L e3e\\ <V6TI kO 9 MAY 2003 WD 02/28281 Method and apparatus for CPAPIIdIANZIH
neural neiywgdestdiELD OF THE I NVENTION 5 The present inveperRBof/@ogd €S tO
nmet hod and an apparatus for the detection and treatnent of disordered
breathing during sleep, in particular to a nethod and apparatus enpl oyi ng
‘an artificial neural network. BACKGROUND OF THE | NVENTION 10 U.S. Patent
No. S, 953,713 (Behpfaihaf and apparaguscioys 6BAR, Ugingddngunltnesaorkg sl eep
di sordered breathing conprising neasuring a respiration--*---telated variabl e
at an interface placed over a patient's airway coupled to ressurized
gas, feedi nFIELROUEMHE taVENVDORI ned from the respi rﬁm‘wﬂm mtuﬁm“ | at ed
variables) into an artificial neural network trained e patterns
characterizing sleep disordered breathing; supplying pressurized gas to the
pat i ent S5ai My phdcRIRGEIRor PelbEEORIIEtRond B aSddrblid Rlr RGElachBROT k
of sleep disordered breathing. The sanpling frequency of the pressure
t ransducer' sanitieatment of siserdened hwepthing duringesieep; ireparticulanto 3o Hz. A

Fourier transf i ry i i sanpl e val ues
W ndow. Anoﬁﬁgﬁ“tﬂiBégfﬁoq%%ﬁisgggfpﬁwﬁqaﬁgr@ﬁﬁgpﬁﬁ@@ r}%ﬁ‘gf’ﬁé one hand, the
precision is proportional to the nunmber of input data but that, on the
ot her hand, the 25 response tine is_correspondingly increased. Wile high
preci si on iSBQEK@%W¥ﬁ§8H5%T?%ﬁH$Y5§WHPN changes in breath pattern can be
detectegy a sl ower response increases the risk of progressive deterioration
of the airway aperture, and therebé nore severe respiratory disturbance

e

before the pdtS.eratent Ne.&u9883,713 (Behbehaniwt af) discloses agnethes far sor der
based . af & . . e )
reatmont | SraginERNd: BSoPAER bARRNIR SoprBIRT hdiEtin o rEdRE,

time perspectalated varidifdeC/ &8 rgkrface@aced tver @giatie' MMV Upléd EBAECTS
OF THE INVENTION It iis an_object. of the $rese i g_nti nto F‘g;irovi de an

.
mproved ot REESSHERES GRS ERSAIng FEQUenY Hat SERInSH, TEen SRR rEsRIERER vays
pressurest 0 gaifgld _@é‘r‘ia@leté) ingo @Wéhﬁqiﬂhﬁ@ﬁ%l pbtwok BaasRto i‘éﬂ‘fﬁﬁiié’n to

provi de an automatic continuous positive airways pressure apparatus (ACPAP)
whi ch | acks Betteenschaaeterizingisieen digenereedpreathing;cfurmhdngraresppazed us.

10 Additi ' . ' ' : . O hort
deser i pti on- 875 Ehefe pellents SirvBgEI {Ebopist ecBlhitior e cci A dlrat ot
preferred enbegvornef slebp disardiered tareathingt Thea sehwley freguentyhef dppended

clainms. _ SUWARY OFE THE | NVENTI I e present _i.nvention .S bas t he
“nel ghi That P FESENIRMEELF SUsPLE RS b garere e Bpeln e RS R, an
anal ysi 200f Hizs ar et thaasiobm ishcalaulatedleery LPY6 becdriddsipgead2 sdrapksl on
frequency anal ysis., 20 According to the present invention is provided an
automati ¢ coMBlUeNIEdo¥si ti ve airways pressure apparatus (ACPAP) in which
the air flow froma

Ancther aspect of frequency analysis is that, on the one hand, the precision .

is proportional to the number of input data but that, on the other hand, the
25 response time is correspondingly increased. While high precision is welcome

since rather small changes in breath pattern can be detected, a slower

response increases the risk of progressive deterioration of the airway

aperture, and thereby more severe respiratory disturbance before the

patient is aroused. Other methods of detecting sleep disorder are based on
30 breath-by-breath analysis

Alternatively, if adequate treatment is not installed, the patient will be
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CPAP or other system providing positive air pressure to a patient is
imeasur‘fgo?/%zsfal cul ation of a nunber of paraneters spec[;édhgm}l%z}’&e SQQHF( 2003 -
The set of paraneters conprises cepstrum coefficients and energy content, :
25 and is selected to indicate an apnei c event of breathing during sleep,
'such as apnea, hypoapnea, and flow limtation. Data for these paraneters

col | ect edOBIERTS OBMTHHE INVBRTION patients were used to train an artificial
neural network to teach the systemthe variation ranges of the paraneters

for subsets of patients under a nunmber of circunstances. The result from3

o0 the art fs# 8bjereWrthe Sies@hkinventiBn?d Brovide & MVHrOVEBNFPEERSY £ d of
nodes in which each respiration type is represented by trajectory or a

subset s aﬂtmaa'salmsupaﬁ'm continueuspPasitive aipways pressike toar patienter ent

fromgt hat of a breath during disturbed sl eep. 0 9 MAY 2003 WO 02/28281 3
PCT/ §E01102085 | f breathes synptomatic of a condition of disturbed steep

are det elf sdandthefiobieqtr ofsther present irvertticnlto brovidatarasttort®UE pressure is

reduced in normal condition. 5 Thus, accordi the present invention
< di sl 6ORENLOHE PRSEVERTYAYS BERETAE APRATALYS CACRAR WOICUIRSKBCRY od

br eat hi ngazlirdonte of €8E RANbAYKS Bf Sfatarbf-théiart appafatlsnet work in which data
related to breathing gas flow are analyzed in an artificial neural network.

10 Specifically, the method according to the present invention conprises

the ol | Al SfectsPbAHEN BB ork| dflcBnt HAn HE TR s> 20 vy,

t he “mas erng 1 onfruni cat1on wth a sSou ressur br eat hi ng
gas cont desteptiby ofl tERARYer iy, cine atacihéd drawings illaspiting@ prefercedt; 15

peri odi cal | anpling t gas . flow.in the circuit: periaqdicall .
Pal cul ot EReANTRY: fe YtaEFaesdiilah bastedks &7d the dBPREBRY TortS: br eat ni ng
pattern; periodically feeding said paraneter values to an artificial -
neural network trained to recognize breathing patterns characteristic of

sl eep di SHMUARY OB THEINWENGIONanal yzi ng said parameter values in the
neur network; controlling pressurized breathing gas supply in response

to the output fromsaid neural network. 25 It is preferred to feed said
par anet eTheapressnt invereiareisvimadedasn &hé rinsjigbb tpaod direaohadalysis of 3heHz,

pref erably of. about 20 It s preferred far, said aneters to conprise
Cepst ram IS FIE hEiors apecii Bprre goaigs R USRIPRERY BYoFtn 1Bt prof err ed
aspect ofpdrtieulan\fRW lighitddbreath] basedlonfegaknbebrnBikid, s trained with data
collected froma | arge nunber of patients. The data wi ||l have been

collected frompatients differing in many aspects: sex, age, body weight,

g;legz‘g 82%&%‘(‘:@??,%2%25%%@% fdviktiots' Brvided ol £ifBmatlt bAdHusEP3 WO

positive airways pressure apparatus (ACPAP) in which the air flow from a
CPAP or other system providing positive air pressure to a patient is
measured for calculation of a number of parameters specific to the signal.
The set of parameters comprises cepstrum coefficients and energy content,

25 andis selected to indicate an apneic event of breathing during sleep, such
as apnea, hypoapnea, and flow limitation. Data for these parameters
collected from a large number of patients were used to train an artificial
neural network to teach the system the variation ranges of the parameters
for subsets of patients under a number of circumstances. The result from

30 the artificial neural network is obtained as a low-dimensional grid of nodes
in which each respiration type is represented by trajectory or a subsets of
nodes. A trajectory for a normal breath looks very different from that of a

breath during disturbed sleep.



di sordered breathing such as those occurring preferentially in the UO%MX 2003
.posi ti onwda émzsesioccurring during particul ar stages of .sl eppy/sgaflofohese
occurring under the influence of drugs or al cohol need to be addressed.

~ Such data are advantageously collected im sleep Laboratories in which the
'state of sleep is followed as well as the type and severity of the

br eat hi ng dikbreathes syimptomatiootd donditien of distpobed sleepprepdstested the The

col l ected r ri t.abase. rd t N f

artificial %&ré@sﬁﬁi\grib&éﬁ%segtli @?%g%ﬁﬁ*é@ﬂ%&é‘d&h%f a small
secondary hoemaédonditios. dat abase whi ch can be stored in a ACPAP. Thus,
according to the present invention, a dedicated secondary database obtai ned
froma prinmary database conprising data collected froma | arge nunber of

per sonss i s THy8! 8Ecdrind fo MhEPPesdm e Fiéh”ig di l@si&ﬁ%étlﬁ@ﬁfﬁtﬁé the
invention it 1s preferted to periodica sanpl e the gas flow during

br eat hi ng. dehectmn@matg@entaohdispeder@ﬁym ingegudng sisapgerwleyiog an

training d . te.ref . el re).

Nei ghbor i g HBHELAguBT rgsheriif iEh el 2Bt e PHestitb AL ce. 11
t he same wanahzxedrintarabriifigabneurslirktaorkector is extracted for each flow
data sanple. The Euclidean distance fromthe incident vector to each node
is calculated. The node in closest proximty to the vector is associated
with ifg S_‘Sfbé%_l?&%ﬁypfhé RfdtheRt aMRFERIStRERe DPAdMarVaSst G adaTsesathenodes
inthe artificial neural 25 network. 1t can be said that a sequence of
nodes is t ffellewiegostessof the network. Thus a trajectory in the geometric

structure Qf : : ' : : r khdilg i .
ar amet e apapaciihe sk WREBRD ofer 2 BabiRHEL il e iRsicbaiRGin .
smal | er than tétrarpamieatdrwitipacsourseadf apressunigedtmeathicg/gad evmtwalleder eby
is sinplified,_ Th sponse fr bé_g30net. rk fornms he basis for
di sti ngui shi nBYEe‘EﬁégnaEﬁﬁgé{,e%b fead 'éﬁﬁP”\é\?QﬂBf FEFY%r eat hing state and
thus, {9r QPABeRbERZaNY SabdiiidPthe EBSE fiow fitheRirkhis is based on the use of
an artificial neural network%)ANN) of Kohonen-nmad type (associative nenory,
T. Kohonen, SBefiodicglivicalaulating valwesviey orodor severs! rerametersclistingtive 2085
and Associ ati Iﬁ.gg . .. Springer Verl., Berlin 1987) for detecting
apnea or apneé?Fi e g%pgiacﬁej%%he ANN is trained with data obtained froma
nunber of pat periodically deadiogpsaidimaratmater vahees eadnlartificial nedraietivorks a
gl obal (univegsal ruct ur.e qQf dat.a stored_in_a_non-yolatile LI an
2 aceap. ' azhea B Feodthize Brabfifa Bortdiho helaRy st ot ash BT pced
(traceg) in tbhesagiiihg;A normal breathing cycle forns a closed trajectory. A
trajectory devi a{yi ng fromnormal is indi ca‘%ive of a breath disturbance. The
ANN i s struct GPBYZNP fRlf RIraMBetes YAlReS HbFRe NRURRINRIWES! esent i ni ti al
stages of apneantrbiiRgPBRsaurizel KrebtRh8 Yy Jupdly GHFBsLRdL &3 tiRs Sarlt
touching its 10 brorglgr i ndi clat esﬁtehat ?ﬁﬁe arrtil)%ﬁr}? of allgr provi ded tlguthe
pati ent shoul frase seitneusdatavark.t o re-establi sh normal breathing. Once
breat hi ng has been nornali zed the adduced anobunt of air is reduced to
normal, i.e., to the pre- ' established base value. 15 The artifici al
neur al ﬁﬂelt ek p;refetrl‘ai tefeed sbi@pﬁiﬁﬁeﬁerd@oes ledhe mdbwobk ater freg;deﬁcy
Knagenhjelm_Jnfr ructyre in Ko en ps, c. | EEE | CASSP, asgow
1989. The r#ﬁ%’bgfﬁz ’E‘?]Sdéﬁéi pEgiery Y%%ﬁ ?sz romthe series of air
flowrate 2 0 nmeasurenents, values of the paranmeters chosen to classify and
detect apneic and hypoapneic states. In each single analysis the parameters
are made t oltfispreterrechforisaid paraneatens 0 comprisereRFTem caafficieatnangd and
deci si on- makj i sed. Al sanple values are individually analyzed in
gy Sl

preparation iIck response to changes in flow which are typical 25
f orewarmi ngs of an apneic or hypoapneic state. According to a third

D Lo B o) el s ehamod ssoad oHaankRe s stbAcRLY ot ve
codi ng anal Hétv?o&oi%m'éi?\'eﬂgwftﬂ%atglatfoglg@gef‘c{o fron§ 2CRFGE Hhnwkr @pp£9§n@!. Hhe

sanples. In particular, the so-ca araneterS fromthe analysis are
converted tdatepit hawe peeancoliacted froro patiants diffednain sname aspeetsp seXaet er

distance and ongapbiahng! SdliRGadta) ek #PaBakORT vAPRAE BF biddy- O



5 10 15 20 25 PCT/ SE01/02085 According to a fourth preferred aspecl 3 iy 72603

I'nventi efiobhesapy edi ction error in calculating linear predp@fSrd 208 N9 | s
used as a basis for the parameter next in line. The error is filtered to

counteract short-termvariations and norgralized with the total energy of
-the anal ytical w ndow. For cal cul ations of energy a | arger w ndow than for

the linear @!‘ﬁiﬂé?éd’ﬁré&lﬁld&lf@éﬁbﬁ%ﬁsé%cﬁﬁﬁ%g FF@fe?@ﬁd‘ﬂW A1 tRE®alcRt est

wi ndows can be used to calculate a line the inclination which describes a
trend. The p@sitics, dhese oacunringidusingsparticular stages of sieapamndthoseus,

accordin I i h ation of
2 trend t Secild bied e it inRis StficoRyPtiesd B b fcufiset,
According to the present invention |s al so di scl osed an appar at us for t he
detection and, treatnent K of disor br eat hi n ng sleep for use with a
oA, the st SRR R RRAGSSUEY ertRd bLagte iabartalin ib whlhithay dat e
in particulspateodf &l88aliatdiIRWedBE vaall égtthé' bélantessvritp I Piekbi&dthing
anal yzing, directly or indirectly, said a to control breathing aiT

pressure. Aistoroenee tSdnpnetOpecébyntﬂse ﬁf/arnolmspmgommmdsxssiceate'ﬁha CAPAP

Cohel bt 1 o COIBEREAAB R Mol BRtaRYE, Hridq e fhang OF AR bRt o

i Pd![ Lect ly, naaadndﬁﬁm’ktmemtarlslqular&ifhdd nggﬁn formﬁmybéadsﬁ?atl fwgomdar\at i ons
e pres ve n_ar i scl gsed in.the eta

Gescr i1 omasicarel databassiv Siohr doe AEPeS! ThYscRrePaTHR taiths

DESCRI PTI O}b@eﬂﬂ'ﬁv@ﬁﬁ%’\@dﬁbﬂé}.@d §Et‘ﬁhfd da%abééélébfaﬁﬁé‘éi fRM3a Prite

conprising several figures, show ng di agr am r egar di ng

par armet er «atehase éﬁmmsg'\g daga ﬁ@b\e@ﬁé ﬁ%@@ aé@rm@mubﬁrpé@@raom i®exanpl e 3:;
0 9 MAY 20%&%9&%{8&@; 510 15 20 25 30 Fig. 3 Fig. 4 a feature vector;
a Tea

PCT/ SEQ1/ 0 ure map response in regard of exanple 4. DESCRI PTI ON
OF A PREFERRED EMBODI MENT EXAMPLE 1. GCeneral PRI MARY DATA ANALYSI S. The

pur posge_ of iS IS to extra m.t he. ser r flowrate
encur bentACt T Ees b et ind Bsparetite ihattion s ' PRy BhaetiedlidBhpnei ¢
and hypoapngirfpkt sﬂ@wwhélmgg@“e\?‘al ysis the par arreters are nmade to
forman incident or tTeature vector on ich ail training and

deci sion-making is based. Al sanple values are individually analyzed in

ti porc)
For evar i nge SF DR EE B D A i B Y A" TRl IR o

LPC- Cepstr Lﬁmchootaeeaﬂecwamtateaotmemc:demdfeamve) QdeighbotinB@yodes

anal yo20 ariersya tesers of S (Re R e SRS, E e PSR ESr on

bet ween pargattieg adi istidleoe vaotbreigraapidtet far eaandw dagd samplasmel ativity.
The term cepstrum i ntroduced b%/h Bogert et al. in connection wth ‘i go tinme.
9

series anal FYflegacqigiancesTometha MGIERNARAPE to eRSAITSENS Rl watedyAPRt hm
of the po""eﬁoéﬁ‘?r%fo‘éﬁho rokiitge thd b@cﬁd'rqg%fsgéﬁﬁﬁédmnm ltaS§b91@ﬁgeé Hfo i ts

cepstrum IS a Nono- nor ic transformati on, see A V. Oppen elrm an
Schaf er, Di Bidang- VBCWSS’H‘Qrf@llOWIedc@S se@genmﬁ nedes\il the &rrg‘h@aboaucah ffs,

NS, 1958 TRaNTAR. 3, 08 o5 Rl ¥ SARICRT ol BULRUABOE esed = @
short-term petwaid. dihtis Rtrdjectonpimghée gednvetrit §th@cth@é@lftﬁa¢mwdrw t he
anal ytical w ndow. Ener sl.ope. For cal cul ati ons of energly ?qﬁ%er Wi P‘dovvs

are used t hEiESPENSEPE faﬂawg.@th%éh@mgfyea@rarﬁ@t%%@aqee
used to cal ﬁ%gag?ﬁ dritRe ﬁéﬂ@&kgﬁss%f:@ﬂ @n%%grthaﬁ%ha ;sarr%meté? éaa%ree@ce

In trend. T erence In tre IS use as a fturther pararre er.
2003 WO 02/ eB28vastage since calculation thereby is simplified. The response from the
30 network forms the basis for distinguishing between apnea, hypoapnea and

a normal breathing state and thus, for CPAP pressure control.

The invention thus Is based on the use of an artificial neural network (ANN)
of Kohonen-map type (associative memory; T. Kohonen, Self-Organization




PCTI SE01/ 02085 PARAMETERS. To detect an apneic event (i.e. 09 MAY 2003
ccentral / \péasesi ve apnea, hypoapnea, and flow |imtati onpeTAEIREREs | S used
to characterize typical qualities and features of the flowsignal during
~the event. The paraneters of the nodel ig chosen with the aimto be as

*di stinct, unanbiguous, and 5 informative as possible. The set of paraneters
shal | resporahd Assogiatiaé Mamery, MMﬁSbHﬂbe&r\mrr eadrllrylﬂa?)aﬁmedetgctmg

h I ddi t b t ant
Pk he pARORa oF aposaiikaspisademaine SON s Waiss R data afyaled FoPNG 1 asi
of detecti HUABELLE p%t’r@ﬂwm aHrediabdratdfyCTHR rebldly tPaiHed ANN f8fms a

paraneters are conpiled to formI'Q a vector, below naned the Feature
Vect or . Ea@obaln@-lmM@’SﬁllbWblFt;maIOfrdﬁtﬁfﬁigtﬁde‘ pnapvedtile MaMERY IR@Mf t he

Feat ure Vec/.{@%%‘rﬁp gaé tAg gathmg?:ﬁ%ﬂso tat:i'ef'n: ?cf\‘pmé kr%‘ﬁé&ogﬁge(ér?%est)he

neasurea S T se er val ues are nee
node(, theidahe ANNeA rsonmar baeaeldrn’gro;nlé fotmsa clbsed amemry)eA tsajemtidry 15

P toth { t t I | 0

i1 erent | ARG iR BRSmAL s FBERLYS & Fo Pt tFPPadibern AL Srean

si gnal val L&m&h?emmw Eb asabymiick tePBdin &lfeas 2agredenb fitlabstaagasdofio not
contribute in the classification of apneic events, and is therefore

r enoved. Eaﬂﬂﬂ% Ehﬁrﬁﬁ%ﬁﬂ?apf pdrRieFtorVdhrough suchan ama ertruahing dtSoi nt in
a N 20%6' FPeHecam Bt U Wie BSiOEd YORKe plfieft Shblid Ble Neural
Net wor |s | era ralne t o organi ze group l'usters of
Feature Veqhoreasadtsn asrtolrw-eqmabhm moemal‘drreaﬁéh@ Gngarlnreah’tm@rl'taselseerknom
as Kohonen's_ Sel f - an| Featur sh r.eat |ty-
of perfor mrr‘\%{"?ﬂli' %&% c:’\éa%f' %rﬁé‘t' tq 98%FPHE% 'p"ﬁ%ﬁ%bé& t he
training arggteghgteé@rbggg%[@g_ the required resolution of the ANN. The )
training is initiated by a set of Mclusters, randomy positioned in the
N-di mensi onal signal space. The database used for training is fornmed by

conpi | i '39 t‘lglg e BPEfiLE ?ngﬁﬁ O%étgj R i‘rél @l?n RWEDSHasdls falciBBHINYP. [ Bratadd ous

sl eep |sor rs an st ages sleep During the trainin each
i nput Featuanedve&rmgermehmpmfeastmrtaaern Kahonen Maps,i Rroct FEEDAGARSM best
resenbl ance@ﬁ%tb{a EEPUt vector. This cluster is voted winner, and is
adjusted to G FI rhput vector. In 0 9 MAY 2003 WO 02/ 28281 9

PCT/ SE01/ 02085 addition, all other clusters within a neighbor hood to the

e 0 SPRL IS oo e it 302 ROl ST RBAC AL 2ok skl auer 0o the
for eagh cl Hddurbmdnhs, %r%a'of%ﬁe%rame@eﬁésare alakaingafdi deteexagonal
or a 5°square latfice, and i di an di stance between them defi nes

thei r interaaneiceand |h(iﬁoannﬁt§oﬁ§5?5nén@ﬁﬁ51r$16§lﬂ pRalysigdheyparermekeds &jea
hbor h | f
nei ghbor O%%Iegré r&%ﬁa[hgrna%ﬂféergv'dﬁesﬂﬁresféct%'r on“wﬂf‘c‘r‘neérrggfanel g%ﬁﬂdﬁn' ng o

the training eas o or none) are consid ors at the
end. The fudebisiorenwagkiagrisdased. A salnep!mvsdees BMMMWMplIg@@YZQmm | ess

the 1 o corres cluster in the u rds the
i nput vect ofre g‘?ﬁ?g 05%19 aﬂjFH%PQnﬁ? 30 ﬁé\ge Y’g‘héh géﬁ)g"c%%\ﬁlm le the
rul es ofs adyrwariisgRbe afieipigdof hybbépﬁ@i@:ﬁﬁ@@e The training tinme is
predeterm ned, and an annealing function is used to 15 "freeze" down the

system causing only snmall adjustments at the end of the training. The

net Obor NoOA FUASHEAR, £ 1ARHSARRLT bEbLONOPRIARAAER Hedf PralReRell ot ance

and the map-space di Stance ovvrn assifi (?rnthe
(1 ow di nensicodaig rsmm&pa«aa,alyzetﬁmerpanmmehen umeemﬁeéto:mmheuealematwork A

si gnal -spac The descri bed above is.known as 20 "unsupervi

earni g - fingar BRERCUVE GG 2D CH MBI B PP P aarBeters I esiriad Bl

procedugg dqrérsrauts%«ilngrlé@vm paraisshf, i s6-taflbd flparametersdromUthe analysis
are converted to cepstrum parameters for optimal correlation between
parameter distance and conceptual distance, that Is, so-called associativity.



apneic events is a tedious task. Wien the ANN is readily trained, [}%@AY 2003
cl ust enn8OWRR2828t epr esent M features of 25 the input fl ow BCTySB01/62085 udi ng
nor mal breat hi ng, hypoapnea, flow limtations, and apnea (provi ded these
features are represented in the databasfe used for training). The response
- of the ANN . is proportional to the signal distance between the input signal
and al tl‘écqgra taa fapgth P@Qfﬁ@’eﬁsa Q@@?tthﬁén\’ﬁﬁtﬂﬁﬁ\{:\ﬁ% 96?2@9§ &MPEr est
in the cagecNEulst il i i |sSa H pd the
node v ¢ heayuIS4Ag Urleat BrepleevE bR ugdll dsta bRSISERR e Harsietsl i ng
and apnei eexdvierine. The erros i& fidtered $otcosnterast ishgriptere vianiationsdand gn of t he

ANN. C assjfli Feat.ur.e Ve r . . ANN, the output is
observedﬁé\'{{hgwwgﬁe&& Eﬂ%ﬁﬁﬁ@ﬁ?ﬁﬁ'ﬁé?%ﬁ?ﬁ%ﬁ’ C‘ﬁ"i@gwo 9 MaY 2003 WO

02/ 28881 ' PCT/ SE01/ 02085 10 | abeled with the presented feature. The actual
output thereafter Is the |abel rather than the response val ue, The set of
clusters éqﬂéc‘ﬂswaglpaﬁﬁ §nerge iﬁarrgﬁl" wiagow@aﬂ Rptgﬁqﬁ'@aﬁﬁ&dlq‘iw&_ runtime
mode. Pt ¢gihg iy dla i€ ubad 1TR KRG I thkatdit vAREBwArPBe 1280 to t he

trai ni ng phas o extract the v S e parameters used in the nodel
i .e. the Calauiate ading the intlinatiosn whithsdesaribesra tremnds drheodifferenee ir k t hat

w || produce .. tput .l ahel L o) i IS e

f | owcont rﬁ’r“—%Pdgﬁ‘é%% é)@iﬁ%ﬁ:: ;‘Lacrgﬁf%gh f%’%ﬂ%&éﬁoﬁ ?ﬁ%\gr¥§H eﬁe fl ow
si gnalp beagpélit®mfttheddveertishpth@indlimationalofa trendHimieocaitulatedp frgmat s

sanpl es/ second, giving a sequence of samples x;, i = 0,1, K, 15 where X, is
short for”’)&qsu."e‘%)?n g!"dt‘ﬁé-' n®? & RATAMS i nstant i . Tand T =1/,fs .
PREPROCESSI NG. To reduce the influence of individual patient variations and
to facilitate classi-fication stability, the signal should pass a device to
renove thacednging torshe preagnkinwensionsiscaipo disgioseidoan gapsratustfor tben be -~

I d, .t . the ] i i i o sippli Lt t put
20t om t RECRterof o Eiiepfese 5 GiRbiRRY WRaliRE A ing SERREr dsed .1 or)
\(,:Me:o!stlﬁfangggfpgfgiegﬁfgrahwvsgns hownqg aop\FA?etI‘é ﬂoriﬁggl\plmbebf;?aethirfegng ont ent ! o;rhtehe
si gnal us?%&a&iﬁ‘{}aﬁf’f‘émﬁﬁﬁt%p . a(‘l%‘%‘ﬁ‘%é?”ﬁ W&@rg%fﬁ}l‘é&?ﬁg@n, t he
dynam cs @firelch df'QItQﬁiréém,C%EfdéﬂaefH éoﬁt?‘ﬁlhﬂaﬁégi‘ﬁfhgoé!?%biﬁiﬁeQn of the

paraneters. O ten e paraneters are wei ghted to produce paraneters with
simlar variances. The cepstrumcoefficients are derivatives of the so

called A- ] I [ L | reechh G | i LPC) .
09 Ay 2805 B2 ST NE e R 58 s e S R HRARB R e
used Zi gqm'qbﬁlfcnf 'sarhptingtbnaatlaimmairtﬂm\; d'aga)ﬁh particghar drhinhadgpidd Om,uamd/i Lll )be
augnented with_a paraneter to account for the tong.term(say_. econds
eﬁgrgy vataina?ritg‘ra??? nﬂxﬁrg{ PEPYRES 19T ApRlYFiNge 9 eFﬂgéﬁs‘Pﬁlr\?SéY'og?'ﬁeda}Esftﬂ ute

| evel of tRatdd eresihimglaircpeeddulky, refl ect the relative fluctuations. :
Cepstrum To cal cul ate P nodel paranmeters at tinme k, the last W input

sanpl es are used (w ndowi ng). The sanple, dx, is predicted to be
Further variations of the present invention are disclosed in the following

25 detailed description of a preferred embodiment thereof illustrated in a
drawing.

DESCRIPTION OF THE DRAWING

30 The invention is illustrated by a drawing comprising several figures,
showing:

Fig. 1 a block diagram regarding parameter extraction;
Fig. 2 a feature map response in regard of example 3;



_P1ladk =-a, dk.| . I=1 Thus the prediction error signal i8&3MABKIEB d~

- dk = w¥megk_ | . 131 The task is to find the set, a PN Flomsg' m zes
the energy of the prediction error signal (i.e. flndlng the values of a =
(a,,A ,aP~ to nake dk as simlar to 15 as possible) over all sanples

- Wwthin the window. The optimal solution is found solving the matrix
equation Ra =-r, known as the Yul e-\Wal ker or nornal equation, using for

i nstance the Chol esky algorithm 20 The vector a constitutes the so called
A- pol ynoni BiB- @i ch Psfeatife™Mect®d into a set of cepstrum coefficients c

usi ng the | L,owi ng C 4l ¢~ “ar n=2,KP r_i
n The ceps%'gur% coef ?#glggl'r']'tetsmcgp I%SDO%sg '8 r&g%d% e{ﬁR‘pEf i'rst coefficients
in the Feature Vector. 0 9 MAY 2003 wo 02/2s2si 12 ' PCT/ SEO1/ 02085
Par anme er Tr e_en m a nunber of w ndows are
used t E§E§§gﬁl§pr§ iﬁg #ggﬁ%%ggn@?‘@% If the trend indicates

I ncreasi ng energy Levels, PET is Set to zero. If the trend |I's decreasing,

the point where the trend i s crossi ng the tine-axis is calculated. A

non- | i near EKAMBAEF dnnfaemeanals val ue formthe PET coefficient. HBK figure
The PET is added to the Feature Vector. The conpl ete Feature Vector is thus
conposed according to Figure 3. FEATURE MAP GEQVETRY AND DEFI NI TI ONS. Let
the M map ﬁ&ﬂéARNeDd@AomMLYSISnThé pOrpodd of tl'MDanaIQ'Eisea tohextnacte freme

oo 1P o fhe's8E8 oF Al awEte aRatrahatts, 1R en ot BhraaTReErs shiel
di stance (tdcml?slﬁ/ ded Mé@éa:tta%@@and hydoapn@id statds. th eacws#@ﬁe Bhalygput

Feature Vector representing sanple xk be denot ed){y map response iR
node i forthepRrR@ekerspre Mageder foray aadncigentas gatfure_vqg:torr ep which all where

Lhe St onal nSRice Shdeachd méﬁngqg'&%Qdaanx%amalewugs drd imaviddatly’ -

IS SO sulta unct
analyzed in preparation for a quick response to changes in flow which are

15 typical forewarnings of an apneic or hypoapneic state.

Incident vector parameters. LPC-Cepstrum. For each sample a Linear
Predictive Coding (LPC) four-parameter analysis is carried out. The so-
called A-parameters from the analysis are converted to cepstrum

20 parameters for optimal correlation between parameter distance and
conceptual distance, that is, associativity. The term cepstrum introduced by
Bogert et al. in connection with echo time series analysis designates the
inverse Fourier transform of the logarithm of the power spectrum of a
signal. The transformation of a signal into its cepstrum is a homo-morphic

25 transformation, see A.V. Oppenheim and R.W. Schafer, Discrete-Time
Signal Processing, Prentice Hall, Englewood Cliffs, NJ, 1989. Residual. The
error of prediction in calculating LPC is used as a basis for the following
parameter. The error is filtered to oppose short-term variations, and is
normalized with the total energy for the analytical window. Energy slope.

30 For calculations of energy larger windows are used than for LPC analysis.
The energy at the most recent windows is used to calculate a line the slope
of which describes a trend. Difference in trend. The difference in trend is
used as a further parameter.



ANNEALI NG FUNCTI ON. The task of the annealing function is to obtailf WA 1003

- equi | i brewworgeasgt he end of the training. The principle is pERSEdAEHSS
adjustnments are allowed in the beginning of the training whereas only sna
It (or zero) adjustnents are allowed atgthe end. Now the decrease 0 9 MAY
' 2003 WO 02/28281 ' PCT/ SE01102085 13 incorporated is not critical. Linear,
exponent i al PARAMEEERS. Jol detect gn [afineile eagnts (ihedeertsal Aobstpuciive @pnes,t he
literature. | N TIALILZATLON. Traditionall al | ta,driven.cluysterjng
schenes. | THAGRATSA" SOAGEN LRSI FopdeldS usebtornefatira el < n ¢ ne
signal spafifalitis H7s FaEtUREs bF R Fldw-SIgMANULHRBShe dverithThRaparEhetérs The
actual values are not inportant as |long as they are not identical. The

orderi ng df theenedebiscehosen witbdhgtaimn kel bm as distinat.\ingeEnbigieous.ceadi ve
oot O o ' : A

o Soenboq NArdTaHE a5 RAdShiE T8 LEK of BalarmBiels Al MEBollBtttynibdt | 1 1

det er m nechpreit leyehis thet amevealdilyglstectad by physiddns. bin abdditiem gotwe hood

L0 00 S SR S58T ls ocrh ofpe rehShal md 17+
~gk~t) andnkehsitivetotfBt@dareldVe At LB IO SRISF ditbitihg i@elvahesr hood

function. Various suitable functions are discussed in [3]. 20 EXAMPLE 3.

Hard decision A Let 64 map nodes be arranged in an 8x8 squar_‘%wgri d and
number ed OTHE FEATURFVERS QRopThecYalues afttbelraremeers atk feMPpiiad, 50 feFm

exanph g thg \fgﬁfbrdié:?ﬂjﬁw(?%rﬁeétﬂg?g%tﬁ% viQor. Ea?l? finfle th&FoW-sighal 16 | arge

dat abase is recof cont al ni ng OW nmeasur es om several patients during
al | phasesme@asstedpsambied)ethe dalups off thepEedturedtbciar 2% extracted: Ohisd on a

di sk. The,dat- JN! t ai | sl br eat hi f :
Tt 4t | onGIeaTGH R AP SR GHP AR Ssad i SRSS BREFBaR R0t & but ar so
k | eak t tif . 9 ] 15 "
PCTI SE01/ oBuEaNaie vhipedate nBEbE In e dnblsl, tHe Al o2 i indced ot
f1 ow signaly ity Ni.IfSlsapRiespet Reesgd, an ideal differentiator. A rectangul ar
wi ndow of 780 sanpfes i's used to formbasis for extracting 4 cepstrum

coeff h gl enpgof l?o tKe exEractRRbf ﬁaﬁeﬁfaﬂ@é &he fﬂW%&T@ i% RRfrHF Nt ris

a 5 dirensi onal” vector W th values extracted every anpl es are
col | ect ed (highrpass fikergshdo avoid thariobueneaatthameamsgigaal vaéue.rBheai ng

proceed. T u .k e | Jr ' ' e
dat abase, Bﬁﬁé}‘a@g{’?ﬁ{ 3)'%\‘ 55%’#%%"56‘%@@%2% {g&gg%g#ttscgﬁﬁ‘ﬁtéaﬁ%iﬁ Htégan
adequat e ngiaeificafiba dflaprsie aventiss amdcis therafidre censiveds Bachi M=-0, K ,M -1
are cal cul ated and Lhe cluster closest to the Feature Vector . is voted

wi nner anddirgepgiRpaehegture asterFan PL: fa9graee ag QmRe@t 101 N 51 1 owi ng

wei gh ungtd i g 2~rdV=~1 2 3 4 1~ The nei ghborhood function wl|
al | owtzadlcl gfrngﬁsélpéafgabgygg?%{ed at all tinmes

TRAINING THE NETWORK. An Artificial Neural Network (ANN) is iteratively
trained to organize groups or clusters of Feature Vectors with similar
properties. The self organizing process known as Kohonen's Self-Organizing
Feature Map [1-2] has shown great capability of performing this task.

25 The number of clusters is defined prior to the training and is determined by
the required resolution of the ANN. The training is initiated by a set of M
clusters, randomly positioned in the N -dimensional signal space.

The database used for training is formed by compiling the Feature Vectors
from a large number of patients with various sleep disorders and at all

30 stages of sleep. During the training, each input Feature Vector is compared
to each cluster to find the one with best resemblance to the input vector.
This cluster is voted winner, and is adjusted towards the input vector. In



(i.e. the size of neighborhood is not decreased in tine), but w Iulg%@,ng\qﬂaze
~ clusterwdasnggpy fromthe winner yl . g(t) = a Z~D~, ,'q,cr.r/s%%l%ﬂ%
annealing function, j(t), follows a |inear decay schedule | (t)=0. fl-tIT)
t=0O K, T 25 After the training phase, thg map is presented with known

" features such as nornmal breathing, flowlimtation signals etc. For each

event the rediioneall 8thémclastdrs witliinad nelghburhobd todheuvinned if srmtherg. 2) .
S, k = exp(ydx./.. P) , Regiops with high respagn for normal RQreathing are
Pabel ed ASRB7Rahe S5 EALST A 5RaCH Hik PATPLRS toRBF EReRRUS VAREOR: <

| abel ed asrhd -s?aé@ts gsuallyesr R diRenSibhitontaining ofeModefile i 02/ 28281
15 PCT/ SE01/ 02085 bt I s then deci ded which nodes that shall represent

event s ned&iester in the signalispace. Fheqpdasaana arrgngrdiia hexageaat or 8he pressure
controk s B Q. | nding to
EFow 1 P FRMEER 1athice) Indthe Bcitheh HERRES BetoR Bl befifics EROEDC Y be

| abel ed adnterhbbrel8tibnmAt mpdes nedlibmrho&dASRisEally ddfindddmeasi on B Thi s

le | i | he, i bed, i le 1 her e, i
o oo of TelfbaHaddrnittoliend FaS e thé Bef 3P Tadasgn e e fick GEME e
cepstrum apghing wWidreagonlyai fal &F Achd)axre epmsiasteiailhyibbps bbehe aR.

vari ances,_whereas the PET paraneter is given tw ce the variance of the
cepstrum T Briher ayaya nreepgto he avipper imthe marrspace, thepessdige t han

t he resgt : -y | ' | [ loyed: w=~1
a1 195 FosrSpRRAgRRhEr i B bBnaepate I ol ssel owards e FB Y b map
response fwactar.| Bus pil @aljustinenrtsiaretdarieoin eysignal spateywihilentifé gu/ek of n

this case, X, Y. Z will pr I Labeled as a flow (imtation .
regi on. E%@gﬁ%éf’t‘saﬁ Wﬁbﬂ?gi’@gﬁgﬁ?ﬁ%ga&ﬁanm e, the map nodes are given a
nunber 0, 2, 5, or 10 as labels to indicate the seriousness of the -
classification result. Thus instead of 20 presenting_an al arm signal on/off

to the pre@FR@iRNAEYHE isRedptermiReduABE AN anpasidifyictian isteseqd Rt ance 0
reflegks n nreqi e

I nt eg(rig)t ed?féﬁeorﬂﬁ@@s%ﬁf%ﬁa@é{rﬁé@yﬁ?ﬁtﬁ gsadgpchSI | g%ﬁh%?\éh?? fttPS | evel
i s very hitgainingptdeineighorboodfupcticn greates cdrraatidn Hedwekrsviflessighkbw f or

a pressure, r apd., i dl X I : t .l COW_ Lncrease
of the pr ess‘:g{ﬁ'%e&@g%ﬁﬁgd éﬂé%gﬁ%@%d‘%égé %ﬁuﬁxﬁiggaasifg:ag’pﬁt%eb%r ocessor
go SOt ~al ||§)%vfcg|0ﬁed}ih thal(dmlv&iimh];Siod\%)Cn?alm@dpabavmt?éhﬁﬂdrr@ el ﬂﬁd’ﬁ i gn can
e deci mate ; a factor two or_four e, nunper sanpl es within the
anal ysi o viOTIBIFSkFS: SoRASBRCY s istagd dapeOber PasEI vl 26281 16
PCT/ SB@1 10803 deltisetiNBatdiAg” SRR thafe {80 Mt Lige Bldskificdb@sta invehe
breat hi ng cycles. The ) ) i ]

training procedure described above. Classification of data into various

apneic events is a tedious task.

When the ANN is readily trained, the clusters will represent M features of
25 the input flow signal including normal breathing, hypoapnea, flow-
limitations, and apnea (provided these features are represented in the
database used for training). The response of the ANN is proportional to the
signal distance between the input signal and all the clusters. See figure 2.
Often this output is of less interest in the case of classification. The ocutput
30 is instead used to find the node with best resemblance to a élassiﬁed input,
such as normal breathing and apneic events. This Is known as the labeling
phase in the design of the ANN, Classified Feature Vectors are presented for
the ANN, the output is observed, and the node giving the highest output is



resolution of the map response wlll not suffer fromthis. ExanvpLBIMAY 2003
Pressw@oz/epgl ati on and runtine node The pressure cont rgdySpefoeseps | |
i ncrease the pressure one step of 0.12S 5 nbar if the ANN response is
positive for 50 sanples in one sequencg. The pressure will decrease with
one step of 0.125 nbar if the ANN response is negative for 3D0 sanples in

one sequdabeledWwiththegesented fedatate Ithe hatgst dutput bkeerditardsithese i s
changed dgan% thgse quences In a runtime node, a sanple of the flow
signal i'@0&hEath REeJSesPeRe ValUBhove (i.e. extracting the Feature
Vector), and presented to the map, now stored in a nenory bank in the

APAP-unit. There is no need to cal cul ate the exponent in the expression for
nmap resp'B’F%ée': abcluptersiang now steremibthmmemernnbtire APAB ybasedde 15 //

func nr#mn?gg’tégééstﬁ tléﬁoﬁ&%%laﬁ\'gl)a%qwann Cﬁgc hqu;;él nc@%%:'éggé(}|

apne funotHe traMn@Madetmmetsthe‘ valaes rmé\tnewae')eterszaséd éattheor n[ 10] ;
int ana dim=S = 180:;

oat ol - boat al pha;, 3 0, Hoat
duet [ 5] ; ’T\oﬁﬁtfgsﬂ}e%ﬁégﬂ' V?‘FFP" de'légtg]egrp{esgg?eép t'&%ﬁﬁ&W@%sanpl e,
Wi n, anau}cy el pr@au&é ,thé tﬁﬁ@?‘h&é"(@la%suf%&ﬁoﬁp Qﬂﬁch/ts L&A ¥ tHe HBW-
rO(corr[ &dvec[4]); Ipc(corr, ana dim apol) &al pha); 40 a2cep(apol, ana
dlm duect)ntrGU@g[Cl] *= 1.41; duet[2] *-- 1.5; duet[3] *= 4; 4 S duet[4] *=
2; 0 9 MAY 2003 WO 02/28281 ~ PCT/ SE01/ 02085 17 map_resp(dvec, ana_dim

&reg_;&xn W?LE ?‘qggr}%— mapbne dec(respx,respy); if ( rasp ann == 1 ~ 1

ras return O; } // functions for apse detection IO
[l 1] COPYRI GHT (C) 2000 PePe Research j/ GOTHEBORGH, SWEDEN. #define .
MAP_DI M ¥a8alkcadesiTioNAP_DIM Y 8 #define MAP Sl ZE 64 #define DATA DM 5
#defi ne NHEAD 256 #define NMB_SAVE 100 2 0 #defl ne MaxRO 180 #defi ne MaxRO_
2 90 #def_émmaﬁﬂmt‘sn@n@bﬁe#ﬁ dxgumm vetsibrooh thetianalagifiownsighahsagplédncl ude
nap h" #i ncl ude nrap i; | oat di stance const float *x, const fl oat

y, int f?a@“P'ﬁF §econdy &4Viges3 Seﬂue'i“:&°§<%®']“~°{&§m list =t*t; 35 for (
i=1; i<d i++ ) { t = x[i]-y[i]; dist +=t*t; } return dist; 40 }
x, i=01K ,

15 where x, is short for x(i-T) i.e. the sample at time instant i-T and T =1/ f,.

PREPROCESSING. To reduce the influence of individual patient variations
and to facilitate classification stability, the signal should pass a device to
remove the signal mean. Any kind of steep edge high pass filter can be
employed, thus the ideal differentiator is used for simplicity. The output

20 from the differentiator, d, (and the input to the parameter extractor) will
then be

d =x

$ ?

-x,, where i=0LK,and x =0

PARAMETERS. The cepstrum coefficients have shown to well model the
frequency content of the signal using only a few parameters (low order

25 model). In addition, the dynamics of the cepstrum coefficients facilitate
quantization of the parameters. Often the parameters are weighted to
produce parameters with similar variances. The cepstrum coefficlents are
derivatives of the so called A-polynomial calculated by standard Liqear
Predictive Coding (LPC).



void calc corr(float const rec sanple, int coast win, int coast argag W}Yn?“"a
float* ouymgdsy static float sanp_w n[180]; static int f?ﬁ{“@%‘)&it atic

float prev_sanpie=0; float diff; int i,j; 50 /* calc dif d prey
sanple */ diff = rec sanple - prev sanglije; prev sanple = rec_sanpie; 55 /*
I nsert new sanple first, nove all the other */ for ( f=win-1; i > 0 I-- )
t sanp_ wn[i] = sanp_ th[l-l] } 60 sanp_w n[ 0] dfff; for ( j = <
ana di m. #s-"dr{e cepiRroRy/ EBdientPCILPEIAGRASH inf&r%ﬁbri@@&uﬂ-@hé%‘idl{all] =0
for (i ;1 <wn j; 1++)~ corn[]] += sanmp win[i]*samp_win[i+]; 51} /*

Add an of 135\&" gYot%ﬁ/S‘?@Ftﬁ!é@pWﬂtbe,p@gmew Wtﬁta)p@m]‘leteflto a__@:qum for o
o(fl
{ng oat X%Hé%ﬂp téhﬂtﬂs%yait %ﬁac{%y e idHs. Oaégwéa,gnr,é\g st(q]a“ gLatic

= prev 20 rfO
= 0. 9*pr eunsansitive to ¢he a’o&plmeéevelmf:the‘ ﬂowksugnal arid ofly refleick heRO | 1); 25

m= (rf0 + Maﬁ rftMaxROl])/S [ *update the saved ol d val ues */
for ( |_M£§k(5[ 5&“%‘”? ~nfLi] = rfLi-1]: 30} rfj0] = rto; /*

second rul e check the regreSS|on line */ 35 if (k > -1) dec = 1000; else
dec = - MaxRO 2*$§n1k)+|%l-'l 4 Q0 *out = exp(-SLOPE*dec); /* first rule, if
energy le EICNs nm?delfpc‘(r@meﬁeos at figng & rthedpst 7z 4'599't | *

(oo < soupPlesRI R QhnioRd R SaEFIE, dof B BRIAEERRBEE: * ML const

ana_dim -~oat* aCoefFs, float* al pha) 55 Roat err; Int i, j; float
yetis[h]; float sum r R__t O err = acf[0); for (i =0; i <anadim
i ++) {g WD 02/ 28281 | 2% §-z ’

Thus the prediction error signal is

e, =d, - _“zaz k-1 *

=1

The task is to find the set, a, which minimizes the energy of the prediction
error signal (i.e. finding the values of a=[a,,A ,a,] to make d, as similar to
15 d, as possible) over all samples within the window. The optimal solution is

found solving the matrix equation
R:a=-r,

known as the Yule-Walker or normal equation, using for instance the
Cholesky algorithm.

20 The vector a constitutes the so called A-polynomial which is transformed
into a set of cepstrum coefficients ¢ using the following algorithm:

¢, =0
¢, =a,

P

cn=an~2n-1'cn—l'al n=2KP

I=l n

The cepstrum coefficients ¢,K ,c, are used as the P first coefficients in the
Feature Vector.
25



|f (err <= 0) { refls[i] = 0; aCoefEs[i 0; } else { 5 sum= 0; {§MAfj AR

] =0
sum += aCoef f s * acfjl - , refl, sum) /
err 02’{ fél refl; 10 for H]: 0: jJ<t J/]2; j ++) {(?eHSJEﬁLg%DL?t ”)

aOoeffs[J] -=refs * aCoeffs[i - | - 3l aCoeffs[i - j - 1] -= refl * trrp;
15 if (i & 1) aCoeffs[i / 2] -=refl * aCoeffs[i / 2]; aCoeffs[i] = refl

err *= 1 WTM éné?&ﬂ‘oﬁh a ﬁdﬂwb@r@ﬁ%fﬁcﬂv@ — |
-aCoeffs[i err void a Qoat * const a, int const .
anadi m ﬁrsaisedctqoyalggla{ce antreng for henenergwalmnlf gepteand Indicales) ; 35 for
(:1| = er L méﬁ%@ﬁ'gﬂéﬂghﬁ 39 sycep[lgnsgtffﬂéﬁ'alllf U{eoéreﬁﬂ ]décreasﬂ'u Jtﬁé) 9{ N}A\:‘{d
2003 r c T/pxia/@bese the tvendi isTenossiegoe bme‘-a_ezmlstcaibwgted A gbom?llmeama di (rjn .
I nt* X t*r d t.dist; oat m n_di st
=" 10080 8’3‘?#?’ nﬁ%a H&f%ﬂ/ﬁ]#ﬁﬁgﬂh@@e = ? ym= 0; ym < .

MAP_DI M Yhey FfETTs hd{ieurt@ tﬁe(Fi:!atdrré Vmpﬂé%aﬂ\bfé?é%a@b?é Vektdr igdi St =

di stance&dvec p[ind], < mn |ist *respx = xm *respy =
ym ntn &hgs canamsed aocordmgatmuze@ WO 021 28281 20 I nt apne_dec( 1nt
const respx, int coast respy, float* d_out) static float nean x = MAP_DIM

X2, 5 stgg —I@ﬁ; at Lesi Dty AL LSt = tatic
float resp %ﬂ%%%‘a %ﬁga |clalérﬁmn khOﬁ§ Léé::trt)(? Aéltrgéﬁcn?_da% néhl st y =
0, ~0 fldnnotedd lilt; Roat rad | ast; double dx, dy, dfx, dfy; int current
|n area = ; int newin =20, i; 15 dx = (respx-area_x_md)*(respx-area

é (raspy- ainea y-@lg}%r?spy area y ntd); rad last = sqrt(dx +
dy) Omeanx—lpar‘r’ean 1-ip_a)*respx; rreany:Ip a*rreany+ .
(i-1p_a)*respy; dfx = (pmean x-x ten}*(nmean x-x_cen)

-y
t en) * ( nedAost pfteathe "M%Qfel anrﬁneeédfa @(%ﬁb&arﬁd@rﬂ*mﬁﬂé!@@éb Qf'dt ﬂ'@ecur rent
response d;sddte' BErviléiftwd map nodes i and j, is denoted D, , and defined as

the squared Euclidian distance (Z* norm) between them

Dr.j =L2(mi:mj)'

15 Letthe input Feature Vector representing sample x, be denoted y,. The

map response in node i for feature £, S, , is defined as:
S, =expbd2 /(P+1) ,

where the signal space distance d,i is defined as

P+l

= Zwl (yf "m; )z
I=1
20 and w, is some suitable weight function.

ANNEALING FUNCTION. The task of the annealing function is to obtain an
equilibrium at the end of the training. The principle is that large
adjustments are allowed in the beginning of the training whereas only small
(or zero) adjustments are allowed at the end. How the decrease



if ( area_rad >rad last ) newtn = 1; PCT/SE01/02085 30 for ( i 9 MAY 200
NVB_SAV'vgobankst 0; t-- ) ~rasp Kist[i] =rasp hist[i-1]: resp hist[0] =
newin; 35 Fe (i =0; i <nbresp hist; i++) ~if ( liC—:':—‘S’f"gg’ﬁmﬁist[i] )
current In_area++; if ( mean x > det x_mn & nmean_.y > det y mn && 4 0
mean_x < det x_max && nean_y < det_y max) /* standard case, when detecting
a sinple sq St L Ld T LT ; i rad >
rad filt ) Hgbfg W ﬁﬁn@??g“&él{.é?@eé@%%@?@%ggégaﬁd’ggeg (%@ée&ﬁ)d tﬂurn 0;
el se if (rdegay achedides aceproposedirativalijeratirest ant rasp totaly over the

gi ven nunber */ return O0; 5 0 else return 1; 55 EXAMPLE 9. Pati ent

treat nment Eaui onent. areas CPAP pvl O prototype (areas AB, M-lIndal, Swede)

wi t h i nt er BITIALMA TSN UTditionalhs@lbdatadriveEnelusteringasoheones, gnalpiding 0 9

it arti f MG eiHby By PeSEiding be g Bl i FHE bBbah seadE B8 | o
i nt . 6 mabsignige(srhalratidd rfmpess B tise bheameters: Thesaanl valkesdaes of

various kind, 5 Measurenent. The patient was, SFt ué) with all sensors from
the PSG sy8PbiMPORRAE agdengiasshe ot dantisal T piderdnd pEshe chussars

t her m st or B8RS HtGIRAbm body position. Wth this setup it is possible to
determ ne sl eep stages, arousals, sleep apnea, sleep hypoapnea, and other
sl eep related events. The CPAP provides air through a tube via a nasal nask

to |0 4the [ . . . ' ' ' f P S
connedi@a TRARINGIhE iighenie aptIHAEN ARl #REe08 10T om ¢ ne
CPAP and s@eature (ERoSUY g, Bedsepeed! She dirdetiopRfithayadfisteertigtevaaidy)
interface. The information was exchanged at a rate of about 20 Hz. The RC
program f egqs andt hewfrhowh isidetsrmined garelyaby tihé anakaling fahctien \Woaitly BHN) .
The output fromthe ~.5 ANN is entered into a pressure regul ation al gorithm
(PRA) . Thetpe eeighborhegd/fahcion atige adjistroanitciorafudas fomelusteres s @ateimet

poi nt and activates the new value in the CPAP. The output fromthe
artificial inssantak +delstwork and the pressure setpoint is read by the PSG
system Evaluation. In a normal CPAP titration (sleep disorder analysis) a
CPAP i3520 connected t§, & PBidye ) +dyr- (MG Sy @Y, The CPAP pressure is

adj usted during the night so as to put the patient in a state with no

i ndi cation reSl eep disorders. This pressure is the one used in the CPAP
treat ment. e patient's need for various CPAP pressures can be seen with
the PSG system breat h-gy-gég%. The required CPAP pressure varies

dependi ng on sl eep 25 stage, - ('ﬁ/k( osition, etc.. The data fromthe auto
CPAP test was evacuated in the PSG systemin the sane manner as for CPAP
titration @pdaffhissthe amnealrng functical ard e (pHS itbatreiglkbeihdodyfutRARN.
treatnment. Thereby the correl ation between the detection of sleep disorder
by the ANNVARPUSHVItRRMA Junetions areediscesssdieldkoul d be deternined. The good.
correlgagion 30 obtained indicated that the AFN reacted correctly. 0 9 MAY
Z003 WD 02/28281 ~ PCT/ SE01/02085 22 References [1] T. Kohonen, T. .

Tor kkola, M Shozakai, O Vents "Phonetic typewiter 5 for Finnish and
Japanese", BXAMPUE-B. HorgcdecisionYAr k, New York, 1988 [2] H. C. ~eung, V. W
Zue " Some Phonetic Recognition Experinments using Artificial Neural Nets". ,
Proc | EEE | CASSP, New York, New York, 1988 [3] P.Brauer "Infrastructure in
Kohonen mapst 4P . &.fsEE et )

Knagenhj el %%'tE‘*R@ggr%é ve éS| gn %ﬂ}rﬁ%ﬁ%‘é‘f}s %%Hgf&ﬁeén?rsﬁﬁg%{léélgtﬁo%s,
Proc. | CSPAmgMBbOetton, lefitkostiehiaseright coaesr. Thus for example the map distance

25 Dy, =1,D,;=4 and D,, =2.

A large database is recorded containing flow-measures from several
patients during all phases of sleep. The recordings are performed at 20 Hz
and stored on @ memory disk. The database will contain normal sleep
breathing, flow limitations, snoring, yawning, coughing, various apneic

30 events, but also mask leakage and other artifacts.



0 9 MAY 2003 WD 02/28281 PCT/ SE01/02085 23 CLAIMS 1. A nethod for t)feMAY 2003
det ect i @ity G@agyr €at nent of di sordered breathing during SIP?E%@E@#H%# ng an

artificial neural network (ANN) in which data related to g gas
fl ow are anal yzed, conprising: placing 12 mask with a tube over a patient's
ai rway, the mask being in communication Wth a source of a pressurized
breathi ng gfa &3 I CQh bRHRYSS i : %q% fgq.gé” AP)
system thereby e?tég |'§§R?Wgzag resgl ratora;?ﬂélleﬁ'clflfﬁ?ﬁq b’@?‘ﬂ 0 |(§§FF§P
sanpl i ng PRéseashitdugh am idéal diffecentiatorpAr rectiznglilay wiadowl off 18§ val ues for

pori odi cabry a8 AT £ Fofih Al He St actiRb s dip Rkt B Mot ogni ze
br eat hi ng (eakt &1, PanetNedPE T pasametef, THEPthdl Featuienasttdbidast hi ng;

anal yzi ng sai d paranmeter values in the neural network; controlling

pressur i zdimensiainal ngcipawith valyes extraspedhesety S0hes.out put from sai d ANN
20 2. The nethod of claim1, where in said paraneter values are fed to the
network at a frequency of from2 Hz to 30 Hz. 3. The nethod of claim 2,

wherei N s&AinpRsarel@lerld D tRe iRabdsé e aehWehk ndnerd 8 MRy ey of
about 20 Hz. 25 4. The nethod of claim1l, wherein said paraneters conprise

cepst r um &BeftraiBinghpEOCesdeThe RUmPEr ofiiterationseTi is €etarmingd bywthersizBod of
any of cl g nei falnpd : WMt | ect ed
frgm al a?dégﬁﬁtjﬁfﬁogp of’ pa ?ge%tq—sl'{.?é\lg.fmﬁﬁeﬁ'gﬂgﬁg\oﬁsréﬁég%%ﬁgl n the ANN

has leen thengdnedequbbe datreberol | ected from patients during a particul ar
st age of sl eep, 0 9 MAY 2003 WD 02/28281 ' PCT/ SE01/ 02085 24 7. The
nmet hod of claim 1, wherein the ANN has been trained with data coll ected .,

from pati efHeSEGORIARN YidtBnde RE ! élHEﬁegs dyig@ﬁtF,h/PﬂldéFeié&cél‘a‘ﬁg@-an%- The

net hod of claim1l, wherein the ANN s Peen trai'ned with data col |l ected

from pat i afes| iR @idsRdeto kR IFeaRGR YEcEHUgS/dtBs iAhBE anbcensteAi

sleep. 9. The nethod of claim I, wherein the ANN has been frained with data

col | ect ed Ihrezityatingrthe distance, ofe fohokirep weightafumetisnst @mplyetd. The
met hod of claim 11, wherein the ANN conprises a nunber of nodes representing
sets pd training data.w;@. dhe nethlod of claim 1, wherein the ANNis a
Kohonen-map type ANN. 15°12. The n€thod of claim 11, conprising a structure

of data st j | at. : i erein
Che " non- vorrs [PIhEBHSH Pukdd WIE BRok o piushifs (B beuibeed &t Blrtmes

(i.e. the size of neighborhood is not decreased in time), but will penalize

clusters far away from the winner y, .

gH)y=e"™ V1
20  The annealing function, f(f), follows a linear decay schedule

fO=02-1-¢/T) t=0K,T

After the training phase, the map is presented with known features such as
normal breathing, flow limitation signals etc. For each event the response,
S, in each node of the map is calculated (see, Fig. 2).

25 S, =exp(-d; / P),

Regions with high response for normal breathing are labeled as normal
regions; regions reacting for flow-limitations are labeled as flow-limitation
area and so forth.



14. The method of claim 11, wherein the ANN conpri ses areas represﬂa%MAYnéum
initial w ggmsgof apnea. 25 15. The nethod of claim 14, wherein a closed
trajectory characteristic of the breathing pattern of thé’Caé&EPymms made
to pass through the ANN and is anal yzeqg n regard of its geonetric
relationship to said areas representing initial stages of apnea, the

passage of Iisigl thei decidé@ Whith rodes thae shallaRpresdritusiintd neddidapea bei ng
i ndicative of a, disturbed breathi ngﬁpattern and 30 being used to control

the ACPAPTERPNd 1% ik @rchR A 9igNAtds RASER 2orthE RIGFSINE ERNUPleSYSEeMn t o
restore NPT, theedih) Adponst td Aotk Loriridifg ¥ fiéw fimitatignt/ 82085 16.

The net hod of ¢l aim 15, erein ditional anbunt of air adduced to

rest ore néeRidtedr knthis w@ses nodesi d6Y, Zipath prohablydbe labelehips@ flawt er n havi ng

been re-e hﬂa ‘ 17. The method of claim 11, conprising the use of
Iinear§pr§ |ct|5°\7£?écj%8|§hg to anal yze the paraneter values fed to the ANN

18. The nethod of claim 17, wherein, in said |inear predictive coding

anal ysi s, < I - neters fromthe analysis are converted to 10
cepstrum %@g@g ﬁﬂ%{)gFFﬁé‘?“c%r rel ati on between paraneter distance and
concept ua | il ; Onﬁ%h abm:Li i rediction
error in ggﬁcﬁ%ﬁﬁbﬁ%'s{ ?(%rqg]agr}etpre |gﬁ?\%ﬁghgkgdhiegaﬁé@éﬁd;b%%%5; for

det er m ni Marangaviadeweof 180 samplesdéscused ihstead dfxheTteetamguiar, of cl aim

19, wh [ ' ' ' | { dt t har.t -t

vari ati ondurapdeileediafhiemdntlts SEmadhrR R Bl

wi ndoyo 2@h@karie varipaces Uwhemast e PET eeiraatetants giventtnnod tied varizecder ed
br eat hi ng_og El ng sl ee _gor u_?e‘vmt a _CPAP, the agﬁ,arat us including a probe
for sanpl GhGNBIERERTAY This WIIAIVENS PET, PRERTICERN &11EUh TORIMROBANGANG an
artifci aknaRthareaCbneid pfbiierdd THFoTIEWHg wligRERINEYRn SehpRRfdat, Sai d

data to 25 control breathing air pressure. 22° appar at us I'm 21,
wherein the ANN is a |§9an 4{TBP tyqpe NN. 30 23. An automatic conti nuous
positive airways pressur :gpara§us ( AP) conprising a probe for sanpling
breathing air flow data and an artificial neural network (ANN) for

anal yzi ng,THd trafihy i®tarriel b@@takmlgfaisd kFbPe [ and BN fidp PEgRIAse@rad
pressure. WO 021 28281 26 0 9 MAY 2003 PCT/ SE01/ 02085 24. The_a par at us of

cl ai n+23, WRiSBLIIRWBItRkeN sigpakisnsivwn daFigy helmiiNs caggvnades X, NE Wilg . AF;

ohaLia : R A LAY A% . AYA ANy. A A | 9
Qgh9UX3y" '}l&égé‘biy pe fatiiidd s a ﬁEM:&%dloﬁ. Ny

EXAMPLE 5. Soft decision

In this example, the map nodes are given a number 0, 2, 5, or 10 as labels
to indicate the seriousness of the classification result. Thus instead of

20 presenting an alarm signal on/off to the pressure control system, the
number is passed on. If for instance 0 reflects normal regions and 10
reflects apnea, the numbers can be integrated to form an overall breathing
status classification. If the level is very high, rapid increases in pressure is
allowed, low levels allow for a pressure decrease, and intermediate levels

25 result in a slow increase of the pressure.

EXAMPLE 6. Down sampling

If the capacity of the processor do not aliow for all calculations described
above, the LPC calculation can be decimated by a factor two or four. The
number of samples within the analysis window must then be reduced so
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}

]/ functions for apne detaction
i0 /
// COPYRIGHT (C) 2000 PePe Research
// GOTHEBORGH, SWEDEN.

#define MAP_DIM_X 8
15 #define MAP_DIM_Y 8
#define MAP_SIZE 64
#define DATA_DIM S
#define NHEAD 256
#define NMB_SAVE 100
20 #define MaxR0 180 .
#define MaxR0O_ 290
#define SLOPE 0.006

#include <stdio.h>

#include <math.h>
25 #include "map.h"

#include "annpar.h”

float distance ( const float *x, const float *y, int d )

{
30 int i;
float dist, t;

t = x[0]-y{0];
dist = t*;
35 for (i=1; i<d; i++ ) {
t = x[il-ylil;
dist += t*t;
¥
return dist;
40 >

void calc_corr{float const rec_sample, Int const win, int const ana_dim, float* corr)
{
45 static float samp_win[1803;
static int first = 0;
static float prev_sample=0;
float diff;
intl,j;
50
/* calc diff of new and prev sample */
diff = rec_sample - prev_sample;
prev_sample = rec_sample;

55 /* Insert new sample first, move all the other */
for ( i=win-1; i > 0; I--)
samp_win[i] = samp_win[i-1];

60 samp_win{0] = diff;

for (§ = 0; § < ana_dim; j++){
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10
int reg_r0(float cur_r0)

{
static float rffMaxR0];
15 staticint first = 1;
static int index = 0;
inti;
static float prev_r0 = 0;
float k,m, rf0, dec;
20
0 = 0.9*prev_r0 + 0.1*cur_r0;
prev_r0 = rf0;

k = 0.5%(rf0 - ri{MaxR0-~1]);
25 m = (rf0 + rffMaxR0/2] + M[MaxR0-1])/3.;

/*update the saved old values */
for ( i=MaxR0-1; (> 0; i-- ) {
i) = rfli-1);
30

rf{0] = rf0

/* second rule check the regression line */
35 if (k> -1)
dec = 1000;
else
dec = -MaxR0_2*((m/k)+1);

40 *out = exp(-SLOPE*dec);

/* first rule, if energy less then 15 make alarm */
if (cur_r0 < 15 )}{
return 1;
45 3

/* second rule, if regression line crosses zero line too soon make alarm */
if ( dec < 50 ){

return 1;
50 }

return 0;
}

void Ipc(float* const acf, int const ana_dim, float* aCoeffs, float* alpha)
55 (

float err;
Inti, §;
float refis{5];
float sum, refl, tmp;
60
err = acf{0];
for (1 = 0; | < ana_dim; i++) {
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25 *alpha = sqrt(err);
bs
void a2cep(float* const a, int const ana_dim, float* cep)
30 intl, i, ind;
float sum;

cep{0] = -1*a[0];
35 for (1 = 2; 1 < ana_dim+1; 1++) {
sum = [*all-1];
for (i=2; j<=1; j++) {
ind = I-j+1;
sum = sum + a[j-2]*cep[ind-1]*ind;

40 3
cep(i-1] = ~-sum/i;
}
}
45
void map_resp(float* const dvec, int const ana_dim, Int* respx, int* respy)
int xm, ym, ind, i;
float dist;
50 float min_dist = 1000000;
for ( xm = 0; xm < MAP_DIM_X; xm ++ ) {
for (ym = 0; ym < MAP_DIM_Y; ym ++ ) {
ind = (xm + (ym*MAP_DIM_X))y*DATA_DIM;
if ( (dist = distance(dvec, &map[ind], DATA_DIM)) < min_dist }{
55 *respx = Xm;
*respy = ym;
min_dist = dist;
}
}
60 }
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dy = (respy-area_y_mid)*(respy-area_y_mid);
rad_inst = sqrt{dx + dy);

20 mean_x = Ip_a*mean_x + (1-lp_a)*respx;
mean_y = lp_a*mean_y + (1-lp_a)*respy; .

= (mean_x-x_cen)*(mean_x-x_cen); B
dfy = (mean_y-y_cen)*(mean_y-y_cen);

25 rad_filt = sqrt(dfx +dfy);
/*check if the current response Is in the area */
if ( area_rad > rad_inst ) new_in=1;
30 for (i = NMB_SAVE-1; 1> 0; i-- ) {

resp_hist[i] = resp_hist[i-1];
resp_hist[0] = new_in;

35 for (1 =0; i < nb_resp_hist; i++ ) {
if { 1 == resp_hist{i] ) current_in_area++;
}

if ( mean_x > det_x_min &&
mean_y > det_y_min &&
40 mean_x < det_x_max &&
mean_y < det_y_max)
/* standard case, when detecting a simple square area of the filtred response */
return O;
else if (rad > rad_filt )
45 /* within circle calc, otherwise same as above */
return 0;
else if (resp_in_area < current_in_area )
/*instant resp totaly over the given number */
return 0;
50 else
return 1;

p

55
EXAMPLE 9. Patient treatment

Equipment. Breas CPAP pv10 prototype (Breas AB, Mdindal, Sweden) with
internal flow measurement; PSG system, EMBLA™ Polysomnogréphy
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for sleep disturbance detection.
Patients. 6 males aged from 31 to 60 years, suffering from sleep disorders
of various kind.
5 Measurement. The patient was set up with all sensors from the PSG

system: EEG, EOG, EMG, oxygen saturation, pulse, nasal flow thermistor
measurement, body position. With this setup it is possible to determine
sleep stages, arousals, sleep apnea, sleep hypoapnea, and other sleep
related events. The CPAP provides air through a tube via a nasal mask to

10 the patient. Via the CPAP communication interface the PC was connected to
the CPAP. The PC software can read air flow values from the CPAP and set
new pressure set points on the CPAP by the communication interface. The
information was exchanged at a rate of about 20 Hz. The PC program feeds
the flow values into the artificial neural network (ANN). The output from the

15 ANN is entered into a pressure regulation algorithm (PRA). The pressure
regulation algorithm calculates a new pressure set point and activates the
new value in the CPAP. The output from the artificial neural network and
the pressure setpoint is read by the PSG system.
Evaluation. In a normal CPAP titration (sleep disorder analysis) a CPAP is

20 connected to a patient during sleep. The CPAP pressure is adjusted during
the night so as to put the patient in a state with no indications of sleep
disorders. This pressure is the one used in the CPAP treatment. The
patient's need for various CPAP prassures can be seen with the PSG system
breath-by-breath. The required CPAP pressure varies depending on sleep

25 stage, body position, etc.. The data from the auto CPAP test was evaluated
in the PSG system in the same manner as for CPAP titration by a physician
used to evaluate patients receiving CPAP treatment. Thereby the
correlation between the detection of sleep disorder by the ANN and the
analysis in the PSG system could be determined. The good correlation

30 obtained indicated that the AFN reacted correctly.



U110 UU @!10% U U& ()-"610% U& ()-&3!10% U& ()- """ -° dEuvz (9 MAY 2003
- 104 3-109%& ()-& 109%&' ()-1 109& ()- sS10%&',(
ocy&%gw%ﬁ%Tbkbbchuw 1043, 109%&' ()- 9 109%& ()- 3%&5%’”"3?10%‘ ()- :
109&' ()- ' 109& ()-cLcZcccdOddEuUV7 10286 109& ()- Fy#109%&' ()- F!'- 109%&' ()-3S
M 109&' ()-109%& ()-G3 10%&' ()-0d3dqddd[ epedEuV7 104@10%&' ()-3Y& ! 10%& ()- 3°
109&' ()-,s* 109%& ()-F (109%& ()-3( 109& ()-peffffff*f6f~ @

10410%8’ () - & 10%f & ()-! & 10%iu& ()- 10 10 10810%&: ()-5

10908 (ReféRéntes00gdE~_@ 104S10%& () -

10%r&' () -s10%r& ()-9! 10%r&' ()-!10%r& ()-f 10%r& ()-g$hhi Q diiaB~ @ 104
10%& () - s10%r& ()-Y 3s!10%& ()- 10%n& ()-!y$10%m® () -

910%18;

l 10%@!(1%]) ﬁjk&%ﬂ& c)TW%S]’]M&/@??Z%'@QP i’@d)&i"(’?mﬂ%%/&’ﬂ%mﬂﬁr 1| MBLOY&' (

)-yBYI | 1 { vifal mirm G nE3&E proc IERE IOASSP NGRS 4988
10918 ([) F110%r& () - Y/ 1 & ()'- mmmm n] ndEnbC 104F 316%& (é 106/& - 3
109& () 2]9|Ph@y&eppg>(v1wgu(ea "gqro%mqnqtrmne@ompe&menmen using

I R e PR Aot S srises

[3] P.Brauer "Infrastructure in Kohonen maps", Proc. IEEE ICASSP,
Glasgow, Scotland, 1989.
10 [4] P. Knagenhjelm "A Recursive Design Method for Robust Vector
Quantization”, Proc. ICSPAT, Boston, Massachusetts, 1992,
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of various breathing patterns; -
) periodica’lly feeding said parameter values to an ANN trained to _
recognize breathing patterns characteristic of sleep disordered
15 breathing;
+ analyzing said parameter values in the neural network;
o controlling pressurized breathing gas supply in response to the output
from said ANN.

20 2. The method of claim 1, where in said parameter values are fed to the
network at a frequency of from 2 Hz to 30 Hz.

3. The method of claim 2, wherein said parameter values are fed to the
network at a frequency of about 20 Hz.

25
4, The method of claim 1, wherein said parameters comprise cepstrum
coefficients, energy slope, difference in trend.

5. The method of any of claims 1-5, wherein the ANN has been trained with
30 data collected from a large number of patients.

6. The method of claim 1, wherein the ANN has been trained with data
collected from patients during a particular stage of sleep.
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9. The method of claim 1, wherein the ANN has been trained with data
collected from patients by use of a polysomnography system.

10
10. The method of claim 1, wherein the ANN comprises a number of nodes
representing sets of training data.

11. The method of claim 1, wherein the ANN is a Kohonen-map type ANN.

15
12. The method of claim 11, comprising a structure of data stored in a non-
volatile memory.

13. The method of claim 12, wherein the non-volatile memory is comprised

20 by an auto CPAP.

14. The method of claim 11, wherein the ANN comprises areas representing
initial stages of apnea.

25 15. The method of claim 14, wherein a closed trajectory characteristic of
the breathing pattern of the patient is made to pass through the ANN and is
analyzed in regard of its geometric relationship to said areas representing
initial stages of apnea, the passage of said trajectory through such area or
touching such area being indicative of a disturbed breathing pattem and

30 being used to control the ACPAP so as to increase the amount of air

provided to the patient to restore normal breathing.



109%& () - {3dE{\— 11 F, 1 109%& () - F+#109%& () - %100/&'()-#@tlow()-‘égm ik

10% ()w&odRdsky ()-bC !, 10%& ()- 1096& ()-(10% & () - SRP8E& gadgs 10 10
10&3109%& () - P }oaSl 111f810%+& ()- 10mBnS 1omsms 10mBns! 8 94.09%T5nmB& () - h
("8 9A0%& ()-h 8 9A0%& ()-h g 10%&5() =}[<aSl1 !!11fS9

109%&' ()-! & 10% (& ()-z& 10% & % 109%& ()-'vf 8&10%&' ()-!f&10%& () -k~ ?aS1
111 fy@ 10%&2 §.) The methed( of-claimat 5o yeheve(n theamddidesal pmovntoofair adduees! () - V'

jorast 0 't%gf%%%éérrmgér%‘%ﬁﬁ\w%geﬁﬁﬁs&%@é?&a&w bgeathing pattern
109& () - 93 @MIAE beenFRidvedtiifished.3. - 109&' () - 109%&' ()- 8\jrS4/ 1010%& () -

SI 1006 ()- MOYT& ()-- 10%& ()- !:18&10%LE ()-1P"| &10%T& ()- 10j 5YAEA/
1010L 10947& () - 9y10947& ()-9' ! 10947& () -y

1090°& 65) W%ﬁfén{é Hod BO8Eien (1 %ﬂﬁff/isuﬁgjtﬂe(us@% & ()- & 110%& ()-$
109a& ( '1090& () -9!109a& ( - VBdE:/ 10T 10T@109%& () -3
10907 & ( ) émarmaiqtyvescodm%t& a(n)alvze tme)pa@my:ter valugs fed to ghye /ANN,

18. The method of claim 17, wherein, in said linear predictive coding
analysis, so-called A-parametears from the analysis are converted to

10 cepstrum parameters for optimal correlation between parameter distance
and conceptual distance.

19. The method of claim 11, wherein the prediction error in calculating

linear predictive coding is used as a basis for determining the parameter
15 value next in line.

20. The method of claim 19, wherein said prediction error is filtered to
counteract short-term variations, and is normalized with the total energy of
the analytical window.

20
21. An apparatus for the detection and treatment of disordered breathing
during sleep for use with a CPAP, the apparatus including a probe for
sampling breathing air flow data, in particular on inhalation, and an artificial
neural network (ANN) for analyzing, directly or indirectly, said data to

25 control breathing air pressure.

22. The apparatus of claim 21, wherein the ANN is a Kohonen map-type
ANN,

30 23. An automatic continuous positive airways pressure apparatus (ACPAP)
comprising a probe for sampling breathing air flow data and an artificial
neural network (ANN) for analyzing, directly or indirectly, said data to
control breathing air pressure.
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