe other hand. clearly the 'apnea' 

even n; ocelll'ring. 

2.2 Anno ated Data Collection 

On an \' or inteE t ha:; been identified, b.e next st p is to collec ~ 1:ll'ge amount of timc-se,;i ..: 

data along with annotation:, of , \<ent occun: ncf'l and v '11on-occurrences'. Time--seri da an 

illlually be stored cornput r disk eitber in a. en ra.J. data rep itory or via a laptop computer. The 

granulari •• of 1w llect d data, th.at i , h w fueq_ul:!lltly the m :asured igµal. value is stor d houJd 

ib1e to ha a.,'ailabl in ual ,:ironm n . W ,,(I] how in hap r 

4, how vm:1 bat som times da !I. tan compt d withou ffecti. ies in model-builillng 

OJ in tJbse 1u n t sting on da a of th native tim granularit~•. 

Annotations, wb 11 a all feast bl , mll t be made prosp ivel}', at , ti itn of event occur~ 

.r nee. Retrosp c iv . pecui.a io in som-e cases, fnr example, to determine the exa iming of 

• lan Gtrenspan•s anno11nooment of an interest. ra hilre, ma. b acceptably accurat . In medicine, 

hov .. ev r re r pecti ve cbar review to try t-o detemrine the time at which a patient' bed:sid mon

i or sounded a fal e al.ar.m, for x1.mtpl · is grossly inad qua . ome re.searchers have su . ~ ·ted 

annotating lC • data, pos coll io ba..<::ed on he liiurse and physi<,ian nor.es (R. Ma,rk, personal 

comm.unica 'on); as udy of pulse oxunet:ry u in general medical uxgicai nursing umt.s. howe.\re:r, 

found tha multipl pisod of hypoxemia and low satura. ion levels (whlch accoull!t for the majority 
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f 1C alarm ) w " no reflect d in the n1edi al r rord (nurse 01· pb ician nores or ord rs to 

change T ira.tory care) [2'2] . W11e1:1 annotations nly be ruad retro.sp iv; I •, a prellin:inar, 

tudy can fi t p rform , with plaru o follow later v.ith a prO@ i IJ,r am1otated stt1d ·. 

o be 'um tamp 'for urac corr la ion with th. data, which 

fen ar in a para iii or files . [clearly, th s im amp ha,. both a 

nnd ar f che sam tim granulari y th data. being con ed. One way o m t h cri eria 

is by using a w torn-buil program in which a luunan obs&\• r can i] • record timf: perio of 

e,•e:nt occurre11c and e\'ent non-occurr n . An ,observ r , if n alrea.d.3• knowl dg a.bl ab u the 

ar,ea. an b trained to rncognize u•hich \' n o look f, r and o obtain v bal rifi a: i n of vents 

.&om knowledg abl1; t ·_ n aJterna iv to a ustom-<l igned annotation program i a cu · om

rormatt d dar.a ntry in ,er£ac for a -ro-adily avail.able coinmercia.l :!i;proodshee program, such 

cce · (ilirrosoft, Redmond, W ). 

An al emat:h• m ho for ·ollecti.n,g data and viro, tnforma.tion in the h pi al ing oould he 

documen d ro ti:itoc • [211 ; th . bav I 11 cl in - ud:i s of hom nonitoring fficacy. Doc-

un1 n ed tnoni o can ·" 01·d , fur ·runp1e, transthoraci imp an e, ECG hear rar; . hemoglobin 

avefom1. a.swell i.m of alarm 1;-e11 s. 

Da ru.10 ation ho Id pr eed for as long as is fo, ibl o capture mu! ipl 

occun nc of h ven Typically, machin I mn.ing rogram are mor robus whe.n 

pr nted whh lar r numbe.t of S8Dlpl of the ,, r of in er [59) . Initial mod 1 developm 11 

can al. be tri d periodically, Vii h return to da ,a roll ion if inadcq ia mod (due o insu.flici , 

even sanipl result. 

2.3 Annotated Data Preprocessing 

hen v n di mrery pipeline is p11 pro ing of auootat d data. Pr processillg i ' 

much mor itnporUi.llt ha.o ge:ni!rall;· r ogn.iz d. Tl\is: i · h step ha a.bl u to apply radi ional 

rnachin learning method o I traditi nal application ar a.s . cli medical moni 01-:ing. au oth. r 

domains wi h moni ored ensrn \'lllu . Th thr major '0mpone.11 of h pr -pro ing t p 

feature attrll:m deri,..a:tion, as labeli.n , an.cl data partitioning. 
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2.3.1 Feature ttribu'te De.rivati-o,n 

· ea t1re a ribute de:rfration r fers IO h c ion and calculation of math 1a · cal quanti i ha 

, an d cri.be he ime-ser-ie da. a.. The ma h . 1.atical quanti 1es, ucll a.<J th moYing m an or 

m dian, , an be any fea.tti:res of im data ha are hough o b po n ially differen for 

la d over a sp "fied time interval (for example 

10 seconds), fur ucc . h•ely ov rlapping data. , h sam al o b aJculatc-d o~ t 

multipl im in r\"als (for example, IO nd • and also one Ullllut ) and h n cd two diffi rent 

attribu of ha monitor d ignal. in1 in erval £or fea; u a ribu d rivation m y b cho n 

to relic a, ry g ral under t-andittg f tlte problem if bat · all th.a i known. For ·ample, ·very 

11hor1: im in n'"8.l might b ctio·en for Spurious: fills alarms . • n a.nali•sis of im in \,al elec ion, 

that · , how o go abot1t cl10 ing im int rvals for ffrac tu·e a ribu derh• tion in a m r prin ipl l 

rna.nnel', is cl cribed ·n hai t r . 

Th rh-ed •alu e cribed above a.re cakulate-d not only for jnst on signal ·.:P , hut for 

an a.willabl dac.a _ignals hcing collected. The vario , quantities calcula ed for each gna1, £or all 

monitored si,gna! of inwres , he se of fea ur a ribut s hat describ a ti;m 

p iod of moni oring. \: ' hen there ex:i , only on monitored valu , or in cas in which n kno '.'l 

•i li rtain y that only on · gnal i r la , event de ection model - can 

b developed from f, a urea tribu of a ~ingl ignal. ~ "hen mnltipl monitored signal x: t and 

pr d r I~ io hip tween each .signal an nncl ar , hol\'eV r .. it i b te.r 

o de1i.v fea ur a tribut from all a\~lab] ~ign· ha ma,,v have o:me corvela1 ion to th \"ent 0£ 

in r t. An xamp1c a:naly i of ingle- ignlil \l(!t • multi-signal even det tio.n mod - i pr 

in Chapter .~ . 

Feature attrib11t scan al consi of multipl par , oc phases. orrc p n ·ng 

of sequ - ial b1o · of a monit. red signal. For <-'x.amp! , a wo-phas feat·u:r or pa 1 in th data 

may d cri the slop of he firSt pli..'l£ and h . lop of th eoond phase of two ontigu.ous regions. 

h fir phas m.igh. correspond to a 10-~on tim int rval, for example, wh.il the ond pbes 

migh conespond tO h adjacent an following 20-- orid t ime interval. Inclhridual phases of multi

phw' ~ atu ru· subjec o the sam flexibility 0£ -c:hoi in tim. in ·,'al s lectio. as pr riously 

des ribed or ingl phase feat ur at ri 

h . e multi-pbas p~ e fill be described ith r by a ingl a tibu · ha 

id of h whole pattern, or by mul ip]e a tribu that together paint lie pi t.ure of th what 

pa. rn. ay for insta.11 mporal pa terns , or 
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· phase. ' or simplicity, ow id r h case in which each pha.'l i 30 ood in l n.gth and can 

d ib d by onJy 11 of thr op po ·i, i,·e (rising) , zero (le,· l), or aegativ 

(falling). nine uniiqu pa.tt ms, ·hown in Figut 2~2. \' e 

, based n t.he la.ssificat:lon :s;y em or n otber fa tors, wh ther to represen 

at .ribu tn number ', 'tuio-ph 

p:at :ern numb 1· 2', ' wo-phase pa o numb r 3' , ... , • o- has p.a ro !lu.mb ,r ') or by multipl 

a ril 11. (e .. , 'pl.iase-on lope' and ' phas wo lop '). Th ideas can readily b . eud d or 

lea.m~ mor comp! teat , cons· tin of tbr or mor ph , which may b a1: ·o ia ed w'ith 

~· 11 occurren . i.gure 2-3 11.Iustratcs a datR . ,r am ,,ith thr contiguowi ph 

adja n roctangles, o b used ot f a ur at ri.blllte derivation. In thQ . amp] , tL.e slop of th 

pba:;es are fulling, I v I and ri-"ng for th first 1 second, and hlr 1 phases hov.,i, 1· i\•ely. In 

Fig 24. th cirue intervals of l:i hrce phas ha" been cliru:iged. slopes of h 

ph ~ ar rl ing falling, and rising for h fu-st, ·e ond, and third pha shown , r p~ i\'ely. 

E::..:cep in~ in whkh rhe number po 'ble multi-phase pa :t1LS i· small, repr ting h 

mul i-pha.5 pat. em wi h "ral a ribu ui.a e crib ach individual ph js ptefon cl . k t, 

11 la • m hod wouJd b tomp1.1 a ionally ruor rac a.ble. From a p.att u1 l aming tandpoint, 

moreo,, lat m- m r.bo provid flex:ibillt' for .I arning p uliarlti - abou mdividual pbas of 

a ernporal pa. tern. Also, p tern yp , al l1ougb feasibl as i.npu into a d ision · induction 

ys filll, for example, a:r not run n.abl o neural 11 twork I a.ming. Cbapt r ~ provid an x.-'lmpl 

of le.a.ming m 1 t-p11as pa r . 

2 .3.2 Clas Labeling 

Each . o foa ure at :ribu - whet.her it be multi-signal or sing)~ · naJ. multi-phase or sing! pha:ie, 

consis ing of attributes cl riv d ov an be: bought of as a feature 

v or and · gi\ cl• ' label .of 'ev at' or 'non-even ' according · o th recorded annoiatio11:s. Tn_i 

easi to do when annotatio~ and da ame tim gr~u .ari y and •he ri aunot3.J i.on · 

hav clear ar and top poin . Am thod of 'windowing' o comp n ate for lad of ith or bo h 

or these d ired annota: ion atw- i d.escrib d fur her in Chap i; and 6. 

Cl lab !mg 3ll be varied on wo ~ para a.x : 'l :a ion' rictn. .' On a.xis. lo a ·on, 

con n • he notion of •front•lab 1mg' , wh 11 ruor than 

n ime in ,al is used for featur attrib11 ii i u . For example, l ' &l.Y w would lik 

to calcula e foa ur \'alucs: vcr cJir data point , five data. p in . &nd data poin . For any 
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Two-phase pattern 
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2<?: Niu po •ible · wo-phase pattern. in wWch a h phase · 1·epres n ed by 011e o h.ree 
. (rising, 1 \' 1, ra11u1 ). 
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Figur 2-3; Multi-phase featur a tribu e ; each ph · indl :a d by a rectan l . rtkal ba: 
mdica ransi ions b en hvo ph I are fal.lio , level, an r· ·1 g £or h first, ewnd, 
a.ud third ph_a.se h0\1io"ll1 r h'ely. 

igw'e 2--J; ?i,,11.Jlti~phas 
mdica transition.~ he 
!l.tld third pbases shown 

: each ph~e · indica by a rectangl . V rtical bars
lopes ar rising. falling, and ri inig for th fin • seoon , 
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particalar interval of ten point , heo, th r are ~era! option for which tiv of tho e ten points an 

he used for he fi\'e-poi11t ime interval calculations. Similarly, there ar geve.ral possible thr~point 

time inten'31.s \i,.ithin ha t 11-point in · rrvat ln sucll cas(!S, U'e might choore ·to 1JS{! h anno a tons 

of tl hortest im interval to determine he elru,s label for the collection of an features d~riv d 

from all of the chosen time intervals. F,ont-la.b ling hen mea that h~ tim 0 in n'a.J from which 

tb f am.re vec or• label is etemuned atturs at the 'front· of a stream 0£ da. a, or at th e.arll.es 

liempora:1 reg).on. Longer tim inter-va.L, thus tart with he sam raw Yalu as th n ir hones time 

interval, th1m additionally indude however many mor raw values are needed th.at follow t:he short.es 

im interval Contrast tb.i method wi h end-labeling, which plac he shon · im intenea! at 

he • nd ' of th 1011g tin1 interval (at th la posi ion, nporally~sp akin,g}. Th labeling 

m thod. ar rt pk d in Figur 2-5. Front~laheling might be useful in a.ppllc:ation sucli as learning 

he t ul of giving; a pa.ti nt a p;micular i11tnw 011 drn.g: h in ri t L1 in h mporal pat rn 

following dru.g lh•l2'ry. End-lab lin migh 1 · e s ul rn a.pplir.a i ml u h a 

stock ·s plurnrn in valu ; I.he mt r lies in learning mporal patterns in,di a.ti~ r a crash tha 

p:r ed the crash tfor example to allow investors im.c to mov~ h ir mon y). Chap r 4 pr en a 

comparison of fron -labe1ing an nd-labcling in artifac detec jon. 

The oth axi5 alo which cl la.belin can b varied i 'strictness' ,of c~ inclusion or exclusion. 

For examnle, mnsider data in which r-aw a wl.lu a:r a.ch indi •iduall:• marked as ·e\"ent' or ·non~ 

e 11 .' Feature a ibuw.s dcril• from m.uJt-ipl ra.w values may span region of different ·event' or 

'non venr ' markings. On wa.y in wh.iclt to tnmslat these individual taw ,,aJue vent an.uotatioru:: 

o clas lab t~ is by tiling th a.v rag ,ialu over h im interval under coru;idera ton. 'E e11t' 

,werag valu woul h r for rang from I) to I , inclusive. The most rtric: dass lab ling echnique 

would requi ha on.I~• featur v tor who. attr1 bu ar d ti d from data wi h e,.· avera.ge 

equal e be lab led ·event'; i.mila:rlr. only f a.tut ,,ecto - who attribu ar deri.v d from data 

with even a.,'\:l'agc ~ual za-o \ 'ould be labeled 'non-e,,imt.' Tim interval.a Spanning a. n-an ition 

from an ven o a non- vent r ,,ire v -rsa. can hus I ti\ 1 • b di 

experimim . . 1 ernati~:, th e ran.."1 ion peiod Cli!Il them l v 

t.hat. we tv· h to Jearn how to detect . 

Olle interpretation of the least stric 1abelin , m thocl would be to give any fe,a,tnre ,•cctors who.s\1 

a tributes ar deriv d &om data with even: a,i rage gr at.er han z.ero the 'event" class lab.et This 

mak for a morn challenging classification problem ince monitored p il'iods at he 

·very dge of an e\'enr's tar or finish are al o in luded in · h event class e,._~1.1 hough they may 



Tln:ee time periods calculated with •"front-labelin,g ;: 

-
◄ 

++ · ++ ++++++ 
3-minu period, label deri ed from lh e 3 valu . 
5-minute period 

+- l 0-minute-period 

Contrast with "end~labeling' : 

I+ .. ++++++ ~ + . ++++++ . ++ 
- +- label d,erived from the e 3 
~ 5-minute period 

~ IO-minute period 

34 

Figur 2-5: Fron la.beliLig, rsu end.labeling of m11oral data £ea ur v to spa:rinin m re than 
one time interval 
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not belo g. 0 h hr, h ld ford mclu rion or e:xclu.ion are also pm ,jble. 

and compares four different 1n hod ) of !ass labeling b 

m thod d cribed here. 

hap r illu tr.at :s 

upon th en ral 

Cl.ass .labeling \\i h multi-phase t: tur h addi ional op ion of cltoo in , om hich 

phas or par o a phas to deriv he fea. ure vector lab-el, 

2.3.3 Data Partitioning 

All da ;a ar thu transfornied in o a ibu 

Befor. machine l a:mi.ng m thods an b applied ed data, w mu-·t randoml}· pru:ti io.n 

our availabl in 0 1 itleall ·, three ·. Th th.r co11Sist of a training data s t, an 

valuation data ·e-t. ancl a eL, set . The raining JP is fo · erivmg candi a e\' n de ct.ion 

models. h valuation re is used to etermine how~ II ~.andidate models per:forru r lafrve to ea.ch 

ot,her; lili en a.bl ·s exp rim ta ion with modeJ development while al'Qiding the potential problem of 

ti tin"' a model o h actual test dauL On a. final mod I is sci ted, i i hen run on th r erved 

est 

of th 

h mod l's performance. A training set consi$ting of appr xim~ y j0%-80% 

a i often cho n, while the remaining dar-a a.r fur h r pli to ro h other 

• da .a e . 

2.4 Model D,erivati,on 

For h clmiqu d ctlbed thus far. ·supen · - ' ma 1ine lea.min methods. cit as neur.al net

works or deci ion r--ees, an now easily be rnployed. Tb mach.in learning methods facilitate 

dwelopme:nt of mod I , from labeled training data, which can then b used o cl · ·, :y u n data 

as or n n- \'en • 

Q11i a.n array of classifi . tion m hod exi t. On way in which to think about h " 

a a high l v · b' · broadly a egorizi.ng them as lin a.r or non-linear approach ( om litchel.l 

p rsonal communi~ation) . Au ex.amp ofa linear method· logi 'c r fon (LR' in which h 

a,_• -known non~lin ar method iJ3 neural n twor · . 

Ther h b n much deb.a,, ~ abou wlti er than th V. bcli ,, ha 

in this area, •wen, dLcov ry from tin1e- eries dau , h holce of 

minim.al itnportainc . 'What is mor impor an · th proper llection, auno a; ion, and prepr illg 

of the data o be .d for learning. W1we tiler ma • b Jarg diffi n ' b tw 11 lin ar and non-
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Im ar dassifi , cl Hie within b rune ategory ar lik Jy o perform relatively si.mi ady, with 

ach having i OVio'lil ad vanu.g and di ad \'allta e , 

. brief d al cl ilkati n ys pr nted; th purpo L<i o 

acquain h_ r ader with cl..'l$ili r th.a ar u in exp ri.ment d rib din Chap 4 and 5. 

2..4. l Logistic Regression 

Logi t.ic regr . ·on {LR) i a l iii tion method tila us a • . of - u1 l of known cl ifi ation 

o h·e coeliicieut for an equa ion hat cakulat s he probability ha a n w ca.,;; L<i of a '&- :ain 

lass. he equation below hows h orm or d e logis ic regr sion. equa · ion. 

wber f,0 • a co ant " m, o, rm tlie d rived coel:ficient , and ... , T nns are he "-a.tu of 

h a ribu c~ca ion ( 0 r 1 for dichoromous a tdbu : mteg r , 

for xampl , for continu u at i u -) . 

In general , h t,im -c m,uming and diffi uk aspec of buildiug an LR m cl I t~ d tiding which 

attribut - o i.ndud in tlt moilel an which to :xclud . In many classilicru:ion p1:1obl in which 

the r latioashlp hetwe n attri bu ~ am l is uo \Ji'ell unders ood, mauy ribu ar availabl 

for nw el-building. Choosin a. small bu lll.ea.ningful su s t. O'i'l'eli r, can pose a daunting task. 

The approach taken lteF has been o allow ::1. ecision r induction system (describ below) 

to sel · h op 'mum \'3fi.abl . This implilies the job of building an LR model u · he JMP 

a:· istical package { A Jn itute, Carey, NC). 

2.4.2 eural etworks 

, mal networks; are ·Jru:isill ation -y ems orj in ally inspired by biological ]earning )"S ms in whicli 

11umero n W'Oll are intercoll.il ed, in th brain_ Th artificial cfassilier ru; he ntput 

,'alu f in rnal calcula ion nod ~ o ti:ma t.h po crior cl - probabili · · or h pat o 

a . their inpu nod , ik oth r uper•;ise learning oclmiqu • h ''l al' a method of cnodelin~ 

an ioput-ou put relatiomthip bas on !Xat11pl" data for "·hiclt h input-outpu relationship are 
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already kn wn. 

Th n ural n work model on.sists o ·neuron' -like- processing unit linked og her in lay . Th 

ou put of a single proc . ·ng 1mi · aw i b d um of i input p d hrough a igmoid func ion. 

These "gh ar ucce' ~ively rnoclili d, or rained , using a back propaga ion algori hm to perform 

a. g;radi 11 d cent whl h minimi th rror n a: h outpu . 

Th equation b low gi he form of the ·igmoid function used ai acli akula :ion nod . 

the equation, m qua! th number of 11 urou inpu : w, ab th weighting mctor for inp 

i, x 1 equals h tth inp value, and 6 11als the n •uron offset. 

fol i•la_ver perceptrollS ( 1 P) are a pedal kind of n lll'al network in ,1,.hicb the neurons are 

arranged in lay rs and h ou pu of one la ·er are us d as · h inputs to th next l~y r. Fu rcb rmor , 

very neuron ou put i!! lly int onn ted to h input of the $Ub, queni la r . Jn this tudy. 

specificall • mean multi-layer perc ptro115 wh n ring o ·perim n using new-al n tworks. 

In our tudi -. we 1 th n ural networks avaUable in h LNKn classification y {Lincoln 

Laboratory Le. "ngt n, MA) {113] . ptio o p rim · h when developing n w·al netwoi:k 

£ da a norm aliz.ation ; m ( r pling of training data w.hen clas probabilities 

il he training data ar not ltniform: ]e ion f h mun! er of hidden 11 d . and Mdd n laJ' r in 

th iw work; ion of th • tep ·2 by wbi I o ruorufr network weigh during training; and 

$i I ion of h numb of ' pochs' hrou,gh. whi b h n rork should back• pl'lga rror and 

make weight ch ge :ordingly. 

2.4.3 Dedsio ll Trees 

ision , or dassificadon tr s as h y a.r ornetim called. can b generatC'd by ma.i h inc 

le-drni.og algorithms to classi(~t new a using a tr _ s n1 ur rived rom a sample ohraining 

data oH::nown la..~ ificat.iou . Ea.ch 'da.t\l.m con i5ts o ( .g., cliara ristics of ch t 

pain), and on fa.!. lahel ( .g., myo ardial infarction or non-myocardial infarction). The trees a.re 

built by 1 okin for r gulariti s ill th data wi h which o para h data by cl 

Th d · ·on tr built in his proj us ei h Qt1inlan' 4.- program 166 or the LKKne 
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[H3], both wri 11 foi: "nix y t"'m.s. Th input 

a tribut and t.hcir ,•ah1, yp , as well as he p 

-Li i a. file spcdfying h a\'3ila.ble 

for acb. a.mpl . Training da a 

ri.s s ar _ pr, \rided in epera.te rue. anc'I op ionaJ ium1 a.re provid in a rhird file. LNiuL t 

us ana!ogou inpu til with slighd}' different forma £or h da r, 

In 4. , ver-al options ar availabl for mod.if i.ng r -building behavior_ Th op io 

men d wi h mclud : 'm', th minimum number of cases oeed hl t I tv· ou com of a tr 

t,od in otd include ha ood whil er ating tr ; and •c·, th 

pr icted error rate on ach .I af and eaclt ubtr , u d o find th 11.pp r limi on h pr babiJity of 

error a a leaf or su btre-c hiring prunin . Increasing m ,'ll.lu · and d enuwng c valu of n result in 

~ ma.lier t1' . L• l(ne hru! imilat options hat allm:v .h · m t-o peci.f.J,1 hen to op tr gr wc.h 

and h :,., m&nr nod > us during t ntia.lly. how much o pnm ). 

When po- ibI , can also a.id.st in lectfon o· a final tr mode! rom hose 

with h b ~ m1111erI ·al r ·ul. · on raining data.. 1n medicin , for example. clinica.1 judgn en can 

i:>e used "to determine wheth.er propo are htlill ·e1ves oonsLtent wi h th goal; wheither 

a tlbu ,;i.ithin a given branch IJ .ak 

at ribut i r p wd mor han nee in b 

ltis . 

\\rith r pee to each oth 

rune branch, wheth r thel 

2 .. 4.4 Radial Bas· . Function etworks 

Radial ~is function n .t.works e ·i.mlla.r to muJti-la.yer p rceptrnn 

and in where an 

clinical plausibility i ; 

ba inst a of using 

s-igmoi ·or calculation at each nod . they u local Gau ·an functions. The LNKn t ·sa-•s Guide 

[113] provid an xc lien bri f summary of th s networks. 

Radial Basis Function cl.amfi cal ulate di iminrurt function u ing 1 al Ga ·· an 

fWIC io in tead f · gmoids of hidden nod l.llll . Tb y may p tf nn b er bau :'I.JLP 

if inpu £ea uis arc normalized a E11cli mi di tan m carrlngful an 

if dru m~ trihu ion . x.hibit radial _ 'ln1n tries . pu ar v. igh d w:ns 

of th outputs of Gau ian hiddc1 nod or b · fun ions. Hidden nod out.p ar 

normalized o u1n one. \ ·eigh ar train d udn i ast- quar matrix inver ·ion t 

minimi?R. 11 111 d error of the output urns given che ha! i fun ion on pu · for h 

trairun patterns. The basis function can in lude a co.n.stan bias nod . 
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ction of the 

numb of ·c}u f', corresponding o Gaussian hi den nod , . election of wh th r th clu=t~ hould 

b C'4' ated by c.las:s or , itbo r sp t o class; s lection or whe. her aU network weigh 

updated durin ach ' t ration of raining; and ,. e io of a clu:st ri.a,g al.gori hro 

AU · :p,eriment -p rform or- tudi u ' ng radi.al basi function cl~~ .s·me1:s are done 11 •·ing 

h LNKn .yst-em. 

2.4.5 upport ector Machine 

A supp r \' tor machin . ( W.·l) is a. kind of clas ifier 1· lath· ly n w o be fi 1d. A support"'' .t.or 

miu:hln • developed by Y n.ik and his am .t AT •T Bell labora· ori (20, 7, 42 , 71, 1621, is 

pa n c1a.~ 'fication algori run. ha. can b .n a.<1 a wa~• to train p 1.,t1omial, neur-al. n .tll.'Otk, 

r radial bas' func ion i:i twork cl;tSSifl . Trainiu fill VM, ba is, findin be de-ci.ion surla.ce 

ha h sepa.ra runpl by h ir cl ific.a.tion, is ~uintlent to s-olv'ng a linem:ly constrain 

quadra ic program.ming pmblem. Th numb of vru-iabJ in the equival it qua r-a ic programming 

problem is iqual to h numb r o darn. points in the given training s . 

upport v tor macbin ar an appro. ·imat impl menta ion of the ' r t ral risk minim.iza ion' 

indu ion principl , which means tha. t hey try to min.irn.iz an pper bound on h gen a.lization 

enor of a cJassilier rah r than on h raining erro:r. Toge an in ui ivc m; fur support \ or 

machines Figure 2-'6a showl:i in · ,vo dim · onal spa.c samples of tw iliffi r n pa.rated by 

a de i ion urfa lin {hyperplane in hi,glter dim fl ·,ona.l pa, ) v.'ith it · ·a.we! ·margin' m. . 

cl.u and th distan frou1 th deri · oo surfac 

a.r u-itb a diffuren . parating d 

larger iz, • Th larg t margin iz i! ed 

po· 1t of n 

. Figure 2,.6,b 

ha has an as oc:ia oo margin of 

r generalization apahitit:y in lassifyi 

n w sampl . Th id a behind th pporl ,., ctor llk'lChin is hat the toea.tion of r. separating 

on1.' ep 11ds on ! o the decision urfac. : h e ar · upport' 

..unpl In multi--dim ns.iooaJ ;pace ~ mnple is repr, nt d by a w..>ctor quantit -. and h nee 

th e are- al.led • uppor v cio:rs,' M shown in igu:r, 2-6c. 

The xample giv n in Figure 2-'6 · of oourse O\ierly ~impli tic. a.s i · how ' two linearly para.bl 

la.s es. For non- pa.rabl 1 s s, th, decision surface hat ma>:inliz he margin and minimizes 

th number of misclassific ion error · d iral l . This trad off · repreliert ed. ma.thematically by 

a pos.1 h·e con an , C, ha h us r of a support w~ctor ma.chin ~ mu . ch.oo befor trtwtlng. 
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Q) "'. Q • : 
I (i) \ , ® 
I© \ el 
I "• 1 HD \. 

1- I 

C. 

Figure 2a6: 'nderstanding suppor vector ma.chin ; ta) The -epara ing d ci.si 1:1 urfa.ce (d cd li 
iu 2D) has a mall rnargin. (b) Th s parating d faio surfare has a l.arg r margin. (c) Placement 

nds only Ill hos ampl cla to n bouad rur be w n the clas 
·uppor ¥tX -0rs· (shown circled) . 

The olutfon tO fin ing he h eislon w:face (linear d inn- in bis as ) h . been own b 

equival nt o the ·olution of an appropriately formu.b d quadratir: programming problem. &ch 

ia ed v.ith a e.rm in h ma heru.atica.l equtfon, bu nly h da. a. 

·uppor v or points hav fl:iciimts . Thus, only the ppoi· 

, ctors a:r r J 'a.ti to the solu ion of 1e problem. 

T - approach i. th n further eJ..-tended o a.Uow for nonlinear decision smfa by proJ ting the 

riginal _ of \'ari ble:: of he Iin ar 1 in o a higher dimeusional earnr 0 pac:e, . · ch ba ii 

assifi a: ion. problem in foa. u pace is linear, bu In the original inpu. pac is nonlin ar. Vi ith 

w 11- io_e:n ma. hema i al mruiipula io1 [1 ~3] , the 11 u.ltin qu ratic progranu1fn probl m ha 

mus be solved m d 

original linear c :ifier. The us r of a • pport ,, t r macltln m\.1$ oos b ' kern I fun lion,' 

[{ , for he ma.th matiral form of th \ l\1 clas ii . Vapnik: hawed th.1t ch 

func ions mak, the VM tlru ·iffo-r equival n to w ti-known cl ificrs, uch 

b~ i fun ion. polynomial of degt d. or mul i-l er pereeptron [42] . 

ing par ku.lar k tt l 

th Ga ian radial 

2.4.6 Com.mjttee Clas i.fier 

verAI l' ea.ch r have alsQ n (oct1°ed u1>on us of roup , or commit . of da:ssifi rs 

or an tweraging 

in Cb pter 5, 

inclusion or excl i.on. h ~ comm i · ees typically u.se a u .ajority voti 

, for exam.pl . "\"\ propo a variation on h traditional oommi 

ion 5.3 .. 

clw iii 
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2.5 Performance E aluation 

2.5.1 Performance etric 

R lc,.rant performance m tries includ p iftci ·, positive pr dictiv vain (P \ ), a.ccu-

racy, and area un r th r opera.ting cbaract ris ic: (RO ) cun• [ 1]. cns:i jvi y m asu~ 

numh r of co.rrect mod I-label ci even ca: e ou of h oral mnn.be,r of actual ·en 

pe ifi ~ty measur th numb r of correc model-labeled non- \'em; 11t of th otal numb 

of a ual non ', Positive predk ·v valu i by h 11 mber of correc model-

lab l b • th nu:mber fall mod l~lab led even (oorrec and in orrect) . . ccura.cy 

· c-8.1.cula 

divi I d by rlt 

numb r of 1:orr t mod 1-la 

number of of dcrk 

Figur 2-7 show a con mg J y 

(ev nts). Tb verti al groupin • of case_ 8JI gold stan a.r 

The hod:mntal ·o pings ar mod 1-Jabeled as b lon · 

and •c' 

model as clas •o·. imilarl ·. ·b' cas a.nd 'd' care .. w r 

,,alu ( V D 

To furtht>r illw; ra metri • 

I d •o· (non- •\'i'nt ) and ·1 • 

belongin ·o ea.ch I " 

or '.X11.mpl , • a: 
y p icular 

'I' C , ,vhil 'c' :ase and 'd' 

as label by a particular m as l• ' l '. The relevant performan · mctri in eq ation 

orm ar hen a:;£ llows: 

The • OC cu.rye u; a. pl t of e itivity " r u on min , pec:ificity. Becaus nsith"l ty and 

Sp ·ificity can be in"ersel • \'ari d by al ing th thr old whi h 0 on 

cl or th oth :r, th ar a under the RO escrib a m d 
, 

discri.mina r. 



CHAPTER 2. TRENDFil\TDER EV'E rr DI. COVBRY PIPELfl\TE 42 

AcruaJ class: 
0 1 

Classified a : 

0 a b 

1 C d 

bl o ill r.e. p rforma.n m t.ri . ( a for de ails.) 

ability. 

For de · ion r , ROC curv,es m: d m.irt · . by fir ' 

of ei1:1g an vent for a R crh'Cd valu ha 

l af he pr-0b.abillty 

poin . Th e robabiliti ar 

based pon ha fall in acl1 !eaf ur:iing training. Th hr h.ol 

for cansLdering: a case to b . ven, or non~ ,, nt is then. a h I af probabili y valu . Th tesw ing 

sensithity•. pedfi i y p ·rs when plot ed on a. grid of nsith'ity 

ClltVC.. 

RO 

For logi ic regression mod I . variou h.t hold valn , ranging from O to OO'n inclusi\•e, can 

b used for dot rmining wh her o label a eas as even or not . Th r sulting eru.itivity~specificit • 

pairs can hen irn.Hady b,e plo ted . Th ar ,a un a.ch ROC curv can b ~~cuJated b • traIMZoi al 

method to avoid ov - 'mation of h ac ual area, 

R; urv can simklarl · be plo ted for n ural network radial basis fuuC' ion das.sin and 

pp rt '1.-e tor IIiaChlne dassifi Ti;i; lili func :ionality · provided by L rt<n t. 

2.5.2 Te t ing 

Final mod ls hould id all~• be -ted by hr, m tbods. i • mod ls (aft r experimen a iori with 

tile mining and !'.!\l'aluation da are co pl l) hould b t ted n heir own r n· 

Wh possible, a m d I hould additionaU be tested on a e:ompl 

from a different place or tim . Thi provid a t er messur for how robust a mod I migh be. 

Finalb·. befor any model should b u in r@ru-ljfe i'li .uation.s, pros-pet·Uv valua ion in h 



'.HAPTER 2. TRE. iDFINDER E\ .r\ T DI OVERY PIP ELI. E 

tting in which i v ·ould be m n · of atlual performance in det . in 



Chapter 3 

Background: Intensive Care Unit 

Monitoring 

Thi apt r ·ve an iilt.rodLtction int ,nsh ar unit pa ien rnonit and alarrru, by p 

fi . som general inforrna ion about IC alarms, and It n, th m hod logy and r of an 

obs n'8 ional udy that we pa-formed o .furth r i1 \' igat · domain for po n ia.l application of 

he Tr ndFinder paradigm. \\ conclude the chapter with a discu , ion aim at providing moth• ion 

fo.r he Tr 11dFind applica ion d ribed in. Chapters 4 and - . 

3.1 0 ervi.ew 

The modern intensive car Ullit · rung with b !iisid moni ring d ,•ices ha g \1olu1nif~ 

nous aino11n of data per pa ,ien data as c-0mp[ " 8.rJ' and 

mos b lieve he· devi · to b s fu1 for improving pa ci nt afuty [203], uch mobl.i or~ bal'c m 

recentlr b a source of oo [IJUcb inforn1at'o , or cla a o-v load [211]. D a overload u1 
of increased patieu numb r an nursillg talf hort contrih1 t s to th itap ibili y 

for any one pa ient to 1 on in ally and closely followed by a car, pro~ ider. Th.is m . an Hrn. p -

tien interveu 1011s (e.g. , th. apy change ) Liecessm-ily occur in ermi ly and po •ibly infrequ ntly; 

soundin or alarn:u, cher-efor b ·om crucial indkat-0r of a pa Ient's cl t ioratin con ition or n d 

for aissiS' anc . ln acturuity, however , how usefnl ai: th IC • alarm ·r To ai1 wer thls q • ion. we 

p 1·form r.he ollowin,g tu y. 
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3.2 Ob ervat·onal Study of ICU Alarms 

This prospective. ob..."ilmm ional tu.dy was ca.nied out to facilita e a b t.ter undcr~tandio of ICU 

alarms i11 pedia ric intensi v.-, c;u· u i . pecilka.Uy, om· goal was to make a11 accura. ass-e sment 

of the po itive predictive value of diffe:r nt monitoring d vie . as ,.,.--ell a$ the common causes fu1· 

al posi ·veal.arms in the IC r. 

3.2. l Materials and Methods 

Th ~ ud_y consis ,of a -w k mon.i oring p rio iri the mul idisciplina.cy medical IC • (:rvn 

of a. universi. y.affilia.ted p dia.tric teaching ho pi al . Approxima. ely 120 patlen are a.dmi ted per 

mon h. Childr n wi h primar · cardiac di8e aR in a- par-a: e ICU. Dm:ing th dy 

period, a 'ingle rain obs rver · uate a. h bed i. record all ala:ri:n oc , r-ren.ces for. cl vjces 

bcing tra.c:ked within a singl bedspac at a. time in th ICU. For each alarm t-h traiued observer 

recorded an.notations, including the time somce, cause, and appr-opriaeten s, as validated l y the 

bedside nu . The trained observer also no ed \vhether an alarm ,vas silenced by m.edical µerso!lllel . 

tl,fonitors lik ly to alarm w r 

if ctly in o a database ( cc 

udi d. Alarm annotations \\'ere entered bi• the trained obsenrer 

, ~1icroso , Redmond WA) on a computer at the monitored be hid . 

The same bedside computer was connected to the serial port of he bedside monitor { pa.ce ' abs 

I\•ledkal, Redmond V..::A} which c.aptrn:ed all a.vs.Hable monitor ign.aJs on disk in fiv to t:en -econd. 

inten'al. 

Annotations for alartn of the following physiological para1n ers w r ra.cked: heart ra ·e from 

an I ctrocardiogram (ECG HR); r pin. ory ra (RR) ; mean ystero.ic: b?ood. pr ur Eram an 

ar ei.:ial lme (. BP); au heart r t and he:moglobln oxygen aturation l:rom each of up to .. wo 

ellcor puJBe oximeters (POI HR, POI at , P02 HR. P02 a. } (1 ·enc.or, Ha war , CA . Not very 

vice w d ,.-ic tha . w 1 pr during; ach ~ion wer also O.£d 

in:to h coll ion progl'aJll. Thr hold limi for each alarm wer de ,ermined and se:t by medical 

pe1-sonn l withou r gw that th monitor wa.s being nrnnitmed: tb.e-se !imi · we,re recorded as w-ell 

Figure 3-l ho'-' be com1 uter interfac lhat aJ101,1 recording of limits along with ha.sic patient 

information. Th interfac used for re:o,rding vent annotations ,.,,-a;s a lightly arlier ver ion of the 

interface shown in Chapter 5. figure 5-1. 

Ea,:;h re;om..m ala?m was fassifi d. a h im.e of its ~currence, into 011 of the fol.lowing tlrree 

caa goti s , in \\'hich th terms 'rel \'a?lcec' aud ·h're-levan • refer to wh ot no ID'l alarm was 
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Compu. r in £or recording limi settings and basic patiecnt iniorma ion i th 
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ind1catiw of a patient condition tha reql.Jll'ed prompt medical at ntlo11: 

1. ''lrue Posith·e, Clinicall • Relevant' (TP-R or TPR) . TP-R was ·w-; d o indkate the monitoring 

d_e,_,,j_oe sounded an alarm the ala.rm v."'M appropriate given the actual. data \i'a.lue as corn pared to 

he set thr _ hold value. and the pa.tien 's, condition required prompt a ten ion. Fo exampl • a 

patient suddenly dei. !.ops a dysrhy lnni.a. with a heart ta.re o.f '200 bea: per minu:ce (bpm), th ECG 

nwa:rnr _ 0 bpm, he moni or is set with an upper lu hold a 160 bpm, and h monitor sounds 

an al.arm. 

2. ''rr-ue Po itive. Clinica.lly Irr levant' (TP-I or TPI). TP-I v..IB used to indicate he 1nor1itor 

owtded an alarm, h alarm \1.-a.E appropria given th inpu da a '1'alu ompar d o h . t 

hr hold vdlue, but th pa.tien ' oondition bad not cli.anged in a way tha r _ .mr addi ional 

medical a co ion. The sounding of h alarm W.JS thus incl wmt. For cxamp! , a patient" .toUc 

blood pr tu ransi r11 I}• ·1·0.: , he _ uppe.r threshol during ndo raclteal u .ion· Th 

a.I.arm accurately refl. th, reading, but the patient ystoli blood pressur requires no 1nedical 

iaten'(mtion. 

3. 'False ositive' (FP) . FP {\-'85 us to indicate that the monitor sounded an alarm, but h 

alarm was inappropria.tc- given the inpnt da a valu . Fo:r xampl , a patient lms a heart rate of 0 

bpm. The ECG •1 trode!I ar 1:na.nipufat . • h.hou.gh h pa.ti 11 ' h art rat s ays a; SO bpm 

hrnughou his period, an a!Mm ~ound . Th alarm \·ru. fal: because the report d \-alu did no 

refler the pa. ient condition. 

The sing]. rained observer additionally annota-Wd any si ua ions in which an a.cu patien 

bu no alarm was triggered (false nega ives, '), or time perio_ · of approptia: 

monitor iJenc when no al..'U'IDS w re :xp c · I ( ru negath• , T'. )- Th latter w carri ou by 

ha\·ing l rain d ob- "et, drui.ng al.arm-free mom.en. , r oord a star t.in1 for a po ential rue 

negative period, if no alarms bad SOUDdM after 10 to 15 minu had elaps cl, hen be train d 

obse1,,-er recorded an end time and mar~ th riod M a · ru ne-ga iv . In h c ~ ha M nla:rm 

did ~ci,md during he observation period, th potei.1tial ue o gativ anno atlon was di e.arded, while 

h interrupting alarm occun,mee was re-corded. 

In a sepDa.te, retrosp-ec h• dassi.lica ion, all alarms t1.-ere catego.rized here po s:ibl as either 

·patient intervention' alarms o:r 'non-pat.ient in e1·v ntion' .aian1is. 'Pa.ti t inten· ntion' alarms 

ref. :r to those alarms clearly associated ·wi h the administration bv a ea.re gj. ver of some r-e.a.tment 

or dfagriostic est, 51_1cli as endotracheal uh suctionin . Non-pa ient intervention· alarm . on the 

oth rlu;u1d, r fr to hose.alarm eleatl) not asso iated v."'lth such interactiOI1$. lll.I'lm; which did not 
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Table 3.1: racked signals: typ and ation of monitoring. 

Art BP 
POlHR 
Pot a 2 2 
P02 HR 25 
P02 at 25 
RR 100 

fall obviously i to on of thes wo eateg;ori wer lab d as 'dilti ill cl "fy.' . n xa:rnpl of a 

difficult-to- lassify alarm i on hat DCCIII · becaus a probe falls off of a patient wh m en 

rnay or may not bav been caused by h . pr . n e of a at1 giwr inrending; o ad.minis r m 

rea ment , 

3.2.2 Re u]t 

A total of 29-t .. alarm \'\tel' recorded during _ hour ' of monitoring. All monitoring was pei-fotmed 

n w kcla} from approximat ly 9:0 1 run o - :30 pm, ·with approximat ly qual representation of 

any hmu m we 11 , , abl 3.1 li lt in · Mdual tengtbs of tim for which each tr-ach-«l para.in ter 

WM 1J red. 

The Jar 00I1trib1:1tor of h 2942 total alari:ns \\ 

primary pull o. e er 01 _at), whid accoun for 43% of all r rded alarms. in no all 

devices were t1°Ack d {or an 1>. 1ual number of hours , aJann c urr nc r onnalized 1:requen y 

of alarm · pe:r 1 0 hours of d vi monitoring. ormalized occu1TC11c r-a. fOI" th oxyge.n 

sa ura ion ignal i 32%, which means h.a POl 'at was ill h mo~t fr qu n ly alarmin d vice 

of racked. Tab) 3.2 li - be breakdown of h. 2942 alarm by sign ype, along with 

cunence, the collll of alarm per 10 hou:rs , and he corresponding 

normaliz po-re ntag of o cu.rrenc . Of h.e- .. 942 total alarm ob:sen-ed urio the study, 6% 

w fa] an addi ional G~ we.re cl ificd ~ clinically inelevan tr alar-in . Only 

% of all alarms tra · i lm-u.1g the s udy period were e ~.rmmed to be ru a.lanns wi h dini al 

'gni.fican . Near1~i all moni or d ignal had fals pos:i iv alarm rates exoeeding 90%; he 'O 

cepfon ignal, wh.icb had a £al positive ta e of 75%. and th art .rial 
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Table 3.2: Fr uencies of ocr:urren for different a.larm types. 

count % of total co1111t per uom1alized 
of alarms morn or d alarms l00ho of oc urrenc 

464 16% 1 H 
nBP 400 l % l 12% 

POI .HR 597 :20% 19% 
POI a 1270 43% 3'J% 
P02HR 21 <1% 6% 
P02 sat 32 I% ~ 
RR r % 11% 

bl 3.3: Cat g •ma _ion of all alarm . 

type of TP-R TP-R TP-I TP--1 FP FP 
signal % count % % 
ECG HR 4.% 15 3 93% 
Art .B1 38% 69 16% 1U,% 
POlHR <1% 0% 10 % 
POl sat il% 51 4% 91% 
P02HR 0% l ;:i% 9~% 

0% 0 0% 100% 
% 33 21% 75% 
% 169 6~ 6 ( 

lin me.an blood pres ur.e signal, which had a fa.ls positlve rate of 46%. The arterial line rnean blood 

pre m ~ _ignal also had the hiwie rat (3· %) of clinically significant true posith'e alarms, whll all 

ther monitotied ignals had clinically 'gnific.mt me posi iv ra es f - % or lower. Tabl 3.3 and 

Figur 3--2 how h breakdO'i\ 11 of eacli ala.nn ype into hese hrff c:.a ego.ri : TP-R {true p itire, 

d iuically r l \'all }, TP-1 (tru positiv· , clinically ip·cl -van ), and F P (fals positive} . 

Of the otal '1942 alai:ms. 536 ( l ~) w r, ~o ia \J;'i h patt n inwrv ,ntion . ,~Ml 2165 

( %) occurr d when no uclt in erven ions were taking plac . Th r- latiouship 0£ he remaining 

241 alarms l %) to patient intm-,;•entions wer dllerned amhl ous. Thbl :u how for "'.ach ignal 

type the alarms classified in o one of th e thr c.ategorles: ·patient intervention' alarms, 'non:

patient in ~n:cntion 1 a!arms, an · difficu] o d~• alarms. Pa.tiei int.erven ion alart had a.n 

overall fats positive rn.te of 82S{; and art ovaali dinically signific-an tm posith rate of 2%. whil 

]!On-patient intervcntion alarm had an overalJ al positi,1 ra of 86% and an overall clin:ically 

signilican rnr posi ive rat of 11%. Table 3,.5 p,resents the bYeakdown of patient intervention aJarms 
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a FP 
'■ TP- 1 

,II T:P Fl 

.o 

Figu.rc3-2: Br akdown of all ala.mis by % £ale ·1t1v alarm: in Ji di by .solid whi (FP), 
6% cl1ni ru.l ·-irrel van ru p · ive alarms mdi atcd by olid black (TP-1), % d'ni ally-r levant 
tru po iti alarm indk.ated by black r.rip on whi (TP-R) . 

fur ad1 "gr1.al YJJ- into h TP-R., TP-1, and P categori , while I abl 3.6 lruilarly ·hov. his 

Lnforma ion for non-pati t inter,,. l ion alarms. 

For h monitor d ignal, th itiv pr · value was min d for both patien int r~ 

ven ion aJarms a.11d 1100-patl tin 1·v n fon alaart . Th po itiv., r di ti, \"ltlue was cakula 

by dividing th mnb 'l' of rue positiv by h number fall positiv for ach alarm JP : 

Th 'clinically r .levan po. i iv predictive value' was also calcula ed for ach al.arm ype. Thi 
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Table 3 , : Alarms classified by relatio!U!hip to patien intervention -. 

'P oun of nwnb r of 
total non-pa 

gna..l alar-m 
CG HR 464 

BP 400 211 
OIHR 597 4g 4.51 9i 

PO a 1270 92 IO,j3 105 
P02RR 21 4 7 10 
PO:. a 32 17 10 
RR 
Totals 

Table, 3 .. - : Ca. .egori~. ion of pa tiem in rv n ion alarm . 

.'P or TP-R TP-R TP-1 TP-1 FP FP 
.ignai % count % count, % 
ECG HR 6% 124 9~ 
. rt BP 26% 13]1 69% 
POl HR 0 0% 9 100% 
POI a l 16'% 77 3% 
P02HR (I % 4 100% 
PO? 0 0% OD% 
RR 0 23% f7% 
Tota] 9 16% 2% 
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Table 3.6: Ca. orizadon of non-patient intervention alarm .. 

p, of TP-R TP-R TP-1 T -1 FP FP 
ignal COWi % % count o/c 

EGG HR 19 6% -% 303~ 92% 
Art BP 143 ¾ 26% 
POlHR l <lC}l >99% 
POI ~at 60 6% 3 91% 
P02HR 0 0% l 6o/c 
P02 a: 0 0% 0 1 ~ 
]lR 6 % l.:J 74% 
Total. 229 11% 67 

abl 3. 7: Posifrve predicth . mlu of patient intervention alarms. 

typ 
of 
signal 
ECG JIB. 
• T B 
POlHB 
POl sa 
PO-HR 
PO..; a 
llR 
Overall 

-ir TP-1 alann . although tru .. n: n \· 

posit 

% 
31% -.% 

% 0% 
17% o/c 

0% * Oo/c 
23o/c 04n 
l % 2% 

alarms 

irrele\·ant as far as tb p-a ient' oondition · on-

terned and tht do not contribute to an alam 's useful pr-edi. ti, val.u . Tables 3. j an J 3. di play 

th cakufa ed pr tctive values for pa · fl intervention and 11on-p, i -nt intervention al.anns, ro

sper iv ly. AU of the moni or d signals luring patient inter-ventions ha,, clinically relevan posi iv 

pr d:k iv valu or :less t..han 5~ . For p iods no as ocia ed ,;i,; h pati nt in en ions. all but 

one of , moni oroo ·;gna.l have clinically i:el van posi i\'e predietiv values of l ban %; th 

xc p :ion i h m an art rial blood pr S'IJN ignal. wi h a. dinically-r 1 vant p i ·ve predic iv 

valu of %. 

ouped into ten cat gori . , with 
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Tabl 3. ; Positi predictive va.111 ~ of 11011-patlen in~rv 111 ion a.Jann . 

typ positi,.., 1m ith• 
of predictive predh:.ive 

vaJue Yalu 
% 6~ 

. rt BP 74% % 
POI HR <1% <1% 
POl a 9% 6% 
PO HR 14% 0% 
P02~a 0%. Oo/c 
RR 26% % 
Overall 14% 11% 

Tab! 3. : Common causes f aU observe false p itive ala.rm£. 

ca.use of false positil· alarm 
PO bad format/ con.ne :ticm 
PO poor con act 
EC( wire moveru.ent 
~fotion ar i -a.ct 

lin clamp/fi1J.Sh 
Probe di 'OOWle 
·nannota · d 

:ntilator di:sconn e 
Equipmen malfunc · ion 
tO h.e:r c:a.u ) 

1136 45% 
493 19% 

10% 
% 

5% 
2% 

l 2% 
]% 

53 

aim half of he ota1 253:;. £al• alarms due to 'b-8.d data fonna /bad conn ·011' of h puls 

:cime r. ! fotian !il"tifa.ct 1qclud pa i nt mov men~ ·ell as m.ove.m n of wit or tub , for 

mrrunpl , by medka.1 personncl. h 'unanno a ' group ref t to those aJami.s whlcb ?>'er re(:Qrded 

by th rained observer bu. which w r not ab! immediately v rifted ~• a ud3•-par idpa ing 

nurse. Only 2% of an fa.I alanns kt the udy oould oo b ,,erifiw. Tab! 3.9 lls in descending 

fr uen y of occurrenc.e th common ca I of all fals positive alarm that l1/'ere :recorded hi the 

pediatric ]C 

ft r 29 hours of monitoring, a total of 362 tm n gative p iods, ea.eh fasti from IO to 15 

minutes. ~ recoided. The to al amoilllt of time recoroed as true neg.a.ti ve period amoun d to 

-22-4 minutes, or "i holli'.S. ·ot a ingl fa.ls negative entr was recorded b he rained observer. 
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Tabie 3. 10: Commo,tljt record d r ason for alanu sil ncing. 

N~ drawing 11100 
Nu ~ su tioniog 
Pa · ·n mewing 
Respiratory ign,al rto picking up 
Proh off of pati [If 

Doc aimnrng pa. ien 
Dial it b ing changed 

alibrating ma.chin 
eing bated 
ng disconn i::tcd 

be1ng re onn ted 
ions being c.hanged 

ator b ing cllanged 
line be111g mo" 

Cab! b ing cltan 
Other prncedur · fo:rrned 

During th ~ udy period. 325 alarms were no ed as being il need. Of the.s , 304 entries cor-

r pond o ala.t111. ilem::ed fur a rt no gb dw-a.tion of tim bat bo h the tart and tb~ nd 

tiJne of Ii -ilencing was r cord 

For th, r ·mami11.g 21 sikm ,- g episod 

pi ing longer han ~ \'era) minu 

ime for wbiclt h tracked ignaL ad 

l1Jn of th known dui:adons was ll 73 mi.nut , or hour . 

du.ra.t~on was for an '\ndefini · ' period of im ( each 

). Lower hound on h of o al moni odng 

heir alarms silenc is tbu : ll 73 min/ 17 i7 min = 7%. 

The c mmonl;- r corded reasons for an alarm being _ il need ar-e lis - io approxima ly d~cendlug 

ord r of frequet1cy in Table 3.10. Pr c dure uch as drawing blood gas c ioning, follow d 

by h ca gor~· of pa ient movement -o;'tU'e found to hP. he mos comlllOn r 

i1eri • . Th . httee reason accoun · for lightly over llalf of all alann il n ing occurrenc . 

3.2.3 Discu sio11 of tudy Results 

Th purpose of s of lC · alarms in alenin 

m dicaJ Pff'SOllllcl o linica.lly ignificao chang in pati nt cooditiou. fo bri f, Cal alarm ra 

werefmm 

low. 

xtraorrli arily high an positive pr di th· valu were found ob raordinaril 

udy l med all alann into th . at gori foi: th purpo of 1 t er und · r tandiug 

a(' rol e,ach typ pla, in he ICU. Wee Mayer and ilv stri tr, s h .importance o uch a.. 
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dassificati n -or aJarms (21, . Our r ul ext 11d the tindin~ o her tudies: Koski et al. found 

1 .6o/c of alarms to be igmficant [109 •• and Lawl f. und .5.o'?c of alar: o be i ifican [ll ]. In 

addition, his udy found ha alar lated. 9tith any pa.tien interv ntion oc r mor han 

four ·im as o n as hose associated v.'ith in ·,1 ation , a I a.st during h 9;00 am o 5:30 pm 

p riod on weekday . Fal po i iv ra ar ,.. i· • imilar for pa.· ien intervention alarm 2%) versus 

non-paci ri in n ~, tlo11 ala.rm· ( 6%), whereas mo t true alarms associated wi h r,1entions are 

clii1Lally i.l'.l'el \--ant, but mos ru alarms no ia ed ,vi.th in rventioll5 ar lini a.Uy "gpificant. 

This ob'"' :rva ion ahou t.ru alarms eems r a...<.0nabl in u aJar - au by dmin ta ion of 

om rea m n by clin.ically insignili ant. In r · gly, though. 

fal ·tiv ra e ar approxima ly equal in h ·ruations; th impll ation is ha monitor 

uufor unately do n b t r aler m · cal p onn l, wh n ii y pa ien , f 

.i ua io r uiri.llg attention. hldec<l, O\ rall p itive pr ktiv \'filll wer, found be equally 

low (in be- ns for ho h pa ien intervention and non-pati.@nt int rv tion a.JR.rm, . 

This ud • found that 45% of al] ob nred false posi iv al8l'ms were du m bad da a forma 

or bad connec ion of th pul oximet~r. Thi· particular problem may hav b .n du to eitl er 

a hard.war or softwar incompatibility between h pul oxim t r- id monitor 

( pa, ab ), mph' izing th irnportan f a-l r aining tha !Cl' equipm nt i functional. updated. 

1d ompa.tibl vd h other d vie• . I L in er lng o note that ven if this parti ular prob! m bad 

b · n elimina: d b for th posi ive rate for mon'tor IC( alru.-m 

would ol:lly d % (2 3· / ~942 ) o 7i % {1399/l 06), and b leading cause of 

oh foJ p i ive alarms would ·u du I u h pu omneter sine 'PO poor on uld 

oompri ~% (403/1399) or th . In fact, ro xplo hL furth , another 32 bout r annota fons 

wer coll . by h ·ame rained obi • r after h 10 w ks o da a. coll ction 

had ended and aft :r th appar n equipmen in ompatibllity had b n r a _i.n.gl 'bad 

da a forma /bad onn ion' \\ observ d during tb sub~ uen 32 hour of monitoring and 262 

r cord d alarms. y verall fal.s p,os'tive a.lanu rate was rikingly 6% (22,:i / 262') an I e -pul e 

oxlmeter ('PO poor oon act ) acoounted for · % (lOi / 225) of all observed false po i ive alarm-. 

This u ,y ha.s both exc, nded h findings or other · tuul presented new findings, y . om differ-

en 'do exi he urr nt inv iga ion and of other ; O'Carroll found i5% of 

alarms h ECG monitor ,0 b fal alarm [150], whereas the frus posi ·v rat for the ECG 

monitor in hf' pr n udy was 93%. KO! ki t a.I. found hea.tt rate alarm co ~ mo reliabl 

than h tit r param ers monitor d (ar rial, I' lmonary, and v no p r ) [1 9 , wh rea.s in 
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ud ·, ECG h ar ra.tie alarms v.<e only b r · hliD b.e pu.l · oxiln - r .hear ra~ alarms and 

o herw' wo thrui all o h r monitored ign a.ls. Kru lei et al. also ound the alanns monitor in 

th in iv car unit o have roe pos;i iv mt s ra.11giug &:om 5% to 19% [109]. The o rail rue 

positive ra de rmincd in Lh curr 1 tudy rang cl Ero:m 0% 54%. Because all alarm for he 

traclw v.-er. re rded and only 2% f th v.-er rumotat d,' th t ·sul of h cumm 

udy are b li ved o b accura . D pi ruch dilieren tudi p rformed on IC 

alar-ms agree wh i com o concluding ha pr ld ala.rms i h·e o fal 

alarm and that there are veral problem r-elat cl ·· o ha\.-iog high [als po :i i\.-e alarm ra 

3.3 Di cu ion of ICU Alarms 

An cw ni v.• f ru f he problems wiUi IC · alarm and Scugg - ion for how or n1ed · some of 

th given by Mer lith [ 131]. In prn ic , wi !er liil'li , ar often 11$ d o ase the frequen y 

of .fals alarms at the pric oJ 1-10 det event'l as quick y. High false po itiv ra es afaa 

I ad medical p r o.nu I o di a.bl th ala!:m y [129]. in lind al.am.l!S b ann ri1 and 

di. tractll 1 ] or feel tha th false positive alarm ra t too high for h pro dur at hand (l-9] 

:md hns . il .i:;e the alarms. In our I alarm study, i ura:cly th 

amount of time for wtiicb alarms w ,•r-e ii need i11.ce alann ilencing fur 'indefirnt 'p Tiods of im 

were diificul to capture. M lniyr ask an theti t wh h r they had " r doo.c il,,a, ed. an alarm" 

and ound the response o be "Yes- 5 % of th · inl (460/ i 9) [129]. Th:i finding, how \'e'r, also 

do nor b lp to det mline the length of mooito1-mg im for which alanns bemm sil · c . Chui 

and · ind cribe a potc:ndal hazard of h :icisting alarm sy 1 for an ia; allowance of the 

audible warning alarm uu oon inuou ly actually di.sabl ounding of other alarm [3-1]. 

fomtahan l al. found tha audi ory a]arn in rri i.cal care l!l'eas poody signed [140] . · or 

cxampi . wh alarm uodin ar filmilar or id 11tical, already O\Wburd ned medical per onnel 

are easilv confus d. Moreover, F inl , ai1d Cob fl [60], v. U as K rr [1013). fo11I1d th r b a 

,.poor mat-ch betw f he al:runn and how urg i.tic exampl 

of thIB · :ue from our 1 • alarm u y inv I"at ala:rm an h ar rial !in 

b1ood pr ur - alarn1 ing peEiods no associated with enti.on : why d al.arm with 

a pos:itit·e predictive valu of % (ECG HR) ha , 

p re ·v d urgency, as th with a positive predictiw ,,aJ I of isl% (Ar- BP)"t \'1e:;t ru;kow t al. 

found hat intell.i ent alarms c.rut reduc • h~ r porn lime n ded y ane;thcsio1ogist d · and 
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correct faul 221] whll Mdn !,'[' and . el.son ugg t he of au ma bu.man voice m ages 

i · ing alarm ~ounds [1? ] . 

·ot ·urpruing)j, n hie-ind has been found o b a pr dictor of burnou in cri ical 

car nurses [20-1). Mor ver, the top /0 ou of w Iv nois ranked mos s r - ful for nm 

were " ntinuon b of patien monito.ri.ng devic ·, and ~al.arms 011 equipmen · [204] . Effuc 

of noisc-1ndu d sh cit.ed in Jude: d i · 1cies in sustained a.ttent.ion, rapid detection, mu! lpl 

ignal tasks, andl indd ntaJ m mory; decI< ased altruistic b bavior and sensiti,1ity too he ; n gathre 

affect and interpersoi1al behavior: and mo e.,-...:creme and pr mature judgment·. ~fomtor al.arms 

may also s r fol for patients (136]. 

Vi ith ~ mai1~• hor tlomings o urren I t ala.rm , what can b don ·~ The ituatioo cri ou 

ti r th d v lopm n of an 'iutelligen ' ruoni oring m ha no 

, bu also b.as he potentlal to provid • morr fin d h rapy cl:1ang o patien . For 

~xample, a child wi h dillkul y br a h:ing may show an im;re,ase it! heart ra along with d l'e 

in re pimtory rat and arterial m,·ygen. atura ion ( pO2 ) , whit a child wh puls o:<lm sensor 

h. · fallen off h finger mr. y how a •ad • he11r rat!! and ira i::y .rate bu a udd u drop in 

arterial o:,,:ygen a.tura io11 . A hlrd child ma)' simply ha.,, rolled °' in his bE!d, ea ing n clt.a.ng in 

h ar ra or respi.rai oey ra e, bu ausing an a.rtifll-Ctual ox •gen tw'ation reading b low he 1ov.,er 

hr hold alarm limit. Curren IC moni or t\'ould ouod th ~ame alarm to all of the d crib 

cas giving no · di tion of lath• urgency or appropriatenes . An i11 Uigen monitor. on 11 

o her hand. by ~'l.lng sucb pa tern of chaog across multiple ph, · ological signals . :o Id ta.Holl' 

cou of action appropriately: ln th first a.se.. he imelligen moni Qr ·ould et off an urgen , 

alann ancl , if b child :I being mechanically" n ila ed. uld also make aclju tmen in v 'lator 

e ings uch al u1creasi.ng F,02 (fractional inspired oxyg 1) and/or FEEP (po itive nd expiratory 

PI me). In h ecm d sc nario , h in elligent monitor could 'e ff a I utgen alert to illdica · 

tha he hild app rus t b . ahl b ha th oxim r probe has b m~ disconn ted A11d 

iinall;-, in th 1 . cenari , tlt in elligen monitor co11ld r :ogniz ha the transien ignal hang 

ue to motion artifac a.nd bus no alarm h uld b givCI1. 

Whil • cription of how an intelligen moni r migb work i r thcr aightforward, h 

d v opmcn of th ' il11 lligeuce • · I " . Th foll :i;i.ring: wo chap q>Jor-e h appli a ion of 

paradigm ( h IC m nitoring domain. The l"Oal i o d :velop machi.n le.a.rtted 

nmlti-'iiig11al algorithm tha hav pot tial foz improv~ 1 a i .m monitoring and alanns in the ICU. 

h a1 proa h i! t corr I pat rus of ph rsiological ignals u·i h cl.imcal ev n through th 
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applic.a ion in no,· 1 way of tnuli iona1 ma.chin learning t niqu to tim series clinical data. b. 

primary at.a lignals t. b analy·ted includ puls o:ci:meter art(!rtal 0>..1•gen satu.ra · on. el troca.r& 

diogram (ECG) heart rate , piratory rate, and art rial line t.otic, diastolic and mean blood 

pre 11r from a mul tidi · plina.ry medical ICU ; and G heart ra e, ro an blood p ure, and par~ 

f xygen and of carbon dioxid Eroin a 11 natal IC . Th ig1.1al · ar no orio ly 

inn 0£ i.mprcnrcm nt (62, l 4, 206] as w l as t pically avail.ab! . Moreover, diuicia:r ua.lly as-

t by b ·er\'i.ng h ar ra:te and y ur igna1s [111. B 

gle-ani ng knowledg of th phrsiolo · chang in a p i 11 hat ~ • so,cia ed wi h particular linkal 

a.assisted d ,rc!opm n of multi-signal pr«iictkm ~gori hr ulcl rv as & omc of 

intelligence for improved monito of h future. 



Chapter 4 

TrendFinder to D,etect Artifacts in 

the N e,onatal ICU 

4.1 Overview 

1n th pr viou: chap r, w hav n ba h, high_ inddence offahe alarm in h in nsi · care wlit. 

n itat the d , lopmen or iill rm;ed alarming chniqu . This cltapte.r describes efforts aim cl 

a clc ing ifa pat etns atr multipl ph iologic data · gn.als from a n ona: al ]ct· ( C ) 

using th Trend.Find :r paradigm fo:r v o discovery. Appraxima; y 324 hours orb id at.a ,;,,·ere 

al.} z.ed. Artifacts in th data \risually 1 c and ann ta.teed retrosp,cctivcly by an 

exp rienood c i · ·an. ~riv ~ i.-al.ues. \\' c.akula for ucc si.vely o,, rl ppin ·m in t\' ~ of 

raw values. and hen 1L~d ~ feature a ribut for t.h induction of model rving o lassify 'artifact. 

' r us ·non-artii.act' cases. The results ar very pro~ isin.g, indicating that int gration of mul ipl 

signal by applying a cla.ssifica. ion yst-em oo ets of ,..a1ue dcriv from ph · o1ogic data. streams 

ma be a viable approad, to d t.«:ting artifa.ct in n na al IC data. 

Th rem.aind :r of this chap ct pr en lirs:t the meth ology alld then th resul for eaeh set of 

exp-erimem., including final models and \ ,.U p rformance metri , The chapt r condu with 

a discussion of inter •ting issu. in th ar a of pat rn learning from iin s ri data and limitations 

of the ,vork. 
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4.2 ethod 

4.2. 1 Event Identi:6.cat.iion 

v{'n of in r cli · n for pattern de -tiot in hi of , xperimen is ignal a:rt.ifa.c in 

moni ored ignal in h neonatal ICU. To b, tnor pt i . folJl' typ ar onside.-ed 

separa Ir within his general ca. egory. Th torr pond o artifacts in ach of th four ,'!)es 

of ignals bcing monitor ,: roc-ardiogrnm (ECG) ueart rate (HR), art ial tin mean blood 

p ur (BP), partial pressur f carbon cliaxid (· 02), and par ial pr 'sm of axyg n ( 2). 

4.2.2 Data CoUec , ion and Annotation 

Da. from b si e rnoni o in. the neonatal W · a , irnpson M modal • fa e.1'llit , Pavilion in Ed

inburgh, ootla.nd were collected during 1995 and 1 , ignaL aualyzecl include ECG h rat , 

memm.red in beat' per minu ; mean blood pr ure from a.ri inclwel1ing ar erial lin°, measured h1 

milllm r. 0£ IO' ·ury; par i.J p:r~ure of arbon dioxide, collected tran lltaneously and ru asured 

i.n kilopascals: and partial p · ur of OX}'g~n, also coll "ed r-anscutaneously and m as1u in kilo

pas a.ls" • sailll l tracing howi.ng c.hree of h s:igllals (he-al't rar , par ial pr S'ur of e.arhon dioxid , 

and mean blood pt r ) · depic-tM in Figure 4~1. 

w for h : e A con isted of approxirn-4 ly 20 

how of data \'aJu o currin a a frequ n , of ne r.uue per minute (l~minu gram1lari '), while 

t B on · d of appto:oma. ely i 4 hours of data valu occUT;ri1.1g a. frequ nc:y of one per e(;(lnd 

tl-second granularity). To produce .. approxima cl:t' hr hours of ata were firs r cord 

for each o '>3 pa i n . Moni ornd data not having all four data ignal pr nt w not included 

in fur h r analysis, 1 l'INing a.vaHahle for 11. approxima; 1: 200 hour· of four-signal data from mo 

than 100 pati n . e B was de:riv d from two dilfer-ent pati n . consisting of appro:dmat I: 24 

hours from one patient and 50 ibourS from a il:li r nt pa i n . Th ata wer unr la o the data 

used in er A. 

Raw da a '"--al · w r a.vaila.bl froru bed-tJe monitorl; a a u nen of on l'alu per !!eeond. 

One-s ond granularity da.ta, her fore. "mply r o ded all values coming from the monitors. To 

coll on lninu ranulaci ~• da a, on the other ham.l1 th ari ·hn1 ic mean value was r.alc:ulated for 

ach 60 r w valu )' gh• 1 ignaJ. Only this tnean value was th.en recorded for that minu ' 

worth of bed · d m nitoring f tha. 'gnal. 

Artifact ocrurr 11~ in acll of th data tr ams from bo ti of da aw r visually loca ed and 
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ann tat r rospec i\' 1 • b · an ien e •li11iciat1 1 working constantly with th data coll ·on 

m. in a :-1'1 e.uviI:sonmen • . Artifact rumo ation on · of marking the r 1 van t}Ortion of 

a. data am on~ visual • m [ 6}; markings raosla C!d in oc:iatioa of wri • " i h 

hose r gions d d o b artifact, on asteri k r "gnal m ,: men: . A sample of he _ct, data. 

for a:nnotat.ed 1n an blood p ur vain Clf 1-mirm e gran.lllru-i.ty i shown in Figw: 4-2· a.st risks 

correspond ro th annota· lons of artifact. 

4.2.3 Data Preprocessing 

Single-P E perimeuts 

\ perform d xp im to learn both 'single-phase' and 'mul i~phase patt rn . In thi tion. 

w al ~ ues r lev,m o bo h, hough spe ·ific: details ref. r to the ingl pl1as tudi . 

tribut e Derivation Data preproc · ing in ·luded a it.a teyJ1in_g' ( abstra · on of the raw tempo-

ral -a~ eam into time serie fea 1U' ; tbi consisted of e.a.lcul.ating (for each of the four ignals) 

igh quan ities tha wer thought to be: p0tential.ly clinically u~l for 1 ion. h e 

in luded mo,ing m ('1:1.vg') median {'m d') , maximum \'ruue ('high'), minimu.m value ('low'), 

rang ('rang '), andard d via · 011 ( ' d.d ~ '), linear regr · on lop (':!llop '} , and a~.olu val e or 
h lin regr ,-on _lope ('ab -lo '}. Th -eigh quantlti were calcula . for each ucc ·vely 

overlappin ~ of raw \•alu . • fo'll-ing mean and n, ian were cho·en because of their potential. 

usefulnes described in lillli r work (123, 205] whi h remainder !f h deriv-ed valu wer 

bas d 011 p rce,, clinic.al uSA:fuln . T d rived val compri chat w la c 

gi v n to mac-hi! 1 :u-nitl 

Each rh-ed value 'l\'as calculat over a • pecilied t ime 'window_ ' For ex.amp! , a £iv ruin 

window wmild calculate th moving mean for eaclt s quentially O\ rlapping five valu • Initially 

only data. et_ was available. At ha tim , the nui lber of raw ,'ll1u wi h which to deri \' fi a:rure 

attribu had been eho..~ arbi rarih• to he thr e, fh• • and ,l'8:lu ' (abbreviated as "3-5-10') . 

Tba onesponded o im int n'aJ of three minutes, fiv minutes. and ten minut • resp c iv ly, 

W\'e.n th~ t -mjttute gram.1.lari y ua u.r of the da.ta. Had data wi h tine; granu larity (e .g .. econds) 

- 1 avai.labl init.ially, ime nndow on th or ·• of Ol:lds would hav b-ec:n preti rred du to 

-h pr urned fl ting na ur .f a:r if.a t in I r data. [n all • :;::perimen ou det ting arti act:. in 

I i • I ~clntosb 
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Fi 4-1: a.mp! tracing l:rom th a, nai a] IC . 
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n - natal IC · data. h apprcoach taken to time mt mt s l hon i t.l ge n.Ll approach of w ing on.ly 

\'ague und '!"Standing of th domain to choose h im interval . An example of a mor principled 

approach o time in val ion is pr en in Chap er 5. 

Four varia ions of 1m int.enrals were employ d on he dak'l from B a.ch "Xperiraen , for 

both Set A and B, con is d of fea ur v toe con i ting of a ribu es deriv d from each of hre 

cliffere:nt im int rval . Tlllii W'IIS felt w give ome fle:idbiliry in searching for ns ful tim in en'als, 

whll k pin h 11umbet to a compt1 tionally r onabl on·. Two of he 

variatio were cho n to allow · u y of data granu!arj y · ues. First, in •Experim at l ', the 

nwnbc of raw \ al wi h · hich o cakula: i atu:re tribll!t 

000 {'l 0--3-00-600'), equal en ntinut , ' ucb h& wi.th 1- ODd granularity data, 

he idem-i al q,mnti i (in erms of time in erval 1 gth) would be " w d. Th 'g;h d iv d 

±1 a w· , calcula for ea.ch of th.re tim . in vals and for each of th four ignal . t ul ed. i.!.1 multi 

of ize 96. These [ea: uro v cwrs mpr· ed h inpu [-0 ma :hine learning 

pr-ogra whi h n learned how to cl.ass:ify artnac on one of ho e sign.aL<i. In a dition, th 

1 0-300-600 choi.c allov. h 1-min:u nae d tection mode (developed on dat from 8e A) 
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t b cl.irectl , compared to artif.ac detiel" ton modcli! 

Furth rrno , the et B data (mid b usoo as a diff re:n 

mod l rohustn of· h -minute models. 

1~ · ond dat.a ( et B). 

t rhan lhe t A rest . to valuate 

n ' x:perim nt 2,' h number of rnw valu - wi b which to calculate l:ie f.eatu a ribut \\ r 

, d ,>alu (' 3--5-10 ), corr ponding to thr on , fh· ·eco11d , and 

nd i.nr rval •. Thi was cliosen uch hal, h ·am num~ of raw vain · were 1 asin th 

l-1ninu KJJ riment · . though of cour th am oun of ac ual Um repre ented by 11 interval i 

much hor e.r (on 'xti th) . F at:ur v tor.s dimved for nil , f.i , and o . ond '.\.\'ere no used to 

d v op lassificatlon rnod ·; hes were onl)' for tn1g of h w 3--5-l 1-roinute model.5 would 

perform. when run on 3--5- 0 -~ oncl data. 

The other rwo variations of im int mi.ls allowed e:-:p&itnentation with 'cl 1abeling' hniqti.es 

( o b i n ' ed in mor derail in ion 4.2.3). Tlte.s ~xpe:rim n onl · 24 hours of da frOll'I 

et .B (becaus they w rwrforroed belore th ditional 5-0 hoLirs of 1-second anulruity data 

becam availah! ). Th in1 h1tervals ed w !iv , and 60 second (·5-15-60'); 

onds, three. ands. filld fiv eoo11d ('2-3-5' ). Th of valu were ch n ,,:-ith 

be lmo'l\ Jedg that arti.fa.c end l occur very briefly, on th ord r of econd . The ac ual n mb rs 

w re a.rbitrarily. 

any iv >.."p r-imenl:, the 'gh ma. hematirally-de:ri\·ed f at , alcula. ed fur ach of th.re 

time intervals and for acl1 or lte four i~als, · u.lt d in mul i- ignal featu 

{ x 3 x: 4). Th e featu. ,, or h inpu to macltln l a.rning progrru:ns which h l 

tr • o learn ho,w to claissify artifa on one of hos ignal . (. gab , i.n 1e c of h 3-.:,-10 1-

ccond da a.nularity e>.-perlmen , .Bxperim n 2, h be run hrougb 

rure-ady-d ,•eloped model . ) 

Class Label.mg P repro in"' aLo indnd cl assi.gnrn n of 1 labels ('artifa.c •, 'non-ar ifact'. 

or nnsi ion ') o eaeh rt of de.rived \'alues. Cl • given o a.ch of h four data ign..'\I 

so tha learning cm 11 in t.urn_ fo ed upon arti:fa.ct.s in e h . •p of da n s:igniu. • li\ eJ w 

assign cl based upon th oorro-spom:linl" annotations of th raw da a val mptising the mall ~ 

tim in crval being labeled. A d cribed previousl;•, any ignal me-3iSurem nt that was oo. ider 

co b artifac v.ras marked by one asterisk: oollectively. h pr s nc or ahsenc of h ~ ris~ 

r.ompri th anno a.tion . For example, for a tim int i:-val f five minu tes, b ,\\i' t z to and J:iv 

asterisks , inclusiv . may b as ·a. ·ed •with h live. im poin . Th a.ver number of~ r· ks 
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p r number of ime int-erval minut was hen calculated to . ·ve the ·art.ifu.ct a ,erag:e: 

wo types of class labeling ~xperimo w r studhd. On expfore-s •strictness· of class labeling 

while h oh r i,.J)lores loea ion' of cles labeling. Th e notion '11.ere introduced in Chap er 2. 

Only data from e B (the l-$econd granularity data.) wer d for pecifically stu.dying these cl8$S 

1abeling issu . A data o:l' cou , were aJ o labeled. 

Lo a. ion of class labeling T.he wo \'fil'ia ion · of class labeling location studied include •front-

la ling' and ' m?~Jabeling,' as descr:ibed revious1y in tion 2.3.2. To review, in front-labeling, he 

im interval £ro111 whi, h th featllt vector s label is deta:mined occlll'S at the ·front of a t ream of 

daJ a. Longer im int n•ah! thll-5 tim in cen·al plus 

how v many mor 

labeling' p]a.res he 

im interval. In rontrast , 'end~ 

h ' 1d' , f tl longe t tim iotwvaL Th labeling 

methods were depi t hi Figur 2 . In h" e:,;peri.m l'.I model t1 illg Eron I b llng and on 

using end-labcling- a.re d riv for each of' che four ignals. This is don fot both Z-3-5 prnproc~ 

feature , e to , a.s wcll a,; 5-15~00 foa.ture \'e:ciol."S. 

trictness of class labdiug ln h experimen: for exploring class labeling rict , iour 

schcm s w r compared. In ea.cli of th e the thr holds fO£ labcling 'artifact.' wrsus •no1Hm:ifuc ' 

were varied. r,,-rethod l uses them · · .rict criter"a for 'ar ifac ' and ' non-ar ifac ' c1 indus-ion. 

In thi me hod, ,only fl a ur • rs with anifac average exactly equal to one are labeled •artifact.' 

whit onlr fea u.re vector' with flrt ifti.c- averag0 ·ac ly equal to zero ar k'1.!) 1 ·non-artifact.· ( ' hi 

i the clieme that is u5ed for the l·rninut model for hear rate.) M thod 2 u es 'les strict ' criteria 

for cla..,s inch ion: a ure ~"ect-0rs with artifact average value ~ter han O. are labeled artifact , 

while feature vet {)r ' with artlfiict av le.~ han 0. 2 arc labeled non~ar i a.Cl.. Method 3 uoos 

an ev 11 l ut ton; '1,itb artifru: &VE'l"Hge gres: er ban 0.5 a.re 

labeled artilli. , w hi hose wi h artifac avaage 1 than or equal o o.a ar ]abeJ no11-artifact, 

(Thi j_ be scli£m that is 1.1 for tl1 1-minut mod l for blood pr · ure, carbon d:ioo:id , and 

<»:yg a.rtifa detretion mod I . ) M hod 4 n:pr s iffi ul , 

labeling me hod: all tea.tux , tor v:.-i lt artif. a: rage grea er than ~w a.re lahel~d a.rtifact , while 

a,'Cl'ag xa Uy qu.al zero ar lab led non-artifac . This 

m thod is p,ereeived to be mos difficult b au ven. tho e feature vectors whlc.h ,pan only on ra.w 

\'Rlue associawd wi b eri ~k ,rlll become Ja.beled artifact cl&s.s . fu these cl labelfog strictness 

expe.riruents. models ar d rived from 5-15,60 feature vector,, 
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For h.e 1-m.inut A experim n , two differen rictness lab ling sch me, \'I r, used, as 

m 11tioned. For h I looo pressur . carbon dimcide, and oxyg n ·gnals, all cases with artifact 

average grea r than 0.5 w la l d artifac • while all cas wi: h a.rtif3et av ag le han or equal 

to, 0.5 w r label d non-artifac . No hr, igmili . For h, 

heart rai igrial, as with artifact a\ wi h artifact 

m· rag ual oo O \ er labeled non~artifact , and all ot.h r cas u·er labeled ransition. For all four 

~ignal , only artifact flild 0011-a.rtifac w b 'equ o ly u ed £ r mO<i d ,. opm nt. All · t 

xp~ im@nts us front-labelitig. 

reproc 

that the 

l:mila.r to tha for ·ngl pl 

feature a ribut ~ ll arily th 

added flexibility in das:s lab -ling. Tht'!"E! issu are disc in th foUowing paragra.p . 

At ribu ee Derivation F, r th e >.."Jl ritni?ll , ~ ch o implem n a me bod for disto\'fflng 

~'0-phase p:a.. rn hat could be indicativ of signal ar ifa . Th £ atur ttribu 

derh a:r the s:lope of he: lk t ph e 8.11 h slop of the .:eton phas , ove:r br p ible tim 

in :rvaJ for each phase. Tha · , w calculawd linear r 'lion !,lope fo.r no11-ov rlapping adj 1ni11g 

regions for ead1 f, ature vector. Th" is il111 lraLd in Figur 3. W al determined evcral po .. i l 

•o-ph . or 'biphase. pa em bas on the ,ca1c-ulated lop {as was shown ·n Figur 2-2). Th 

wer \ n as categorical ( _,mbolic) data to only h cl.ii d ision r clas Hi r syrtem: they w r 

n u ed., inp da for h n mal ne ~rork tein or for LNl{n t ' d ision r d ifi r. r1 il 

h · r,, could be a maximum cl nlne possib! :wo-ph · pa ns based upon our calculated lop , w 

chose onJy to d ern1in a · u pecifically, we de min d h biphas 

pa r for he co111bilmtio11 in which th fu- t phase and h oond ph ar of h, am time 

int rval . Th', r ul in three p ible Mphas:e patt r fol'.' :tch phys:lological ignal ·pe. b 

uther pr viou- y \I d a rH1ut maximum. minimum , rang av rag , m dian , 

tandard d ,-'iat:lcm , and ab9olut \,alue of Hoear ! gr ~ion lo - w r tl.O used inpu for h 

,exp rim t o . The tim int rval5 clto n fi r hi 

, of ::,,.1> rim.en .ands (3,.--30). 
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Phase 1 Phas 2 

+-- phase 2 ~1ope 3 derived from these lO va ue 

Figlli'e 3: Derivation of Cea ure at rihute lop s for mul i phas , ' I.) rirt1en. . For xample, the 
lit 1op h fit phase ('pha:5-e l . lop l ') is calculated from the three raw data valu indkat 
by be dark bair 11.ndern ath hem . 

P a e] Pba e 

raw data va ue -____ ,_ ,...., ________ _ 
Ja label from pha e 2 slope 1 

Fi ure Jc-4 • Lass labeling for mul i-pha.s exp riment . 

Class Labeling Class lllh ling f, r ml!ll i,.ph8.5 pattern leamin.g giv h addl ional fi . "bility of 

pedfying from which phas , par of a phase, phases, r J ar of on wish to eriv 

clas lah t W bav use th label deriv d from h hor 

tin1e in:erva of the ond phase. Th.is cotre pond.9 to _ooking th qualiti of what i5 going on 

befor he class of int t ( luring phase one}, and then a th clas of interest ( du.ring pb two) . 

The region from which che label is d rived for ou:r experi:ments i d pi · Fi 4-4. 

Da.ta Par itioning: 

t B data that hiwe ooen prepro ed as d cri w r lhen spli randomly into a raining, 

valua ion, and t se . The trairun se consist d of 70o/c of h proces data, while h remaining 

30% was fur her dhid d into evalua. ion and tlli>'t sets. Th test t ooru; · t.ed of 70% of the r ma:ining 

data {21% of th total pr-0<: data). while the evaluation e oon. i icd of ch other 30% of th 
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r~ da.t.a (9% of he total) . Again th cval1,1a ion t enables ~perima1ta.tion with model 

\·eloprn whil avoiding he IJO 11 ia.l proh!em of ti ting Iii model to th actual t s data. Once 

e,;:periroen ation wfth h training da a and w1lua ion da.r.a cJ:r rupl red and a final model is 

can then be used to d tennine model perfarn:ian . 

Dina parti ioning fo:r et . V.'W as foUow : . t . da a w fir randornly split into three groups 

of pa ient . ,;,,1 h roughly t h ain 70%, 21%, 9% prop rtions as previously d cribed for raining, 

t t and e,..--aluaticm ts, .resp cti, I)•. Dai a for each group of pa ien w re then preprocessed ~ 

d cribed . 

4\.2.4 Model O.eri ation 

Single-Phase Experiment 

C omparison of C lassme1"S The Set A (l ammuw) u·aining data \I; r fil· t gh'efl m c4.5, a dedsion 

r indudon S) e.rn [166] {de cribed in ec ion 2.4,3} . Decision trees were chosen for hi mp for 

both the underst.at1dabil.i y of their model (e.g. , which attribu a.re importmi and in wha manner) 

and fur th ir ability to - l from among · a (po ntiaU)· 'l: ry large) of c.andidate a tribu es a 

{. ot ntially much . 1:nalle-r) ;ub · t fa t.ribu believed utlicieu to cta.mfy new· c - . Of th 96 

dei•i ved f-eatur att,ri bu 

at a.ch l ·\•el in o homag 

d is-ion tree ,-stem found th 

group of accor in to d label. y t ma.ti a..-perimats 

in a.It rin tl· induction w·e ni d at hi s p. Tw major factors were a-pe.rimeo al with: 

building and tree-prlllliog. For tree-building, the minimum number of cas , "m'. r quir in he 

outcome b ranch of a ,andidai . t r (in ord r fo .ha t ob ooru add1t.ional. struct11re in the 

tree) was • rstematicall ' ill.creased until modeJ performance on the evaluation t either improv 

and lb wor:s ned, o:r just wo1~ned. For tre pnming, th ' onii eu ' level, 'c', of pruafog was 

S)'St-illllatica.lly increased unt.i l model performance on rhe e\·alua.don s either impllovoo and hen 

wor ·ened, or j u.st wors ned. Improvement wu seen as either a decre in ot.al number of rror on 

th ,rai a 1011 t , or a d~c in h ize of h: c wi h 1i c le or oo increase iii he nurnbei: of rrorn 

on :he e\Wuatio.i For llCbi le\·el of :i: building :ried, T . pruning as experimented 1th as 

d rib d abo\\' . Th d - ision r wi h a. mbina ion of b p rformanre on h evalua ioo ~e 

and mall t stru.cture w ei, clio en as the final decision tree mod l ( on each for ing artifac 

in HR, BP, CO~, Md 2) . · or eru:i.rudm;e with ' milar p rfoan.ance, th tree that appeared 

mor 'd inieally r asona.b1 ' w ch 
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The ~ step in omparing models for tion of artifac was the development of logisti 

1-egres · o.n models, again, one for ea.ch of the four 1I1.0nitored signals. Each LR modei was designed 

to indude ex11.edy those attribn which w 1·e present. in each lina.l decision tree model The reason 

for this approach ,va:s twofo]d. First, decision rees by na w-e can only divide a multi-dimensiona:l 

~pace with p?ane-parallel bounda-ries; thls m.i.y or ma.y not b,e limiting for describing panicuiar 

classi.tica: ion domains. LR mode1s do no ha thls srune plane-parallel rigidity. Secondly, previous 

woFk in LR has iru;licate.d th.a the difficulty in deriving a good LR model is in choosillg which 

attribut to includ or e.xclud from he m1odel I. OOj; some. ha:·1.-e :mggcsted ha ini ialh• building a 

clsi.un ree model ma.y be a way of selec ing a snbs t of fefJ. nre attri but.es for then building an LR 

mod.el [20: , 219]. In this study, al.I LR mod we bull using the .J · w s atistical package ( -

Institut , Carey, C) wi h a.ttribut decision tt e-guid d mannfr described. 

N eu.ral ne work models wei, al.so d ~ped for ach f th four · gnab. This was performed 

usiog · h L. K , d ribed in ion 2.4.2. "umben; of hidden nodes \l.+e varied to 

compare _p rforman of candidate neural n tworks oo he e,'alnation data. et. Best perfotmance 

on he e\--alua.tion ·et was preferred; in cases of UBJ. p l'fonna.nee model with fewer hidd n nod 

'"-ru; preferred, 

To fur h r compare different classiliea.tio.n sy:stems blo d pres ure artifact detection was chosen 

for additional. model developmen be~'Qnd tha a.k ady described for all four ignal . Fit t. the 

L Knet. :;ystem w~ used to build radial ba.si function classifi r. Training, va]ua ion, and st 

se !;\'\U"Ct also giv n to a oolleague2 a. he • 11 Center for Biological and Computational Lea.ming, 

ed cru;tom~desiglied software to dev lop a upport v~tor machine cl~ifier. For the 

RBF classifier, he numb rs of cluster used in r.he model were varied w compare p~cfonnance or 
andid~ RBF models. For \ t1s linear, Gaussian, and polynontla] k.ern l fwlc:t.ions with ,ra.rious 

onstant C va.ln (a.s des,crib m tion ?-4. -}, w r ried. 

Data Gr-auwari y Experiments Decision tre model , as dei;cribed in ection .,1_2 .4, were de

veloped from both laminu data (3--:ii~lO) and l -second data. (I 0-300-600 and 3.-5-1 ) o perform 

l:.h d..'ita granularity im n •. 

Class Labeli g Experimell! Class labeling experiments were perform d by deriving d isioa 

u mod from B (l•second) data, preprm; .s..-;ed as 2-~5 a. tribu and as 5-1 a 60 a mbu 

2 Vl,:f e,;;pedmeots wer performed b)' Ryan Rm:in • h )ff!' C~n r ro. Diologk, I :i.nd Cotnpuutl.onal ]. a.ming. 
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Cr:i.t ria for cbo ing a final model w as d ribed in ion 4.2,4. 

Multi-Phase E:~rperimen s 

oth. decision trc models and n ural n work m ls were ereat or the multi-phas - exp · ru u . 

In th :iq>erimeuts, L Kuet wag used for developmen and performan e,-alua ion of both decision 

e and oell!I'al n tworks. L. Knet e:q)e:rimentis" given only slopes as input fea ur a ribut ~ to 

nabl fair wnpariso11S wi h their coun rpar neural networks. Grit ria for choosing a d · sion tr-ee 

model were based on performar1 of candidate iroes on he ,raluation · _ The µa.ram t rs varied 

,,,."'ere wb thi!r p gro h of he tr all raining rrectly dass'.fied, and bow 

much o prun he :ree for tll hi - in are !illlli a.r th op ions a,,_1lil,"lbl in 4.5, Cdteria 

for · ng a. 11 ural. n t\vork mocl J were bas upon h :!!'amt' as preYiously ·rib d {or neural 

n works, th i • varied performance on h valua iml ~ from va.ryin the mrmber of bidden nod -

r induc- · cm y tern \\'BS ad · licmally us d to get a I ter idea 

for h 1 at ern de-tee .d when 1 th slopes and phas patt ms as a ur a: rihut . Th . 

models were mean onli• for quallta.tiv study. 

4.2.5 Pe formanc Evaluation 

Perfor:man m tri d for oomparing diff. n , mod I ' include ensiti vi.ty, sp,ecifici.ty. positi w 

p di iv val.n a,c-curacy, and ar a under he 8.0 id ivi y wa:, cal ulate I by the num-

ber of conec mo I-la! artifa c - , divid by b number of gold· tandard artifact cases. 

1 ecifkity w-as calculated by b numb r of corr t model-label d uon-artifact c 

num er of gold-standar non artifact . P p ic ive valu wail calcula .ed · h numb r 

f corr c mod l~labeled artifact , cl.hided by nwnb ~ of all model-labeled artifact (corr ct 

i o re )- Accw·acy was calcula ed. by h uumb r of corr ~ mod I-label d se 

(artifact o.r non-artifact) di,'.ided by he total number of ·e of d ril' valu wlua . R.OC 

t.l.E'ves and ar w red fflll.incd ai d ~ribed in Chapter 2. For ach LR model, •elv hr h ld 

valu (0, 5. 10, :20, 30. 40, 50, 60. 70. . 90, 100%) were used ford t rmining whether o lab 1 a 

ca:s-e as artifn or no : h (sensitivity, one--mim1s- pe ifici •) pairs were th plot 

r and !ogistic regression models. where appropriat w ~r implemen ,ed. as com

pu l"r program · written in t.h C language o ~ilita p formanoe valuation (L . • running the 

mod 

Decision 

ved test et) . 

hat, had b n de\eloped on t ( -minu e) da a, M- d ib in tion .2.4 
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were Mt onh- run on . data deTived from th 1-minu J1 data, bu ~ e also nm on a compl t 1y 

t d ti,recl from the 1-second data. ' or all other classifi TS, mod 1s developed from 

1-minute data. wer run on t from l -mi.nu da a, and likewise, mo I d , el.oµed 

· rorn 1- cond da a wer nm on e t .:,et:; process from 1-seoond data. 

4.,3. Re ult 

4.3.1 Data Collection Ann-ota t ion and Preprocessing 

Data were coll and a.nno a ed in h noona al IGU a i:mp · n Memorial Materni y Pa,vilion 

d rib in h ru thodology :tion. P:r pl.100 ing, including feature a t-ribut deri,•aJ.fon and 

in.gl pbas and mul i-phas · ! amlng, w al pe formed as d ~cr1.bed i.n t:he 

m tho o!ogy. 

For th 3-5-10 e:q;:ienmen at.a (I-minute gr.uiula.ri y a.ta.) , I blood pr m· 

raming data t consist d of 27- cas labckd as BP a ifac and ll ,096 cases label d as non-BP 

a:rtlfa.cts . For carbon dioxid , her ,vere 590 CO2 artifac and 10,7 1 non-C01 artifact.s. The 

h ar . rat trainin da a et ronsisted of ·20 c~ slab led as HR artifact and 10, 9 cas lab led as 

non-H anlfact . For oxy en. there w re l "'6 02 ar 'fac and n. 95 non-O2 artifac . Th bloo 

pressure \-alu,a ion da a set onsi: te:d of 3 BP artiia ts and 1,1 non-BP utifa . or C 2, th re 

,.,. re GO~ artiiac and 1379 non- () artifa ts. The h an ra ,eal a ion data ct consist d 

of HR artifac 

(h artifa · , Th 

and 13~7 0011-HR ar i .J.J . For O2 r here we, 20 02 artifacts and 1427 non-

11 • .ted of 7 , l 3, 130, and 64 artifa for BP, CO2, HR, and 02, 

iv ly, and 33-11, .32&5, 3" 7, and 33· 5 rion-m'ti~ for BP. CO2 HR, and 0 2 , r ' . tively. 

numbers ar tabula in Tabl 4.1 , 

The 1- and d.ai of wer preproc ssed as d !Scribed in the m thodology "C ion. In th 

3-5-10 •perim n , t r th blood pr ur ignal , ther were 15~,210 training cas , ooIL,tjsffng of 

40 ·p artifact class case and 156 i6 non-BP a:rtifac class cases. Tb blood pr ur valua: ·on 

o 20,0 n cas co11tai.n d 50 BP .artifact das c and 20,027 no11 BP artifa t. . lass cases. Th 

blood pressure t st sfl oon: isted of J!,-ll9 ca.s , comprisM of 132 B P artifact class cas and 47,':> 'j 

non-BP ar ifact cl.as . Th numb 1:i. are t.abu1a oo. ii Ta.bl J .2, along with th numb for 

the o h r mr a.ta i~.als. 

Th numbt'rs of ,of artifact cl and non-artifac class vary lightly for dHforen experiment · 

I.I.Sing e B data d p 1ding on both the time int 1:~als 1 ted for f, a.tu dei:iva ·on and he cla!i 
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To.bl 4.] : Br a.kdown of data cas - by cl.ass 1a.bel by 

ignal Class label 
Blood pre~Sl.ll'e 

Carbon dioxid 

non-ar ifact 
artifac 
otal 

Oxygen non-artifact 
a.r ifac 
total 

labeling strictn method used ; this is b a 

for t.h machine l arning p. Th numbe 

T.raining 
l ,0 

2 
11,3 
10,i 

.s 

11,371 

a.ch igaal type for t A (3-5-10). 

1377 
74 

4·1 
1427 

20 
l 4j 

b . imila.r to , numb - d c:rlbed above for !he 1- nd 3- ~ ~10 e:·pm-illl nt and thus ai: 110 

pr ented here. The number of cases in each dal s for 2-3-5 and 5-15,,60 ar imilar -0 each h r 

but are not similar t.o h numb sh.own in Table 4 .2 (3-5-10) becaus th exp runen: sonly us d 

ata om -4 hour of t B. Tabl 4 .3 displays the nt1mb 0 rs o c by clas for each da a signal 

artifac ype fort.he 2-3-5 experiment. 

4.3.2 ingle-Pbase Models: Comparison of Classifiers 

In this section v. · pr n h linal ,_'.ngl . phase model deri, rrom neona. IC da a A (1-

mi.nu anulari y) in.g tim 1n erva f three th · , and 1 minu pres nt the decision 

r r m eL , ne for each . ,pt'.' or rignal artifac . Th n ~ 

for det ing a.rtifac in each of ho four iignal". er tha , w des db h n twork rn ture 

of t:be final n al netw .rk rn els for · .ch ·igna.l. For the blood pr sur a:r ifac 

we a.dditionaJJy descdb a radi bal,"s fune ion classifier and a uppo:rt vector machine classifier. 

erformanc: of each model on i test . i also , cribed. 
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Table .2: Breakdown of data cases by )ass label by acb signal )'P for .t B (3--5-10). 

"ignal 
B ood pr ~ssure 

Carbon dioxid 

ll4!art ra non~artifact 
artifoct 

I 
Oxygen 

able 4.3: B akd wn fda eases by cl 
24hou. f data (2-3-4). 

8.rt.-ifa 
tot.al. 

Har rat non-artifac 
anifac 
tiolal 

Oxygen non--a.rtl.fa.c 
ar ifac 
total 

157,210 
153,0&3 

,127 
15-,.21{1 
153 62 

474 
154,336 
1-1,6-16 

5,564 
157,210 

lab l b~· · a.ch ~igna! yp 

Training se 
60 600 

51 
60 651 
60 25 

26 
60651 
60,025 

60 
60 

151 
60,651 

for subse of B con aining 

7716 
7714 

2 3 
7716 l .313 
i640 ,119 

j"6 194 
7 1G I ,313 
7692 l ,261 

24 52 
7716 l .313 
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hp_;m.ed3 <"" 4 : I ( 114. 0/3 ,O) 
bp _rned:3 > 4 : 
I bp_ran,ge3 <"' 7 : O (10959.0/72. 5) 
I bp _:range3 > 7 : 
I I bp_,1t1edlO > 46 ; O ( 126. 0/23. 7) 
I I hp_med.10 <- 46 : 
I I I bp_std_d0-v3 c"' 5 .51 : 0 (78 . 0/28. 5) 
1 I I bp_std_d.ev! > 5 . 51 : 
I I I I c,02_101,10 <"' S.3 : l (~G. 0/10.1) 
I I I I co2_low1 0 > 5,3 : 
I I I I I hr_highS ...: .. 157 : o (27 . 0/ 12 . 8) 
I I I I I hr_high5 > 157 : 1 ( 21. o/s. 2l 

Figu 4-5: Bl 

Decision Tree Models 

The final ele-c ed an shown in F igur · 4-5 t.hr-ougn . A lirlal label {a sing! 

rugi followi..ng a. ooli:m m the ext version of a te model) 'l' corresponds to 'a.i.· if act ' ""iille a 

final label of ', " corr p nds 'non~arhfa.c ' • tribu ham are a. concatenation of he signal 

t:YP -, abbrevia. ed name f he d~vM value, and tiro. int rva1 1 ngth in minu . For e;:o.a.mpl •, 

'O.'t-'rtd...dcd IJ' ref TS t th standard d viation of h·, partial p m of oxygen ig:nai ruculat d 

), wh.il •~d3' refers t Uw on · m int-en'<ili u.sing 1 val (in his l ruinu 

moving median value of heart race ov r th.i.· minute tim inter,-Rls. Th numb ri; in par-en h e 

aft.e.r a .final labeJ indicate tirst, t.he number of traini11g ~ tha r ach d hat leaf and thus were 

given hat label, follO\\-ed by the numba- of training cas at that leaf t.hat !ll'.e not appropriat ly 

of that label. or example. in t.lle HR ded.sion t r model, shown jn Figure 4-7 1 e second line i.s 

'hr..range-5 > 7 ~: 1 (1 0.0/3.0)."' This means th.at lf for a t of derived values the range over fi \•c 

mum - of HR raw valu grea er t han 7 • th n. this set lx>comes Labcled ·ar ifa · ('l '); of he 

cas in th raining s t 1 me this in lusion criteria d hus ete labeled artifact . Of 

t.h - 1 0.0 cases, 3. -were a.ctmilly DO actifa ·t.s, while th o hei;- 1 H.O as.cs w re corr c ly labeled 

a.~ .u-tifact . Fra tiomtl as an com abou di t.o prMing of a predecessor tree. 

he final deci ion tree model for BP artifact d ec ion con:tlsted of 13 nod and sh: a ;rib t _ 

Th final tree was crea \'\>itb c4.5 param er 'm' = 15 and · ' = . Of 3419 

correc ly c.J.a:;sitied 3 36 non-a:rUfa, and 4· ar iia. t . l incon: ly ciassili d fh no11-arti a and 

33 attifac . 11.sitivity for b BP d ision tr e model was thetefore -7_ 7%; specificity !,l,"l!JS 9 .9%, 
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co2_med5 <- 0.7: l (2-07.0) 
co2_med5 > 0.7: 
I ox_high3 > 14 1 ( 66.0/34.0) 
I ox_h gh3 <"' 14: 
I I co2_t'ange3 < 0. S : 0 (10686. 0/102.0) 
1 I co2_range3 > 0. 6 : 
I I I co2_lo~5 <= 4.5: ( 117 .0/22.0) 
l l I co2_lovS > 4.5: 
I I I I co2_slope3 <~ 0.5 : 0 (150.0/26.0) 
I l I I co2_slo:pe3 > o.5: l (45 .0/17 . 0) 

igur -6: Carb n dioxi l anifa d t tion d · ion tree mod l fr m 1-ru.i.nu . data. 

lrr_low:3 <- 113 : 
I br_rangeS > 78: 1 (180.0/3.0} 
I hr_range5 <., 78 : 
I I _10~10 <= 30 ! 1 (so.0/1.0) 
I I hr_low10 > 30 : 
I I I hr _med5 <= 121. : O (l45.0/21.0) 
I I I hr_med5 > 121 : 
I I I I ox._lo'll10 > 6 : (41. 0) 
I I I I ox_low10 o• 6 : 
I I I I I tu-_ ange3 <= 38 : o (30.0/10.0) 
I I I I I hr_range3 > 38 : t (37.0/8.0) 
hr_lolil3 > 13 
I hr_std_dev3 <;; 8.14: 0 (10565.0/66.0} 
I hr_std_dev3 > 8.14: 
I I hr_range3 > 36 : l (41.0/6.0) 
I I hr _range3 <"' 36 ! 

I I I hr_low5 > 129 : o (160.0/28.0) 
I I I hr_low5 <= 129 : 
I I I I ox_lo"W10 <"' 4 1 o (35. 0/6.0) 
I I I I ox _low:10 > 4 : 
I I I I I bp_abs_slope10 <= 0.21 : 1 (38.0/5.0) 
I I I I I bp_abs_slope10 > 0.21: o (37.0/15.0) 

Figur 4-i : H 'al' rate ti n decision ree model from 1-minu da 
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ox..:med3 > 20 : 1 (90. 0/1. 5) 
OX_l!led.J <= 20,: 

I ox_1ow3 > 0 : 0 (11026.0/1.6} 
I ox_low3 <"" 0 : 
I I ox_ ed.S <~ 0: 0 {154-0/5.4) 
I I ox_med.5 > 0 : 
I I I ox_med3 <~ 0.5, 1 (79.0/1.6) 
I I I ox_med3 > 0.5: o (22 .0/6.3) 

F'lgur : 0. y en artifac det ciofl decision t model from 1-minu e data. 

posi ive predi l\ val1.1 \\'M 90.0~- and o rail a cur, cy was 9 .9%. Th ,w a u.m! th RO 

curv for he BP decision t • mod I was calc1 lated as 89.4 % . Figur 4'9· shaw his ROC Cl.ITV . 

(Recall ha sensithi ~• and p cificity are inversely toITela a: d depend on th hr hold a whi h 

a. model ~IL a case arti act. or no . Th 11.Sitivity and pe · · city \,alues repor here aTI! for he 

efauJt h .shold u::,ed by 4.5 during ting, which is approximately .>0%.) 

The dect ·on 1· model fot de ectiog art:ifac- io 02 on .ained 11 nodes and five attributes . 

Toe final reated wi h 4.5 pa.ram 'm' = ~ an I 'i:' = 30. Th mod l correctly l, · ifi 

and • 1 artifa.c , while incone tly las O, ying r non-artifac- and 3_ ar ifacts . 

'tivi y for h model was ca.lcul t d 2.51', whil p dficity, poS'i iv predi iv \'WU • and 

a e11racy y: calculated o 99.2%, and 9 .3 ROC' curv for tr1is 

model · hown in Figtn 4- O: th area under th ROC cun 3.3o/c . 

The dc-cLio tr tor de cting h art ra: and inclnd d nin 

11.nribu . Th.e linal ti' •. ,;,.-,ru er !a ed with c4.5 par-am •ru• = 25 and 'c' "= 1 .. On th 

of 341 r ca.s _ i corr ctl , cl ified 32'."9 non-a:rt,if:a , and incon ly l ified ight non-at ifacts 

as artifact . 1 correctly identified ".3 artit , whil not identifying 45 artifact . 11S1ti.\-;ty for h 

HR d i ion tr mod I was herefor 65.4%; sp~ 'lid y was 99.' %, posi i\ predicth1 valu was 

91. %, and overall accurn ·y \1{as 9 .S%. Th ~ area under th ROC urve, disp!a: 'Cd in igure 4-11, 

was92. %. 

Tb final d ision tv mod for dettc'(;tlog 02 ar ifac contained ni11 nod , on i ing of tb11 

a ribu h final t.t· was ated with c4.5 ara.n:ie r · "m' = 20 and 'c' = 2 . model 

c assified all 3.3 

.iti vity fur this mod I w 

accuracy w 99. '¾. On th 

ly. Of 6<! artifac . i corre ly claissified 56, 

th sp · · · 1 Hlld po itiv predic iv Yalu w % , while 

ruodel achiev d an ar a wicler h ROC 
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N 

,. 

0---------------• .. .. ,oo 

Figure J.. : NIC bl d pr ~-ure artifact de tion de Lion e-e (3-5-10) RO Cun . Area.= 9.4.%. 

kl ' 

.. 
,a 

Figure 4--1 t\l carbon dio 'd anifac d t ion c· ion tr (3-5-1 ) RO cun·e. A.re.a = 
93.3%. 
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N 

Figure 4-11: Nl ' h w-t rac artifac detec ion decision r (3 ~ -10) ROC c:un . Ar~ = 92. % 

'Ur\: f 99.9o/c. Th ROC ill'Vt' ' O"l\"'ll in · igure ..J-12. 

Logi t.ic r gr · •:ion mode.Ls w r derhred from h id 

opmen . • de crib d in th m ho ology, h se L 

a ib11 ha in h correspondin d ci ion 

of he included f a.tu.re 

tl:11:ough 4. 7. 

ica1 raining s ts u!ied For d · i.on r 

model were de ' gned o indud those 

mode . For ach of the LR models a IM 

are pre n d in bl 4.4 

Th ar undet b ROC c-u:n for the LR mod ,.-,; r IG.1 o, '1.' %, .9¾, and 26. % for BP, 

CO2 , HR, and 0 2 signals, respecth•ely. Th RO ' ur ar ~ho,vn .in Figrn 4,,13 4-16 .• 11 

~a.mpl of hou· the numb f r sensithdty, specifici •, positi,-c pr di iv ·a.lu , and acrura.cy looked 

are as follow ·: for the 02 Lll mode! \Vi h , thrcshol se a % , values ~--ere 5. 9% 0.1 %: , 1.6% , 

and 1. % . r pecth l , 

fter th, :u.lts of th LR nw ls Wl're et.ermined. an adclitiona1 LR mod W38 r ated for 

0 2 artifac detection to cletermin tbJ clfcc o . 'dicho omizin · one of l'l.e at ribut from h - orig

inal 0 2 LR mo .el. Th a ribut ·ox..med3' w split, in o two new variabl , "h' b..llh..l'l:led3' a:nd 

' low ~OLIDedS, · w h rn hi.gh_ox..:med3 was s t l if and only if the value of ro:..med3 v.'3S greater than 
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, .. - -~----------.... 

.. 

.. 
.i, 

ti • ,.., • • 

Figur 4-12: NJC o g h tifac d tee ion d · ion r (3-5-1 ) ROC urv , A.ea = 99.9%. 

81' iJl AOC Oumo 

""r---~----:----,-------t, 

.. 

Fjgure 4--13: ICU bJood pr : ar ifa d , ton LR (3.o-10) ROC curv . Area= 16.7%. 
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IO 

_I 

.. 

.. 

fi~ 4-14~ r IC carbon dioxid a:r ifa t 

HR LR ROC CUit.! ■ 

'"° 
I 

to 

\ " t 
~ •O 

10 

.. ot 10il ,, .. -.,- I•~~ 

Figu.r 4-15 : NIC U heart rat artifact d tectiOJl LR (3,.5-10) RO C CUI"\'e. Are.a. = . 9% 
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r ~L.RROC-.., 

1 .. ,,~--

Ill 

Fi.gwr_ -16: 1 1C oxygen ru- ifac detection LR {3--5-10) RO ur-v . r ,1 = 26. %. 

Tabl 4.4: Blood pr ure artifac- d~ti.on loglsti regression model. 

Attribute 
in ercept 
bp.m d3 
bp...r-ang 3 
bp.m · 10 
bpstcLdev3 
oo2Jowl0 
hr..high5 

Value 
-2.0 • 
0.147 

.Q.675 
0,009 
0.506 
0, 59 

. ,13 

20, and low.ox..med3 was stt o 1 if and oal if he value of ox..med3 was I s than or ual to 0.5. 

Th h.r hoJds (20 and 0.5 a which to dicltotoinize this attribu w ri he same as tit p.resen in 

th 01 decision r~ model , itb this dichotomiza ion, h , LR m.odel achi.ev d an area und 

th ROC cur-..-e of 6.0%. h a tributes and their pa.ram 

ichotomization a.re presented in Table 4. 

Neu al T,etwork Model 

dma: es for the 2 LR model with 

Four ne-ural network (multi- ay r perceptron) mod Is w r reat · , one for et ion ,of ar ifaets 

o-£ each signal typ . Hle 11 w-al netw rk for t ting blood pressure artifa ts had 96 input . 30 
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Tabl 4 .5; Carbon di:oxide a.rtifa let io I logis ic regr,ession model. 

in r pl 
co2j]lerl5 
olLiligh3 
c-o2..range3 
co'.Uow5 0. 7 _j 

co2-..slope3 -2.595 

TabJ 4.6: H ar rate artifac d tecti n locistic reg,ression modcl. 

hr.m 5 
o. JoplO 
br...range-3 
hr td..d "3 
ltrJow5 
bp..al ~.slopelO 

-0. 
-0. 
o. 

-0. 
0.019 
0.072 

Tabl 4. : Oxygen a.nifac dct km logisti r essio11 mod l. 

T: bl 4. : Oxyg n artifa.c d c jon l gistic r -gr ion model wi:tl di ho m.iza.tion. 

int r p 
high.ox..med3 
low ..O.lLilled3 
o:wov.3 

2 
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0 

70 

60 
% Dececred 

50 

40 -

30 -

20 

10 

10 20 30 90 100 

Target-= 1~ Area-93.272~ #Target-78; l'1' ota1,..34J 9; 

Figure 4-17~ ROC curve for blood pr ssure artifac det i:tion neur-a1 ne wmk model (1-mimrte da.ta). 

lti lden .aod · m a singl. lay r, and 2 ou pu nod . rt nua: under h ROC ,n w 93.?7%; 

he RO C curve is: shown in Figur 4-17. Th neural ne work for de in iY O:i artifact had 96 

inpu :r hidden nodes in a single layer, and 2 output . It aclriev d ii.J1 area under the ROC curve 

of 97".46%. ~hown in Fignr 4-l . The ii. art ra neural ne \\•ork had 06 ka:p11t nodes, one rudde.n 

la • r containing 30, aodes. and 2 outpnt nodes. The resulting area under h run . shown i.n F i.gur 

•i-19. was 96.62%. Finally th oxyg»11 n ural work had 96 inputs. one bidden }ayer containing 

20 nod . , and 2 ou tpu BOde , Th.e area. under the RO une for the oxygen a.rt.if~ det«.: lon 

network was 00.31%; th~ i.'6 hown in Figun: -4-20. 
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90 

0 

70 

60 
%Der ·ct.ed 

50 

40 

30 

0 

10 20 30 40 0 60 
%Fal eAlarm 

0 0 90 lOO 

arge t Area 97.462: arget=I 3: ':'Total• 3419.· 

Figur 4-1 : ROC urve for carbon dioxid artifac de tlOtt n ural n two1·k model (l -1ui.Im data}. 



CHAPTER 4. TREl FDFJr,,TDER TO DETECT ARTIFAC IN THE J\l'E01(4T. . L l • 5 

100 

90 

0 

70 

60 
% Detected 

·o 

0 

0 

20 

JO 

0 
0 10 20 30 60 70 80 90 100 

larm 

Targe 1; Arca""-96.617; #Target=l"O;" ot 3417~ 

Figur 4-19: ROC cw·v ~ r h ar ra,v artif: ·t det ion neural network mod I (l-1ninu da · ). 
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90 

0 

0 

60 
% Dete-eted 

50 ~ 

40 

20 

10 

10 20 0 40 50 60 70 80 90 100 
% False Alarm 

Targe =1: Al.'ea=99J.07.; #Target= . ; #Toml-34]9; 

Figure •l--0: ROC cll.n' for oxygen. anif d ec ion n ural .n •ork m l (l-minu data). 
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0 

80 

70 

,6Q 

% Detected 
50 

40 -

30 

20 

rn 

10 20 0 40 50 60, 70 80 90 l 00 
% alse Alami 

Target-l: Area--90.004: . arget=78; #Total=34l9: 

Figure 4-21: ROC curve for blood pres/rul'e Mtifac de ection radial basis fun tion netv.ork model 
{ aminu data). 

Radial Bas, Fune ion Model fo:r BP 

Mor ban ·ent • . ·p rimenta with crea. ing a. radial bas" fun tion classiiicr for BP artifac d tect:ion 

\1 re tried. The model that p rfotmed b ·ton he valua ion _ t v;.,a,s hos as h final RBF model . 

I had 20 lus rs per class o giv a at.al of 40 lu w r fon:ncd by K-means clustering. 

Th resulting are.a under the RO C Cill'\"e for he RB da.s ;Hier 1,.vas 9 .00%· t · ~ is hO\Vll in Figur 

4-21. 
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bpJl'led180 <aa O : (441.0) 
bp_med180 > 0: 0 (156769.0) 

F'ignre 4--2~ Blood pressw artifuct d e ion d · ion ,r m cl &om I nd da a (1 0-300-6 0 . 

co:U:iedlSO <"' 0 . 2 : 1 ( 4063. 0/3 .. 0) 
co2_med180 > 0.2: 
I ox_lo~180 > 16: 1 (30.0/3 . 0) 
I ox_lord 8.0 <e 16 : 
I I co2_a.vg180 > (),4 : 0 (153040.0/9.0) 
I I co2_ug180 <· 0 . .;, : 
I I I hr_range180 <= 51 : 1 (40,0) 
I I I h _range180 > 51 i o (47 .0/1. 0} 

Figm ..J:-23: Carbon dio id artifac d ion dee" ion tr mod I from I- onJ data (1 0-300-600). 

uppor ector- M.achlne ode! fol" BP 

Ji.fore than f. :tty experiln · I ...,·ith creating an v:M classifier fo1· B .. artifa det tlon w r per

form cl. Lin :ar, Gau ·an, and po!ynomiAl ken) l fun im · were tri d with vario value for th 

real-valued pataru rs to h V11.[ m. Th be resu.1 on h valuation a a t cam with 

using a Gaussian kernel func ion. On 

ROC rurw? of 95.95'3lt. 

ifi r achi , .d an area under the-

4.3.3 ingle-Phase Models: Data Granularity Exp,eriiments 

igure ..J!-22 hrough 4-25 how th tin.al deci ion tre for artiract d t ction d veloped from l~ econd 

ait1ing data prepnK sed as de!:icribed for Exp riment l. • gain, class labcls a:r r pr ·en ed y '1' 

for art:ifa,;t clai and 'O' for non•artifa class. Faren h after a. lass lab indicate h n , b r of 

training 

hat arriv 

_ ha arriw:d at ha. node, hown wh r aµpl:icabJe as he otal nLim~r of raining cru· 

raiuing: cases that i.• r ineorr ly classified 

A tr-'ibut, nam are a ronca na ion of the abbr viation of di ~i nal nam a 

abbr via ·on of h derived fa ur nam anc:I th numb r of ,alue$ O\' wlikh he d rivedl featur 

·w ~ al ·nlaL ct 

from 1-mmut training a.ta w r . pr viously hown iu , 1gu_N."S 
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hr_highlSO (CO : 1 (474.0) 
br _h gb.180 > 0 : 0 (153862. 0) 

igm -1--24: H art ra ar 1fa d tection decision ree model from 1-s ocmd data (1 0..300-6 ). 

ox_med180 <~ 0.5: 1 (4725.0) 
ox_medlSO > 0.6: 

ox_avg180 < .. 15.7 : 
I OXJl'led180 <- 15.9 : 0 (150362.0/57 .O) 
I ox_med180 > 15.9, 
I I ox_std_dev180 < 8. 67 : 0 (638. 0/61. 0) 
I I ox_std_dev180 > 8.67: 
I I I hr_avg600 <- 161.S : 0 (100.0/6.0) 
I I I hr_avg600 > 161.8: 
I I I I co2_std_dev300 <- 2.2: 1 (190.0/5.0) 
I I I I co2_std_dev300 > 2.2 :. o (80,0/17 .0) 
ox_avg180 > 15.7: 

ox_~ed180 <- 20: 0 (601.0) 
ox.,;:ned180 > 20 : 1 (514. 0/1. 0) 

Figur 4-r: Oxyg n ar ifa t det ion decision ,re mod 1 from l - ecood da a (1 0.-3~600). 
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Table 4.9: RO cur,·e area.i for each model run on the te:t set or i own gr-a.nulari y, and for th 
l-minu model run on two d:iff ren ) (E:·periment 1 n cd 1 0, 300, and 
6 ,•alu for eaturc> d rivation; Expt'ri.m n 2 us d 3, 5 , and 10 valu s for f, al.lire derivation). 

Blood pr ure 
Carbon dioxid 
H ar rat 
O:x-ygen 

bp_med3 <aa 2: 1. (46 _0) 
lbp_med3 > 2 .: 0 (60581. 0) 

99.92% 

Figur 4-26: Blood p me ar ·m d . don d i ion ti' model U$Ulg 1-secon data (2-3-· ) with 
front-label.in g. 

4-;j to - . Table 4.9 display. he ru tmd r h ROC .un' for acl mod •I Tllil on data 

of its sam gr.anulari y, pl r ul of ru.rurlng h 1-min mo e on h two dili' 11 typ !i of 

pr proc ~ 1-- nd es · (180-30 60 and 3-5-1 ). 

4.3.4 Sincrfo-Phase Models: Class Labeling Expe.riments 

Lo ation 

Ded · on r w t created for bo b ~ -15-6 and 2-3-5 eoon.d tim inte•r,1als for e of the four 

ignal using both front- and end-1 b ling. Mod Is 'I/ r qui e ~mal.1, sually onsistin of a siugl _ 

attribut nod , aud they performed with a!mos · no rrors. ·o ROC curves w r th.erefop nernted 

and ;1p imply rep. rt the number of tru@ po. i h· (TP), rue negatives ('I' ' ), and, if applicable, 

nega h (F r) from running ach model on its 

Blood Pr ure Artifac · · 'ng --3-5 fi atur a tribu . both he front-lab lin and ncl

label.ing BP artifact d t ion deci ion r mod ls had pe.r t ul . Th front-labcli:ng mod 1, 

h wn in Figut 4-26, cl ified 7709 true negativ and our rn pooith·es. Th end-lab lin model. 

·ho"'-n in Figure 4-'>7, classili 7707 ru nei;a.tiv &1d ~ix ru positi ,re.s. 
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bp_high2 <"" 2 : - (43. 0) 
hp_bigll2 > 2 i O (60583.0) 

'Figure -27: Blood p:r - nre a.rt.ifa d te ion ecisioti r rnode.l using 1- ond da a {2-3-, ) with 
11 - ?abcl.ing. 

bp_lovS <"" 2: 1 (34 .0) 
bp_low5 > 2: o (J;i9M3.0) 

Figure 4- : Blood pressu:re ar i act det.ec on deci ion tr e model using l -second a a (5--t • -60) 
with ft:ont-la.beling. 

Result..s for he 5-15-60 trees were iroil.ar: the front-labeling model.1 shown In Figure 4-2 , clw

sined 75 3 true nega.tives 3nd three tru positi~, while he end-labeling model, shown in Fip;ure 

n g,1; iv and hr tru posi iv . 

Ca:rb o:n. Dioxide Art ifacts In both t.he 2-3-5 and 5-15-60 experiment , both the front-labeling 

and nd-l&beting CO2 artifact detectio,:i decision b:ee 1:nod I. bad perf results. The front-labeling 

mod Is, shown in Figur !S 4-30 and 4-31. classified 7712' and 75 true negatives, resp~ ively, and 

t-wo and one true po iti'l'es, re1,pectively. The end-labeling model shovrn in Figure 4-32 and 4.33, 

also orrectly dassilied 7712 and , - 5 true new.th an two and on true p iti v . respec h-ely. 

Heart Ra-e Ar ' fact~ Uaing 2-3-5 feature att;ribute.s , both. he front-labeling and end-labeling 

HR artifact det~tion deci ion r mod l had perfe resul s. The fron ~labeling mod 1, hown iii 

ru u ,gatlv and 79 rue p 'i 1\'e:i. The ~ul-\ab !.in mod , shown in 

Figu; +35 , I ified 762.S rue nega.ti~-e and 74 tru po iti 

Results for h S.15~60 HR Ii w r imila.r: 1..b front-labeling mo •I, hoWR in Fi.gu;re 4-36; 

bp_low5 <"' 2 : 1 {34. 0) 
bp_lov5 > 2 : 0 (59643.0) 

.Fignr 4-29: Blood pr ssure artifaet d~tection decision ree model. using l-second data (5-15-60) 
with end.labeling. 
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oo2_m~d3 > 0.4 : 0 (60593. 0) 
co2_med3 <~ 0.4: 
I co2_high2 <"' 0.3: 1 (19.0) 
I co',Lhigh2 :> O. 3 : 0 (15. 0) 

Figure 4--30: Carbon dioxide ar ifuct d 
fron -lahelin . 

c:o2_high5 >· 0.4 i O (59661.0) 
co'.Lhigh5 <·,. 0. 4 : 
I co2_high5 <"' 0.3 ~ 1 {15.0) 
I co:2_high5 > 0. 3 : 0 (15.0) 

Figure 4-31: Cubon dioxide artifact 
wj h froat~labeling. 

co2_low3 > 0.3: O (60S96 .0) 
co2 low3 <"' 0.3: 
I co2_av~ (D O .. a r l (19 .0) 
I co2_ ~g2 > 0.3 : 0 (1 2.0) 

ion decision r model using 1· cmi at.a (2-3-5) .vi h 

ion dechon r mo el us:\og 1-s ond data (5,-1--60) 

· i.gure 4-3 : arbon dioxid artifa.c · d tion d · ion~ nod I in,g 1-~orid da: a (_-3--5) with 
d-labeling. 

c:o2_ low5 > 0. 3 : 0 (59665. 0) 
co2_loY5 <; 0.3: 
I co2_range5 <= 0: 1 (18.0) 
I co2_range5 > 0: 0 {8.0) 

Figu.r 4-33: Ca.rb n dioxid artifact de ion de-d ion tr, Ill d u ing J..geoond da (5-15-60) 
\Vi h end-l.abcling. 

hr_high2 <- 0 : 1 (633.0) 
br_high2 > 0: 0 (59913.0) 

Figure 4-3 ~ H · tat artif.."Lc d 
fron •lab ling. 

·ou d i ion r mo I ing l-sec:01:1:d da a (2-3-5} with 
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hr _high2 <- o: 1 (631.0) 
hr_,high2 > 0 i O (59915.0) 

Figure 4-35: Hem -rate a:r iI.ac de ec ion decision r modcl u g laseoond a. a (2-~) with 
end-labeli11g. 

h:r _high5 <r- 0 : 1 (521.0) 
hr_higM > 0 ~ 0 (58870.0) 

igu.re 4-36: Heart ra.tc artifa d c ion d ision re mod I using l•S(lton da a (5--1~60) wi h 
fron -la.belin 

Jassifled 7505 tme ncgath•es and ·4_ tni po~i .i'1\ , whil h endalabe-ling mo I, hown in Figure 

,t--37. lassified ~499 true ne a:tit•es and 60 true positives. 

Oxygerll Artifa.c The models d vcloped for d tection of o.xyg n artifac w r slightly lilrger than 

thos d \' foped for he other ·ignal actifa.c s . sing 2-3-5 [e.ature attributes, both the front.-la.beling 

an I d-]alX!ling oxygen a:nifact det ction decision tree moclel.s again had perfect resul . The front

lab ling model, $hown in Figur ified 7693 true negativ and 20 ue posi h• . Tile 

od-laheling model, shown in Figur 4-3 , also lassltied 693 true negativ and 20 rue pooith . 

Resui for be 5-15-60 oxygen trees were quite good bu one of h mod I had a false negative. 

h frml Tlabeling mode,). shown in FiguJ;"C 4--40, k"!J5Sifi.ed ~6~ true II riui posi Ives, ud 

on fa.Jse negativ . Th nd-lab lin model 'how11 in Figure · 1, dassi.fled 7562 true negativ · a.ncl 

24 true pooifo·e . 

hr_high5 <"' 0 : 1 (528.0) 
m:_high5 :> 0 : 0 (56863.0) 

Fi.gu_ro 4-37~ Hear rate artifact detec ion decision tree model usiqg 1-secood data (S,-r -60) with 
end-labeling. 
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ox_med3 > 20: 1 (139.0) 
0·x_med3 < .. 20 : 
I ox_ ed3 > 2.1 : 0 (60461.0) 
I ox_rned3 <= 2.1: 
I I ox_high2 <= O: 1 (11.0) 
I I ox _high2 > O : O (15.0) 

1gu.re 3- : Oxygen artifac , d ectl n deci.sioL tr model i1 l - ·on data (2-3-5) with front
labeling. 

ox_medS > 20 : l (143.O) 
ox...med3 < 20; 
I OX_llled3 > 2.1; 0 (60455.0) 
I ox_med3 <~ 2.1 : 
I I ox_hlgh.2 <"' O : (13. 0) 
t I o~_high2 > 0: 0 (14.0) 

Figure 1-39: O, .. ··yg ar ifac de ecrion d i ion ree mod us·ng 1- · con data (2-3-5) with nd
lab ·• g. 

ox_med.5 > 19.9: 1 (132.0) 
ox._medS <= 19.9: 
I co:2_a.bs_s .ope15 <aa 0 .. 15 : 0 (59S20 .0 ) 
I co2_abs_slope15 > 0.15 : 
I I ox_low5 <a:1 5 : 1 (8.0) 
I I ox_ o 5 > 5 : 0 (17.0) 

Figur 4--40: Oxygen artif 
lab tin _ 

ox_med.5 > 19. 9 : l (128 . 0) 
ox_ ed5 <= 19.9: 

ox_avg5 > 2.1: 0 (59524.0) 
ox._avg5 <= 2 . 1 : 
I ox_iligh5 <-"' o ! ' (10. 0) 

I ox_iligh5 > o: 0 (15.0) 

· ion 

Figt1r 4--41: Oxyg artifac d 
lahellng. 

·on d i.sion 

mud l Ing 1- oud data (5--1-~60) wi h front-

model u ·ng 1- nd a (5-15-6 ) wi h ndT 
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bp_lot,,:S <"' 2: 1 (M.O) 
bp_lcii5 > 2: 0 (596 3.0) 

Figure 4-42: Blood p~su~ iutifa det c ion de ision ir mml.cl using 1-:recond data (5~15~0) 
wi h class labeling tric M hod l . 

bp_l0ol"5 <'- 2 : 1 (36. 0) 
"op_lo~6 > 2; 0 (59646.0) 

Figure 4.-43: Blood pt ure artifact detection decision tree model using 1--seoond data (~15-60) 
with d lab ling strictn Method 2. 

trktness 

For •each signal artifact type four model are pr ented, <."Orr-es-ponding to strict.ness labeling ~Iethods 

l .hrough 4, as described in ee ion 4.2 .3. Comparison a:r ma by looking a 11umbers o a:-rofs 

since most roodel w e very small and had perfec performance on their t st sets. 

Bloo I P:r -~ure Artifacts AU four BP models were a.bl t.o oo:rrecUy clru. ify negative and po~itive 

examples of artifuets. Figures 4-42 througji -4 show the · · on tI odels for de~ting BP 

artifacts for Me 'hods 1 hrougb. 4,, respectlvely. Table 4.10 show the results of each model run 011 

own , as well as the most strict model. mn on incr~ing_ly less ;:;tri tes 5e , 

Carbon Dioxide rtifac T'hree of the four 0 2 models v.rer; able to correctly dasslfy negative 

an Ip si ive exa.mpt of artifac-ts: the least stri t method tM thod 4) ha I one error. Figur 4-46 

hrough -t-m ·how the d ci · on :r rnod Is for <k>t~ting CO2 at ifu.cts for M tho I.a l hrough 4, 

resp tively. Table 

bp_iii.edS <- 3 : 1 (55 .0) 
bp_medo > 3 : o (S.9694. O) 

Figu 4--.W: Blood p 
with class lab ling .tic ~ 

ults of each model rWJ on its own te:."'t i;et, ~ we!l as he most 

1uodel ing l~s con d.a (5-15-60) 
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bp_lowS <~ 4: 1 (119.0) 
bp_lo._.5 > 4: 0 (S9'630.0) 

ig:ure 4-45: Blood p ur ar ifa d tee ion de ision r rnoMt il l second. da a (5--15-60) 
wi b I labeling rictne ~lethod 4. 

Tab! 4.10: P rformance of 1-st ond Nl 
lab ling s rictD ss method . 

a a 5-15-60 blood pr ~ure mod4;ili · g different class 

False Neg 

t st set 

!\1 th l 
model 

7583 
3 

75 2 
5 

9 
7582 

14 

Me bod 2 
modcl 

7;91 
5 
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co2_hign5 > 0.4 = 0 {59661.0) 
co2_high5 <~ 0.4: 
I c:o2_high5 <aa Q,,3. : t ( 15 .0) 
1 co2_h gh5 > o. 3 ~ o ( 16.0)' 

Fig)1r@ ..J....46: Cru-bOll dioxide artifact detection d ision r modcl using l- ond data (3-15-6 ) 
with das labeling stri tn Method l. 

co2_lo~s > 0 .3 ! 0 (59668.0) 
co2_lo~5 <~ 0.3 : 
I co2_med5 <= 0.3: l (18.0) 
I co2_roed5 > 0.3 : o (9.0) 

figur 4--47: Carbon dioxide artifact d tection dee· ion r .mod 1 u ing 1- econd da (5-15-00) 
wi h •las lab lin ~ttict cs ~•f thod 

rkt model run on incr ingly I _ tri 

H art Rate Artifacts All four H.R m d Is w :re able corr ly 1 sify ne ativ anti posi i 

·a.rnpl · of a.nifa in b ir owu tric n cat g r ,. Figur 4-50 throu h 4-53 . hllw l e decision 

r model fur det ting HR artifacts for M thods l lhrough respectiv I.•. Table 4..12 ~hou the 

r u.1ts of" ch ~nod 1 run on its OWD (.eSt t, as well as hem rte mod 1 run on in r asingly 

Ox gen. Artifact Th oxygen mod had 1nix r u1 . Figur 4-54 throu h 4-57 shou• th 

d i ion tr mod for d ing o.xy~ artifac 

howS the resul of each mod 1 run on it 

ingly 1 · tric 008 !If' . 

co2_med5 <~ 0.3: (26.0) 
co'2 _cned5 > 0. 3 : 0 (.59723. 0) 

Figure 4-48: Carbon dioxide artifac de e:tion d 
with dass labeling ~tric n ss M thod 3. 

1cthads l th:rot1 h 4, pe ti , b1. T bl 4-.13 

i, as \\'ell as the most tric model :run on 

mod l using 1- ecarid da a (5-15-6 ) 
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ox_low5 <a: 0 : 1 (67 .0) 
ox_lov5 > 0: 
I eo2_high5 > 0.4: O (59654.0) 
I co2_high5 <~ 0.4: 
I I ox_st;d_devlS <; 1 .12 ! 0 (15 .. O)· 
I I ox_std _dev15 > 1. 12 ~ 1 (1 3 .0) 

Figur -t-.J9: Carbon dioxide arti!a t d · ction d ision r mod 1 using 1-sec.o d data. (5-], -60) 
with cl Ir. ling tri I thod 4. 

f l-second NICU cla a • fa--60 C"a:rbon dio:cid rnodel!i u ing different cl 

hr _high~ <= 0 : 1 (521.0) 
hr _high:& > 0 : 0 (58870. 0) 

l 

7593 
l 
2 

n 

1 

Figure 4- 0: a.rtifa t d tection cl cl io:n ree mod t u i l~!ieoonrl data (5-15-60) wi I 
cl_ la lin trktn ,[ t.hod L 
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hr_rn~5 <~ O : 1 (590.0) 
hr _med6 > O : O (58865.0) 

igure 4.--51: Hear rate ar ifact de ectfon decision t.l'i1e .lllodel Ufilllg 1-sccond data (a-15-60) wi h 
class labeling tric:tness · rJ:et.1110-d 2. 

br_l!:led5 <"' 0 ~ l (668. 0) 
hr_med5 > 0 : 0 (.59081. 0) 

figu 4-52: H art rate artifac de ction d · ion r model using 1-sccond data (i:1--l,i-60) with 
lass labeling ri tne s Me 1 d 3. 

hr _lo·.15 <= 0 • 1 (885. 0) 
hr 10115 > 0 : 0 (5S8tl4.0) 

Figur 4-53: H ar rate artifac d t ction decision t~ model using 1~ cond data. {5-15-60) with 
class labeling s rietness Meth.od 4. 

Tabl -1. l '2: Perform 8ll.Ce of 1 ~ econd N1C data ;j-1,S-60 hear rate models u 1g diffi en class 
labeling rictn m hod . 

fethod 2 
t set 

Me hod 3 
t t set 

M thod 4 
rest et 

7505 
.S4 

7505 
,w2 

j 

37' 

(e hod 4 
model model 

7503 
-9 

7.:)06 
90 

j' 2 
ll4 
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ox_m. dS, > 19.9 : 1 (1.32. •0•) 
ox...niedS o, 9'.9 : 
I i:o'2_abs_slopel6 <- 0 .15 : 0 (59520 . 0) 
I co2_abs_slope15 > 0.15; 
I I ox_lo~5 <~ 5: 1 {8.0) 
I I ox _lo"'15 > 5 , 0 (17 .0) 

igure 4-54: Oxy en artifa.c f ion decision tr rnodel using l•se ond da a (5--15~60) with cl 
lab ling ·ct11e· · -tethod 1. 

ox_med5 > 19.9· : 1 (138.0) 
ox_med5 <"' UL 9 : 
I 00,2_10;15 > o .4 : o (59517. 0) 
I co2_low6 <~ 0.4: 
I I ox_low60 <- 4: 1 (9.0) 
I I ox_lov60 > 4: 0 (18.0) 

Figur .:£..-55: Oxygen a.r 'fac det ctlon ' sioa ·1:ee mod I ing k ond dat (;;..lS-60) v.-ith las 
Jab ling if thod 2. 

oit_medS > 20 : I (151.0) 
ox_med5 <= 20: 
I co2_med5 > 0. 4 • 0 (591670. 0) 
I co2_ edS <- 0.4: 
[ I hp_lo•JS <- 24 : 1 (17 . 0) 
I I bp_low-5 > 24 ! 0 (11.0) 

Figure 4-56: Oxygen artifo 
Lab ling trictnes ~ thod 3. 

.roodel usi?1g 1-second data (S-15~60) ~i,-J. b cl s 
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m;_cnsdS <~ 19.7 t 

I ox_low5 <"' 0 : 1 {67. 0) 
l ox_lo~s > 0 = 

I ox_avg5 <"' J.9 ~ 0 (.69496 . 0) 
I ox_avg5 > 19: 
I I ox_slope15 <- -0.46 : 1 (2.0) 
I I o:-._slope15 > -0.46 : 
I I I bp_slopelS <- o. 01 : o (20. 0) 
I I I 'op_slopet-5 > o. 01 ; 1 (3.0/1. O) 
OX_l'!led5 > 19 . 7 
I ~o'Lcned60 <- 1.2 : 1 (152.0) 
I c::o2_cn0d60 > 1 . 2 : 
I I bp_raJ1geS <~ o ~ o (2.0) 
I I bp_range6 > o : t (7 .0/ 1.0) 

Figure +.57: Oxygen artifa,I'.' deta"t.ion decision tre mod using 1-s ond d.,ta (5-15-00) wi h class 
labeling trictn Method -t 

.13: Performan of' 1~ cond i'HCU data 5--1 --6 oxyg t1 model rn.ihg different d La ling 
ruetho<b. 

ri,Iethod I 
model 

.Method l Tr11 Neg 7 65 
True Po 20 
·< ~eg l 

7566 
I9 

l 

Method 2 ~rethod 3 
mod 1 model 

7566 

7577 
19 

Method 4 
model 

7567 
27 

2 
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4.3 .. 5, Multi-P . 1as•e Model 

eu.ral or 

n ur.J n twork model d v lop d o de ec bJood pr · uxe artifac had 24 input 

nod , no Wdden nod , , and o put node ·. h area under i ROC curv , ·l:mw11 in F' gur 

4-5 , was .-!2%. For carbon clioxid artifacts, th mul i~phase neural ue mork m d 1, onsisting 

of 24 inpu n , no hidden nod , and _ o pu n d , achiei.1 d a:11 a.r a w,d r he RO cill"v of 

91.93%; it R 1 multi-ph~ neural n twork model d ,, lop d 

to d heart rat artifacts had 24 inpu , hidden nod io on layer, an ? o I.JU n d . It 

achieved an area UI1der the ROC curve f 97. 0~; Figw· 4-60 rn.ow i ROC cun . Finally. for h 

mu i-phas oxyg(' artifact d tection m el, the neural n work had 24 inpu , 20 hidd n nod in 

a ingl layer. and 2 outpu . It ROC curv , . howu in irure 4-61, bad an area of 9!>. 51c. Th · 

valu ar swnma.rized in Table 4.14. 

Decision. Trees 

L -i<nct deci iOJJ tr. were gi • a.rue training data 1,vith h same n11n1h r - of fea w attribu 

(24) for ea c as had lxl-en given to h r1eural networ • . The multi-phase Wood pressu:re artifact 

detection decision tree we! ail.lowed to g;row fully (i. .. con in e expandin m1 n no i cl iii.cations 

e..xi5ted), then was pruned o u onl)· 10 nod . I achl v d an 8.I'Ca nd r h ROC curve o 94.30%, 

shown in Figiw -62. For carbon dioxid , th r " 'as full;, grown and pruned o 20 nod 

wi h a "L u1 ing ROC cu1-v ar a of .00 ,,t Figur 4-63 °hm, it::,; RO curv . For h art rn , h 

,\1 full: gl' ·n, hen :-as pruned to u!,,e only 30 nod . I ROC Clll:v , shown in Figur• 

4-6-!, had an ru-ea of 97. 2%. or mul i-phlll oxyg artifact ci:rion tree was fu ly 

growa and then prun 4 nod . Th uJ ing area under th RO curv shown h1 Hgur 

4-65 wais 92.62%. 11 n ural n t11o'Ork 1· ul in Tabl -1.14. Fi r 

4-66 illu ra th d ·on tree and multi-ph n ural n works 

on d 

The multi-phai hloo pr L iou ue bui1 ,vi h 4. ~ hat was small in ize ( ,, ti 

nod l \\·hil ill p rforming well is shown in Figiu 4-67. imilarl1•1 h CO2 roodel bwl wi h c4. 

ls shown in Figu + · i also• had sev 11 nod . The HR dee· ion tret'! had 1 nod - nd i h wn in 

Figure 4-69. Further at~mp • a tr size reduction f, r h HR mod I result d in larg numb :rs of 

errors. For oxygen, th 4. decision tr tha stil1 performed r-easonablv lad · 2 d ; i is hown 
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90 

80 

70 

60 
%Detect 

50 

40 

30 

20 

40 0 60 70 80 90 100 
% False Alarm 

Targe -1: An?a=94.416· rr arget=2 · #Total=lS0tS; 

Fignr 4-- : RO r ar ifilt"t 1.1 urai n twm:k multi-ph~ e model. 

Table .14: RO IU'\I area-, fur mul i-phll.'l a ural. n t:work .lllld · 'on t m e . 

Carbon 
Eeart rate 
Ox;•gen t 

94 .30% 
.00% 

97, % 
92,•62% 
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90 

0 

0 

60 
% D·t cted 

50 

40 

30 

20 

lO 

Targe - l~ Area.~=~l'l .929~ #Targe 2 ·~ # ota]=l80J ; 

Figur •l-59: ROC curv for bon dioxid artifact n a.Io. work cnulti-ph mod l. 



90 

0 

0 

60 
%Detected 

50 

40 

30 

20 

HI 

0 '-'----'----'--------'--------'------'------'-----L-........J..----' 
0 lO 20 30 40 50 60 70 0 90 100 

%Fal eAlarm 

Targ,c,l!t=]; A,reaee97.496: #Targe -244· Total 18015; 

Fi.gur 4-60: ROC curve for heart raw artifac neural network mu] i~phasc model. 
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100 

90 

0 

70 

60 
% Det cl.ed 

50 

40 

30 

20 

10 

0 
0 10 20 0 40 50 60 

% alseAlarm 
0 80 90 100 

arge - I ~ A'11 a=;CJ9. 40 · arget= : #Total= l O I ; 

Figur -61; RO cun or oxyg ar ifac n ural netv.•ork ruul i-pb mod 1 



C.rVtPTER 4. TRE.1\TLJF WER TO DETECT .4RTIEitC'1i y,; THE NEON.-1.TAL l . 107 

90 

80 

70 

60 
% D tected 

50 

0 

30 -

20 

rn 

IO 20 30 40 SO 60 70 SO 90 100 
% False Alarm 

Targe -l · Area--94.29 ; a.rget= ; #Total=l801.5; 

Figure 4-62: RO cu:r-v; for blood pressure artifaet dedsion tree mnJ i-ph1:1.$e model. 
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80 

70 

60 
% Detec ed 

-o 

40 

0 

20 

w 

I 
l 
I 
J 

0 .__..___....__.....__-'--_~-~---........ -_..__~ 
0 W 20 "O 40 50 60 70 0 90 l 00 

% Fal.eAlam:i 

arge-1: Area=97.997; #Targe - 15~ #Total-18015; 

, igure 4-63: RO curv, for earbon ioxid artifac decision tr multi~ph m del. 
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70 

60 
% Delo l d 

0 

0 

30 -

lO 

10 20 0 40 50 60 
% False Alarm 

90 100 

Targe -1; ~7. 17· #Target=_44; #Toial-l 015; 

igur 4-64: 0 urv fur hear ra artif1i'lct d ci ·on r multi~phiu! mod 1. 

109 
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60 
%Detected 
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40 
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]O 
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Fi 
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11 BP 

l
■ C02 
■ 02 
■1 HR 

Figu.r 66: Perfonoan of mul i-phw d 10n ' and multi-ph en ura.l n works on detection 
of ani.f for ch ·gna1 t -pe. BP: gray dot on whi : CO'>: solid dark gray; 02: black ip 
on whlte; HR: lid ligh gray. 
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bp_5_phase2_slope > 3.3: 1 (32.0/5 .0) 
bp_.S_phase2_slope <= 3.3 : 
I bp_30_phase2_slope <"' 0 -95: 0 (59-649-0/13.0) 
r bp_30_phase2_sl,ope > 0. 95 : 
I I bp_30_phase l_slope <- -0.35: 1 (40.0) 
I I bp_30_ph.a.sei_slope > -0.35 : O (28. 0/8 .0) 

Figu.r 4- 7: Blood pre :r artifa,c det tlon d@ i ton 

co2_S_phase2_slope > 0 -08: 1 (25. 0/4.0) 
co2_5_phaee2_slope < 0.09 = 

I ox_.:3 _phase2_slope > -0 .4 : 0 (59694.0/12 .0) 
I ox_3_phase2_slope <- -0. 4 : 
I I co2_30_phase1_.slope <= -0.01 : O (10.0) 
I I co2-30_pha.se l_dope :> -0. 01 : (20. ,Q/1. O) 

!llod with m1Jlti•ph att;ribu 

Figure 4-6 : Carbon dioxid artifa de.tee ion d i ion tr mod \\'ith mnlti•ph artrlbu 

in Figu.r 70_ 

4.4 Di cu 
. 
IOD 

The r nl · luwe _hovm tba applying the n Finder pa:radign o the task of d te ting artifa or1 

ignaJ u1a: · be a very u fol way of int gra i11g multipl" ignals 

for th purpo thermor h~e re;s\llt iudi ate ha 

pl' ulation of a . of deri\led .. .du from raw tream of signal data. may be a \filid me hod 

for b tt r int rpre a ion of C nclu hi!; chapter with a dL ' . ion or St\'etal .is 

comparison of dilf ren cl ifie -, a: a. vu ualizai i ll, da' granulari y, d la ·ng, multi•pbase 

learning and st.udv limita ions. 

4.4.1 Comparison of Class.ifiers 

W haYe evmua ed th perfonnanc o fiv different • lassiti . - neural networks, Lion , logi tic 

gr sion, radial ba.::iis fun ion network . and impJ,ort ve r machin - hese r ·ul are abula 

in Table 4.15 for ea.s in ·0111parison, Flgur .:J:-71 nlustra he performanc of five dili~.r nt YI 
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hr_3_~haa&2 _a ap• C= - 61 .5 : 1 (83 .0/3.8) 
hr:_3_ph4&•2_alop• > -s1 . s : 

b:r_3_p u-e ;il,op,, > 32.S : 1 (91Ul/Ui. 0) 
ii::' _3_pl!.a.u:i~ 5lo~ <= 82, 6 : 

. • _5 _pha.,e, -~lop@ <• -lt;i. 2 = 1 C l-'20. 0/26 . 7) 

hi:.6.pb&$•l.llOp• > •:26.2 ; 
br_30_ph.a.n::il_a1ope (;a 1.00 : 

\l!,r_3.Q_pb,ue 1.~ C'fl" <• -~ -~ : 
I Qle.5.pb4$d.s 1 o;p. <,. O : 1 (68,0/tS .. !l) 
I hr_!i_pb.aHt._lllap11 :,, 0 : 0 (48.0/8.3) 
hr.3il_pha.u l .s op,e > •4: . 05 ! 

tip.:30_ph;11,n~.d.oil11 <" 0 . H • 
I hr _5_bip!:,au_p,a~t,ern = 1: 0 (97 37 . 0/8 . S) 
I ._ti_b [,"l!Ue_p.ri~t.e~ ■ 2: Cl ('2~9.0/3.9) 
I hr_5.bip-h•n.'J?,a,";;tun = 3: 0 (13007 .0/1 .,0 
I hr_5_bipha.,ae_pa. uni "' 4: O (29915 . 0/5 . 1) 
I hr._S_b pha.u_paneni _, 6 : 0 {2678.0/1.4) 

hr.5.biphu•.'J?,&ttun = 1; 0 (1:ZS22 . 0/3 . !I:) 
hr:_S_blph.aac~-~- em - 8 : 0 (3090 . 0/9.15) 
hr_S_b phu.e_ itelrli • 9: O (8601.0/ 1.4) 
~r.S.biFbal.~~-p,a:tt•ru = 6: 
I b-p_30_phue2 :s ope <= -0 .0S : 
I I 1:u'.30_p, a.u _s_ope <• -0 . O ( I) -0/ 5 .0) 
I I u.30.phas,e2.•l~ > ~o .01 
I I I c .3O_phue2 • .slope <=, Cl : 1 (84 . 11/8 . 2) 
I I I 11::_30.pb.ue':l~slop,e, ) , 0 = 0 (&5 . 0/12 . 7) 
I bp.30.pb~,t:2.l!; ope > -<J .O~ : 
I I bp,.30.pbue .1110;,. > -0.°'4 : 0 (739 . 017 . 4) 
I I bp_JO_phuel _sl,ope <;;, -0 . 04, t 

I I I :c_SO_pha.s.1.slope <■ -o. 01 : 0 (107 . 0/1. O 
I I I ~ .:W.p Hl.lllope i, ·0 . 01 ; 

I I I hr.30 i:,~ 1.~lope <" 0 . 01 : l (94.0/23 . 4} 
1 I I I b .30.pl,•t.H l_d~p• > 0 .Cit : 0 C ,o .0/1.A> 

bp.JO.""n2_l!!J.Q5>" > 0. U : 
I bp_30_pl:lue. _slop,11 <;;- 0. 1 : 0 (941.0/36 . 6) 
I bp.30.p~"'---do e > O. I : 
I I hr_!i_phue'2_1llo~ <- -0 . 1 : O (48 . 0/1.•H 
I I' tu-_S_phue2.& op. > --0, 1 : 

I I I lu-.5.~~•'2.~loi1"' <,. 0 : 1 (46.0/l .S) 
I I I br . 5 .pb.ue'2_slope > 0 c O C 4-si , 0/1:i • l) 

lll'.!O.p-ha.ae2_~lop,e > 1 . 0~ : 
hr_5 __ bipha:ae_pa;T:~em • • 0 (cl;i6.0/!.l.4) 

... _s_oi:p,hu•.pa.tt.u:n = '2 ; l (21.0/11 . 1) 
hr • .5. ~i~a.ae _pai:terci = 3: 0 (102 .. 0/t.;;) 

_5_bip e.p,aue • -4 ! l (21i .0/4.9} 
bt -~-biph&H .pr.ttn1:1; = !i: 1 (133. 0/2. 6) 
lu:.!i.bipl:,ue _pa.t1:er:i. ., e? 0 (14 . 0/ 1. 3) 
~.S.bipb.a.l!•.pa.tte~ - 7: 0 (13S . 0/6.2) 

br_!i_lliphue•.pa.ttH:n. " Pl, : U9 . 0/"'.8} 
l!!r_ .Mpb.~c,,_p•ttcc;i;-:1 - 9 : 0 (176.0/2 . 6) 

igur 4-69: Heart rate artifact d c ion · lon tr mo el ·i h m 1lti-phas · a 
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bp_5 phase2_slope > 3 . 3 : l (32.0/13.4) 
bp_5_phase2_slope <., 3,. 3 i 

co2_30_phase1_slope <"' -0.02 ~ 

ox_30_phas !_slope > 0.35 : 1 (39 .0/!A) 
ox_30_phase1_slope <= O.SS: 

hr_30_phase2_slope <- -0.23: 0 (46.0/1.4) 
r _30_phase2_slope > -0.23: 

I bp_30_phase2_s1ope <'" 0.06,: 1 (35.0/4.9) 
I 1bp_3,Q_phase2_slope > -0 . 06 : 
I I ox_30_biphas _pattern= 1: 0 (4.0/1.2) 
I I ox_30_bipbase_:pattern 2~ 1 (12.0/4. 7) 
I I ox_30_bi phase_pa.ttem ;;; 3: 0 (32.0/4.9) 
I I ox_30_biphase_pattern =-- '!: l (1.0/0 .8) 
I I ox 30_bipbaae_oattern - 5: O (68.0/27 .5) 
I I ox_30_biphas _patte:m "' 6: 1 (21. 0/5. 9) 
I I ox_30_b phase_pattern ~ 7: 1 (6.0/1.2) 
I I ox_30 _biphase_pacter-n ~ S: 0 ( S.0/1.3) 
J I ox_30_biphase_pattern a 9: 0 (0.0) 

co2_30_p as-eLslope > -0 .. 0'2' : 
I co2_3_phase2_slope <- -0. 15 : 1 (32 . 0/ 17. 5) 
I co2_3_phase2_s l ope > -0.1.5: 0 (59383.0/38.8) 

Figure 70: Oxygen artifact d ·on d · i.on tree model with mJJI i-p,h a t.ri 11 
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Figu_r 4-~1: Perfor-man of ti "Hi rent classification models on blood pr ssur art.if: de e t.ion 
(shown as ROC cu.rve areas) . .DT = deci ·on , LR = logi ·c gression, •=neural n •o,:k, 
RUF = ra Jia] b · S' fiction network, .f_ = upp,o vector mach • . 

of cl ifier on blood pr ui- art.if de ion, Figu 4--,2 illw at th pa-formanc tren 

of d if.ion r foglst ie reg-re · on, and n lll'al net-wor • for tion of ach of the four ) of 

· gnat ar ifact . \ ha we ru,1Nc found is tha th hoioo of linear or non-lhum.r cl i.lic:-ation. sy em 

can make a rem ndou cliff, :rencc. Xcm-Hnear }assifi ·rs (i. .. nearal ne wor · , decision r . RBF 

networb; , and \" is) perform quite well. \\i'hile h dilfpr nc s b tw th non-linear method 

t-a i icallp ignili an ( .g., p < 0.QJ for he 3-.9¾ clifferen in RO cur-v areas betw n h"' 

deci ion tree and neural n work rood ford tecti BP ifa.c s), th •y pale in comparison to h 

dilfew1 b tv.,c n h LR models and he ther models. For example. th. dif!i r, nc in p rformancc 

het\\•e.,en h BP artifact d c· ion r model and L · model was signifi.c~t b _yond the p = 0.0000 l 

l veL 

FOI· !'-HCl monitor - ata · uch as ours , w round ha: h na ur o h data. spare is cit hat liu ar 

er;hniques ru-e gr ·]y inad qua e. lo · ic r gr 10n, linear dasslfi r u (withou i11 rattl 11 

rm ), p 1- orm very poorly in bis domain. This · lik ly du o th dis ont:inuo na ur of 

a:rtifac n the spe trnm defin d by h a tribu . Tb. · in pr babl Wly in ligb 



CH.4.PTER . TRENDFI DER TO DETECT ARTJF. CT I. THE! ONATAL l 116 

100 

00 

00 

70 

I 00 

ro ra9P 

40 ■ CO2 

a02 
3:1 

II HR 
-

:;!) 

10 

0 
DT lR NN 
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Tabl 4.15: mpari ,011 of fiv da.s ilie.r for de ion of XICU artlfac 

of he large p rformanc 

ntinuo 

ROC cur 

ree 

16.,% 
., orc 

95, 5% 
9j,46o/c 
93.3% 

7. % 
6.62~ 
92. % 

.0% 

omiza ion 

99.31 o/c 
99.9% 
26. % 

.Oo/c 

improv m n (ROC m·v••' ar a lnc as from 26. % 0 

( ,uned.3) tha was known ( ' 'I ion or h d 

influen on O:,i. artifa d on. Vhile LR meth 

well given appropriat ly hand- afted ne"'' variabl an.din acrion nn I j 

a priori how o era variabL corr ]y, It makes b r s 

.0%) ob 

· ion 

us 

rved b 

model) 

know 

m thods 

s11;ch a.a neural n works or decision r whi h can automa: ical.ly d terminr. appropria e wa;•s for 

cliscrimina hi,g data. ·uclt as ours . 

'gna.1 Tp 

HR) in 

iii d ci ion tree mod d v loped for Mtect:iou of artifact in acb of th 

hr of b.e models (decision t mod ls for BP, CO2, and 

of daca from m r han one signal typ in order to decid upOn th artiract 

· al •pe in qu ion. wo 0£ rh model {decision tre mod for BP and 

· a ribu from all hr availahl ime i.nr, rval ( hree--, five-, and n~m.inu 

illterval~d rived ,, lu ). Th U~ decision r sm.a1I nongb tba a linician migb be 

of ·2e or in lu ion of ~ak'u.lations such abl.e t C'\'Wlla i m ntally. 

as standard deviation, woul be l practical for a 1i11i • an t '8.lu 

asily to hein par of a compu -eri.zed moni 

I is particuJarl · inc r ing co note ha.t he dccis ion r ru 

four w h deci · on r - modl"J for iug 02 artifacts. Th esp iall. il1 e ting finding here is 
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that hi ' model, u.nlike the other 1 corulsted excllll3ivtily o a. ribu d rived frorn 0 2 monitor data. 

'\\1hiJ h original conccp bad b n hat multiple ignal in egration would provid . 11, key wwards 

Hi iv ac ifac detection , this p-a.rticular mod I do well withou mul ipl sig11aJ info.ma ion. hi 

fill irtg b gs h qu tion of how o b e.r nn erstand il1terrelationship b-em o monitor d · gi a.ts , 

1 ma,;+ just b that artif.a. in the oxygen "gna! arc som bow mor pr di tabl . as we see bat th 

neural network model j also abl o a hiev he -,.m ROC curve ar a . Chapter ~- ection -.a . .ll , 
pr em a rnor borough comparison and analy l of .singl ignal \'e W! mu I i- ignal models . 

While neural networks and V!).'l had b ,t r pl'.!ffnrman han deci ion tr _ for finding artifa b! 

on th blood pressure signal {p < O.OlJ, hey also required more computation tim . T IWF 

cl iii r perform d ahn e,quaJI), with th d ision tree bu. also required mor oomp ta Lon t.i:me. 

This is hooause the natUl:e of his data, as Quil1lan. purts i • is mor • typ , wbere · stands fur 

1 n ial [1 ]. (The ne:c 5 c ion giv a b tter l'or how our data. ·look.") .Es_entially, his 

111eans ha not every ingle one of the 96 attributes is importan for dassffica.tion of a cas a.~ oo; ifac 

Oil" not. Qwnlan. argu that -type data do b r , in ern:i:s of p rforma.nc and/or coo1putatio11al 

, wi de i ion r , whil • -- rv ' or parallel , data. {i. .. da a in wbicli rill attributes 

are hup ant for la:dflca ion) do b tter with n urn.I n twork-type clas Hiers. This is b cause n w-al 

n tworb (and V}.ls and RBF ) u call o( the a tribu for ach calculation , when some 0£ the 

input fea ur a trjbll may n t be levam. Looking a all of h data low computation., w hllc 

looking a irrete,,ant data is no b lpful with tuning n two:rk aod w igh:ts ppropri ly. t~•p 

data. are data. t.hat have r111my irrel wmt feature att:ri but , while P-typc data ar da a wi h mo ly 

all rel '-,mt feature at.tribut. . D cis-io11 r . _, h further arsu , would 110 be ideal. fo1 P-type data 

hee.a.u:.e in o.rder to look :at all a.ttribut (sinre all of them ru: rele,oant in P-t;']) data), th t,r will 

need o b enormous . 

We see rha.t. although Quillian -as oorrec: about he computat,io11aJ ru,c7?ect of neural netwo.rk•type 

classiti • p fomumce in this c~ was not compromised with ow- t;rp neon<I! al IC moni or 

data. ]n fac , perfo:rrn.anc '\'i'aS bett r han that a.chi ved wi h ·he, d ision tree . This ma.y be due 

to th u d:y nature of decision tre devclopmen , in whicli the 5d ctioo of [ea ur a tributes a 

each node is chosen to b th best •for the moment; rather than som sense or "global best . This 

ina.y hav resul d in a final decision tr that did no m.clnd one or s veral globally infurma iv 

a • tri!:mt . uch a. o nario maid un: for th deci ion ro ' lo · r p rfonnan han the. oeura.J 

tie work-typ classifiers, whid1 do · all o:I' th attribu 

An optimal approach o model• building for thes typ of da a , in rms of b th mod I perfor-
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1 anc and computational requiremen , migh he to build support ·vector ma.chin . mode-ls \1 mg 
computationally more ffi. ·ent algorithms [1-3). Thi. would mean that traditional computa iona.l 

di advantages may no longer be a factor. while model performance for our domain ~-ou.l.d be be t 

4.4 .2 .Data Visualization 

1n Figur~ --3 o 4-i5 '\\ gi a ~ for how th prepro neonatal ICU data look in wo

dim nsional pac , wh ,;e a.ch of ]1e wo a:-: per graph is ch n from tllo e a ribu presen in 

he blood pre su.r artifact det ction decision tTee (1-min.ut da! a.) . o e that th pio in Figm-es 4-

73. and 4-- ' al$o. how d cision r giou boundari ; h low region on a.ch of bes i th 'no .. ahmn' 

hat in Flgur 4- 6 Bll.d 4-77, a group of artifa {poorly lab led •false_alarm' in 

th plot ) dearly exis on th.e lowc.r-,..-alued e:nd oflh x-axiil ("'alu plotted ar normalized bp...med3 

valu }. This ooi-respouds nicely with the fir line oft.he Lion t hat wa: fh{lWn in Figu 4-5. 

In F'i.gur . 4--i · o 4-80, \ e ~imila.dy display cattier plo and deeisioD .regions for carbon dioxide 

ar ifact det:e{:tion. Aga.in a tribu _ chosen for t:h plotted ax are thos in the corresponding 

deciijion t1 mo shown in Fi re 4-'6. 2\'.ote iu Figure •l-i8 ha mygen values are moi:e discrete 

than i,ah:i ofth otb r thr monitored .lgnals. ote in igures 4-79 and 4- 0 how narrow a regj.on 

of values are assumed by mO:l;Jt ca1culated carbon dio:cid ranges and slopes. 

In Figur · 4 1 to 4- 6 , we simiJarly displley scat er plots and d i5io11 r giOD or htwt ra 

artifu t d ion. • g!lin, < ribut ch 11 for the plotted axe are those in the oorr ponding 

·i ion tr model hown in igm· 4-7. ~e can from Figur 4- -1 , a. and 4- - b&, ]early, 

as the t!.al ula ed h.ear rat r.uig ,-aJu in Teas !S, so oo doos h numb r or attifac (po rly labeled 

as •~ ' in h figu ) . Figure h intuitive re;;u.l , that h art rat low valn and 

hear ra median valu in reas ogether , h n gjvmg h ia.gonal na ur of h data poin _ In 

Figures 4-83 and 4-86, we ~a.in he discr r1a ure or :ygen data. 

In Figur 4--87 to --39, "-'e disp.lay decision regions and sea ter plots for Oli'.yglm a.rtifad detection. 

A ribu cho en for the plottP.d u are those in he co,rrespomling decision tree model ho"-rn in 

Figure . ~. W can in all hre of be figures that again. median values and lo,w values (OI' median 

a!ues of three poinr a.nd median ~·alu of' fi,· poin . as i the case in Figure J. ) of the same 

signal mcreru:: oget 1tC'l". 

We have not focused upon data visualiza ion t hniqu.es in our ~rndies, though o hers. for example 

Combi er at. [39], ha,·e. uch t clmiques migh prove ,,cry h lpful in forth ring und standing of 

th nature of one· data , a.rid therefore, which un1.chin learning hniqu s migh work bett .r. 
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4.4.3 Data Granula.rit 

The perim n !lav hown ha mul i--ignaJ det ion o IC · artifact by d c· ion· bui1 

from data f 1-minut gramilari 1· could do fairl • well when run on data. of 1-ruinu anulari y, wi h 

ROC cun areas ranging from 9. 1% o 99.93%. e have also found that decision tr billlt filom 

data of l-1 cond granularity could perform P-fl'ecHvcly on data of 1 ond granularity, , n mor so 

effectively in fact, \Vi h RO curve areas rauging fr m 99. 0%: to l□O.OOo/t. Thi was SOID what o 

be x1 ed sinr I-second data. by na ,r c ntain mor inf. rma ion than l~minu da; . 

The m.os rprising tindi_ng, howernr. was tha models built wi h 1-minu graintlari y data 

performed :..--trernely w 11 o I he -e · deri¥ed from I-second da a . both 1 0-300-600 and 3-5-10 

>,,1)erime:I1 . RO un•e areas for Expe!'im n 1 (1-minu • models run on the l -30()cc600 1- eoond 

) ranged from 96.3 % o 100.00%, whil ROG lITT area.:; for Exp rimen 2 (1-toilln e models 

run on 3--~ 0 1- cond t ) rnngoo from 99.70$1{ to 100.00%. For th of th four m ls 

(blood pr r , carbon dioxide and h ar ra ), .h l~minu model rll.tl on 1-seoond data in both 

E>..-p rirnen 1 and 2 had b r r ul h.an. he am 1-minu mod Is nm on 1-miD'II data. In th 

four-th mod {o., yg n) , her ·ul of running h 1-minu mod 1 on - on a:· in E. · iment 

1 (RO u.rv area of 9 . 1%). although 110 quit a.~ ood th resu.lt of h l-rninut m clel 

r on l-1:111:inu e cla a (R.O curve ar a of 99.93%), " r ill very good. Th resul or running h 

I-minute model on l•sooon data in Experiment 'J (ROC nrve ar a of 99.92%) w r qua] (p = 
.40) to h rem! f the l-m:lirmt mo l run on l•minute da: a (9g.,93% , 

Th findi.ug au be exploi d in appropria si ua. 101 , h1 i ua.tlon in wltich an even de\•elops 

·lowl · m'er evernl minu es, ffil example, in som ca.-,e,~ of pn moth.orax, model for pneumothor-m: 

d ion couJd he deYeloped v.rith 1-mii.u gran larit:r da a and hen run on 1-secoud daui. hat a:r 

pr ed using th run tirn ·riterool, as one in Exp cl.men L 01:1 the th r hand, in i a ions 

'ng, uch as hQrt-liv d fa.ls alarm oundi.ngs lasting on]y a couple seconds 

ach, models for fa1s alarm d c ion ould b dev loped with 1-minut granularity data. an · h n 

run on. l~s.eoond data that a.re proce · d using the am · num&er of aa.lu , don in E.· ri:ment 2. 

W foU11d our priori umption- ha l~ininu mod would perform p rJy on ~ C'Clrui data-to 

be incorrec . 

ompar" on of the d ~i.sion tr~ mod ll! h ms Iv ·, al o int r ag. For bl od p urll 

ar ifa d ct.ion. both models found the median of tJl.l,00 minu of l lood pr_ ure ra: , valu 

('bp.med3' iD the 1-miuut mod 1 and 'bp l Oin tb 1- ndmodelJ to beausefol first predk or 

of artifact stat,IS. For detection of artifact ia the carbon diox:id signal, both 1nodel also found the 
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m dian alue to b au fu! firs predictor of a:rtif; t ta: ., bough th !-minute mod I caJcula ed. 

this median o, r a !h.:-n1in te time inter"al (1002-1ne 5') whil h 1-second mo l calculat&:I. :rt over 

a hr ruinu tim int"nral ('co'.Lmedl O'). In h oxygen anifa. de 'on models. not only ·was 

th m dian · r thr minu pteSl!ll in hoth mod , bu mo \·er, both mod m;e I two identical 

thr hold "-alu for Jab ling a f, Ill' vec or as artifA ( •· !X-med.3 > 2{)" nnd ox....med.3 <= O.o'' 

.in th l~mmu _ mod l, 'o:un dlSO > 20" and "o..-...:_.1nedl <= . •· i.n the I-second mod 1). h 

f id t1tical attdbu and hre h Ids .is hat d v lopmen o a:r ifa t, 

detect.ion mod ls is similar, and valid regard! h granularity of a used in U1 d v fo1Jm nt 

process wh data are compr ·ed using arltlm1 tic mean. Th u efuln of h m diaJJ value in 

this domain j also con i :ent wirh b findings by Makhir {123]. 

Th he,ar id not con· ain id ID: teal attribut . The 1~ cond he.an ra mode] 

oonsi ted of only on at ribute, the maximum va'lu O\ r br ('br~ighl O'), ~hicli. was 

no pres nt in he 1-mrnut heart r t mod I. Th 1-mi.nut heart rat mod 1' lie~ pr dietor of 

ar ifac ·tat was l:t minimum ,-a.lue over ht !llinu ('hrJow3') ins ad. The heart rate models 

were de\•clop -d usin a difli rent dai labeling cheme than ha 1 for h. o her thr ~ s:i al ; tbis 

would no , however. exp ted a oun for th dilier" c ob labeling 

hniqn wer for both tli_ 1-minu '.tnd h 1- eoond h art ra · ruodels. 

The da a granulari r al indica that whil an.i.fa t d from 1-

e<'ond data. are rtl\ when ed on 1- and data., too are mode· ' velop d from 1-minu 

t d n 1- eccmd data. Tlw is a ary importa.n: .loping 

model with l -mirm dat.a. has a r mc.ndou_ .van age-: during mod l ,r l.opmen , 11 o hour or 
IC monitor datacru1 be pro time. Thi · i • fuJ not only 111 gen~ al, bu p ciruly f. r 

data-intern;h domains uch as he lC - in pru:ti ular. Beeause of th rela i, carclty of ar if. t , 

which ar-e ered sp.arsely amongs a!J he ·normal' \-alt s ~o1uminous amoun of ph}siological 

data re.am 11 d o b examined o ensur d v lopm n of more robust mode . The 1-minu 

mod r iuired p.rocessing of approxima iy . • 0 i-aw da ,,aJu.es {200 hou.r multiplied by 60 

illinu per hour mul iplii by four data ignal.5), while h 1-

approxiln ly 1,065,600 raw da a \'3.lues (74 hours multip!i by 360 seconds p rho~ nmlt.iplied 

by four da ignals). Thus, d veloping mod 1 from 1-minu. e da a r u.fred roughly two ord rs of 

magni ud ewer cakulatiorui opt c mo • than 2.5 time th numb i: 0£ monit-0:r-hours. Moreover. 

r.b 1-minu mod L till performed well 'in h clinical ing' cenario, l. ., on 1-second moriitor 

da a. Da: compr ion of inporal ]a· by ari hm tic m an. h r £ore. can b an ch- method 
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for decre.asing knowled,ge discov ry pro ing ime without compromising learning,. Futur s 11di 

should fo on ,,alidating t 1tese t chniqu in o her omains. 

4.4.4 Class Labeling 

R ul from d labeling q> r1m n 'indicate tha any ofse\·eral diff, labeling techntqu 5 an. 

b- \• ly w building an I - artifa . 011 ruod I. 

In h fron ,--labcling " n -labeing exp timen . we observed nearly id ntical r ul wi h 

b h m thods. Th derh• cl ion tr n kal in.g, th · 

m thod~, Only i on compa:dson ou of · h ( diff, ren tim interval mod ls for ach of four 

signal a.ttifa ) did nd-lal:mling ou -p,e_rforn1 froiI lab ling. In an ar a cll ru lC monitoring, 

herefore , {!fld-lah · , 'l.vhich · more useful from a clinical andpoint, should b u ed to b ab! 

to de ec an vent as quickly as possibl when i CUl'S. 

Itt comparisons of tri WI. of clas~ lab ling. w found that v r • ood models can be deriv d 

.rktn m thods . _ !o<l s d ri\'ed from b rictest m tbod of labeling. ho~ic,rer, 

ar inoorri:%en in p r m1anc when run on t as er ate-d from I s. tri labeling m thods. 

W con Lu , ha:efure that wh o po" ' bl , all a.vailab data and h l as rict labeling method 

h u.l.cl be us d riv ruoru?k In h' V."aY mor rob model ar likely to he develop d . li 

mod .... 1 h inacl uat.e performan r uJt , du t-0 inaccurate annotati ns, for ·.amp , use o · more 

s ri ]abelin m thod may th n b ful. 

4.4.5 Multi-Phase Techniques 

lultiwphase mo eh!. given on]~, lope information, W~T ,till abl O ach:i ve fairly good perfomranc . 

Compared to single-phase models m~d from 1- nd granufarity data, ho v r "'-'hi b had r,erlect 

accuracy, mu! 1-phtise mod I p•erformed ·piil:icantly poor cr (p < 0.000I) . 

ha on• cas or carbon dioxide artifae cision tr model given the sam inputs 

as the m 1 · ~phas n l!l.ral ne work did m ch be hau that neural .n work n10dcL n another case, 

for ixygen artifact , th n w:al ne work model did much b han the CO[r pomiing drosion r 

m d 1. F, r b ,ar ra and blood pr sur . p ormance was unl or th .wo types of clru; .-ifi~ . 

11 pection of th c4. - mul · -pba:; deci$1ori tr 111 odels can in ·om cas help u b t r 

und · and tl e wa.y in wruch arhfac maJ:li.fest in l:i me8$ured val . This i especially tru for 

BP and CO~ artifact in Ili · cas becau.se bo h mod ls ar qrUi small . Th BP model shown in 
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iguie 4-6j, fOT exampfo, describes tha BP a.rtilact octlll' wh 11 th BP phase 2 lop{! over tiv 

·onds i gr a :r han 3.3; or if h 8P pbas 2 lop over live sec-0nds is I than or wu to 

3.3, and t11 BP ph econd · is greater han 0.9.i , an n BP phase l ·lope over 

30 ·econ is 1 · han or eqwi . On t.11 model · becom is h 

c-as for ,oxyg n and HR artifac , i 

mod 1. 

The pre- · tied 'I ipha.<1 ' pa 

dev loped v.ithaut he.!! - inpu . This i 

pa n or s t of r le from h 

ru del w 1' 

w did ao pro,-ld .rm exh.a iv list of th 

possible pa era combinations given our calcula ed lo ; ~ a · u.l , h be n · g p.;.t cr:ns w r 

ltOt optiO?lS, CJ arly. usi:ng only pie wis phru characteristj 

a. m od 1 an tr i to enumerate al.I po sibl combinations 

is much mo flexible and impH i 

xp1or 

the additional harac riza:tion of indi":i ual ph 

the use of more ban wo phas fo !earnio . 

with functions oth r han linear ones, 21 w 

4.4.6 Li.mi _aU.ons 

, Jearly this tud ' on artifac d io111 in h . "IC lias it limitation . Mo nota: ly · b 

m ho o! • employ cl i it d a. ann ation. Id ally, ch. annotation. • uld be r ~ted pr p tively 

"th ad . uate d tails fo.r und r aud.ing any W'l'Otmding clini oondi io OCC'Urring during aL-ums. 

Although it · likely rh.ii artifa in h da a ignals w uJcl ,correspond so ridings o f'alse alarms 

m th ICU, Im cannot b verilie retro~pectiv ly. Pr p t1w anno a ion would furthermore id ally 

record not only false alarms but also ru a1armll. Only \J. ·th knotvledge of tru alarm OOCl.ll'r nee can 

in hm well a rnodel !Hlrform to d~rease false a arms- it mw ilo , ~1ithout 

compromisin h det ti0i1 of true alarm', lo the current udy annotation of data artffa w r 

ma.de r rospecthr ly, hence uffi r from pot ntial in lusion bias. Additionally, knowledg of h 

a.c ual fal or me ala.rH1 or clinical happellin,gs · · unavailable. 

The curren work may also be limit b)• th a.rbi rary choosfog of ·ert.ain val ', such n!:I h 

im i.n n<ll~ wi h whlcl1 d iv d valu were calculated. Futur work shonld aim o y · ema ica.!Jy 

analy-ze th on model p orma.nc of sing dilferen itne int rv: • (Tb.is is done or · b 

medical I e:x-p rimen i.u Chapter 5.) Corr la. ion of clinical kno •ledg r garding time in Im 

omain v.i h ch o ing of irn in , nraJ for mo lei developme'Ilt m y , he I ful wh n da: a of b 

aippropria granularity ar a.Vl;lila.ble. For th BP. CO2 , and 02 · lrus label, ·artifa t,' 

was a.s-ign for tho irn inr rv mitain~ng a le half nf h raw data val ann d wi h 
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an < t-msk indicating ar iiac · . The thr hold of' half w 

ar a for furth~ ei,,--perim Ii ation. 

arbitrarily aud -hus mi h b ano h.e.r 

D limitations, his udy : i real IC b ' id data in th 

fo:r:m m wbicll th y ar avail.ab! and explor how sucli data may be in c ra d o, currently, detect 

arti:Eac s, and ultimately, p .rovid lv b -dsid moni orin . 

Re-gardu g l la.hcl!I, all of derived \lalu .s in he • ignal labeled ' transition' v,;rere dis-

regard d in he eun: nt ;:periment . dy of how to pr diet tran i ion periods into and m1 of 

may prove quaUy useful fot rapid e ion of artifac (and b po ibly fals 

alarm ) in bedside rncmitor data. 

A so di anted in th cur:renc exp-erimen w 1· an incomplete data, for exan1ple data from 

gi,, t1 patien for ,bom h r w re wer than he fo.ur roonioored ignals a,..ulahle. Thi made-

aualysi - and model developrueu mor :ra cw:rent udy; r-eali ·cally, h w \'Cl' , i is 

incon h'3b1 hait all inpu data~ by a mu1 ivariat u · ui oring m wouJd alway a.vailabl " 

l . inrp ia . o , th!lt .uc:h monitoring _ be ab!. :o work eff ·v Jy in he pr " nc 

'Future "rork ould iden ify possible r asans £or mis in data in his domain 

and. st.riv o hand! eacll typ f cena.rio app1·opria. y. may r quir • udy of c1 ification 

wi h mis ing a domains [l 6, 15 , Hi5l and/or or 1opmrmt of novel oclmique 

Th r ul ~ pr • 1 in ha in ·gration of multiple signal b • means or 

ppl ing a las ifica ion sy. m to set of derived \'alues &om phy _1ologic dru.a ream runy be a. 

viabl approach to det ting ar 'fact in th neonl\tal IC • pp!ication of the TtendFind r paradigm 

bas enabl cl exploration of this approach. 



Chapter 5 

TrendFind,er to Detect True 

Alarms in the Medical ICU 

\ 'e now d onstra. e how the d ccib d ven ov ry proc-e an be u d o d ·e false alarm 

in. th m dkal interuiivtl car uni ( flC )- Pr riou.s udi hav shmm ha · many as 6% of 

alarm soundings 'n he[, are ac ual y fal e [11 , 20 ]- CUJ'l'eo sy • for monitoring,;' al igru 

ypkally sound an alarm aIIY im · h.e monitor d ignal surpru a high thr hold linut or falls 

b low a low th.r 'hold lirnl ;, Thi runp!i · c rule, howev r of 

puri0t readings ha caus fals his can l ad to ever-al probletnS (dis din hapt r 

3) important en resul being compromised pa · ent 

Our approach i o velop, multi-signal, ,aa.dtlne-lcam d model , using he TrendFind r paradigm, 

wb.icli a.bl t d~ ed 'true ala.I'. n' v-en from bedside time- ri data. 

5.1 M ethod 

5. l.1 Event Ident ifica t ion 

an xample, w ch Olli' primary e,,eur of in r to be tr-11 alarm - that a:r cltni ally releva.1 

(of fill.' e&< ) oc r-dng in. th IC on h arterial I.in . olic looo pr sure _igual. W cho e 

thi • ignal because, was in Tab! 3.3 in Chapt.er 3, n a.r eri al lin b ood ~essur ·ignal had 

the largest num or linkally-r I van true alarms and h ' . initill!ly rnor ruitabl for ma b.ine 

142 
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W al demonstrat th am m thods i r d . tin linlcally-r I vant :r 

on our oth r I · rial oxygen a uration from puls oxim r, EC 

b a.rt ra , ar rial line ru au blood pre ur , and piratory rat . '\\ 

latter ·gnals may hav inad u numb r of posi iv enr:npl (clinically~rel ... an rn al.a:nns) o 

crM e effect! det tion mod 1-. 

5.1.9 Data Collection and . notation 

Ha\ing identified our event( ) of in ( lini ally-r l van rue ala.rm· in the IC ), h next step 

w to annota ed da ver the ourse of 12 w ks. bedsid monitor d a along with 

pro pect:ively r ord anno ation of even and non~, n o cu.rrenc w record d in b medical 

mu tidi.s ipUnary IC( f Children's Hospi il Boston. Monitoring devi for each pa !en were 

onn ed to a. pac Lab bedsid inoni or ( paceLab Medical, Redmond,\ 'A) . • lap op computer 

placed a the b raw valu tra.nsmi d via a fal lin from th pac Lab moni• 

Lor appr ··ma 1 • v ry liv eeomil;:. vaUabt raw \'3.lU included CG heart rat (HR), p1:1ls 

oxim r oxygen tura lon ( 110, or 02. (RR), d mean ( fBP or m :an BP) 

and ystolk blood pr ur ( BP or ystolic BP) from an ar . ·air . A a.in d hwnan ob~ r 

r .cord a cus om-d igned ta ntcy mt dace fm a :ficr ft data.bas 

program (Mier ft. Redmond, V.A ) running on b laptop. For each oc urreric of a clinical!• 

r te_-a.nr true alarm., he rain ob rv r created a tim s-tarnped no i1:1dica mg the ro a.lann 

o urt no for he appropria e ignal type. Fa.I alarm soundillgs. as well as p rlods of appropriate 

alarm il e ('trne negative alarms'), wer also record d. Each anno ation was. moreov r • rbally 

verified by th b id mu- . Figur-e .'5-1 display th compu er in ,er£ac for recording annotations 

into e lap p omp t r. Figure - · depic s h r lationsh.ip amongst th major pay rs or cwnpo

n 11 • in h_ IC ·. In m rela ion hip are ph)' ical (e_g_, rial line from th pace.Lab

moni or o th lap ,0p oomputer) ; in o her cas .. h y a.r in eta.ctin ( .g., ounding of an alarm 

he rained obserycr r rd he alarm along wi ll um -stamp, cpk d b,- the clod: 

mbol, on o th lap op mput.er) . 
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Figur 5-1: Comput in r-f.ac for r ordin annotations jn th • nc ·. 
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5.1.3 Dat a Preprocessing 

Feat ure a tt:rjb te der ivat ion 

P£ pr<>e ing of th annotat data fi t inv lv d calcula.tion o · ht diffe.w_nt matllema ·ca1 quari

ri i for each rnec ·,, I • ,veTlapping &JOU! of raw da a \ralU • akulated quantiri include 

mo,.-iug mean ('avg), m ·an ('m d') , maximum ,ratu~ ('high'), minin rn valu ('low'}, range. lin-

ar ion !ope ("slop ' ), . lu e '181\1 of li11ear regr ion lop ('abs lope' ), ancl standard 

dc\'iation ('. d . .d ,·') • • s men i ned m th pr viou.s ch.-ipt , o..-in.g mean an median w cho en 

becaus of heir po en: ial u.sefu!n Ii cribed w • arlie.r \\ rk (123, 205 ; ov rail, th were chos n 

b cau. of heir usefuln ·s in artifact dct c ion d cl.'ibed in Chapter 4. 

The e.i h d ri., d value ,.Tere calc1ila: d for ach f · !tree. di.ffl!!l' 1 iru intervah . The tim 

intervals ini ·an• chosen were 30 eeonds, 20 s rond , and 45 orreSl)Onding to fea tu 

der-ivadon ov ,woraw valu . four raw ,-alu<!S , rui.d nin raw ,•aJ11 , r p t iv ly ("2-4.-9') . A. ond 

s t of time mt n-als ch n for xp •rim~ tat ion w re six i: w \'a.lu , 12 \'llltie , and 24 ,,alu ( · 6-12-

24 '), corresponding to e.pproxill1a 1• 30, 60, and 120 S€couds-. Both of hes ~ t of iru in ervals 

were '11.'l h the general knowledge ha ful alarms t nd o occm fleetingly. wb.il tru a.la.r~ 

· d develop mor . lowly; the x:ac numbei • themscl\' v,,e;e otherwise cho·en arbi ra:ril ·- 'e 

disc a mor prin ipl d m thod for hoosmg tin1 in n'Rls la!' in ,hls chap r. 

ig: al Experiment The 24 tlescrib d val -. (eight <litfi r nt quanti ies for ea h of throe diff. en 

time in erraL~ ) w t cal ltlat for each of the liv r ord d data signal , tesuiting in. containing 

].'>0 f, a ur at r.ibu . (120-dim ion.al fea ur v to ) for mul i-signal !earning. We additionally 

:plot ~ 1 signal I aru.ing by ing only he 24 \.UU derived from a par icular signal •pe to 

fin tr aJar of hat ·1gna.l ' •p ,. This was don fo each of h fi v ·s mili. 

T ime Interval elec ion o b understand the if, ct o[ tun 1111;erva] election on model 

pedorman , w f feature at rlbu s of on1y on ime interval a a tim . 

ranging from two Yalu ( 10 con ) o 36 ,'Rlu {1 0 5 onds) . Thi w don for both - tolic 

blood pr e alarm · and o. · •gen atura.tion alarm . By looking for tlle lo numbe of error . 

, · sel ted h two hu ~dd:i.n 'b t " ingle t im mt \U for use in th r g:uJar mii.lti- :ignal ys.tein 

( wirh r-lbu d riv d from luee tim in erm). Th hird im interval 

(30 onds) t.o corr pond with th "6' in th 6-12-24 :\"P :im n ; this nabi · o compar 

perforroanc of he e tw ~ of model on he :am will h :-:plain d in h n 
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sec ion on das - labeling. 

Clruas, Labeling 

Eacli. £ea; ure ve tor was next label~ a lC(lrcling to th annota.tious ha: had be n prosp c iv ly 

record d by h train observer. F tur v ors wh~ a :nibu were derivecl from raw value· 

lab led climcally~relevan true a.la.rm were giV'i o the true ala.rm cl.a:, label {s Chapter 3 for OO'tails 

about the .alarm ~ rizati.on m hod during rumotation). Fea, ure v ctor whose artribu es re 

d ri d fr m ra,.,.. valu w:ring uring fa.ls alann or ru nega ·v (no a.larm) period were labeled 

'no alann' (rn aning that be de ired resul w o ha.v no alann soun.d at th .im )- F a. ti.r 

vector wh attributes were derh•ed from 1-au· "'alue- :,;paruring en.ore than n label ype \\-ere 

no u ed in mod I derl vation £or his e1 of e:i:perime11 . Class labels (or t 1 2+9 xpcrim~ms 

we.re derived from the longest time intcnial, nm ,•alu , or approximately 45 seconds. Clas Jahels 

for the 6-12-'4 :...1) rim t Wet'\ deri.\•OO. from he small t ime in i,-a! six vahies, which w.aa 

tem1 orally tocated wit.hill tile latter~ro.ost par of the longer ime intervals {i.e., w used h end· 

lab ling technique. as des fib d in Chapter ) , '\i\ t.bus those .sL'< 1t'alu s tO be the smallest interval. for 

our dew.Jed im in erval sci ion exp rim.ent in ord r to u c~ similady la l don o:mtigllotl!! 

or si: val 

Data Put monin,.g 

at-a (in be orm of labelecl fuatW'.e vector~} were divid d into a training da.ta. set , mnsisting of 7fl'Yc 

oft!i. at.a; a , consisting of 10% o th. r maining30~ of he data (21S't); and an evalua ·on 

t, n ding of the res of the data. (9%). se of each data set has been d i:::ri bed e!se,,;here ln 

Cltap r 2 and 4. 

5 .1.4 Model De-rivatio 

The training d.at.a w<ire th 11 ghr n w both a _ i ion r.ri induc ion .,. m (c4.5) [166] and a 11 mal 

network classifier system (LNl(nc ) (Lincoln Laboratol-y, Le~n ). _ s described lscwhere, 

decision tree S), t m allows for model experimentation In. various ways, uch as changin the 

'selectivity" t•c'} of pnmiJ.1g a , or he number of cases ('m") n essa.cy in a branch to grcmr th 

r . Decision tree n1od.el'i v. preferred if he · had fewer tl'rOrs wbe.11 rUD on the evah.1ation set, 

and/ or smaller ·iz.e with littl to no ir1creas ill the nwnb • of errors wh n run on he , valuation e . 

Th neurnl network sys-tern allow for model vm:iation also, for example, by dumging the number 
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of lay . of hidd n nod , b included in the n v.mrk str-u u.re, or b changing the number of 

hiddei1 nod p-er l.."t.yer. \\"Ork· Y..ith "mpl r st t11.r and £ wer hidden node.s, having imilar 

pcrforman on · h ,'Blua jon . t ompa.red to mor romplica netwOl'ks, w pr fe:rred . 

.Both decii;ion l" and neural networks w d loped £or eaeh of th fi~ tru alarm i a1 t yp 

usinp; mu1 i& i.gnal --4-9 f, a.tur attribu . Fo he mul i- ·ignaJ 6-12-24 feature a ribu . deei ion 

l'ree and neuraJ network w r developed for th systoli blood pressure tru alarm and h ox •gen 

aura ion alnn . 

lopoo for ach of tb ingl " ·gnat 2-4-9 feature- a ribute set . 

D i.sion v; a temp d en h ingle-signal a 

Ti.me In el"val Experiments 

i.me i.nten-al ho 11 w e carried ou ti v.i h the use of only decisio1:1 · :r,ees for ea.ch of th 

ingl ime · a w valu . Fbr di ) oli ala.rm sing! fan f. atw- valu s t, lttee dec-i ion 

• w r created, 11 ing th foHo~ring opti n · tting : (1) = 25%, 1n = 2: (2) " = 25%, m = l 

(3) c = 10%. m = . For a oxygen ·atu:ratiori alarm i l or, ·o · ion 

were er ated'. (l} ~ 25% , m = 2: {2) c = ~%, ru = IO. Tim interval ll.a had collecth· ly f, \\ 

error ain.ong the trees for a !riv tim interval and a 'v n _ignal alarm yp an] which w 

representatiir o differ nt ime pans ( .g. , not within 30 eoonds of wu:l oh · ). "''ere ch n for 

tha :s:igoaJ (_i nal alarm typ ). 

The resul ing tripl ti.m f. tu.re ralue ets, created by usin he wo best p rforming 'ii.ogl time 

intervals {alo _g wi h lte time interval of si.x \'IUU , for lab ling purp~e ), were then gj\·cn to bot,b 

ci ion tree and n W"al n twork cl 

5 .5 Performance E aluation. 

heir resp 

ala.an or no alarm. Thi re ult: 

For compari.,;on, w~ a 

, ignal n ded wo ROC rv : on 

a ·va.Ij,·itig hresholds fur ]as ifying • as l;!!il me 

i ivi y-sp cifi 'ty pai u ed o plo cor ponding ROC 

11.l'\i . fur upp r and Io\ti r Hmi tl:u sholding. Each 

d cribe a high hr holding alarm, and h oth~ o d rib 



CHAPTER 5. TREJ DFL"'WER TO DETECT TR.UE ALARMS IN THE A!EDIC.4.L JG[ 149 

ECC RESP ICP S?02 
TIME Kil LEAD RATE ~_.g '/, ......... •••• ** ..., "' 

14:24:54 124 I 31 133/ 58 76 10 100 
14:25~00 121 I 11 1$9/ 89 91 24 100 
14: 25 :06 151. I 31 146/ 56 92 20 100 
14 i2S:l1 1S1 I 53 136/ 60 90 14 100 

£CC RE:SP ART mmHg ICP 
TIME HR LEAD RATE SYS/DU .MEAN DKg 

** * ........ 
14:25!17 146 I S4 141/ 67 91 14 
14:25:22 137 I 33 162/ BO 97 20 

Figu 5-3: Sam.pl monitored data froin pareLabs monitor .in he MlCl . 

a low tht holding alarm. For varying tlrre~old valu .s {a.pproxima ly 10-15}. for th.c ti:r: range 

of ,,·atue... e n. w calculated he theor tical . itivi ~• and peciikity va!u gh-'Cn a limit aJa.-m 

a ach lu -hold. Frol:D 1i- ,ve oould dete-mlil'I! th area under h equivalent RO C c:-ur\'e. 

Cas • used for h:r-esholding were label bal; on h lab I or each raw value' n ighborhood niu" 

value.; thi l'~ul - in lab ling tha is equ.ival.ei1t to that used for th 2-t-9 e:.:perilll'ents. epara.t 

RO cur,'CS were also determined for thresholding on case. using sL"{ ,,alues for labeling; thi gives 

labeling that l ui1,-alem to that used for 6,-12-24 and ·· ime ifflieJ.'\'ttl exp()-riment . 

here possible, de\•elop d rue alarm d, tcdion mod ls \\-ere additionally run o comp! ly 

different data Mt had ~n coll ted by diifereo trained observers under ditfellen hm;pital 

conditions, with diff ren nurs and dilfei:ent pa i n . 

5.2 Re ult 

5 .2. Annotated Uata Golledion 

"' l\ -w k da: a colleetion period in 1996. approxim.ai ly - ~ hou of bedsid :signal 

va!.u w r r~rded aJ011g with 1.umota io of alarm and n alarm period . Only moni red data 

containing all fiv ·ignals of in (h art ra , o,xygell uracion, r piratory ra , and m an and 

y tolii blood pr ure) wv further us in Figure 5-3 l:J: w an ru..·ample of actual 

monitor data from h paceLah_ uni . 



CHAPTER .5. TRENDFL iDEH TO DETECT TR. AL.-lRMS IN THE i\1EDrC.4L JCl 150 

Table - .1: B ~cakdown of Ii.O:C • data. et by ach · al ype. 

H 
Mean 
Resp. Rate 

165 
191 
65 

' j7 

:a.bl 5.2: Breakdov.':ll f MIC data by 1 lab l for ach ·gna1 typr 

BP 
0:,...-ygen t 
II ar Rate 
~ rui BP 
Resp. Rat 

5.2.2 Annotated Data Prieproce: sing 

122,991 
123 052 

'Dat.a. '-\·er prepro d by th ib d toe hodology. For th sy ol_ic blood pr, ur ignaJ alarms, 

86 .. 062 tr ai.ning cas , 25,952 11."i and 10, 6 evaluation cases. co11 · ve1y oowii ting 

f 155 true-alarm and 12] .3-50 no-alarm · . (Th no-alarm c· includ d 10 Ill~ · alarm 

cas .) Ta.bl 5.1 and 5.2 list th alogou cow1 data signals. Th raining 

and evalua iou .:er, w r hen gi\•en to eacll f c4.~ and LNl ne1. 

5.2.3 Mod l Derivation 

_ ulti~ ign Models ~ e lir~ pr ~ ll tni alan.n detection models created wi h use offeatu1· 

att ihu ~ d ih- from multiple monitor 

y olic Blood Press~ AJarm. The final 2-4-9 decision 1· mod l hosen for d t c ion of 

trn alarm on th s •stolic blood pl:'e'SSUl' signal i sho,1,.-n in igu:re 5-4. Clas 

by ' ' for he tru alann dass and • or he no-ala.rru l '. Paren h af r a. c label mdicat 

th numb r of · ~aining data cases whlch ru:riv at tba nod . followed by he numb r 0£ raining 

clilies which w incorr ctl:y da.!! ified at tha node. ribu ~ mun are a ooucat na :io of · h 
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sbp_avg9 <"" 3'6.9 : 0 (71141.0/!37 .8) 
sbp_a.vg9' > 136.9 : 

mbp_avg,9 <· 82.9: 
I br_med9 <:= 104 : 1 (642.0/3.9) 
I hr_cn.ed9 > 104 : O (390·.0/3.9) 
mbp_avg9 >· 82.9 : 
I mbp_low9 > 97 : O (11230.0/106.7) 
I mbp_lo\o'9 <:= 97 ~ 

I I h.r_!l'led9 <- 127 : o (1579.0/.8 •. 9) 
I I hr_med9 > 127 : 
I I I sbp_high9 <-" 149 : O (704.0/34.9) 
I I I sbp_high9 > 149 : 
I I I I hr a.vg9 <- 132 . S : o (91.0/18 . 9) 
I I I h:r_a1tg9 > 132. 6 : 
I I I I rr~high9 <- 20 : 1 (226. 0/66. 3:) 

I I I rr_h1gh9 > 20: o (59.0/22.6) 

Fi Uie 5--1: 'ystolk blood pl"fiSlll' tni alarm d 

abbr viation of h signal name, an abbre\'iation of th d"riv feat nam , and h numb r of 

value over which he d rived r. .atu was ca!culat-ed. For xampl . be first line in h deci-"01:1 tre 

mod I ·· bp ... wg9 <= 13.u.9 : 0 (71141.0 /137. } ·· means: 'i th a·ve:rag valu O\'el" nin raw valu 

o 5)1 · · li b?ood pr ure is less han or qua.I o 136 . . th case will label no-alarm . During 

training, :-11-11. training ca.s arriv ar W nod and wer labeled no.warm; 13.i. of -hose ~es 

we_r mcorrcc-tly lab l d." {Fr tiona.l number of ~ an arise due o prnning of he r ) The 

final model w er a with optio high l · I of prlllling), and m = 45 (meaning 

hat a _ nod on h 

on i e; Flgu.re -~-. how 

were da:; ified by one ou om . branch 

model chi v, d an ar a und ·r h ROC , , n·• of 94.3~% u·h n run 

The final n ural network model f r 2-4-9,] lie blood pr m alArm d ction con a.ii d 120 

inpu nod , one hidden layer with 30 ItOd and wo ,ou put nod . During n -ork raining, a 

Sb p siz of 0. was chm; as h a.mount by which network waigbts were o be upda d durin err-or 

propagation. Tbe t tainin. proce :;; npdat d n twork veigh durin each of 20 ycl , (All L rI{net 

neural network mod I ib p i:ze of 0.2, wi h 20 training cyd ., Th<> 

model adlieYed an R curv ar a, ..,hown in Figure 5-6, of 9 .9 % when run on i test se . 

The final 6-12-24 d · ion tree mod l cl:ios o (c = 5%. m = 30) for d tection o ru - alanu on 
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100 

80 

:,;, GO .. 
40 

20 

0 

0 20 40 60 80 100 

Figur 5-5; ystolic blOO<l pr <i ur true alarm de c ion (2-4-9) d i 'on ti' RO cw·v . Ar a= 
94.35%. 

the ) olic blood pr u.r iyial i · -how11 i!n Fi 

, hown in Figl.lT 5- , 

5-7. 1 achiev an ROC cun· a.r~ of 95.79%, 

Th final 6.12-24 n ural n \lrork mod 1 for s •stoli BP alann contained 120 inpu , 30 hid n 

nod in on loycr, and 2 outpu ·. RO u.rve, ·hown in Figure 5-9, had an area of 99. ·%. 

Oxyg The fina..l 2 9 d ci. ion tre model chosen ror d ~ · ion of ru · 

ala.rm on the oxyg _ · a :u.ra ion signal i shown in Figure 5-10. final model · d c = 2% an 

m == 2. Tiw d · ion t r,ee model achi \' d an atea under 

. Figure 5-1 ho"' h RO curve. 

ROC curve of 8.9.16¾: w 11 ni.n on i 

The final n ural network model for 2+ oo.1•gen Sil.Ulla ion alarm d ooction contained 120 inpu 

nod , one hi ll laye1· wi h 30 nod -• and WO OU put nodes. h model adtiewid a.n aoc u I 

ar a of 97.-:35" when run on i shown in FigtU" ~ ~12. 

The Enal &-12--24 deci ·on. lree for xygen a urationalaEID . ho-11,'ll in Figure 5~13, was d ,, Joped 

lo'i h = 15% aod m = 20. I RO curve BUtll. w 80.00%. 

The 6-12~24 n ural n ·o.rk for d · ing o. · •gen ura ion alarm had 120 input . 30 hi den 
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90 

80 

0 

60 
% Detected 

-o 

40 

0 

JO 

10 20 .. 0 40 50 60 70 0 90 JOO 
% Fal e lami 

Targe -l; Area-98.979; · arget:a3·5; #Tota1=25952· 

Figure 5-6: :, olic blood pr W' tir alarm detection (2-4-9) n ural n twork RO ' , ur,• . Area 
... 9 .9 %. 
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sbp_avg24 < 138.6: 0 (71252.0/97.8) 
sbp_a.\rg'.24 > 38, 6 : 

bp_high24 <~ &4: 
I rr_ igh12 <~ 16 : O (280.0/3.0) 
I rr_highl2 > 16 : 1 (632.0/3.0) 

mbp_higb.24 > 84: 
I rr _r.ui.ge24 <• 1 : 
I I mbp_lo,;i24 <= 90 : 0 (801.0/14 .8) 
I I IDbp lov24 > 90 : 
I l I hr-_low24 < 130: o (169.0/3 .0) 

I I br_1ov24 > 130 : 
I I I Sbp_b.igh12 <= 149: 0 (83.0/10.5) 
I I I bp_hig~12 > 49 : 
I I I I obp_avg24 > 96: 1 (129.0/3.o) 

I I I mbp_avg24 <= 96: 
I I t I hr_slope24 <- -0.06 : 1 (31.0/2.9) 
I I I I hr_s ope24 > - 0.06 : 0 (30.0/15.0) 

rr_r ge24 > 1 
sbp_range24<-'48: 0 (10597.0/28.S) 
sbp_range24 > 48: 
I h:r_range24 <= 23: 0 (179.0/3.0) 
I h.r _range24 > 23 i 

I I rr_b gh2~ <~ 44 : o (41.0/4.9) 
I I rr _high24 > 44 : 1 (37 . 0/12 . 2 ) 

Figure 5-7: tolic hJood pr u.re t!'ll alarm d tection (6-12-2 ) d ision r mod . 
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100 

80 

~ .. 
60 

40 

20 

0 

·O 20 40 60 80 100 

1 specifi c ·ty 

FigLll' , 
95.79%, 

y ton blood pi· ·ur trn alarm d ion (6-12-2-!) decision tree ROC curve. A.rea = 

nod in on layer, an 2 outputs. It a. rueved an ar a und th@ ROC curve of 90.49%. as hown in 

figur 5-14. 

Heart Ra Alarm Th final 2-4-9 is:ion tr e model. chosen for detection of rue alarms 

n h heart rat . 'gnal · sb,O\.\~n in : igur 5-15. Tl1e final od \L-.r.d c = 15% a.net m = :2-0 . Th 

decision tr model a hie• d ar a und r the ROC :ur\' of99.7:. % wh n mn on its test e . Figure 

5-16 shows th ROC curve. 

he final n ural 1 twork 10d for 2-4-9 l:iev rate ala.rm det c ion contain 120 iopu nod , 

on hi d n lay v;,±th 30 nod . and wo output nod . Th mod achle, ed an ROC r. ai-e-~ of 

99. % wh n nm on it t t : th.is i shown io Figure 5-17. 

Mean Blood Pre.ss111re Alarms r e m()del chosen for d tion of 

tru alarm_ on he mean blood pressure ignal is hown in Figure 5-1 . h final mod I used = 

2~% an<l m = 15, The de ision tr model achiev an ai- a und . the ROC mve of .- %. as 

hown in Figure o-19, wh n nm on i s · t. 

The tinal neural. ne work ruodel or 2+9 m an blood p . ux alarm de ection contain d 120 
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WO 

90 

0 

70 

60 
% Dete t d 

Figure:>- : 
= 99. 0~. 

0 

40 

30 

20 

10 

10 20 30 0 -o 60 
% alse Alarm 

Tar e - 1; Area-99.797· arger-2 

0 

l 

0 90 100 

Ota 25434~ 

e ru alan11 d ec ion (6-12- "1) neural 11 'Ork ROC curv . Ar,e..a 
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ox _high9 <- 88: 
ox_ l o,w-9 <=- 86 
I hr_med9 <~ 59 ; 0 (699.0/11.9) 
I hr _med9 > 159: 
I I hr_h "gh9 <- 165: o (14.0/3 .4) 
I I n:r_high~ > 165 t ! (12.0/3. 3) 
ox_lo\il9 > 86: 
I hr_med9 <= 144: 0 {66.0/3 .8 ) 
I hr_med9 > 144 : 
I I sbp_lo•o19 <- 105 : 0 (5. 0/2. 7) 
I I sop_loll9 > 105 : 1 (35 . 0/3. 7) 

ox _high9 > 88 = 

I ox:_avg9 > 11. 2 : 0 (86306. 0/ 1.4 ) 
I ox_avg9 <"' 11 . 2 :· 
I I hr _hig}l9 <= 65 : 0 (21. 0/3. 6) 
I I hr _high9 > 165 : (7. 0/3 . O) 

Figu 5-10: Oxygen ura ion tm alarm t ion (2-4-9) d cisi n tree model. 

~ 60 
~ -.,, 
i:: 
ct 0 ., 

20 

0 

0 20 40 60 80 100 

Figur • 11: lli-yg n a uratioo ru alarm d ection (2-4-9 ) d cision tr ROC cu.n-e. Area = 
9. 6%. 
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90 

70 

·60 
%Detected 

50 

40 

30 

20 

10 

10 20 30 40 50 60 70 0 90 100 
% False Alarm 

l'arget=l; ea-97.225; arget=2 ; #TotaJ-2·9 I; 

F:igur 5,-12: Oxyg n u.ra ion ru alan:i:i d e<: ion (249) n ural n twork R.OC curv , At-ea =: 

9j,23%. 

ox_high'.2-!i > 88: 0 (S.3954.0/lS.O) 
ox_high24 <~ 88: 
I ox_low6 <"' 83 ! 0 (474. 0) 
I ox_lo'IJ6 > 83 : 
I I hr_CllQd24 <- . ~.5 : 0 (S6.0), 

I I hr_med24 > 144.S: 1 (30.0) 

Figu.r 5-13: Oxygen saturation rue alarm d ee ion (G-12-24) decision model 
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]00 
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60 

L: l 20 3 0 2 St~.,__,,:O"". 2,._,__...,...__,....,,, 
4 

% Detected 
·o 

40 

30 

20 

10 

lO 20 30 40 50 _ 60 
%FalseAlarm 

70 0 90 100 

Ta:rget-"l; Area"'90.494; #Targe 12· 'Tota.1.-25499; 

FigIU" 5-1 · Oxygen saturation tm" alarm d 
A.9%. 

hr_lov9 <'" 168: 
I sbp_med9 > 44 : 0 (S.3099 . 0) 
II sbp_med9 <:.: - 44 : 

I I mbp_lo~9 <"" 30 ~ O (2369 .0/5.0) 
I I bp_lo~ > 30 ~ 

I I I rr_high9 <"' 27 : o (52 . 0/1. 0) 
I I I rr_high9 > 27 ~ l (33. 0/11. 0) 
hr_ l ow9 > .!168: 
I sbp_avg9 <., 116.1 : 1 (25. 0/5. 0) 
I s'op_avg9 > 116 .1 : 0 (513. 0) 

ion (6-12-24) n ural n ,work ROC =-e. &.i\.rea = 

Figure ~-l.5 : H ar rat me alarm detection (2-4-9-) d cision r mod L 
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• C 

80 •·---

• 40 

20 --- ---------

0.----------------
0 20 40 eo 60 100 

Figtu 5--16: H ·in ra" r alam'I d t tion {2--4- ) · ion ee ROC llrv . Are-a= 99. 2%. 
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Figure 5-H: Bea.rt rat.e true alarm detection l2-4-9) oemal netwock ROC cmve. Area= 99.9 %. 
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mbp_lo~9 <~ 158: 
rr_std_dev9 <; 21.66 
I sbp_loY'S <= 151 : 0 (82505, .. 0/20.6) 
I sbp_low9 > 151 i 

I I sop_ igh.9 > 155: o (2368.0/1.4) 
I I sbp_bigh9 <· 155: 
I I I rr_low2 <= 7 : l (15.0/3. 7) 
I I I rr_low2 > 7 : o (15.0/1.3) 
n _std _dev9 > 21-66 ; 
I rnbp_lo1t9 <- 41. : 1 (25.0/13. 2) 
I m.b __ lov9 > 41 : 0 (1169.0/1. •4) 

mhp_lo~9 > 56: 
I o,:_h gli.2 <"' 99 : t (15.0/6.8) 
I ox_h.igh2 > 99: 0 (53.0/ .4) 

Figure S-1 : ~lean blood p ur true alarm detection (2-4-9) dcci. ion ree model. 

.l 60 
> .. 
.; 
C 
Cl 40 II 

20 

0 

ig:ur --19: ~f~ar1 bl od pr 
.7 %. 

D 20 40 60 80 100 
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TargeP-1;. Aream91. 731; t#Targ l4; TotaJe::.25'981; 

Figure 5-:20 : lean blood pr sure ru al.arm det ion (2-4--9) neu:ral network RO curve. A.re.a= 
91.73%. 

inpu · nodes, one hidden layer ,;,.ith 3 nod aud two o tpu nodes. Th m.od l achi ,, &l RO C 

cucv • area. of 91. 7 3% wh&:n r-un n i s ; hL is d pict i:n Figur il-20. 

Respiratory Rate Ala~m.s Ther were too f wr respiratory ra rn . alarm for c . .i b 

able t.o i.nduc an appropria . . Th deriv decision tre mod l '1\fcl.\l tiruply 011 node: not 

The final neural o twork mod for 2-1-9 r r ira.t.ory rn. alarm det · tion oontaifi 120 input 

hidde-u la_ r with 30 nodes, and • output n _ Th mod I hi v d an ROC rw• 

ar a. of 62. 6% wb 1 run on i . Thi ROC urve i 0howD ill · igure 5-21. 
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Fig 5-21: R ·piratory ra rue al.rum d t tion (---4-9) neu.ra.1 n ,work O cun· • • rea = 
62. 6%. 
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. i:og!e- ignal Models Wi h n dev•loped model.s tha each only d f atur a tribu es derived 

ftorn on 1gnaJ. Fh fil'lal 11 ural ne work model wer selected, one -ea.ch for de!t.eC ing t:ruc alarms 

on a partic:ular · gnaJ. · nal ysooli B n ural network had 2,1 inpu nod . 20 

hidd nod in a gl. la.rer, and tWQ ou pu nodes . Figure 5-2"2 show i ROC ttn• ; it achl ved 

an a.re.a. und r th ROC C'\IIV of .41%. Th · ing.l signal 2-4- ox1·g n saturation new-al m~ ork 

bad 24 mpu , ;\ singl Mdd la.,-er with rn nod , and 'O outputs. Fi~ • .23 show. i ROC 

hi v an ROC area of 95.35%. The ingl "goal 2 9 h ar ra n work had 24. inpu , 

110 hldd n nod , and two outpu . Figure 5-U 

or m an BP alarm d ction, h ingl ·gnat neural n 

ROC cun , which liad an are.a of 7.76%. 

ork bad 24 inpu , 15 hidden nod in a 

. ingl lay , and two outpu ; i a.chi wd an at a nder h ROC curv of .06%, which i hown in 

F. mr 5-25. inally, for r piratory ra @ alarms, the ingl ~:ignal n ura1 ne wo.rk had 24 inpu , 

.a. single !:iidd n layer wi h 20 nod . , .and wo outputs. Figur ;)•26 ho,,. i ROC W'\1 , whkh had 

an area of 31.21%. 

Ded ion rees wcr also e.:pcrimenU>d ,vith for b single.signal model . Resulting r , ho\\' VP.I", 

we:r q1Ji large and mplicated: hus neural n 'O k8 · e preferred for th.i ingle. · gueJ udy. 

Time In.terval election 

Systolfo Blood Pl' · u:re True Alarm. Det@ction Tabl 5.3 throug 5.5 r t he iogle-tirne 

y toll · B alarni detection decision r : for . a.ch variation. tree i:;,; • R11mbeT of nm , and 

~en:entage of errors, ar l' p on.ed . Th two time intervals selected as b t l.l'e1'\l l7 an 3 ~. 

The neural net work dev loped from 6-1 7 •3 fi a ur a: tri buoos had I 20 input nod _, 30 hJdden 

Md.es m a single layer. and two ou po nod ·. It achieved an area under · h ROC curv o 9.94%. 

The corresponding d · ion tree model (c = 5%, m = 6 ) i shown in igu.re 5-27 Tile de i ion 

r ' ROC cun area w 91.97%. 

Oxycen atu:ratiou Tru la.rm Detection 'Ia.bl 3.6 and 5.7 list h ingle-tim O~'}'gen 

satma.tioI1 ala.rm d · io11 tr ; for :ach \'Rriation , th nu1nbru: of eHor · and perten ag of errou-m'C 

r por ed . Th twO t;im in rYals lect;ed as bes wer 16 and 23. 

Th neural network d \r loped from 6-1 ~23 fea ur a tribu had l . inp11 nod , 15 hidd 11 

nodes ma. single .layer, and t\\ utput nod . 1 acl1i \'Cd aci ar a Lrnd t h ROC curv of 99.96o/c. 

Th - correspomli11g d ·•sion tr · mo ] ( = 25%, m = 10) i _hown in Figur &-2 . Th d: i: ion 

r ' ROC curv nr aw 92.42%;. 
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Figure 5-22: RUC curve fur s:ingi . ignal l oUc bl o p 'Ill tra ollarm n ura1 ne work model. 
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Figure - 23; ROC curve for ingle-.signa.1 oxygen sa utation 'l:llf alarm neural ne work mod l. 
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Figure 5-24; RO Clll' ~ r . "ngl iignal hear ra ru al.a.mi neural [le work mod t 
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Figu.r 5-2fio: ROC cu.rw: for single- igna.l mean blood pre.$SUie rue al.arm neural network model. 
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Fi re 26: ROC curve f r single- gna.l re!!piraw.ry ra ru alann · ural n work model. 
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Tabl 5. in le- iroe in · r·val , olic BP alami deci ion tr = 25%, m = 2-

Number of\ a.lues p 
in Ti.me Interval rors of . 
2 41 
3 3 
4 36 .3 

' 19 34. .3 
19'7 -4, 0.2 
200 ?2 0.2 
201 '>l 0.2 

9 173 21 0.2 
10 113 14 0.1 
.I.I U5 10 0.1 
12 127 O.l. 
13 131 14 0.l 
14 l 3 10 0 .1 
15 J.11 2 0.0 
I6 99 o.o 
17 &3 0.0 
I , l l).l 
19 Sil 0.1 
20 - -,· 

/j 0.1 
21 91 0.1 
22 7 0.0 
23 6 6 0.1 
24 91 5 0. 

5 G .1 
9 1 .0 

i3 2 .o 
73 2 o.o 
77 2 o.o 

30 65 1 0.0 
31 63 2 0.0 
32 ~1 3 0.0 
33 59 2 0.0 
34 5i 3 0.0 
35 59 0 o.o 
36 69 -l .o 
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T bl 5.4~ iogl i.m intierw.l y tolic: BP alarm ee.isjon : c=r% m= llO. 

Pr ~ntage 
of Errors ('it 

0.4 
3 4- 0.4 
':I 44 0.3 
5 36 0.3 
6 33 0,,3 
j 30 .3 

29 0.3 
9 2'i 0.'2 
I ' 26 0.2 
11 n 13 0.1 
12 6!.l 17 .2 
13 91 12 .1 
14 65 21 ·.2 
15 i3 14 .l 
16 9 0.1 
17 73 0.0 
1 69 0.1 
19 i3 0.1 
20 67 .o 
21 57 0.1 
22 69 6 0.1 
23 67 l 0.1 
24 71 j 0.1 
2tJ 51 7 0,1 
26 ·7 4 o.o 
2 · 51 0.0 
2 4 0.1 
29 - 4 o.o 
30 43 s .o 
:n 51 j 0.1 
32 .13 2 
33 43 3 
3 ;13 3 
35 39 3 
36, 45 

.,. 
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a.ble 5.5: • ingle-tirn .in en•al s)•stoli BP alarm decision tre : e = 10%, n1 = 2. 

Percentage 
in TI.m~ Inwn-al ofEn-0 (%) 
2 0.3 
3 4· 0.4 
4 3S D.3 
5 3~ 0.3 
6 l l 24 0.3 
7 133 24 0.2 

135 26 0.2 
9 139 17 0.2 
l 123 l 0.2 
u 103 0.1 
12 113 O.l 
13 lH 0.1 
14 lOl 0.1 
15 9S O.l 
l6 5, 3 0.0 
17 83 3 0,0 
l 81 7 O.l 
19 "'j 0. 
20 ti 6 0.1 
21 3 6 O.l 
22 83 0.0 
23 O.l 
24 0.0 
2· 0.0 
26 69 o.o 
27 63 0.0 
2 73 o.o 
29 71 0,0 
30 59 0,0 
31 57 0,0 
32 4 3 o.o 
33 4, 2 0, 
34 3 0,0 
3· 0 0,0 
35 4 o. 
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Tabl 5.6: ingl im j terval Ox")'ge-n atuI"ation alarm d cisioo trees! = 25%, Ill= 2. 

NWl!ber of --a!u 'wnber P~roontag 
in Time Interval of Error$ of Enor % 
2 6 0.1 
3 9 o. 
4 10 0.1 
5 5 0.0 
a 0.0 
7 3 0.0 

3 o.o 
5 0.0 
3 0.0 
4 0.0 
2 o.o 

o.o 
a 0.0 

15 l o.o 
16 0 o.o 
l7 0 0.0 
l 0 0.0 
l9 0 o.o 
2 0.0 
21 l o.o 
2. 0 0.0 
23 0 o.o 
24 1 o.o 
? "' -0 1 0.0 
26 l o.o 
? ~ _, 0.0 
2 o.o 
'>9 o.o 
3 o.o 
31 0.0 
32 0.0 
33 o.o 
34 0.0 
35 0.0 
36 2 0.0 
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Tabl 5.7: ing1 tim i:n C'l"Val o:,;yge-n ~atuta: io11 alarm deri ion tree· ; "" 25%, ru = 10. 

umber: of Values umber PerteIJJ age 
in Time Intettral. of Errors of Eno (%} 
2 9 0.1 
3 6 0.1 
4 11 0.1 
5 13 0.1 
6 r 0.1 
j j 0. l 

0.1 
9 o.o 
10 0.1 
ll 3 o.o 
12 4 0.0 
13 l 0.0 
l 4 o.o 
15 2 0.0 
l6 0 o.o 
17 0 0.0 
l l 0.0 
19 1 o.o 
20 l 0.0 
21 l 0.0 
2:2 l 0.0 
23 0 o.o 
24 1 o.o 
25 2: o. 
26 z 0. 
2:i I 
2 l 
29 2 
30 0 
31 1 
32 0 
33 l 
34 0 
35 0 
30, 2 
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hr_high17 <'- 98: 
I hr_lo•J35 <.o 92 : 0 (6265. 0/37 ,6) 
I br_lowS5 > 92, 
I I ,bp_high35, <~ 136: O (680.0/3 .0) 
I I sbp_highSS > 136 : 1 (,640.0/3.0) 
hr _high 17 > 98 ; 

sbp_higb17 c- 150 ~ 0 (69S01.0/180.S) 
bp_higb17 150: 

rr_range35 <~ 1 t 

I hr_lov35 <~ 131 ~ O (397,0/3.0) 
I hr_ lo\135 > 131 : 
I I mbp_lov35 <~ 89 : 0 (81.0/40.9) 
I I mbp_lo~35 > 89 : 1 (180.0/17.0) 
rr_range35 > 1: 
I mbp_low35 > 83 ~ 0 (5535.0/23.5) 
I mbp_low3S <~ 83 : 
I I n_ vg35 <~ 31.3: 0 (332,0/3.0) 
I I r .r _avg35 > 31 . 3 1 (65.0/30.1) 

Figur 5~27: y oli 1r tru alarm det~c i n (6-17-35) d i ion .r mod I. 

5.2.4 ROC Cw-v for 'Threshold Limit AJarrns 

For sy tolic BP high Ii-mi al.arm tion, w us 4 hr hold ,aJ to find 326 hlgn alarms; · he 

pond in ROC 1.1.rve ar a was 79.36%. For sys o1i .BP lm • l.imi alm'll1 d ion, then: were 

19 low alarms v..:ith a th.11 holding RO ur · area. of ~4.50%. 

For oxyg n anua ion alarm , r.hr holding ac:hi v d an ROC curve ar a of 91. 79% on low limit 

~.lan !'I. Th te "'-ere 1:10 xygen saturation high limit ala.rm~. 

There w r l6 heart rate high limit alarms. Th ROC c r • for thr b lding; was 7 .30%. ber 

w no lo,v limi h \at ra alarms. 

Ther wer-e 12 high luni m an BP alarms and nine low limJ: m fill BP a ar !':. ROC urve areas 

w r 71. 2% an I 90 . ., % for high and low thresholdh1g, r p t..i • 1 •, 

Th r w r eight ·espiratory rate high l.imit alarm and our pirator rate low limi alar 

Thr _holding ROC curve areas wer 54.06% an 1 52. % for Wgh and low hr hol · , r spectively. 
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ox_high23 <~ 88: 
I ox_low6 <;;; 83 : 0 (49·S.O/ l. 4) 
I ox_low6 > 83: 
I I ox_loi.16 <., 87 : 1 (¥..0/1.4) 
I I ox_lo,it16, > 67 : o (51. 0/1 . .;) 
ox_high23 > 88: 

ox hi.gh6 <= 87 : 
I mbp_abs_slope23 > 1.33: 1 ( 6.0/7 , 9) 
I mbp_abs_slope23 <= 1.33: 
I I :r:r _avg23 <- 30 .s : o (276 .0/1. 4) 
I I rr_avg23 > 30.5 : 
I I ox_lo 6 <'" 68 : 0 (15.0/1.3) 
I I ox_lowG > •68 : 1 (10.0/3.5) 
o:x_high6 > 87 ; 

ox-slopelS <., -0.7 : 
I hr_.slop,e23 <"' 0.54 : o (!SSS.0/1.4) 
I hr_slopa23 > 0.64: 
I I sbp higb16 <"' 57 : _ (g. 0/3 .. 6) 
I I sbp_high16 > 157 : 0 (12. 0/1. 3) 
ox_slope16 > -0,7: 
I hr _med.23 > 86 : 0 ( 78976. 0/S .1) 
I hr_med23 <,. 86: 
I I 0~_10~15 <~ 9t : 
I I I m.bp_range23 <aa 3 : 0 (46 . 0/!.4) 
I I I mbp_rang~23 >· 13 : 1 (l0.0/4.6) 
I I ox_lov16 > 91 : 
I I l sbp_slope16 < .. 0 . 26 : O (3792.0/J .4) 
I I I sbp_slope16 > 0. '28 : 
I I I I rr _s-cd_dev16 > 1. 38 : o (318 . 0/2. G) 
I I I I rr_std_dev16 <- 1.38 ~ 
I I I I I hr_std_de.v6 < .. 5.53 : o (42.0/1.4) 
I I I I I hr_st.d_dev6 > 5.53 : l (10.0/3.5) 

Figur 5-2 : OJQ•gen atura: ·on true alarm d teetion (6-1 16-23) d dQ'ion tree model 
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Lab I OD ix Value 

Thr holding RO u:rv areas wi h la.1.wl.ing on si.x valu were only · ermine for l- oli.c BP 

a ura·tou alarms ·1100 thos are tn useful valu £or com.pan on with time inter'Wl 

xperiments, 

ysto!k BP hlgh limit thresholding achi \• an RO curv ar • of 0.93%. while low limi 

hresholdin aclii cl an RO un are.a -4 .30%. 

Ther were oo high limi x·ygen atura: ion alarm . 0:-:y n a ura ion ?ow limit hr sholding 

achiev . an ROC cun·c ll!I a of - .4.3%. 

5 .2 .. 5 Performance o Different Data S et.s 

To ,,al ate model performance on comp] ~v, • different data, w Jooki d to data collected in 1995 

an l - . {Recall ha our- !\.rllOU e.'{J)erim use 1996 da ) The rained ohserver was a. diff, en 

p roon Erom o -ear, he pa.ti ii. wert- diff r t. and Ill of h m &lical aff h.ad e_:hru:iged. 

OW" focu is mamly on ting th l ~tolic BP o.<yg •o sa u.ra.tion, and h ar ra e alarm de c-tion 

mod l beca he oh r signal had 

Da a coU ted dut.ing the ten w • of 1995, du.in h prospectiv alarm study d scribed in. 

hap r 3, were only partiatli• useful. Althou.gh he Ji \re r quired ignals were pr en for a leas 

part of the recor da a, · her " no anno atiollS of · · lie blootl pr u.re alarms. 0 ·gen 

saturation alarm. .... i: p. nt in be notation ; ho\\ ,, ,r , th r was a problem with h pulse 

o.xim :!ter connection in 199· uch tha "bad data format/had onnec ion'1 
• ~ 1, 36 fals alarm , 

or 39% of aU alarm reoorcl d (tru and false alarms). Th' problem did not exist in 9 • which i 

th data w usoo for developm n of h . oxygen satur;it· on rue ala.rm de tion mod L N v hele_ , 

w l"atJ. the oxygen tw-a ion and heart ra alarm detection models on hese data. 

w r no l.'1 corded clinicaUy&r le---ant tru h ar ra: al.arm . Th 1 ~ ,oo- non~ala.rm c:ai 

r one<: ly dassllicd by · he 2--4-9 heart ra alarm decls 'on tr · model a. both , 0% and 80% 

thresholds {ch en arbitrarilr . 'he b ra 1nodel herci'OJ had li.0 % ru; ura y, 

In h p11 proc at.a here V.'tlI l ,922 no1Mil1Um and a3 true alarm oxyg n saturati.on ca.s 

Th ~1 2.3 oxygen a.turation alarm i5ion tree mod l's a.re-a under tl:e ROC ct1rY was 62 .-6% . 

Tl 16-23 oxygen . - tua ion ala.rm n ural n twotk model acltl \-ed au RO c..-urvc area. of 67.13%. 

Oma ol t.ed during 199j oc rred over ix w . Alarms sounding on any of th !iv- 1tignals 

of in er wer annot d . Upon r tro p ·, ,e anal) · . how \" r, i becam e\ri.d n lia none 
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Tu.bL 5. : ROC curve ar for ingle-signa! n ura! new rks. multiasi.gnal nmi.ral networks , and 
upper and lo~ limit hr holding. 

. pper Limit Lowe1: Limit 
k Thresholding Tb.res holding 

79.36 54.50% 
95. 9r._ (none) 1.79% 

H 7.76% 99'. % ' .30% {none) 
Mean BP 70.06% 91 . % 71. 2% 70';1{: 
H 3L21% 62. % 54.06% 52. .% 

of t.h pa ients d ur1ng I 997 had any pul oxitne'ti'y signal data :reoonled into he laptop. It ill 

not !ear whether none of the parien monitor d ming ow- data ooll.ection had pulse ccdme ry

in u:re: wh th.er h had b en a monitor har war or softwa.r problem, or wh ther an oversigkt 

iu connection of the pols oxinl - er o pa.ceLab moni at had cur1:1 d. Beca e h r " 

no m.-ygen aturation data, nDD; f th Deural n •or k modell5 could b rnn OR h e dat.a.. • ot , 

ysto!ic blood pr ure alarm d i jo11 tr m del, ho, ·n in Ftgur v-27, <:outams 

no oxyg"fl ~ tura:tion a. tribute nod . \ 1e therefore ran he 6-17•35 • tolic BP 

1997 data. his tnodel achieved an ar ,a under he ROC curve of 7 .12%. 

5 .. 3 Di cus ion 

model on t 

Tld chapter ha:s explored veral asper of applying th Tuend:Finder vent d.iscov-erJ paradigm 

to the pmblan of d t ting tr alar-m ill h IC . W now disc b following issu.ea:: i.ng]e-

f1igna1 vc= mul 1 · ~wl d ection models; tim in n•fll ion; po~ model r :n-em nt for n !I\" 

popu! ion ; models for det cting rue al.ru:ms- ve.rsus Ia.ls a.Im=; and limitat.i011S of the tud~•. 

5.3.1 Single-Signal Versus Multi~Signal M ethods 

Table 5 shows th ROC <,."W'V areM for l-2-9 si.ngl -signal neural network tn1 alarm detection 

mod l , 1-2--9 multi-signal neural lletwork al.ru-nl models , and upper and lower llmiE, tln holding 

methods {labeled also on nine values). Figure 5-29 illusua ·he performan of multi igJt.il n u1al 

n ;works, upper liruit thresholding and lower limit thr~olmng. 

In tive 011 of five tru alimn det ction models, multi~gignal models ou.t--pedorm sing! signal 

mod I . Tb llll!all BP lower l.irni t.ht holding .ROC curve a.re.a wru; quite good (90.-0%), o,nl1• 
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: P rformru:ice of multi~ ignal n ural networks (~ }. upper limit h holding ( ), and 
lower limi th.tesholding (LL) ou r:I tion of ru alarms for a.ch o the fi.ve ignal typ - . BP: gray 
dos Oll whl e; BR: solid lark ra..v; 02': black strip . on \\hite: ·· rnP: !f-Olid r it grar: RR: black 
diamonds on wldt , 

lightly wor_ rhan h mean BP multi-signal n ural 11 twork model (91. 3-%). In all oth r c 

multi~ i al neural netw rk models cl l;• ou p,erlarm d liml th.I' olding m hod . 

5.3.2 Time Interval Selection 

W p nt.ed in ection 1.1 .1.3 a m hod for choo -ing ti!lW inte.r,711 · o,; r which to d ri featux-e 

.El' tribu . Tab! 5 .9 wmnarizes the resuJt . 

We: · tha in both cases. h od I dev loped b d 01 a principled manner o im interval 

~ I t'tJon did enremcly w 11 . In th case of sy oli BP alarm detection, he model · eat d from 

ab! .~ .9: Comparison of R.OC curv areas o models built fro a.rbitMrry tim _ inten-al.! v . b t 
tim de ermin db· tim intenal experiment . 

99.96% 
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arbi rarily cho n tim intervals did equally w 11 In th cAS of o:,.;ygen satw·ation alAnll detection, 

· he mode created from arbi ra:rily chosen im intcr,,,i!_ did ~i i tdy p-00:r, r_ 

Th )I o!ic BP 6-17-35 decision r model (ROC area 9L9i%:) ilid not do flS well the 6-12~24 

d ion ree model (RO area 9 _; %), bu n i h r of 1 decision ee od I perfor n::d, v. ll 

as their coun rp!.tl't n ural rt \vor~- The oxygen sa ura: .ion &-16--23 decision ree mod 1 (RO area 

92-42%) ar ou -performed his 6-12-24 decision tr model {ROC w:e:a. {J.00%). gain, houghT 

i.nre neither o[ th decision re mode] per ormed as well as th h: coll.llt-erpac new:.al networks, 

w do ?IO attemp dra.w oncl ,, iom; from these decision tree observations. 

5.8.3 Post-Model Threshold Refinement for Popula: ions: 

Both th d - ion t 8.11 neural network mod ls w!opw for .' toli BP a.nd o:,,;ygmi atura ion 

I.rue a.la.rm 

and 1997 data ( ryg n saturation alarm n ural network 8nd sy olic BP decision t.ree , r pectively 

both performed ignlfican b' worse. 

For veral reasons, th l - data d to h ox ·gen satur-a.tion true alarm model may ha,ve 

been :significantly different cium he 1996 ata u ed ford ,,elopment. First, as already discussed in 

c-tion 5.2.5, h r had been a. prob) m with It pu oxim connection in 1995 ucb bat ""bad 

data form a: / ba connection caus d 1, 36 £al alarms, equal to 39% fall recorded true and false 

alarm that, ar. Thi prol l m had been fixed by he ime data. wer coll ct cl ill 1996. which were 

th cl.a a u.en Jy u · d for mode] d v opn1 1t_ . 01 d, iffi r nces in dat rum ta: ion du to 

n rai.ned obse.1·Yet', verb8.lly-verifyi11g nur , o in o i t nt reoordings may ha\ been grea. 

1ough o \varran h poor p, £ormanoe of our neural n tv.·or moo.cl on 199 ~ da a_ And finally, 

dkffereuc in p:ul n popula. ion molli ore<! for our udy may ha\' b- gr a no glt to a cou 

for the ]ow r performance. V d.ise - on approach, 'p -ruod I refinement' of hreshold values to 

a..ke into acooun n w popula ioru , in otder to explore the hiro possibility_ This wil b illu- ;rated 

wi.th th S\'Stol.ic BP alarm d t · ion ·sion .r model. 

One reason ha h systoli BP model m.ay not h::wc performe l as " 11 is ha l 9-97 da a ccm

tain no pul oximetry art dal o;,cygen sa ura ion) da . I may ha.M been hat hl signal was 

quite importfill for alarm d(>tec ion d pit.e its abs n _ from the ,j 'on r model- In f-act. th 

conn rpar neural 11 work model had out- rform d h ded ion · ree by almost: % area under the 

ROC Oll"Ve (99-94%" r. us 91.97%) . 0 hers hav m thods or handling m· ing a rlbut 

value [116, 1.- , .207] ; his i dearly an importan r arch ar a. 
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Oitff!l" in data.annotation b w n lS96 and 1997 ould ab!o have acoonn ed for the de-crea.;.ed 

erl'orman een wh th , tolic BP tni alarm d i ·on tree mod 1. was nm on 1997 data. 

ike,~· , diff n in pat" t popula: i n, as dllicu cd for ,oxygen saturation alana detection, could 

also ha~ caw d perlorman . 

Parien popula ion in Ii mu1ti · iplinary m di al IC a hild:ren's B pit.al i quit varied. 

Tl.ie ype- of paiien s can range from babi g;rou bav physiological 

. As d crfued in Chap r , \'I, h o we ran. our n natal IC · artifact ion mod l on 

completely unseen data, th : perf r-med extrem ly \'I/.' ll, w'ith nod creas in perfonna.n com.par i 

to ha of the original 

in both c 

. That may hav b n becam; the pa iei1 popuJaUons wcr n na 

J as traditional hreshold limi alar in th IC hav th.t bold 1 \'el tha . can adjusted 

b) h ca.regiY r for a par i ular pa ien , w propose tha roacliin -1 ned model cowd also ave 

the fl xibili y- 0£ 'tbreshokl r 'riern t,' or acljustm nt, for a parti uJ.ar pa lent, i. ., •poit-m del 

hr "hol retin rnent.' 

To xp!o hi po ibili ;y, "' used 9% et rm.ine which h.r hol lev 

{for ignal at ch nod in rstoli BP d ision tr ) migh b more :uited for h ' ne, 

pa :i 11 .' Th 'a lap original Lu 'hold t v I. . 

\\i otherwi:; k@]) th i ntical deds:ion tr: rue ure f · ·be original 6- 7~35, y oli~ BP tru ala.rm 

d hon model. The original tree Wlll sh ' 1 in iguT 5,-2i. Th ap ed tr is ·h0\\'11 in Figure 

5-30. 

The adap d d i ion tree tn d I achi Yed au area under the ROC cu.rv of9i.36%; on 199i da a. 

Recall that pre-adapta: i ll, th ori ·11a.1 deci ion tree model' p rfotn:1an on 199- da a was 7 .12%. 

V•le hen took th a apted d sion tree and ran hon the 1996 teit set; it achie,..· d an 5.71% ROG 

cu:rv ar a. Figure 5-31 lll'll.m.arlzes thes 1· u_1 :s. Pos mode! refincm n or thresholds ma.y be on 

111etbod or mcreruiing th robustn o models miginally dm· Joped from a. more lirni d a1UOW1t of 

an.no da when addi ional annotat d d.:'l a I eco.me avail.ab! . 

A dif£. en approach o tackling diif. r u patient popu at·ons or fo u.sit • model cl v loped orig-

inally for one pa i n p puJa ion on a dilferen pa~i 1 pu.la ion may b to generate models thal 

from ake in o a OWl both information abo pa i 11 and sensor da: a; R ~e et tLl. 

ugg a imilar t h.itique of looking a both cu toru inform tlon an credi a.rd ttansac ion 

history fol' fra:ud analysi · (1--1]. 1.n any cas , af r ne or mor al.ar:.m a.lgori Ltm hav b en devel 

ped an !!how prom~ ill r0 r,.,,.,.,n-i>M'iv anal) · ' pr<:x;p ri . n d oo b perlorm to bet r 
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hr_high17 <- 98 : 
I hr_low35 <~ 92: O 
I hr_lo~35 > 92: 
I I sbp_high35 <- 136: o 
J I sbp high35 > 136: 1 
hr_high17 > 98 : 
I sbp_highl7 <'" 1 7 : O 
t sbp_h gh17 > 117 : 
I I rr_ra.nge35 <- 24: 
I ,I I hr _low35 <,. 49 : o 
I I I hr_ O'J3S > g.9 : 
I l I I mbp_1ow35 <- 125 : o 
t l I I mbp_low35 > 125 : 1 

I rr_range35 > 24: 
I I mbp_low3S > 01 : O 
l I m.bp_lo•J3S <= 101 : 
I I I rr_avg35 <• .18.2 ; 0 
I I I rr_avg3S > 18.2 : 1 

blood pr . sue rue alarm d tee ion (6-17~35); d is.ion tree model v.itth b1 
in,g ip model thrcshol r fi.neru nt.' 

lini~al u ility. ThP I a. ion and alarm anno ation · cm &om he , adier pb.ase of 

da a collection, real-tim 

pr iug of ha da.J a wi h Mdida alarm a.lg ri lu [230] . 

5.3. Detec ing True larm Versus False larms 

Tradi ional eommitt classifier- use more han on mod L aclt dc,•cfop d to d 

in r t, for '!xample. as- Cl· .• or Cl B [191, 202]. ,, pro o e an altematiYe 'commi 

in.er method fol' o r par icular ru-ge application in he IC . Recall from th d 

3 that not nly wer clinieall ·-rel \"a.fl ru alarm reoord . b al o false alarm w r recorded. 

p to rhi point, all mod 1 i11 h. chap er ha.v b n v loped t det 

alarms. 

lini ally-r levan rue 

An id I · pecilically ai cd a detecting IC fal alarm . ha · • 

in ur ,.., nt of iti r b oom h false ala.mis on a par culn:r data 

in Figur .>-32 alar a11cl false alarms ar non-o\ rlapµing, ·ub · t of all 

e . ' alarm ' cl u of h pa ,r un diagtam. \Vh n arching p ifically for 
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120 

100 - -
ri -I 8) . . . . 

:I 1· 1996test ,o 8J . 
0 . . a 1997test 
0 
ct 40 . 

-i 

2) 

0 
NN DT DT.,adapt 

Figure 5~31: Perfurman e nf neural ne work model 011 l 96 data and p rformanc of original a.nd 
adapted d · ·on tr models on 19 {l an 19 i data-. NN = rnmr-a1 network. DT = original decision 
tree DT-adapt = ad.apted decision r . 1996 test data: soli I gray: 1991 ti t data; ray dots on 
white. 
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Fal e farms 
Clinica]Jy-
R ievant 

True lanns 

oAlarms 

Figur 5-32.: \ erm diagram of IC ala.rm ca gpri ~. 

lru alarms. th 'Ii of h w 'l'ld' con · of exactly false ala.ems plus non~alar . When earching 

. p cificallr for fa.lse alal·m , th 'r ·t of h \vorl · cons· o exac· ly ru.~ ala.rm pi non•alarms. 

\ can then hav a y wm omposed of n ot m r · mo hai det true alarm and n at 

more mod Is tha:t detect fa.lg alarms. The goal (otli r han having a perfee las ilier of tm ahrms 

th, ha.~ high sensith•ity and rugh spedfiici •} 1s to have .a la.! ili bai d t .ct false alar with 

Mgb ·pecifici y and a las ·lli r that de e ts true alarms with hi h eruitivity. The fundam ntal id a 

i then to firs apply a trne alarm di ection mod I tba find all tru alarm~ bu also might lah l n 

fi w non~al.a.nns as tru a.lar 11 (i.e. , fats alarms), and hen ·sub a.c · from the label d tr alanw 

h c which h fal e alarm classili. r labels wi h high p.eciticity as · al- alarm. 

E,'(.perirnentatiou an help rnmi in er-ac ion amon~'t these iJi r ·. For 

·aropl , we migh bav two tt11 alarm classifier and o ful alarm las.sitiers.. Depending on how 

well h rue alarm cl ifiar petlorm, 'l'l'e migh make a commit lassiliet t.ha label cas.es as 

ru alarms when both · ru alan · · er agrc ; when bey disa , how ver h n th cas in 

quesUon i onl_- call d 11 alarm if oth fills alano ciaos dfi . do not a.y 'talse alarm,' 
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Table 5. ,0: ROC curv ar for · h: 
n1od s for y olic blood pre ure. 

Alarm N .ural 
T rpe 
True Alarms 
F Alarms 

We xp!ored implemen a ion of ucli 

alarm de ection mode and th.re false alarm d t ion 

ision Tree 
Model 

m laFifi r by d " JopiQ alarm 

d ion m.od I and thnx- f.alse alarm det tion rood for ~ toli:c blood pr · stu ala.ems. A 

decision , an utal uetwork, and a :radial hasi fimction network were developed using th.c LNKnet 

sys em for each of me and faJs a.la.rm detection on this 3i al Th p 1-formanc o ,a.ch las ifi r 

workin alon is - mmarb.ed in able J.10. 

Eaeh of t b six models Wal; then conv r od in h C languag 

using LNKne code g n!:'ration fun ionality, h R mod I co ld h n be u:sed by other C languagi 

programs, ,vhicb •e- wro . W first examin d the sensitivity and pttifi.C'i y achieY by the ru 

alarm mod I ha.vi th, lugh ROC UC\" area- namely, th d clsion ~ mod I. ,vhen rnn • n th 

t, h tru alarm cl te ion deci ion tr mod J had a ensi ·vi: of 92.- % ;md a pecifici .' of 

9.l o/c . W tri d vcntl potential hybrid rn ala.nn-fals alann mmi lai ·fica ion ' t ns 

_1st.em' ' r ultant n i1.ivlt,· and specificity. A.n exampl ofahybrid y: m shOWII 

in p · udo d in Figiu • --33, This hybrid , in acltie,•ed fill al ual p , ind y of 9 .0% and 

a higher ~ n i ivl y or 9.5. j"'o/c . 

F\1t:u:r ,.,, r k might lir ·t f. ,cw; on developing mor accura tru · and fals alarm classifiers. One 

pp:roa b \\'Otild be to look for false alarms due to a p ifi ca ad of looking for fah.e a!anns 

due · o all causes. R all ha Th.hie 3.9 listed many different cau of false alarms o rved in th 

ral fall ala.rm detection models co Id h 11 d \'eloped. each on for finding just one 

type of fats alarm- n approach ror den~loping mor accura alarm lassifi .. might h to 

develop on mod 1 to oolji e tru alarm that are high.valu ld alarm , anJ ano h mod l .o 

only det.e rue alarm ha are low-valued alarms. Recall ha aebi d 

by limit hr holding for high and low larm ; this could indica hat the • groups of alami a,r; 

uHicien !y d:iff. ren t warra.11 individual model , In addition, as for false al rn , in Mdual model 

ooU:ld be d v lop€(i to det tru alarm due to a par icular u • E,1,ch mod roul moreover b 

ociat. w:ith a · iffere11 ·e , of urgency for i. alann. 
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if NIL TPR TRUE_ ALARM 
or RBF _ TPR - TRUE_ ALARM 

then if NN_TP!t = TRUE_ALARM 
and! Jm.F _ TPR ~ TRUE_Ai..ARM 

then Cl~ss; TRUE_ ARM 
else if NN_FP ; FALSE:_ RH 

and TREE._FP = FALSE_ilARM 
and RBF_FP - FALSE_ALARM 

and TR:et_ TPR "' NO_ALARM 
then Class; O_ALARM 
else if NN_TPR ~ TRUE_ALARM 

and REE_ TPR: - TilUE_ALARH 
then Class~ TRUE_ALARM 
else Class a O_f.LARM 

else Class - NO_ALARM 

where : 

tffl - neural neti:;ror. 
TREE• dee s ' on tree 
RBF = :radial iba,.sis. fun.c::tion 
TPR (model to detect) true p(>Sitiv ala.nos. clinically relevant 
FP .. (model to detect) f alse posithe alarms 

Figure - 33: Pseudo od for hybrid rue alarm-f.als alarm com.mi t cl ,:ifi . 
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5.3.5 Limitatim.lS 

This IC · ca:; tudy i no without lintlta tOllll. 

frequency of once per 6,• seconds. Thi lirui ur choice in 

for f tW' d h•ation; {O?" "'~pl , • fearur a tribu deriy 

nly avail.abl 11, a. 

lecti.ng appmpriat ime i.mervals 

l:r:oru time- int -ncl tha is not a 

multiple- af li:v seconds may inf-a b them t ~urate predi t.or for ru:-. even . The infrequency 

of a a w.11.1§ from whim t lefilll alarm pa. rm;, also tnay p - a problem i£ bi h r fiequen ie ' of 

data ar la: a,-ailab wrum mod ar t4a!;i d prosp iv ly, al hmi.gh · hi& ra.~ . urpris.ingly 

not the ~.a.se io the neonatal. I 

Anoth limitation of th case rtudy was that a.nnot.a.tions were only recorded to he nen.rost 

minute. whil raw data wJu w i: collected v 'l'Y lives oonds. This diffetcnc rnanda - hat w 

will incorr tly lab 1 om cases simply b cau are no · sure prcd y when. during h rooordl 

minut , t.h ru alarm 3 tnaltly occurred, For this tudy, we tried o compellllate for be granularity 

differences b,- using a im 'window' of' on mhmt on ei h id of each anno a ion's cord im 

of occlJl'renc . Areas or overlapping window w-e.r then not used £. r machine learning. ctio11 6.2. l 

also dis w. es win owing campcns-a ion methodology ful" inadeqmi. annotations. futl.ll'e work in 

hl.'l area ·h uld pay au ion to or ·:ng ann01tations v.1th th s.am tim granularl y a\-ailahl 

r-aw data.. 

ar additionally nbject to in 1:-0~-er and int:m-obs rver bias . For- the de-

dbed ICU case lt.1dy, two ttrun d ob~ ,, rs 1· ord all of he 199 am10 ation~. a third trained 

observer recorded all of the 199.:i a.nnot.atio , an ~ fourth ~-r-ain oh.1<1?n rt corded an of he 19 7 

a.nnota ion . For ach annotation. the beihd nurs who was pre~ n lta.t day, in hat bedspare. 

validated the annotation. It is no possible that al] of MIC - 1nu es and all fo r ain observ rs 

interp ted or r otdcd all alarm oecu:rren<.--es 111 tlt s.ame man11 r (lnter-.observ r bias} . Moremrer, 

the same nur or th same rain o~r-ver would .also likcly no . reool'd every type of alarm oecm:-

1·enc in the same mimner (i.J1tra.-obse.ner bias) . One p ibili y or fu uro anno ation m hodology 

is to explore U1 idea of b ing: able -0 record and :r ~oguiz ' C in h, I [4 }. 

Finally, there we gen.ernHi• no noug;h numb rs of even 

macliine-leaming. This was e p ·a111• TU for all ·'gnaJ 

exrunpl ~ for adequa sup n,j_i 

systo\ic blood pr. s1JI1 . \·en for 

ystoJi blood pre sure, he 1111.111 b- r of inlrnlly-r I van rn alarms w q11l c l • given th quanti y 

of data. Figures 5-34 th.tough .S.-37 how cattcr plot of ~ITC da a a. tribu 

sy o1i l d presi,me true alami det cticm. Th a rjbu l1os n for · h plo ar a ribu e 

hat ar present in the y-toli BP true alarm tl ision r e mo . which w~ hown i:n Figur 5-4. 
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6 

4 

X104 

0 

00 
~ 

;:u 
□ ~ D 

w:ml 
0 
~ 

□ 

□ 
D 

□ 

:J 

r::fJ 

D 

~l 1,..,_ ___ ....:... ________ _J_ ____ L__ ___ ..., 

~6 -4 .2 0 2 4 
X 4 {hr_med9 vs rr_high9) 

wm: one et 12:0, 15,2 Slep:0.2 

L .GEND 

C no_a1ann 

~ tpr_al.arm 

Percent 
Error 
L32 
/. 0.1 

Figure 5~34~ ca t.er plo £or ystoUc bloo I pr su • tu alarm de ctiou a :a case for v.10 a tribu 
,·a.tu . hr...m ,g and rr .high9 ( hown mmnaliz d} . 

A.s can bes en, the \r ry f w rue alarm cas are inu:ndo. -ed by · h no..alarm case . 

D pite i limitations howev t , the IC alanu example has pTovid d a. Ujjeful demoa tra ion 

of how dat •intensive medkal time-s.eri data ma be seful, even wh 11 h nder1yi.r\g know1edge 

abou how they rola to par i 11lar ,,ren i not " 11 und ood. Esp ially a a. tune wh n 

inform:rticm tectinol0gy is making availahl eno:rmou.s amollilt of clinical dat m hods for taJ..-ing 

ad vant.age of h data need to be explored. The n disCO\ y paradigm may be on eechnique 

ha. can is in lea.ming from h data.. 
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X9l 

0 
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·~ .__ _ _ ____._ ___ ...__ _ _ ___,_ ___ _.._ _ _____ _J 

-4 -2 0 2 4 
11 - ~bp vg9 v. mbp_avg9) 
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onn: one. er: 120.15.2 rep:0.2 

L GENO 

i:J no_alarm 

D. tpr larm 

P,erceot 
Error 
l.32 

--I- 0.1 

Figur 5-35: ca r plot for ystoli blood pre ill'e tru a!.arm d ec ion a c e, for •o at ribu e 
valu , sbp.av and mbp .. avg9 ( hown normaliz.ed) . 
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P re nt 
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Figure 5-36: ca t r plo for l tolic blood pr ur ru al.ann detection data cases or two a: ibu 
valu T mbpJow9 and hr..med9 (shown normalued). 
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igu.re T -37: ca t plo for '.stoli blood pre :sure true ~ d ·· Ion 'a.ta. cases far wo a tribu 
v;uu bp..avg9 rut hr..m 9 {shown nomialized) . 



Chapter 6 

TrendFind.er Alternatives for 

Reducing ICU False Alarms 

Ws ha.pt.er explores wo a.1 ma h• t di w perform cl to b ti..~ understand I l alann and 

ways for their elim.ination. Tll rust udy i - a cas udy on a · olut:ion' rr m ind.us 1y. "fol compru-e 

·he 'cllcor N-200 pulse oximeter, which was us m th: background study d db din Chapt 3, to 

the r clloor N-300 pul e o:time r, wl1ich i a olu ion propOi ed by he oompru:1_y to decreasing false 

al.arms due o motio11 a.r ifac . d s udy in thi · c-hapter ex:amines th dfe or non•machine

leat1:1ed ingl rignal fil er algori hm on false \ true ala.rm to t Ip gain an unders~anding of 

whe her th filters migh b u:s ful way of des ribln im ~ ri " ICU da 

6.1 A Solution. from Industry 

udies have hown that, ofth, large p l'Cen a.g of ful • ala.rtru ha sound in the pwiatric intensive 

·are unit. he pu~ O.'l;im er is th la.gest contributor. he goal of impro,·ed monitor al&IOS 

should b o d o-ease fa.I alarms wi. hou missing rue alarm . Clearly, any ystein can result iu a 

decreas d nwnber of fm:s alarm implj· b)r never alanni.ng; howe,;,·er, -his inadeq,ua e method would 

b ref.I d br a parallel deere.ase in • ensi thdty. Th. dy xamin a. n >er nod l pols c»:imeot~r 

in comparilsoo with an older mod l o de nnine wheth r the rorrec goal is being achl "' I. 

193 
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6 .1. Background 

o r uce he numb~r of motion -ar ifac •. fRIB ala.rms een in th -1 0 pul..s . me r , Nelkor 

coup! d rhc ECG signal 1:io oxiruet r i:n ord :r to syncbroniz de ction 1.0 heart ra : 

was i:mp] me.n ed in th ir · hen rr wer --200 model [l 5] . In a ·tud~• ofl I monitor alarm , how ver, 

"tiU fo1md to b he source of th largest number of alarms, 'l\ti h as many as 91% 

b i.ng fa! [206 . In clinical proc ic , he ynchronizatlou re.a m was hifrequcntly used. and thus 

was no incl d in th ir ven n er Jl;-:JOOO model [12] , wbkh Nellcor has promoted - ad ri 

that b r handl motion anifa be r.300 :y tem r lies on differential arnplifica! ion of · he 

inpu ~jgneJ , application of a ti of ignal 5 alit , l'iests and mo ion d tection i:ng of identifi d 

pul [l . ig;nal pl~, by oomp,'iri:ug b. iden ilied pul o a broadly 

delined 'normal ' pul and to h moving av-erag f th p - ·ng few pulses- The N-200 and N~l000 

oxifilet r are representatbr of n pnlse oxim ter eclmo!ogy, r pect.ively 

[12 . P rforming a prospective rlinkal rial o[ tlles d term.in fals 

po1-;i ·,," and fa.ls negativ _ 1·at mi he b~ on wa.y toga e h 

problem. 

of fodustty in hi n hIB 

'6. 1.2 e hods 

111 large urban children' h ·pital IC , 011 pnti with one sensor already ln us with a r llcor -

200 pu oxim r, an addi ional . n w r was plac don h patiel.l in a corr ponding location 

follow : if palm, o h o , oth big oe; if humbna.il, other 

humbna.H- 'f . o lier e.ar; if fin~rr, ano I r fl.i1ger of l:h sam. hand. On pa i n wl h no pulse 

oximo r s ruior , l:i nui:se pl· . d two n \V 

flipped a coin o randomi:t. : for heads, the old 

in corr po11di11g la.ca ion . Th • nurse h n 

n r remain d wi h h L -20 whil b n 'W . nsor 

was a tacit ro he Nelloor ·-3000 pul oxirn r; or- tails, b, old ' 11$ r v.•a.s ch 

-3000 while the ne-w sensor was a ta.eh the r -200. A rarued obs rvcr h n a by th 

witl'I. a cu tom-design d !v[icro o Ace - da.tabru. in which o record all o ·ygen uration ( •r;,02) 

and heart rat {HR) alarm soundings for the two pulse oocitn er along wi h anno atians oI alanr.1 

appropria en 
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A larm counts 

Fi 6-l: Total alarm c un for h • -200 and ! "T3000. 

6.1.3 Re ults 

Dming on month, 5 hour of da. were coll . 11 al ala.rm cOWJts ar. ho'l'i'n in Figure 6-1. 

For pO~. he N-.. 00 Wlded rru ala.r n and 79 false alarms. whil he r.3000 soun - 7 u 

alarm ounding compri d 30 alarm vent . Of . he ~-200 missed 

none, while th N-300 mis:; d ·ix. For HR, th -2,00 ounded nine rue and 51 fals alarm , whll 

th --.3 ala.nn . No HR alarm v n s w ·e mi 

I p ·· i,.--e predictiv \-,i.ltte of h -Z..'-- s,02 signal were 100'¾ and 46%, 

resp h·cly, ~•hil for h NT300 w % a11d 63%, resp ctiv ly. Figu:r 6-2 an 6-3 ho th 

deco np ' ition f abums b t;'Pe for each of monitor and a of th sisnals. 

6.1.4 Conclu ions 

Th r -3000' pO~ h;i.d a high r positive predir h• vah1 han h N-2'°0 but ollly at h os of 

a low r ensi i 'ity. Wb.il • ffo at d easing ml· alarm 

fal .alarm • a pa.rail d re · in ru alarms poi n , to a n 

lmlqu did r l in £ w r 

for b •Ue: lutions. 
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6~2 Single-Signal .F'lter 

To be able to ~ lop bet er al.arm al,goritlu.ru require 1U1 unde 'tanding of the effect ba diffi rent 

filter algorithm bav-e on diffi ren :yp or alarrus. An ide.al filt r-on that uh.'itan ially r due 

fal..:e alarm wi hou mi in any rue alanns- is n ither obviou nor easy to d · gn. A I matic 

comparison of he different eU c of variou fil r.s on false versus rue alarms ean incr 

tanding and aid in algorithm develo rnen . llch a compa.risoi1 has b , performed on an actual 

ICU data et o xplore the four fi1 i:s : mo,ring av a~ , ruodt1g median, dela ', and sampling rat . 

6, .. 2.1 Methods 

A )". ema ic comparison of algorithm r quit having: auoorat d IC da a (i . . [C data in 

njunction urith no of alarm unciin,gs that ccurred during h data eolle ion time), ' p,ecific 

filter algorithm~ to test , and a. data pro ing . tern for fi applring t.h filt rs the data an 

be11 r porting he .r ult.s. Each of h tl t"C.>€ components will be de cdbed more thoroughly. 

nn.otat-,ed ICU Dat a 

Th rumo ed C da. a used for this u ,y weri coll ed in the mul idis'Ciplinary I U of Childr, n' ' 

Hospi al in Bos .on ov r th cour~ of I 2 - - . The physiologic , 111 ded" from pa ien mon

itoril'lg d \ices in a giv n b pace v. r connect d to h paooLabs b clside monitor { . p.ac 0 Laru 

liedical, Redn cmd , \>VA). A lap op co npu r placed at the bedsid record ,~ue tra.nsmi.tt.ed 

ia. a. erial line from be · pooeLabs monitor a.pproxima.t I • every five econds. Anno .ati:omt to 

the phy iologic da aw r made by a train human observer into an cc s. (~•Iicroso . R dmond. 

\l ) da baoo program running on h laptop . Fol" eac:h alarm tha sollnded in the bed pace lllD• 

rain d ob ·er\cer created a tim tamp no e consi ting of alarm origin l .g., 

tolir bl ure) , ala.rm appropria.ten s (i.e., fa1s a.18.DII , clinically~r 1 vant tru alarm , or 

clinkally-irrclevan rue aL-u-m), an alarm cause ( .g . . pa.ti rnovem 11t). Th trained observ r , 

in a.ddi ion, w nl hav each annota iQn verbally v rifled b tbe bed · de nu Furrhertnor , the 

trained ob·en· r would r ord h upp t and l w r th ~hold imi for e.ach physiologic pa.ram r 

b ing racked. 

Resul ing annotated data con · t of raw da. a tile (on file for very pa ien moni oring period 

during which on . t of the bold limi " ln u ); a a -a.bas f aU alarm ann a io for th 

monitoring period : and a d.atah o all alarm threshold s t in for each moni .or.in.g period (i.e., 
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for ~ch raw da a ti.le). 

Four .Filter Alg,oritlnns 

A basic algorithm used by patient monitoring de,,'iu i£ the standard threshold tilt-er ( TF) which 

smmd8 an alarm as soon as a. monitor d \-aJue goes abov he set upp r ti:m} or bclm,• the set 

lower 1irnit. Gran oo, som fil ll.l se may mor soph" icated than this. N ,, r hel , as 

mentioned earlie.r, existing monitor have exorbit.an £alse alarm r aoos: thu . regardJess or bow much 

more sophi icared .h filte rue, improvem nr is still n dcd. For purp of this udy, ach 

tilter analyz.ed is compared in two ways. First, h tilter is uniformly compM d against th p r

form ance of the tandard thre hold fi1 er on he collected da: a; thil. pr du a basis for relative 

comparisou amongs diff fi1 typ econd. - di fi1ter • 

alarm an:notatioru; hat wer record I ed id ; th pu 

or hort mings of bis typ- of analy~ · • Each of tJ1 four filUlr 

median, la,;•, and amp1ing rate-arc described in more de ail below. 

Moving Average Algorithm Tb mm·ing av r-ag algorithm input h nu:mh f val 

(N) for which an .w rage honld be ·ompu d, along with ke upper and lower hr hold limit. tha 

r m for h ·v· n data · . Th firs (. r.1} wtlu. l' ad are no a.gainst th hr old 

limi' . Once 1: value haw been read, an avernge (i. ., h ari hm · mean valu 1 compu d by 

adding all • ,rai and th n dhddlog by ~ ) is c.aJculated and comp!'I.I'ed a.gains!:. he lire ii.old limits. 

n th a.vru-a.ge value is out ide the limi , .h most r . nt time~!Uamp mfoc is recorded along with 

th out-of-holllld average ,,aJue and th phy iolo ·c sii!:nal :Yfle ( .g.1 ll:10:52, 193. s;S' oli biood 

pr ~ ur ). If he av rage val is within th limit.-;. nothing is recorded and the [)l'O program 

continues. ·pon reading another val , he ·+1st val , an a.vuag is a.ken ofth. N valu sui..-ting 

from h s.e ond v~ue r ad to the r • , I \,a.Jue. Tlilil newl • computed a ' ag is h n compared 

a.gaiilst threshold limits and so on. The pnram ter. , can range from l ( which u; equivalen to 

appl;'lllg the $.taru::lard tlu:esbdd fil r) ro any high r inwger valu . n ,ralu of 12, foi- ex.amp! 1 

v.'Ouid be quivalen o taking an averag o,·ei· very approxi:ma~ · · )' Oil Ulinut -. 

Movmg Median Algorithn Th moving me<lian algorithm \1,,'Qrb in the sam. m.anner as th.e 

moving a,•eragc algorithm. he only dilferei.tC ba once • -·alues have be n r ad, th median 

value (rnther ban h m.ean) of th N values i 1ised for checking a,gairui threshold liroi -. lri cases 
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in u-bich N" i an odd integer, he median value i i:h ()h 1)/-~po i ioned value in a of h N 

valu ha is by in r in \'alU Wh n N i an \~ in ian ,'alu is th ru an 

N/2-po i ioned at1d value in the ord ed list. 

D elay Algorithm h as parame ran integer. and only ' 11 s' an 

alarm whi!n bav,e b 1:1 abcwe ot uem:fa.l va.lue.':l hilv b below he t 

th.e.sholds. Th sounding of au alarm is h 'delay ' un: ii h ou -or- ands value has p, 

for a particular 1 h of im . The im_ r oorded for h a.lann i tb time- troop f h Eir valu 

ha w n out of .mug . 

am.pling Rate A go,rithm Th ampling t a.l,goritbm · al.mo id otical to tb .standard 

h hoJd ru ,er, ~c p ha ainpling rate o valu s · c ntTOlled by h input parau1 

i ' qua.l to one, each and very r corded a .a ,,a111- (atJp-ro:cima ly 011e per fiv 

agai.ns h upp and low r thr-eshold fun.it . For N gre.a.t h.m on , only ont- \'filU in a.cll N 

ed agairuit he limi . Essentially, the sampl:h1g rat of the da ,a valu is tl t ed 

as 1 is incr-e ed . For exampl , for N equal to two, . ampling r approxima .ly once r 10 

e-cond ; for N Q aJ to thr • ampling ra is approxi.ma ly on per 15 s eouds, 

For ach of the four algo.rith.ms present d. '> • va)u 

well as he valu 271 30, 33, and 36. Th e \alu s each filrer on a rang of approximately five 

:ands' worth to approxima.t ly hr mlnut ' wor b of da a \'alues. 

Data Proc-essing System 

The analy . eries o data pro e sing program wru ake as inpu. : pm•-·ologic 

'1."lUIJ coll ed fr,om he bedsid pati n1onicor: rr-espon in im~ amped annorations of th 

ala.nns that uncled; upper an · lo r hr b:old r tin ~ for each pbysiologk :ignal being racked; he 

lilter-$pecifk par m t r L ; and a Yalue called the 'wind.owsi:w,' which will. be described low. Th 

final outp t consii of a listing of h algorithn: t.yp ( ~.g. , moving av rage); i algori run pecifi 

information ( .. , ·, h numb r of data val o,i whi h movil1g average was applied) ; th 

•ffe of · · fil er or.1 alarms as ompar d to b total number of alarm Ila! had ariginaJI · b 

in h annotations; and th clli of t.ll" fil er on alarms mpar d the number of 

alanns found by the tandard hE' hold fil r . Fiigur 64 ill tra data processing ys 

, or example, sa ' hat l rained o -rv; rr ord d 10 clinically~ l vant ru alarms and 50 fal e 
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Physiologi values ► 
A.liarm annotation ► 
Threshold setting ► .. 
W·indow ize ... 

Data 
Proc ing 

Program 
► 

Output 

ummary 

Figu:r 6-4: Da ro essiog S} m for p rimenting with singl fil r algorithms. 

a g 4. 

Tabl 6 .1: amp! lil' r ootnparison.., :ttl 

V . 
Annot~ ion : 

TP-R 
_ o_found/ 

Max.N0Jo1.111d 
iOOo/c 
75% 

FP 
:l o.fou:nd/ 

Max d 

alarms. Duriug h same p, riod of time, data valu w re oo!lcc-t 01100 very live onch; . Th 

- dru:d , r hold lwr, whlcl1 is h nm over this colle ed a a. hod igh linic-ally-rel.evant 

true ala.r ( / 10=80%) and 30 false ala:rm - (30t0= 60%). (This di er pan · in alarm count. aris 

b algorithms ha ar ~ ligh ly d.ilf. · 11 thru:t the andard thr,esbold 

fiJ d data poin a:r mo11 sparse than th original b dsidc moni o.r data) . 

A m vi.ng ave.rag ver four da a poin: · 1:na.y find b: of h.e clinically-relevant tfuc alarm found by 

th :andard hre;-.bokl ti] er (6/ 10""' 60%~, whll finding 10 of the hus alarms ouncl by th s andard 

thr hold fil (11 / 50= 20%). Tb r ul would ib port a.sin Ta.bl 6.1. 

A ruonitoring period i a period when all al m b.r hold ttm remain unchanged; i - defin d. 
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ew1y rai ed 
alam1Jllll 

matching alarm 
anncta ioo 

t 
• windowsize 

Alarm axmota.don 
tim tamp: time X 

wly rai eel 
a1arm matchi"g 
alarm annmation 

X windo'\l size 

Figure 6-5: The notion of 'wiodowsize" c-aku.la ed for each a1arm annota ion to aid automated a.la.rm 
·1 er proc · iog. 

by a start ti.me (and da ) amll an end ime (and da ). Data pro sing otturs by ti.rs r ading the 

alarm limi , and the start and end ti m , for a gl ven monitoring period. Then. h databaw of 

al.arm annotation i read, Md each annotation that oc urr d b w h star and nd times of 

th moni oring p ·oci und& analy is is or by h pro· ing program. xt, all ph:r iologic da .a 

l'al.11 urrin.g wi hiJ:1 th .;tart an ar read by he proc~ mg program, which appli 

h approprj t fihcer n th apJ ropria nlllllb r { } of dal va.lu befor ting tbe r ulti.ng 

val.u again.st th urr n hr hoJ.d limi s. A11 • im a r ul ing value su.rp a thr hold {L., 

• an alarm · rais '), h program tored list of alarm annot.a ion for h annot-ati.011 

cOIT ponding he newly rai..<:ed alarm. This au orn.a.t , eal.'.ch · ma. p ibl by first alculating 

a time 'windo"· a.round e2.cl1 alarm annota ion, this is illustrated in Figur 6-5. The progi.·wn h n 

determines \\'h e.r th Llru tamp of he n wly r · , alru-m .Is wi hin tb im window f an. 

Stor d alann ruu1otation. Th •window ize,' which an be pedfied pro run run•tim , in · icates 

th num her of onds that hould be added t.o both id o an alann annotation's tim camp for 

tltl!; · arch. Th anal.ys p rform d u~ windowsiie valu of 60, 90 and l 2.:(), onds. 
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· er all filter }' and parameter \'Alu combinations ha b 11 t ed mp listing of 

are created. 011e t of lis i.ngs i created for each different wlodo~ izc u . Each onsi 

1:if 11 lmin~. on £oy a comp si of all alarms. and one each for . Ill tall.led by: lectrocardiogram 

II art rate blgh hr bold alarms; CG hear rat ow r hold alarms· J'StOlic blood pr ur high 

olic bl oci pr 5Ul' lo'\\• alarms; mean blood pr ur high alarm ; mean bl.ood pr u:r 

low alann ; respira ry rate high alarms; respiratory ra low a.Jar, ; arterial oxyg 11 a uration 

nigh aL':ums; and arterial ~-g a uration low alarm' . \ ithin ea.eh listing, alan:ru, a.re g;roup b • 

)'[ (e.g .. clinically-r 1°\/Ml true alarms, or fal alarms}. 

6-. 2 .2 Resul s 

Ov th tw-elve-week da.ta collecti n perio , 223 monitorlqg p riod wer follow , to ~g 35 ll 

minu: · . reach of b e periods. orresponding alarm h bald ing ala.rm anno 

physiologic da..a values wer r rd d. Ov all 2435 alarms wer r orded in th rum atio;n . Of 

th , 22 ( %) were linical! •-te]eyan tru a.la.nns: 37 ( %) wete clinica. ly 6 irr I .van tr-1i alarms; 

llnd l -77 {73%) ,...-e.e false ala:rm . 

Th anal; is pr ce 'ng prog.a.ms wel'e then run fo:r each moni o:ring period. 

i1d d.ed 2 varia ion each of moving a: rage, moving m.cdia • d lay, a:n ampling rate. for a total 

of 112 fil yp s. (Note, though, thar tnovin,g av ag or one valu , mo,:.ring median of one value, 

de1ay of on value, and ampling ra every on valu ai- equivn ent to ach ol:.h r as well as to 

andard breiliold fil .r.) 

At least hr of con lusio can be drawn from h pro-c sit1g swt : he fil r rpes t.bat 

are dos o he "ideal' for phy ·otogic ·gnal p stulated; trend .ha e-xis wit.hin 

one kind of algorithm ( .. , mo\,fug av age) as h l'alu f r i - wmed can b bsaved ; and the 

efii of a.I erin the window. ize \,a'lue can be d termined. 

Fil er Type Close i to Ideal• 

R call that an 'idea.I ' Iii er is on tlui. u t8:ll ially e r fa.ls alarm withou · tttiJ; ing me 

alarms. • moilit:led ranking · in comparing fi1 r tj-p for his u }': ti.~ , only Jt 

at leas 90% of he clinicalh·~r ie1•a.n tru alarro tha; can b foun by tb stand r.b.r hold lil r 

are consi r d . Of th . the filcer that r ains 11 mall perc t,age of fats alarms that aw 

recorded in he annotation is 'dos o ideal. ' ln c.ru \\'h e th 

fo era! 61 mailer ,ralu , ar fa\1or . Tabl 6. 2 1i t he mo t {al'or, bl :fil er for ch 
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yp of algori lun acoording each of the 'ignt1l t)•p anal} zed with a mndo,,, ize f 120 econds. 

da a i ho\\ n for ·arterial ro..,yg o satura: ion high' b earn; there w •ro 110 alarm of this type in 

th annotations and no al.axms of this type found by th tiltei: _) 

Tr nd_ "''1 hin Pair kttlar Al.god. bin Type 

no her r ul of hi , udy is he ability o ee how th effects of the four algorithms, applied 

to the IC data, vary as the pa.ram r, . , changes . Tahl 6,.3 lists h difforen b n wo 

peramt.ag : the perc~nt of the ~Jinic.:1.ll~r-r l!!!.va,nl · u al.arm (wbiclt ,, ·re found b, he • tandard 

tht o!d 61 . r l that a particular- fil er r.an tind; and the percent oI false a.la.nm; { which were foU11d 

b ' the ta.ndard hreshold nJter ) that a pMticular fil. er can find .. for rh moving a,,erage algorithm, 

his difference \'lUU inc-~~J.S s mono onically until the •,;alu of t is 11al o nine. a.Rd then decreases. 

For moving median ,, his difference i relatively uniform, and negative. Tb delay algorithm hows a 

nmd imilar o that of moving av rag T bu wi h .t. p ak a. N =6. Finally, no 1·end is irnmediatcly 

dis: ernib1 from h diffi 'l'®C raJ ues for he ampli1ig rate algori hin. 

Effect of Different Wirndowslz.-e · alues 

Varying the v.'Uldm,,.'Siz ,ralu f60, 90, and 120 seconds) during data p.r ing apperu:s to have 

no sigmfican effect . For example, he composite page , from pro :essi.ng with each of the three 

window ·ze ,-alu shown , lm.v n1?arly identical most •ideal ' filters of moving a1 rag with N= 3, 

1noving median with =3, l<\i" ""i h N =1, an l sampling ra. with N =3. Th ohly exception i 

t.ha mo\i ng m dian with N=4 h.a5 lightly b tter re-sul hau with N=3 for th windowsiz valu 

of 120 oonds . 

6.2.3 Disct1ssion 

Th.er is no question that. high false ala.rm rates ar l s than d itabl in the IC . Chapter 3 

discwsed h in detail. This tudy bas offered a limpse at one method of beginning a 

system&i exploration of the \"M realm of possibiliti . By ha.vi a methodica.J analysis prore.s, 

ompnrison of diffi rent fiJ ts can be mad with geat r confidenc in th \"a!idi :)" of ros-ul · . 

\Vhat has abJ be,c;Qm vid nt again , as in Chapter 5. j the nee ' ty for accurate anno a.t1on 

recording. \li,'i hou annotations tha. are a.c nrately ime-stamped, autorna ic search for al.Mm 

wi .hin an annot.atk:m database berom impossible, thus making alarm algorithm comparison difficult.. 
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Tabl 6.2: Most 'ideal' filtel'!', for each signal t,yp . 

. Standard V . tandar:d 
A.nnotations: Annotatio ol Filter: Threshold Filt,ei-: 

ignal Filte( TP~R p P-ll FP 
t;yp No.found/ wd/ · • .found/ 

No_._expected o .found 
89% 100% 

a.vg3 1% 33 92 1% 
med 4 1% 41% 91% 99% 
del l %; 41 % 100% 100% 
satl.l 3 2%: 34% 92% 

ECC avg6 9% 90 
HR .med - ,% 90% 
HIGH del 2 ll ~ 90% 

am 9 12% 94% 
ECG avg 41% 100% 100 
HR med 1 41%: 100% lOOo/c 
LOW del l l% 100% 100% 

sam l 1% 00% 100% 
avg 2 7 . 59% 97~ 93% 
med::? % 59% 97% 93% 
d ! 90% 3% 100% 100% 
Sil.III 'J % 5 4}t 98% 92% 
a.vg 20 100% 53% 100 69% 
med l 10 % 77o/i: 10 % 100% 
de11 10 - 7% 100% 100% 
Sain 16 IOD% 53% 101)% 69% 

MEAN avg 15 100% 100% 0% 
BP m d 4 1 % 100% 90% 
HIGH del 3 100% 100% 90% 

sarn 11 l 0% l OC;c (1% 
Ii.t£EAN avg21 100% 100% 0% 
BP Ill 3 1 0% 100% 0~ w, , del 6 l 0% HIO~ 0% 

am 7 l 0% 100,C 0~ 
RR avg3 9o ¾ 55 ¼: 95 ' 90% 
IDGH :med 95~ 42% 96% % 

dl2 95o/c 55% 95% 0% 
S8ll.1 9 95% 37 ;7c 95% 60% 

RR avg I 9% .U% 100% LOO 
LOW med l 9% u~ 100% l00% 

did l % 41% 100% 100% 
run Jl.00% I % 100% 35% 

01 avg 6 i8% 32% 93% 73.% 
AT med l 9% .J.1% 100%: 100% 

LOW del 2 7 % 34% 93% 0% 
Sant 1% 29% 97% 69% 
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able 6.3: Dif:fumn e be enpe.r ll of dmically-relevau rue ala.rm wrs s per offals alarm 
fow:id by filter. 

N val1 : Aver• ampUng 
1 0 0 
2 9 5 
3 g 
4 5 
5 -13 20 13 

-17 24 12 
-12 19 l4 
-12 17 11 
-13 12 l 
-12 11 15 
-12 10 9 

1- -14 9 T 
13 -12 5 
14 2{] -14 5 
15- 20 -ll 15 
l6 2.2 -14. j 13 
17 19 -14 (I HI 
l -14 6 15 
1 -1- 1 11 
20 -1..6 -1 12 
21 -14 0 5 
22 -14 2 11 
23 -12 3 16 
2 -13 3 4 

17 -U 2 12 
3 11 -13 2 2 
33 14 -19 -2 5 
36 14 -2-0 -2 15 
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bility o adju the ·wlnclowsize• was e,:ploo:-ed as a pot rttial compensatory med anism for imperfec 

a.noot.a.tion , bu ~me I o have H e O\ ml! efii 

Another potential SOtlf of i.m1tcuracy is the limited data collection rate of 011e per !iv ecortds; 

without a high r ~ampl.iug rate, c rtai I alarm become 'los ' in th r ording pr an b s are 

not particularly amenabl · o anal •i . 

In ron!rldering h Lil , another r al~aticm is that more annotated data are ne d if lilila.lr.ses 

are o b trUSt d. For ~arupl , only th oo:mpos:it Ii ing, ECG high h an ra alarm, ar l"ial 

xygcn tm-ation low alarm, ud SJ' toli blo d pr ure high and low alarms, ea had mor ban 

30 lini f'lly~r ] 'all. n1 pos:itiv alarm annot.a.tions record d . \:llh n th re axe very few alarms for 

a par icular ph · olo • ic ignal :YP , significan of r ul is difficul I:. to as<: rtain. Thus, in Thbl 6. 2 

fo a.mpl , th" filt rs that appear to retain 100% of rue alarms ,vbile d a.sing hep centage 

of fals alarms ar d c pti \" bee.au!!@ h lt' ·were too few alarm in each of those ca :egaries. The 

!titmi.tion - smnew hat better for false al.arn: ; all signals e.x p he mean bloo , p ur lo\v a.larm 

and the 1.1:rterial oxygen saturation high al.a.no had 1uore than 30 alatrn annotations. 

In all analy t:>erform d in hi lUdyT h dioically-irrelevam rne alarms ha\'e not b n taken 

into accoun . Thi · omi ion has be n delib a b use nucle:a:r wheth('l' it would be desirabl 

o cimng he freq1,1ency of these alarm · one "'"Ill' or h o e.r. Clim al]y-irrel van alarms br 

previou 'ly been foood to ccur .111ostly during pati n in ~ntfon · (206] , meaning tha a caregj.ver 

is a ding o the pa.tie11t when h alarm ou.n s. B ca.us a car giv r · presmit , and e.ui in fa.ct 

ca.us • he alarm ( .g. , wbil p rfurming a. proo m }, it m.igh1. be argii d tha. he caregiver can 

irmn dia1 \y and c r tly r ac o h alarm sounding. v.ith the implication ha fillch alArnls are 

not parti.cula:dy pro blt!nl.atie. 

Flnally, whil non of the tested fil erS would b viable as a comple , solution o d ' loping 

improved alarm algoritl.uru, he :r of thL<1 . tndy can direct attention to th :.ingle.signal tilt<m, 

tha may prow~ more ffeetiv wha1 used in eonjunction with other filter " hods or ai:: prepro ing 

steps fur multi signal algori hm . 



Chapter 7 

Related Work 

In addition o th Tr ndFiud r al e.rnati\-es pr nred ht the pr vious cLapwr, ther ar also s v

eral oth r ·ibili ie· that ha:\e been proposed r explored for various aspe ts of h" work v.-e've 

described in this thesis. roughly be ouped in o lh•e ar ; anal, is of tim series 

data, application of rnachin learning-bas d chniques o ther clinical probl m , understa.llding of 

mon.i oring dcvi an alanns , use of ingl igna.l algorithms to imprm·e monitoring, and m;e of 

mul i- lgnal algorithms to improv monimring. Th r ax n ari ly ar of o,, rlap among hese 

group . . 

ime-serie anal. sis and pr - k io i a Jar e n ld in and of itself. We hav pur o ely a,•oided he 

idea of predicting ne.....::t ,,aJ1.1 in a · ime series though some have ch0i$en o focus upon pr"Cdietion 

[19 1 . l ] and h Opie: is no doub important. V"l'lU o her uclie hav also . ·plor d th 

idea of learning rules {44) r pl'llt ·rru from tirn seri data. Das d al. d .:: ribe a metho<l that 

i ·i:mila:r o in ha he • ry o learn from t,he data i elf and nse a licling !i'.'llldow Uk " 

do t.o d h il1l ·eries data. Therr work i ruff er n , ho,v,; \'er, in ha 

th y ba 110 f wh n parti nfar \'ent oc w- a w do from our no io . Th y choo 

dustering of Um in \-al · wi h an trnknown oal , eir • en produc nwn rous Candida 

ml for a r p ru . Th_. do not know, how v r, which rul ar m aningfu!. Keogh a:nd 

Paz1..ani ar also inter t din cl 'fying informa ion from ime.:serie dat~; th ir approach, hov.'Cvcr 

207 
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i • to piec wi e linear r pre enta ions of h dar-a. with weigh v 

each pie,c;e [102]. . rel vane "dback 

20 

' 'lgnoo in I) .rtruic of 

choi of how ~irnila-r 

cliff, pi - are. Gu:ra.lnik and ri.'aSt~wa have a. similar goal of d · in iine eri.c 

when rul ar Ul~unders ood 75 . Th · od how ver. as~u.m that · ies an b mod 1 d 

math aticall,· and para aetrically; it · ased upon fincfi 'change-point 'in tiles mod Is, and is 

nJy for smgl al rumlysis. 

Faw an t ~11 mon.i oring O\-er ·m for e,,, n requiring action, uclt as 

c di a.rd aud [5 }. Th ir ·e,,en: ' o in r " , how v , · an 111-d lin. c] no ion of ·ac M ,ty' rru h 

tha ' true nega iv ' periods are no w 11 d lin d • . ddi ionaily heir method would no lend i If 

to d ecting a.rtifa.c , for e-xampl . Zhang propos - an pproach for i.5covering temporal structur 

(22:9]. The method, how r, r Lill' tha h ill know hmit t.o defi:n all Ven of in e.es and 

their interrela: ionship . Halm wi .-- propo - he USII! f ' rend t llla.t s ' in which ?le at nd 

an hen arch for oc urrcnc of th ttemis in one 

data. The sys em. ho·w"ver. r quir a priori understandin of be .natW'C' 

Hunt r and M tosh use a marking oftwa.re workl nch o add knowl [ ]; 

his is lik he liystem tha: was ed for c a ing arui.ota ions for our neonatal IC · :.:p rim of 

Chap er 4 . They h wn rules from thes marked da r gions. whi h ar ubi ·equentl used b)' 

a pa em ma ch r on raw data. 

'uralnik t al. e al o int r cl in pattern in · que..1 :e dara: [16] ; the pa n, hov..-ev r , nn t 

b u.nd r ood pl'iori aud pec:ilied by he user in b ir co ..a.in lai:iguag .. Th ir focu is to 

if patt rn has CT 11 n pisod in he data. Keogh and my1.h d pend on 

u.-rer- ifi d patt rn f. r searching archived iru seri data by b qu 1 matching [101]. Han 

et al. try to find ycli.c pa king at e-grnen -wis periodic patterns [ O]. 

Oat o le.am what mak a time- dilfe n from th 

ame tirne- ries ing clus erlJ1g [149]. l(adou al us wring of v its ru a bas-I · fur I sif •i11g, 

for example. ign langu.a.g bane mo,.. m t [97J . Pad1nanabhan an Tuzhilin w;e temporal ?ogic t 

pr pa ems in mporal databases, though U..1ei.r m tho.ct ar for ca gorkal ( y1nb0Hc) da a. 

(154). 

In the area. f m di ine, .Ew ral • ·ompurnr program ha. be •n dev op d to in rp 

diograru_, foy exampl , wing statistical. hcuris k , or dete-rminL ic appr-oache [2'>4}. Balm xpe.ri

men wi h sarnpliug rate, tirn and ampli ude normali.za: ion, and cros.~correlation o d cide h her 

an ECG · gm D U:: normal or uo normal 11]. Dilfere-m: tS in p rfonnanc oharious approach o 
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E G int rprnta ion could b informa ·v fo.r Wldcrstanding n 01rlror ala.m as well . 

Kaplan explains that on of th _ goal of analy-litig ,,ariability In rial physiQlogic m as1ucm 

is to conver from e. Large series of values o a ingl number or small ofnumbe ffectively 

.r pre ent the original series (9 ]. H co r t "m asur • of oentral renden y" such as mean, mode, 

and median. fron ''nJeMur of variability.'· udi as standard 4?,1ation, v, riance, ran from maxi

mw11 o minunum, and range from, for e.xample. 10 h o 9 h peroen i1 . He eropha.s:iz ha none 

<>ft.hes m nres c-ap ure the orderillg of values. On h oth hand, b su , ts hat anal rzin 

th au oco a ion fw1.ctioll and/or pow r p c rum of a tim eri could provide new in ·igh into 

ph ::iologk.al functioning. Our udi ha\·e d fea 1111e a tri bu encompnssing bo h m asures of 

central t~ndency" and "'m ur of variabili y: m addi ion. our lop attril u giv an idea abo1.1.t 

th , l'dcring of ,'8.1 

formin al d . .-crib h ir compu r al i of oontiuuously r corded bloo pri tlr ign.als 

[l 4] . Their data pi·oc iug includes determination of h maximum and miniumm ,ialu over a 

pecifi cl c ime inwrval an d rmination of h m an and tru.1dard eviation of values for 3-mil1u , 

30-mmut , ancl .24-hour periods. Th a ·ribu · are similar to a 11u · o o 

RH.c.h.ings et al. p. n a method for detecting rrend: in moni r a a usin .. :ponentially-

rnapp d pas t.a: • stical variables'' ·1. Th :' xplain Lha: b caus.e most pb · iologkal variables m

ps udo-random in niLtl.Jl'e. special teclmiq es based, fo.r xampl . on th ir pow pec(ra.l. d i~ and 

probability di5tribution r n ion. need be us din determining their trends. This method. however, 

requir ini · al knowledge about he norm al bio ogkal variation f the signal being monitored. 

Ciw and :\I tosh identify Wse alarms 1n I eona. al IC physiologic .!'lignal by d ·,.•ing a ·drop 

r,emn and a rise' stream &om whlcli to predic iu ur drops and rises in gual values by regression 

[29]. Tb ul , how er, are diliicm o inwrpr gi, 11 the limj ing perfom1ed hus far. 

Ri t at use oomput to anali• a rial pr, " [1 ni. Firs , th ~ ,w form are digitally 

filtered 

ocond, 

r mm• th hi her fr qu ncy artifa whll rving the low fr. u ocy informa ion. 

wav o;m wi hln on a.ndard d '\'iation of h m 

re<:orded data are in order to r o,r random noi wi hou remo,•ing he r pcatin cardio

vascular wav form. They found hese rn thod b work reasouably wcll fo1· w:wcl'orm interpr -a.tion. 

Gibby and G)lAD.i d rib a compu er algotithm fur monitoring pr tdial oppler audio io order 

to ideu · · po ible pre l'Jce of ,renou air mbolus uring urgexy [69J. Th algoritl m is base on 

fast Fourier tr·ans nn p . tral anal. · of the Doppler ignals. 

\ 1hlle we have not pedlitaUy exp 'men cl with frequency domain m~ hod: in our work, many 
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others hawi, describ d botb Fourier [2-3. 26] and wa' elet teclmlgu for ·goat ruialy ·· [134, 135] . 

As · feyer ei.:plains. th r are S' a.tiona11· signal . whose prnperti are tat' ically invarian m r 

time, and nonstai ionar • . lgnals. in which an ient event ( ha. a.re not p dicta.bJe) occur [135J. 

H lu her expfairul that FourI r ransform is ideal or tud ring tationar-y ignals, and that 

Vi'1l., ele are us l for studying non tation.ary ignals. Our data ignals appear to be non.-tratio ary 

on . T n~ w -xamine each igpal by all 'p:i ' i akin o he idea of • im frequ • · \\"a.velets, 

while Olll' u_ of mul iple im int rvals r pr a ype o, multi-S<'.al anal rs1 akin to th idea of 

' im ·cal ' wa,· I .. A e.ful addition o our work, for xampl might b o use Fouri r analysis 

lmiqu 011 inclividuaJ tim int 'al segment to der'iv addi iona.l feature attri u 

Pri iscu he us of c mpu in neurosurgica.l in 1 ·, care; b ugg tba. cl se ime-

.ries dat-a ca:i1 be com.1 r by a.v ·agiug :\n toring onJy U1 mean and i 8.Ildarcl d via ion, 

by usi gs qu nti.al hist-ogr-am anal '!I u, fi 11 w l:i median an di ribu. ional k w, and y pectral. 

(Fou:rier) anal i to d mo • rate chan in rompon n fr '£P1 n i [163]. '1 luw~ found thro1igb 

a tua1 xp 'm nt.a: ·on that compr sion by ,rera ·n · in furt au eful m a looking a d n 

n o atal IC tim .ries ata h such a. way that ru.1:Hact, a:r e .ained. In contrast, Young d al. 

have rnggi ed using nm dian til O\ r 3 minu · or data r duction hat. l ads to i-ejection of 

anif.ru:: [2 ]. 

i t erich and Michalski propose data t ransform3tion :uch as egmenting,' whi di,·ides the 

original uenc in non-o\·erlaµping egments; ' plittin", which breaks a single equ nee into 

veral bsequen ~ and could bus aa.bl a t m to discover periodk r ; and 'blocking.' w ich 

1· ·ab h riginal ue.n · in can b · ved {4 ]. 

Our ro hod of <i h-ing f a u.re at rilm fron:i 11c iv ly overlapping . ub. eque 1c imilar to 

th d crib ' blocking' m hod, whll our m thod of e).-ploring mul iapbas learning is m wha: 

r milrisoent of th described 'segmenting' method. 

Noise ,on molli ored sign,als is usually an Ulld irabJ hutill . Gamb rg et al. prop a method 

for noi tilt ing by disregar Ung \-alU th2' a.re non- ypical, includi th rrnrs and outli r 

rp of system, lloweYer. would no , for example, be able to det ct dinically-r le\'llll ru 

alarm tha happen to m.u:irn in he nsoo: as atypical \-alues . 

Others hiw also propos dilfi ren teohniqu for learning from t.im seri s dat:t [H , 2 • 138]. 



CH.APTER. r. RELATED t ORK 211 

7.2 Machine Learning Appli d to Similar Domai 1 

The prob! m of nd anding patien monitor time eri data. c.an in m way: ~ thought of 

a pa <'rn recognjtion problem. and hen p t work in he pa n r og;nition field (51] may 

proV1de iruigh . For ample , useful ideas may include data smoothing (e.g., u ·ing a seven-point 

quare r r para.boli fi moot.bing ech:n.iqu ), nvo.!ution., fac or anal i (a chn.iqu or 

generating n w prop rti which are l.inear cornbin1:1.tion • of th old on ) and Fourier e.ri analysis 

(i3]. Pa rn og ti iM t clrniques in ;peech re ogni ion or id cification ma also i formath't' 

(119, 232] . Another pertin n ar a. · !ection (31). 

~ lachin 1 a.ming [13i, 139] hav r tly been mor wid Iy d patt m 

recognition probl t11 • Cl b· r arerl o ma.chin l a.ming · th fairl • n w 6 Id 

[5, , I "i , -19, 220, 233], n which larg amoun - o da a are used to xtrac n w .knowledg . 

Methods used in data mining, uch da: a pr paration and data reduction, might be useful in 

the IC monitoring 01nain as well • fa.chin l aming m hods a • am y l>een ed in various 

m die.al domah · [50, 63, 9~. 1 3, 209]. uch dia n ing myocardial infarction in merg ncy room 

patien · with ch pa.in [20 ), predic ing pn mnonia mortality [40) , and in rpreting digi :al in.lag " 

in radiology [loiJ , j to n.ame a few. Mos appli ations, ho · ·er, ha, not involv hi h density 

ti.m daa.. 

One nnilar exampl of th USJ ru.achiu 1 arning £or ime :;:e.ri da a is h wotk o Orr ef al .. 

Th y de,1 Jop a prot intelligen alarm y tem ha a n ural ne work to pro · CO2, 

h operating room in or l r identify itical ~ o [515 . 51, , 1- l, 

1. .z, 172, 221]. Their sy t m w made from ill'lula ing ane.--th ·a fa.ul using ogs. Th :r r p r , 

for e.x,'llllpl , p rating room, h 'r • m a.bl co find 54 ou of · ; faul with i4 

fa alann.s [152 . 

eural n ha., al been tried with promising r ul for r gni1.i p.a ern in car-

diotocograms u. o f; ta1 ruoni· orin {212]. • numb r of ma.chin learning toch.niqu and mech-

ant ms for using them in medicir have ree n I b n descciboo by L1wra [1 1 i ]. 

For a very difforen application area, Ginzburg aud Horn proposed a orobi.Ited y em that uses 

two s queutial neural nc wotlcs o perform im ' ri pred.ic ion of 5unspo 70]. Th first network 

em n in h ime ri . while th 

ond ne work · rain d o pr · er the rror of the fir t ne work in ord to orrec h original 

predictio . 
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7.3 Und r tandiug Patient Moni -ors and Alarms 

v al r ea.ch r M \' .tudi d IC monitorittg evic and heir alarm . imilar monitors are 

in othe-r h01Spi :al ar as, .,ucli as th o ating room an he p t.-an h ia ,are unit (PAC ), 

&nd b ;ve aL b n stud.i d. R l · \'ant fmding from all hospital iueas will b discu . PartkuJu 

emphasis is given trCJ r re •io work 

high fa!. e alarm rat of this dcvi . 

pulse o.xi.me r • becam e of th widely aclmowl dge<l 

Cornpu r anal •sL<1 of he electroca:rdio am was de:scrl a least as: arly 1963 [1 - ] and 

computer ys rn for acquiring. proc · and di:.<;;pl ying da a from iti ally-ill an /or post

s1,11.·gkal pa: i have be n ibed a leas as early as 1966 93, 14-, 190, 2H, 215). At 

ha irue, i was aJ:read • fol tltat a comp ri2 d moni orl lp in pr, h l!lrge 

quantitii of da a a\'ailable from bed ide monitor . as ;,,-eU as fa.cm a ~ r arcli in und r tanding 

comp! x pb • iological mechanisms ia ed with different dlseas stat [93. In 19,4, heppard 

and Kirklin describ a compu r _rstem hat had b-een in ll for s v n y.ea1 \\•hich ass t. d in 

both pa.tjent moni rin ancl dosed-lnop n rol of blood infusion [l 9J, and later, in closed-loop 

oon 1 oi d g infusion .-is w 11 [l ]. They beU ,, ba we of th comp ter liY.\i m, by performing 

i ·v and time-consuming routin iasks, h · led to a 25% incr in nursing lm availabl for 

clirec- pa ien car [I ]. fore r Ir, a.11 ootomat cl vital 'gns moultor has made it po ible or 

cer-t.ain patient to transfer fr m l:i 10 to am dical/ urgical uni [126}. l wp t ali;;,.ed early on, 

how ver. that !fort wer needed to deer ase h rat of uiprnen failu and fa! alarms [16 ]. 

Others ha al o di cussed intclligent. patient monhori [24, 3T, 46, 7. 105 llO, 122, 19~.211] 

and con ro! [32. , 92 125. 14 • 1 · ]. th ro. of merging clmo1ogi (55. 79, U • 1?7, 146, 163, 

19 , 216 , and th fu • Ill' of critical care [6. 35, 133. 175. 192]. mi h propos that dev loptn 11t BJid 

implementarioII of new cl1ru ·al monitoring de ·ic mig.h b- ac leratoo with greater oollaLoration 

b ·een industry an academia. [l 
Th p xim t-er, developed in tl o early 1970$ but not utidely used 1m iJ t1 midsl9 Os [1 . ], 

now hou h of as an im'aluabl device for continuous 1on•ilrnasive m ur rnent of arterial oxy mt 

arundon [1 , 176, 179, 1 l) and thus d tection of bypo; mi.a.. How \' , i is also well knO\\'ll o 

hav a high fals alarm rat [15· , 206 223, ?25]. Various clfo hav been made o impr-ove tlll$ 

The high fat alaiun rat of puls oxime-try is b Ii ved to be due in mos as · o a low 'gn.al-to-nolse 

r-atio [1 - . Low ignal includ low per£ -on ( .g., from rela iv hypo h rmia or ·hock conditions) 
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and improp -r prob placemeu , whil high noi ma: b du to m tion., a.mbi ligh , abnormal 

hmnoglohin mi.al:, ood \ us pressure wave . ome ay that puls oxim try is in 11ffi ien, for c r ain 

like! , to hav impair d CO2 r mo 'al, a:nd lm sug:g the tISe of rontio ous in a~ 

arterial blood g moni ori [156] . lea.rly tbi would no be prac i al for b ma.jori _r of pa i t 

who ar cnrren I)• being monitored by puls OXlffl try. 

Hi h fa] e alann rates hav no limited o 011 model of pulse ox:imeter. .Datex trumen-

t.arium' Cardiocap CH ' (He inhl. · inland) [223] and ·elkor'. N-100 [22 ~ as \!I ll r-200 [206] 

(Hayward. . ), for exrunp,le aU hav ,, r • high false alarm rntes. Barrington et al. e\'1llu:a ed th 

pednrmance of th _ al O N-200 , ·cwamecrl.x 50 {W:illingfor . T) and Ohm a Biax: 3• 00 (Bo 1-

er, '0} in the Cl onat-al IC : 1ey found the oxim ters to be ,,er· ~tiv to mo 10n artifa with 

me improvemen from the Na200 '. we of EC 011chrouization 106]. Bentt et a!. ha:v sugges 

ttelating pulse oxim y b.e.ru- 1:ate v.i h E G-deriv heart ra e [ cording both he oxyge1 

atu.ra. · on ignal an he pulse sign.al 1 s from an oxim r llligh also be USefuJ in validation o( 

th" , ur ion ignal [141 • 

imilar problems hav b 11 r ported bo b for routine an the ia. m rtitoring, in winch 75% of all 

auditory alarms wer purjo alanm and on.ly 3% r pr · any patien ri k [10 ]. an for horn 

monitoring, in \Vhich onl;• % of alarm 1nrm w r lassi6ed a.s rue ,-ents {217]. Likello• , 7j'% 

of puls oximctry alarm. in h P. C • ". found to be fats [223], and 7- 90% 0£ pulse o>:imeter~ 

d tected de:j.auua · ons duriQg dental sedation w·& du t.o pa · ~ mov tnen [225] . Hom apnea. 

monitors for neonates have als.o b d monst.rated to gene-rate a. l.ru-g number .of fuJ e alarms [173]. 

1 io:;t existing par.i nt I onitors limi alarms which sound "'h me signal value l1as urpass~d 

a preset o op ator-- threshold va.lu • B _ · ri and van der Aa suggest tha it would be u 

hav ~ m hod fo:r a tomatically d t rmini11g · l1ese hreshol 1 vcls, for example from atistical 

ata gioup of patient [15). ~fureover Gri v, ct aL shov.· d ha dilfereD 

pu.h:'l ox.i:met ( .g., ·e!Jcor .and Obmeda) caJ:i •tl • T port high tor lower saturation valu 

and hu d.iff r flt threshold l v _ ould b mployed dep nding on which compan r' monitor· in 

(74]. 

. norh r p sibili , for , . ining ltreshold Jev I i by using a is i ru J)ro ' ontr l ( P } 

1nethods. Fackler et al. enlphasiz , howct•er, hat .adi lonal PC Ill thod do no work w ll wbc:n 

data ax auto- orr lated or ar - rowided to whol nam , ucb i be ase wi h puL oximetry 

illOnitor.s [ 4]. Laffel et al. use SPC in h wa.y of contro.l chart (160] for analy;{ ng rial patien -

reJa da [114 ; i allowed h. to e a.t1 idea abou a t)ar:ient''il condi ion , bu ic · il.Oc c.lear 
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how effective control charts would be for alar1.ning purpos . ID Cose: sugg t a different m thod, 

large-scale I.in.eat regression, to lea.ro th high and ow limit bounds for spa.c raf senso r4, . 
In al1 cffo to r a.se false a.larrn it " imperati to · p i1 mind the inverse relationship 

be :ween ensitivity and pecifidt ·. a:ted ill an e::-..ia"eme manner: all £als ala:rm couJd be eliminat 

(100% specificity) imp! · by n ver anding any alarms (0% 11 i i · • ); thi sy:;tem, howeii r would 

1 o b- v ry u efuL A co111t.inuous jugular bulb o. -g n :ac ura ion cathete:r moni r , f. t exarnple, was 

faun to hav an im.pr j\, iy lou• Cal p 'tive alarm rate of 2%; his ,,a] an only be mean.ingfully 

int rprc d, hou • r, wh 1 th false n ga. ive a.lAnn ra ) als l'tlown [ 1). A 

mar informati m ure of petlorman , as w h, dbe and used in ur tudi , w uld 

o are-a under be receiver operating Larae. eris le {R0C) CW"\ [ 1), ,1.,hi ·ta:k into 

IJSi ivi y- pecilici y pairs. 

i o all monitoring d vi are necessarily so probl matic. A.11d n et al. \,aJuat a cardior -

piraJ ory rat m nitor and toun -• th r o be no fal ala.rm during hours o:f moni oring [rJ . ' udy 

of h d~d migh provide in. ght for how to improv monitors with high false alarm r-at .s. 

Ford e al. proposed ru:id clei.•eloped a i: pira y al l moni or for u e wi h m cluwically 

v,e.11 ilated IC • pa i.e11 whi.ch is purport d o detec se\'er-al p lii · ~•p , of alarm [61}. However, 

they bav no w 

\\'Orks. 

a. pr pectiv rial and/or publi$h r ul of how w ll the mouiwr 

Klaas and Cheng found that bedsi "? n ri:call~· linked to a cen ral ou ing ta.ti.on 

co ld b wefu.l in aler ing medic-al p nncl to hypo:xcmk herwh rui • · in a ll· ta:ff. 

IC (107). They bell ve tba noise poUu ·on and th num 01indmgs couJd 

contrihu o h mi ing of b . id ala.rrns. Jan et al. discuss th po tial val fan lertro ·:ar• 

d.io am een ral station fi r I - moni ming (91]. 

Other ICt: alarm soundings in.dud . for ·amp]e, ho from mechaniea.l ventilator , wl ich ~ 

alarm ar on of a, la.rg number of reason (e.g., high-pressme. low-pr ~ ur , low ;dialed tidal 

olume, low exhalecl minute volume, a,pn a, o:i-..')'g n ) [130. H~ . in a rnview a..bou mechanical 

,f n ila ion, uggests ha f11.tt1r ventilators prcOViid mor inform iv ala.rm w m die.al persolln.el 

[83] . 

A.long hose lines, 0111 ha.-r.. suggested that new r alarm : llS should adop a hree-lev 1 

priority y · m in which a.la:rm ar difli re:nt~ced based on he seriowness of th \'C-11 and the 

response required by he caregiver [r 96, 1 2J . The alarm • (]oud or soft, audible or \'isual} for 

adJ I , I would b comm ttsurat wi h h forumer o th e\'ent, 
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&:ud ri et al, uggest tha pul oxime r m~· om more u ful vie with th devclopm nt 

of imprm1 and ana.ly is of p02 data, for cxru:nple, using ochaa i l!Ulal) i teclm.iq 

rrom t e ono1n tri literature (l 1- forgan t al. propos o coU tau ru:mo a ~ data library 

of ICU moniwr ig11als t.o us in future development of patient monitor'ng aids [142]. 1 ni z t al. 

also d rib a y tern for ool!.cc ing, pr n ing, an torin IC data [132); however, h 'do oot 

ba.ve a method or annotating th data to indicate i \'alidi : in re 1-osp c iv aualysL'I. 

hapiro supports having quail y iniprovem ·n standard implemen ecl for IC • m nitors bu 

argu again!:it employing andaxd pr v·ously passed for ·ana.ly-u:rs' instead of ·monito · [1 7] . 

uch t.anclards or pa ien · rnow.torlng duriog an th ia ru1., alrea y b il d.eveJoped at Harl/8.1:1 

[53l-

7.4 Single-Signal Algorithms for ICU Monitoring 

ingle-signal al__goritlun r !et to any m hod of dccrea.<1ing fab: alarm which O· y involv a. :sing! 

monitor d igna.! (e.g., heart ra e). Tbi:s co Id in<fode bo h al tatious in ala.rm thresho.ld se tings 

or in pro ing of tl1e si_gn,.'l] i lf to help decide th alarm t.a.tus of thai sa.m · imaJ without h 

us of knowledge a.bou o her monit.Qred · gpaJs. 

On of singl ignal algori hm would I:, i:ul · invoking sign.al thresholds and impl 

ren . ling. A m:-1:r as l 9i6, Fr Q!. p rir_n ed wi h computerized alarms h imposed riteria 

uch as: bradycardia alarm ifhean ra 50 bea p r mil ut or t an I th.er is a de<.:rease in th 

a.verag heart ra of ? b a: per minute r mor ; atria.I cll cardia ala.rm if Ji.ere ' a sequenc of 

10 or more consecuth• pr natur atrial eat a a rate of 120 p r m.inu r mor . Th y ompar 

this cotnputeri~ arrhy hm.ia alarm 'stein o h on,, ional analo m nitori11g ystem of th 

tim and found ha. 53% of com.p,1 r alarm were ru posi.ti" alarilli \vhU only % f analog 

a.l..nns were rue positive (64]. hermore, ther w e four cimes as many fat e alarms from h 

analog ys m as from · h computerized syst •m. Mo i 

pa.ti n movement. 

Two other m1gl signal methods tha hav ~n tried are; l ) requi:r.ing a. delay time b wee:n 

wh a. signal ,ralu sw·passes l thmrbol and wheo the al.arm sound (to b r [erred o r. ·prealarm 

d •lay' 124 ); and 2) varying he alarm threshold values Pan and James [155 oombin d h 

m hod , . perimenting with al in alarm lim.l settings and incorporating a 60 _ nd prealru-m 

delay (which th y call a: 'wa.:it-p riod') . They r po a drama i.c decrease in "maximum frequency of 
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alarms"' (from 3-4 to four alarms per 24 hour per pation ). How re-, thy do no 

ucial piece of informa ion: he br akdown of fJJ.s and rue alarr a:flected. horn 

a P hased moni oriug ai:id alarm s-ys,em fo.r biotec:hnoiogy laboratori in w · cit each monitor d 

input also h it own programmed delay t:im o allow [or bli f out--of&r~ itua.tions hat a.re till 

considered nonnal [200). 

Rh in k~Le1•s 'u and Kalkman :.peri.me11 wi h using diffe.wit puls oltimeter ov.. r alarm 

limiits, but found ha th lower al.an:n limi a.c ually ~ o ia d wi h a larg umb r of hy-

pm:wtia , vent~. They uggest hat this COtl.ld b du to earlier alarms {and resuhao interv n ions) 

h :in eff. ·v in pr venting lo er and mor aturations la: r [H J. 
B Dis et ai. present a • ;wo-,;,-.niable' {Ill an ar :rial and I atrial pr u:res) 'tr, d d • ion 

alarm.' Their system, h w v r, • mill • valuat ach of he two va.riabl para.tel. again t 

!uni \1llu [16] , so f".fill b considered a:s a sing! ·ign.al algori bin. Fill hennor , their alarm 

algorithm :sential · works by soundir1g an a!r-u-m only when hr uta ,-a.Ju (on ~amp} 

per minu e) w- eyond limi • tbu i similar to he other pr ala.rm delay method . 

Maki ·irta d a/. also exp rimented with varying h pr alarm cl lay .ime and foood th.at a l 0-

ond delay could rd ·e the alarm ra by 26%. They did not know. ho rever. how man UtJ.• 

al.anm " IT' rui d by hIB m thodi. "!J' a.deli iona.lJy looked a rn;ing a median filter to remov 

raru;ielll chanfi in da ,. signals [l 23, 124] , which hey bel~ ve can r mov clinically irrelevan bri f 

gnal t:ransien thu increase alarm reliabili y. 

The-r h ii mor complica:ted i1.1gl signal. algorithm propos d. D B r ·i al. for 

in auditory vokcd potential mon-

itoring [4-]. Th y fir c eri,, four ,iarlabl r • p ' (neu.rophy. 'olo i ign.al re rd durillg 

a bed p riod aft .r a stimulus}: maximu.m amplitude, minimum ampl.itud . ampli ud rang , and 

betwc n uc h sample . (f on or more of h variables. d ,rhnes rougl from th ir 

pre- akula norm.al rang of vain , h n tll weep is consid f d o contain artifa • 

Adams d al. d ri be a ompu et algorithm for automatically r oogruz:ing- puls oxim r wa,,c

form normal or di totted based on a rcla iv con ancy of th sy tolic upstroke irne which hey 

observed in th normal wa.,, form [ ] . They achi ,red a 92~ i ivity. but did no . r port the sp ci

fid ,_ Tl~ ir al oritlun also unfortun,at ly requires dir t acces o th ~ oximeter's analog ,va,· form , 

which i 110 commonly availabl . 

Bo n,ja.k al. [21] propo. using a I<alrnan fil er for ii g L hemia. based on ECG anal_ ·s. 

b Kalmat1 fil [33] i a Ill thod of perlonning r nd analy '· by r ·u iv ly es !ma.ting the m -an 
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and 'lop of an input data r . Th , r port a n i i\'ity of 9.5 %. it :ig also di cu aKahnan 

tiltering aJgori i for d tin physiologic rends, although his focu is on i implcm ntadon using 

a parallel archit ur (193). 

Yi et al. ob ved re11ds in he pectra1 omponcn of y mic ar ri pr ssur and h axt 

rat si •al that correlated 'l',1th pa.ti nt o tcom [2 ... 7] . pecitically. they found progressi ine.r,eases 

in the pow r density valu s of the very Jow-frequ ncy and fov.•-frequency compon n of the ystemic 

art rial pr, sur-e and heart rate signals in patien vho w n on .o recover, but pro 

ill pa i at who wen on to ba.,;, poo ou :come. ower d ruii y values were calculated or 30-minute 

periods one p r day. 

Fuzzy l · h al been ugg ed fot pa ·n gnitioo [231]. Wl t al. fuzzy logi 

a tn thod of monitoring ar ial xy 11 uration iin mechanically ,·eJJtilat d n wborns [19i]. They 

first dcriv fu:,.zy for change in p01 aud f p02T and h 

g in F . 01 (fr oxygen). 

Sh.abo et ai. 11 ] d rib a ' m within a comprehmshr I patten da a manag Ill n 

system for automa icall ldeJJ ifying critically ahn rmal l bora or, and lood valu rather 

c.han "'ital 'i 1 moni or data like mos of th o b r wor • discm ed. Un par of their y em, 

h.ov. ver, is th cl tion of adv rse laboratory data tr nds. l work by 

values h amoun of hang . .rate of change. im span rw \'alU , an pro:ximi y of curr 

valu to a de.fin critical limit. 

ta. istic:al pro s control m thod , as w discusse<l in the pmiious 

Eor s.ingle- igna.l improv m n . 

ion, are also a. po ibility 

7.5 .iul i- ignal Algor ·thn1 for ICU fonitoring 

t\fal i- ignal algorith ing of mor than one monitored. ignal { .g. ra , blood 

pressure, and ox-yg n saturation) tQ h p idc he alarm smtu of one of tho· ignals (e.g., heart 

.ate) . Researchers hi;w ll lll\'e ating appr ch such as reud ion [~ . 10 , 93]. belief 

network {161, 17i], ,u1e:--based yst, m [2, 10, 67, 6 , 17 ], knowledge-based y tem (3, 30, 65 , 

4, 1., 196, 201], fuzzy logic [13, i2, 22 and mu.ltipl paramct d c ion [43, 167]. Orr and 

\V nskow poin u hat h disadvantasg of irul -based or kn.owl ge-based 'Y tem · are hat h y 

g neral.ly nly , y 'mpl and he mo;t apparent la iomiliips n o and ala.ans, ha 

they requir m i al kn wledge th is oft(!!) n fully Ulldet:·tood, and ha they require findmg an 
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e;,..""per who has uftident Um to wri he rules, [152]. ckun t \'I w ev ral model-b!I..'! fforu 

in biomedicine, including intelligen· 1onitoring sJ·st.ems (Guardian [ 4), IMO~') and tel!llpo.ral 

re.a:solling y-tei:rus (T P, Y A E. ~E, TC ) (210]. 

A:rtioli al. use a linear ·ransfo mation based 011 th w-hilllen-loev xpa.nsion to map from 

13 pTimith f o won ~• va.riabl hat ar,e ill lilbl to para the t"o cl.ass o their data 

qui well [9]; he cl are nomml and high-ri k paci i11 t.h post-ca.rdiosurgical IC and th 

primi ·,. fuatu ph; iologk measur m The edwique appear. promLing h.ough they 

did no appl i o itn s.eri. " daM. Also, thM th n w variabl do no have a. dir pk_ iologkal 

meaning may nr may not affi and atteptane . 

Makivirta et al. exp rinwm d wi li ' , tot median filer ' o proc s th li . mean, and 

diMtoli valu of temi:c and puhnonary arterial pr as value. of a tnultid:iitn sion;il signal 

[124]. They r port hat this lyptl offil er migb be abI to provide a. mod reduct..ion in alarm ra e. 

ukmeaar.Ac t al. p a knowloo e-based ahum }' tern hat fi.l"St. d@ mine the qualit&tive 

.r nds of median-fil er d l Ml and hen u ' multi-signal . rul based reasonil'1g to estimate t.h 

patien ' sta (112, 196] . The qualitati v o: n u, stablislwd by lin ar r gre · on over a 3 minute 

period, and th m ian Iii ring is appli to a data window of minut s. Th ir knowledg bas 

d ri\t d from clinician in ervi ws; this c:o ld make b yst ru a clil:licult on to 

e"-"Pand . 

v: ram t al. id n if • p I oxim. ry m v m n artifac h. analyl!:ing th pa t rn of the puls 

ignal pli ud pm, li:ng a atrna.Hon and :omparing th.'l! pai rn o a ti rnpla tha hey 

1ived . 213] , hej, l'.i p- rt a 969t iti vity an 0% ifidty in id ntifying artifacts. Th ir 

In(' ,hod for gold tan ard 1 ific-a ion, bowe,1 r, i 1· t1'a.spee·iv a:nal:r i of a ura ion da Irom 

two pulse oxime · ne a.ttached to the .ting r and on attached to lt oe; he ac uraey of his 

,;oicl standard i. unkno"•n, 

Durn et al. report on a prototype M.asimo ignal :J,,-t,ya.ction echnology (SET) pulse oximeter 

(Mi.sllion -"iejo, CA) at is pui:poned to b t ban ·I mo io 1 a, "fact and low perfusion con i ions 

by using matbema ical me hods on he pulse o.xilll ter r,ed and infra.red light signals to measum and 

hen sub rac ou he noise compon n from be saturation sign.al (52]. Bark~ and hah compare 

this Ma.simo pulse oxi1:neter to he. -ellcor 1·-200 a11d N-JOO0 during mo ion in \fOlun 

that the :; fasimo oximeter appears to perform ignifican ly b r · han he Ndloor oxime 

A in egra ed IC wor t.ations become availabl [7 j , lt, hould become easier 

r nmltipJ ph, iologic ig:nal and h to impl men tnul i- ig:rml iII llig nt alarm 
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algori hn 



Chapter 8 

Summary of Contributions 

lu his th~is. we ha, attemp etl to firs d various da: a llecti n, pr pro - i:ng, and anal; · 

t chni u wi hin a. paradigm for vent disoovery in nmn rical tim da a, and b n d moti tra 

he a.pplk:a ion of tn e: ted1ni ues to int nsi\"ll cm· uni ruonitorin . summarize our work and 

6.11dingi:; here. 

\:\• began in Chapter 2 b ' pr s ming h TrendFin 1 ara.digm as a. g n ral tra egy for lea.ming 

d ~ ec trends of int r from time-serie data. ·a.mples o v " from busin ~-, m dicinc, 

and engh1ooring discipl:itn ha could b loonu .. --d by his m thod wer-e gh~ 11 . Particular emphl'\...m 

~ plac on data aimo tion and pr process"ng hniqu ·; heir importance has pre,-iousl. been 

understai d . Iod I derivation by ma.chin I tung methods was~ next compon ti the proc ss. 

Finan_ , p rforman valuation, not only \Yi h of pa.rat valuation and 

ompJ ly differ-en da.ta, w d cribed. Others have reported ha att mp to tradi ional 

macb.u c learnin methods oo da ha.ve no had mucli cce [102]. Th hniqu . of 

the Tr· ndFinder paradigm may b on Ie.asibl approach. 

]n Chap ~ 4, we next "PPlied the l 'Arning paradigm o d ec ion of · gnal at ifa in th n natal 

intensiv care ni . ~ e found ha non-1:inear ] i.lie:r performed q it~ well while a. lin 

did no . This made se once we re,aliz of th da a w were working \\1 h; namely, 

a:nif&Ct oc ur in a. dis.con inuous fashion on th . sp rwu of moni. or d. ignal. valu . mong non

lin ar c:lassifi rs w found th.a Quinlan.' notion of -typ data and -typ data did nm ompl •r.e.ly 

lend .i to ur domain. ~Tl ii he preprocc sed n na .al JC • feature v tors wer arguably more 

type, v. ound hat th IL ura! ll worb (whicil llould be be wi h P-t 'J)e data. whil d ci ·on 

220 
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tl' should b he tet with typ dau) in fa out-p .form the deci: iou t ree:.. This ·howed tha 

n ural netwruk-1.ike classifier in £a.ct do" 11 "'"'i b type data. 

W · aho explor d i u f au1. granularity and ck1ta comp ion in Cb.apter 4. We found ha 

a a compr _ ·,on of t mp-Oral d a by ari 11111 ic mean CWll be an ffec iv tn hod for d er asing 

ki1owledge dis.co" ry pro mg im wi hou compromising I arni-ng. 

WA th :n p n ood. d ail exp-erim , in cl labeling meth for pre-pro mg of data 

be:for al)plyi:n • maclritle h!ar1u1\ m tho "l,le found tha,t front-lab Ung and nd-lah ling result . cl 

in models with 

h targ application. or IC monitor· " , this mean that nd-labeling hmdd b 

up n 

?d in order to 

be a.ble to detei:-t an vent as quickly as po ible wh n i o curs . Compal'· ons of different trictn 

levels in. d.w. labeling taught us that mor robus models ar like]j• to be developed when the leas 

!!trlc labeling m thods ar employed. 

fu Chapter 4, w also presen ed a technique for lC8 nin 1ulti-pbes trends of interest using 

pieeev.ise phas cha:racteri ti · as feamre attrlbu given to machine learning methods. This was 

an eff'cctj,,• m · hod, y 11D.C-Ompli a e-d all xtendable. 

\1 Ul n appli d h TrmclFind r para Ugm in Chap er • to th d c ion of clinic-,all:N I vant 

ru alarm on. monitor ignals in th mul "disciplinary medical ICU. \\ ompar tuul i signal 

learning r ingl i_gaaJ [earning d found hat h mu1 i-signal machi learned mod I ou -

per-for - d - ingle-signal nu~thods (bo h · ngle,. ig;nal ma.chin lear ed models and singl ignal limit 

tlure holding; m h s). 

[n ha chap • we al presen a moEe pri.n ipl .cl mfillller of choosi°'g im int rvals for 

attrlbu deriva ioi . Th" was based upon ., .· raigh foni.•ard comparison of numb~ of 

rrnc occurring with n odel containin onli• a trlbutes eri \ied from a single ime in rval h 

bes perform • e used toge her h1 a mul i- ime interval mo · I. -ul howed ha h model 

d velop d in hi manner did a leas as well in on cas and much bette..r in be other case tiu1.n 

de\' lop d om arb:itta.rily ch en ime irr rvaJ-. 

W, ·o in: roduc th id · of pos -mod hr hoJd retin 1.nent for new populatioD i-n Chap T 

5. Ju traditional IC threshold Umi alarrns have fac ory-se th:reshold le\-els ha an b 

op 'onally adj d by th. cat gh r for a particular pati , pa -mod I refinemen: ako allows is 

fwxibilit;· for- refinenien f thr hold wi h.in a ma.chin le.anted det ction mo I. W found , for 

xainp1 , hat adaptit1g i¥ u of nin signal thr hol urc ru al.arm 

d (!(!tion m del, and otll~ wi keeping th mod l ructur i en ,icaJ incr ascd mod 1 p r ormance 
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sagni.tic.a.n ly when .appli to a Ii w popula ion. 

Finally, we proposed an al ma .ii,• }'l)e of hybrid commi tee classifi r t.o e both t:ru alarm 

de e lion mod and false alarm de tion models in ,oonjUJI · io i 'n an, one of .an unlimited fitllDb r 

of way . Our xampl demons nued h feasibility of such a classitler ystem. 

From a. med.kin audpoin . our contribu · ons have been to gain a bet.wr under$ and!ing of the 

clini al roblems of fu..lse ala.r . in I IC and ways for their limimltion. ur prospec iv studr 

of IC al8.ml$, prcscn' in Cha.pt r 3. l' p nts on. of he mo thorough alarm di available. 

wcll as th ir type, frequency, cau 

and r la ionship to fot nrcntioru. In Chap r 6, our ca.~ analr · of an 'improv • moni or from 

indt ry and i performance compared pred cessor b !) ' to d rnon er~ h .n. d for ill 

fur h r work in th.is domain. 

O,•er-.tl.l. w have develop d an pr uted s.everal t hniqu o u ed wi hm an organiz d 

framework which en.abl sue ful Jearniog of int r ,in rends from num rica! tho 

• lm_.eo,·er we hav demo u:a ed the easibiU ' and advan of ap1)!ying nch clmiqu to IC 

monitoring. an area ha is ex.remeJy hnportan1i. chaHen u . and in need of bnprov men . 



Appendix A 

List of Abbreviations 

Tabl A.1 and .2 list h abbr viatio d heir ni aniu f, r terms us in hi th . . 
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abb viation 
abs...slope 

avg 
avg4 
BP 
bpm 
C 

'.! 

2 

high 
I p 
l . 
K 

AD 
low 
LR 
in 

MBP 
med 
MIC 
il, 

m.mH 

Table A.l: f abbrev-iattOll used (A- M}. 

art rial line 
rial line blood p ure 
· g · al.gori htn, r moving a, rag 

moving algoridun w1th N.:4 

;ir rat ) 
~olu ion ro finding d · ·on urfa 

ptio:n o 4. , u d ming pruning 
carbon 

miaJ, f r ~ample for an 

el ro diogran:i ht:Mt rat 
fractional inspired ox n 
fal~ nega lve alarm 
fol posi i ve al.arm 
max:hnum. valu 
intracranial prcsS'lir 
in n i \• care uni 

"M clas iitier 

kernel func ion for h ma hematkal form of fill M d· rifie-r 
e t.roc:ardiog;ram lead 

minimum \'a.lue 
logi ti rogr iou 
minimwn numb n .d d in a ?eru; ~'O outcom of a nod f. r 4. ~. 
ru a11 bl pr · re 
moving m diaa algori hm, or moving median 
medi al ICU, also mu] idisdp inary I 
multi-lay r percep ron 
millim tei: or mercurjl 
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Table 2: List of abbr viai ionit 

ria ioo 

rN 
:fo. ound/Ma.x. oJound 
To.found/ o.exp ed 

Oi 
PEEP 
POl HR 
p ] r 
P02HR 
P 2 t 
p 
PPV 
RBF 

2 

e 
2 

d v 

1(.) 

neona · ,i ,, car, unit 
neural n 

r found divided by ma.mum mun found 
1· found divided by number expect d 

p en · iratory p 
p xim Iha.rate 
pulse o:riru 1 xygen · ·uration 
pulse oxim 2 h at rate 
p · 2 0.'-1'S n amr ian 
p 
p pr ·alu 
radial b ' 
respirator · rat 
receiver opera ing characterb tic 
resp· ator r rate 
_ampling r gorithm 
- totic bl me 
arterial o ra. · on 
linear r pe 

ia.1 . atlon me.a.sured by pws o:cime ry 
da.rd 
dard fil r 

hin ( ) 

· · cally i ''atl alarrn 
· 11ically r alarm 
ini an · r · alarm 

v~r.sus 
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