METHODS OF | DENTI FYI NG SLEEP & WAKI NG PATTERNS AND USESCROSS- REFERENCE

[ 0001] This application clainms the benefit of priority to U S Provi sional
Appl i cat iwo 28awasai1oNo. 61/1 14,986, filed Novenber 14, 2008;s2@m@64Bai ns t he
benefit of priority to U S. Provisional Application Serial No. 61/114, 997,
filed on Novenber 14, 2008, and clains the benefit of priority to U S

Provi sional Application Serial No. 61/115,464, filed on Novenber 17, 2008,
whi ch are incorporated herein in their entirety. FIELD OF THE | NVENTI ON
[0002] This invention is directed to a nmethod of analysis to extract and
assess data collected fromani mals, including humans, to determ ne patterns
of sleep fromwhich one can further identify biomarkers and di agnostic
appl i cations. BACKGROUND OF THE | NVENTI ON [ 0003] Ani nmal s, includi ng humans,
require sleep in order to function properly. Up to one third of our entire
life is devoted to sleep. A lack of sleep has a detrinental effect on
physi ol ogy as well as nenory and notor skills. Even various di seases can be
| i nked to sl eep disorders such as depression, Al zheinmer's and ki dney

di sease. The diagnosis of a sleep disorder typically results fromthe

anal ysis of raw data collected for brain activity, nmuscle activity and
other factors while patients are confined to a sleep | aboratory with their
head and body covered in electrodes. Oten, the results differ greatly
dependi ng on the individual analyzing the data. [0004] El ectroencephal ogram
(EEG is a tool used to nmeasure electrical activity produced by the brain.
The functional activit of the brain is coIIected b eIectrodes pl aced on
the scal p. ¥4 QNN AP & W AKINOTPAU NS ANIDUSESi n functi on
of a patient. Scalp EEGis thought to measure the aggregate of currents
present post-synapse in the extracellular space resulting fromthe fl ow of
ions out of or into dendrites that have been bound byneurotransmtters. EEG
is mainly used in neurology as a diagnostic tool for epilepsy but the
techni que can be used in the study of other pathol ogies, including sleep

di sorders. Sl eep




recordings traditionally require nmultiple channels of data, including EEG
[ 0005] In 1937, a taxonony of human sl eep was devised. This 5 stage

t axonony woaomas7iacl ude Rapid Eye Movenment (REM sl eeppamiushoosmssss?2

di scovered in 1953. Five years later, Denment and Kleitnman provided a
description of sleep enconpassing REM sl eep and 4 non- REM (NREM stages. In
1968, a commttee | ed by Rechtschaffen and Kal es devi sed "A Manual of

St andar di zed term nol ogy, Techniques and Scoring Systemfor Sleep Stages of
Human Subj ect” (R-K) which pro&k@ﬁﬂ;ﬁﬁﬁt%ﬂg#ét with the prior description
of sleep stages established by tman. R-K classifies human
sleep into two Sl ow Wave Sl eep (SW5) stages (Stages Il and 1V), two

I nternedi ate Sl eep stages (Stages I and I1) and REM sleep. In this

classificati G .S canpo der.at e r. ts of high

ST tute Lt TR e SO et RS A S et R ge i S
f r equeseyalB&EG6i N 14,986, Uned N@&bnvuetc 4, e008 Qi ¢laREMhe bRauTic df Eﬂ@uwgrsent s) and
| ow- anpl i tude el ectro ogram )' 'S has a relatlvepé8 ow vol tage, m xed

f r equekegvispal wppkicasipagerial No }/tl kP9 Qifidgst anyiNongmber 14 2008, spil flginas the
oscill %Eﬁe%g;@f@r g'Ed efs. @k&%&m’kg@%ﬁoﬁsm oS85 Wﬁléél%ﬁ KQURLNE7, 2l pha

activity an w vol t age, frequency activity
char act2608, mati¢home ofcogpostql lmnein watheingntstgges has been highly influential in

gui di ng sl eep research. Recently, rules provided by R-K were anended and

the stages I11/1V distinction was renoved, |eaving 3 NREM stages. Wiile it
is expected that sleep scorers will adapt to the new system the precise
nunber of sleep stages is still very much a topic of discussion. [0006] REM

sleep is often characterizegrRy.pPORGHRINYENTERIN eye novenents. REM has
al so been described as being tonic and phasic, in that during the tonic

part of the REM sleep there were fewer or no eye novenents. The phasic part
of REM consi02hiThif invanyorely direaakivehghodREMnslysie o drasicadslasiyeedateal | ed,
"par ado becaus

whi I e the b dab S d.__
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further identify biomarkers and diagnostic applications.

BACKGROUND OF THE INVENTION

[0003] Animals, including humans, require sleep in order to function properly. Up to one
third of our entire life is devoted to sleep. A lack of sleep has a detrimental effect on physiology
as well as memory and motor skills. Even various diseases can be linked to sleep disorders such
as depression, Alzheimer’s and kidney disease. The diagnosis of a sleep disorder typically
results from the analysis of raw data collected for brain activity, muscle activity and other factors
while patients are confined to a sleep laboratory with their head and body covered in electrodes.

Often, the results differ greatly depending on the individual analyzing the data.

[0004] Electroencephalogram (EEG) is a tool used to measure electrical activity
produced by the brain. The functional activity of the brain is collected by electrodes placed on
the scalp. The EEG supplies important information about the brain function of a patient. Scalp
EEG is thought to measure the aggregate of currents present post-synapse in the extracellular

space resulting from the flow of ions out of or into dendrites that have been bound by
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[0007] G ven the variability of sleep structure both across and within
individuals as well as the subjective nature of human scoring, it has been
di ffi cul twoaomhjsenbi vel y segment a night of sleep into @cItisean/osicayes
based on a "fixed" interpretation of R K, nor have techniques such
assupervi sed and unsupervi sed classifiers been successful at automatic

sl eep stage classification across nultiple data sets using a single channel
of either human or animal brain activity (H nmanen, S. & Hasan, J., Sleep

Med. R%¥uroéansﬂﬁ@er§ m)ymﬁﬁllyluXed i meu®loedlas a dfd h@stlc E(l)(ﬁ q?&r f%ll@{%%h RPehe 16 16
(1985); H. Danker-Hopfe, et ah, J Sleep Res. f 00 edi ak, A, et

al ., Jtecthigne Sindepisivbh, thestudpat c(tmmylmlqgcﬁbanclgdmgslegp d‘lamda@sélﬁkp L., IEE

Proceedin vas J Neur osci . 24
11137 (%gjj’)‘gs %ﬁgionﬁgy re&““e mi‘hlg}se‘:ha’i{%gsr%fdsa@cﬁc ogy 51, 115 (2005);
Flexer, A, et al., Artif Intell Med. 33, 199 (2005)). [0008] The further

the vol t age (6008 th 1937f 4 @RdAE SHiiiklan stebe wapa&/ iguf Thi€ Bktagd taxbSorhpdidtlbe EEG
to detect the electrical activity. Because human EEG recordi ngs are

| ow padiclyde|Ragididyepyioyeneens (RIFM) Slﬁﬂgwblﬂh g diseRieieddn d i3l dietcactlder i n
| Nt aciRped! ol RSn ﬁﬁovﬁfegﬁ des%&'i Bo@St 511&2 ehg&ﬁﬁagéﬂ%kﬁk/{ 188 OJndQ' - | ow

frequenci es during Up and states or the nm oS | at1 on during
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" synchirm)zach piadidedesyimahy omhziedpriordespipaon wedleep s&§e§¢$%ﬁ§ﬁeﬁd) by ani nal
studi es. (Destexhe, A, et al., Neurosci. 19, 45 (1999); Gottesnmann, C ,
Neur 0s Bemeei WYdHgmaRd K osiligghumangdepp:injo| (vh §é0w ﬁé’ave éleeRi(%\é{ﬁg/ stagssoc.  Nat | .
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oscillations and brief high amplitude K-complexes; Wake EEG contains alpha activity and/or
low voltage, mixed frequency activity. This characterization of sleep and waking stages has been
highly influential in guiding sleep research. Recently, rules provided by R-K were amended and
the stages III/IV distinction was removed, leaving 3 NREM stages. While it is expected that

sleep scorers will adapt to the new system, the precise number of sleep stages is still very much a

topic of discussion.

[0006] REM sleep is often characterized by a period of rapid eye movements. REM has
also been described as being tonic and phasic, in that during the tonic part of the REM sleep
there were fewer or no eye movements. The phasic part of REM consisted of many eye
movements. REM sleep has also been called, “paradoxical” because while the body and a brain

are asleep, the raw EEG shows patterns similar to the brain of a person that is awake.

[0007] Given the variability of sleep structure both across and within individuals as well
as the subjective nature of human scoring, it has been difficult to objectively segment a night of

sleep into distinct stages based on a “fixed” interpretation of R-K; nor have techniques such as



The systematic study of EEGin animals fromrodents to birds to non-hunman
pri mates has been hanpered by the requirenment for surgery. |nplanting

el ect r odewocamn/sause stress, blood | oss and fatigue in &OTnske9/ 064632
Additionally, the difficulty of inserting electrodes requires highly
trained staff. Therefore, a substantial need exists for automated sl eep
anal ysi s nethods that can detect subtle but statistically significant
changes in brain activity in the absence of invasive techniques froma

single &Q%, I ep
patt er ns fg%@bﬁngmggEVlégggﬂgffgég}?]gﬁ{k@%ﬁ%%@%éﬁ%ﬁg%k%&% 15&%*_?1&% FRVENTI ON

[00010?@@&5@eh@kahanmhemp@esgnﬁednn@ﬁpf@ﬁwuéwmmnbamnadﬁmmehdamalyS|s met hod
for th extractico and apa Y, h d fromthe
g]fl Efa ﬁ 431 tlﬁéafo’z‘é%@}, %efl Jt R CCQ ﬁfeg nce%

scal p ani al's i nati P& Ehanfie
nethodﬂﬁInTGS$©eHiBa@«m@np&ﬂmaﬂjySk@@R@fdBn@aQO@QQQﬁ&iﬂ&MQcﬁsmatCh@f t he

invention is a nmethod faor differentiating thzgphases,of Stﬁf@%EUCh as REM
(Rapi d SEgR Mgy &iiedtFUnRAPeRD Ss Bebraisnky Io4& lageedfsat’ P onal

met hodgerAssling! 6 £0anvshoLf. 285G 19ag2M i A fiRALP, t&aﬁ@@&#@;ﬁc@% 5y d
waki ng st ages and these are cleariy separable.” [00012] The preseng

i nvent ildh (G005Y: htaxey dneat al-i 4rdif Insdiad 3Bh&9°CR0MA).EEG deri vation to
alternative derivations, including even a single channel of EOG [00013]

Anot her as pfmrosrihé ﬂaahem@%uage fieRl i@ iRt thO skl 10the WSdrO difAcuIEk BA6H thBMED
det ect previous uni denti fi freq uenc§ waves produced during sleep using

only oedgect ﬁh@cﬁl@ltré‘@i poEE. Hlegeusd homag K Gsfé‘a?féméﬁf arp it pagsdi@ I byARdt her
a1 oop SRl SRS AYER R BuleR UERH B RS iR SRBLS ol I
" par adoXhighland 1o fréxpmgheREMmgleﬂ(mml\dDDWmS%tdjest orttheeganmi heiltltioaduRiM W
R TR IR SR Nt W L
f r agmertap i@brdpak behin®f EREMSlcegRol SpaihiSies3ttidnKTRG: it is not known whether
human SWS and REM are spatially “synchronized” and “desynchronized”, respectively, as
suggested by animal studies. (Destexhe, A., et al., Neurosci. 19, 4595 (1999); Gottesmann, C.,
Neurosci. Biobehav. Rev. 20,367 (1996); Llinds, R., U. Ribary, Proc. Natl. Acad. Sci. USA 90,
2078 (1993); Destexhe, A., & Sejnowski, T.J. “Thalamocortical Assemblies,” Destexhe, A., &
T. J. Sejnowski, Eds. (Oxford Univ. Press, Oxford, 2001) pp. 347-391.)

[0009] The study of sleep patterns has consistently been an important research topic. In
order to prepare for human use, it is well known that rodents are commonly used in scientific and
animal research. The research is conducted to determine the safety and efficacy of drugs as well
as pathological conditions, genetic testing, cosmetic safety, vaccines, and surgical procedures.
The systematic study of EEG in animals from rodents to birds to non-human primates has been
hampered by the requirement for surgery. Implanting electrodes can cause stress, blood loss and
fatigue in animals. Additionally, the difficulty of inserting electrodes requires highly trained
staff. Therefore, a substantial need exists for automated sleep analysis methods that can detect
subtle but statistically significant changes in brain activity in the absence of invasive techniques
from a single channel of EEG. In humans, another need is utilizing new sleep patterns for

biomarker and diagnostic applications.



[ 00015] Also within the scope of the present invention is a nethod that can
be used to di agnose di seases that have been linked to disordered sl eep
prior to wbeomnmsetioof serious synptons.[00016] The present/isacent466n
further includes a nethod for studying the effects of drugs on sleep and
wakef ul ness as well as the detection of drugs in the system based on the

sl eep and waki ng patterns. [00017] Also within the scope of this present
invention is the ability to identify and define signatures of sleep and
waki ng patterns so precisely that a biomarker of the sleep and wakin-gO
state results. [00018] Finally, these nethods presents a rapid, econonc
and quantitatively rigorous alternative to manually scored sleep staging in

both clinical and conparatd ind many new
applications. [00019] Theg fﬁ? i Rﬁﬁg this information to
determ ne sleep states automatically. Other applications are described
whi ch automatically assess sleep quality, pathol ogical conditions, and

oo ep qt ) » s
w11 b app Rt By echoRl R R AT e B ChRT SR, bR S e
BRI EF DESCROPThOMaGRisDRAWNGSd fBARR0Folkotedtfien pi-esdnbf inimelnbied ohohde

clearly upderstood and readily .practiced, the present.invention wll be
descri B%‘nginﬁ“%?ﬁsmﬁi‘? &BHH "“Pﬂy%lﬁ‘éle%?% %ﬁflﬁ‘&’ IRV NHETEIH$Y ke ref erence
characters designate the sanme or simlar elenents, which figures are

i ncorporated and constitute a part of the specification wherein: [00021]

Figure 1 is di agram,of. an_.exenpl temfor determ ni sl eep
state i nt or KO bFOsorPE SlbRunERfBaAihd Y PeBndling B ShReohiihm of an
exenpl ahgh S TRANE B MRIVEBIBAN SnBALPRIesH adifSless data than conventional methods.

A single channel of EEG was sufficient to decouple sleep and waking stages and these are

clearly separable.

[00012] The present invention further generalizes beyond the C3-A1 EEG derivation to

alternative derivations, including even a single channel of EOG.

[00013] Another aspect of the invention is a method for using an algorithm to detect
previously unidentified frequency waves produced during sleep using only one or two electrodes

placed on the scalp or head.

[00014] Another aspect of the invention is the existence of a discrete number of human
sleep stages and refutes the belief that REM sleep is “awake-like” or “paradoxical.” Although
REM is known to exhibit theta, the clear REM/W separation as well as between other stages is
not apparent by eye or by previous analysis from a single channel of human EEG. The bimodal

temporal fragmentation pattern of REM sleep is also striking.

[00015] Also within the scope of the present invention is a method that can be used to
diagnose diseases that have been linked to disordered sleep prior to the onset of serious

symptoms.



for a subject;[00023] Figure 3 is block diagram of another exenplary system
for determning sleep states for a subject; [00024] Figure 4 is a block

di agram oloanioesenpl ary system for determ ni ng sl eep st acearsbamw/osdesrbj ect
utilizing either automated data or manual data; [00025] Figure 5 is a block
di agram of an exenplary system for determ ning a pathol ogical condition of
a subject fromsleep states; [00026] Figure 6 is the result of one channel
of a rat EEG converted into a spectrogramw th a nultitaper anal ysis using
a3 _SeCOI’l_d mi&fﬂc ﬂ%s@%%er@i@g fi@thbr SRARBa fleindl A& ku%S'i Vhe df&d deim S.
gradient is indicative of the spectral power at each fréquency wth iy ght

r ef | ecnnlyehaghwgohidnesangiwbll asthe dbewiqonesirugsDoths sygemdspdnd thosldepsamdond;
[00027]Wa|ﬂ %ura&eg is the result of Preferred Frequency anal ysis. Each dot
correspond1 o e frequency with the highest shift with respect to

basel i ne, independently; [00028] Figure 8 is the result of coloring the
Preferred Fr e%uenc%ﬁanal ysis plot of Fig. Ib to reflect stages of behavior
scored in alMOTAARaRABH the srpepehthemrresenbinventien ithe abilibt Pddpdhtendy 1
second e fiR0QZRAlurEd GWRp And Fakile phSAl & REciLEMMA AbiokhASHBNEALIEG and
corresponding to the sparseness of spectral shifts in tinme which
denonstwaking staeresdissi tivity of the Preferred Frequency plots to peak
fluctuations in nornmalized power; [00030] Figure 10 is the result of
Spectral Fr pgpeest BhiB) el ﬁl@tﬁ@@ﬁﬁb%ﬂtsta_(%a%h?ec@ﬂ&ﬁﬁ%ﬁ@§§ar@ﬁatﬁ7@l§/@_§gro?dqsS hifts
within the spectrumat a given tinme which denonstrate the sensitivity of

t he Praftepptag tﬁmquﬁimsyorﬁg 6lesp staging Hkbdth gliniem ppdempasatisrergiick aad Ei‘mﬂé ;

[ 00031]_Fi i . result of using Independent Conponent Anal ysis on
a si ng}ﬁgﬁgﬁaggﬁlg ,]ap lzca}olgl(r?st’ of SPEARS to denonstrate the energence of three
clusters: de(gﬁ anest hesi a (bl ue} . waki ng _(%/el | ow and red), and tw tches
(magent a) ; [W9Z hemnghpdimenss ¢xplaimpsingtiy iploppatggngg|dalprmige seer gdalshds of raw

EEG dataﬁ‘toirﬁficﬂ@?@ther applications are described which automatically assess sleep quality,

pathological conditions, and medication effects. There applications in accordance with the

disclosure will be apparent from the description and drawings, and from the claims.

BRIEF DESCRIPTION OF DRAWINGS

[00020] For the present invention to be clearly understood and readily practiced, the
present invention will be described in conjunction with the following figures, wherein like
reference characters designate the same or similar elements, which figures are incorporated and

constitute a part of the specification wherein:

[00021] Figure 1 is a flow diagram of an exemplary system for determining sleep state

information for a subject;

[00022] Figure 2 is a block diagram of an exemplary system for determining sleep states

for a subject;



anest hesia; [00033] Figure 13 is the result of displaying 30 seconds of raw
EEG data for lighter anesthesia with twtches; [00034] Figure 14 is the
result ofwoizeplayiing 30 seconds of raw EEG data for | oceawitisesy/of46D35]
Figure 15 is the result of displaying 30 seconds of raw EEG data with
novenent artifacts and qui et wakeful ness; [00036] Figure 16 is the Binodal
Tenporal Fragnentation of REM sl eep. The tenporal fragnmentation was
conputed at a 30 second resolution for two different sleep recordings of

two differ efgo §3‘Pﬂﬁ§&%% i BroPic dfs Iq}n ofla%Q@lE§ex%lF\ﬁl %WF&H{ fo‘?@bt%hﬁllﬂﬁf smpual  (a,

c) or automated (b, d) scorlng REM sl eep, split into two i fferent
gr oups Sm/te@lﬁoreasuh@pt high or I ow tenporal fragnentation. This was apparent in
bot h recordi ngs, independently of whether nmanual or automated al gorithm
performed the scoring; [00037] Figure 17 details raw and nornalized

spect r ogr anp00BaMFigpedtis @ gloakitigiam wemhexeabhiy gikreh @t ddbmsiemg CREp abteat a 3
sec spectral . resolution over 1 sec increnents (b). Each spectrogram was

t hen ndPifaluPEetiiking<ither strmalief dataefamip! Yldieral times yiel ding a

normal i zed spectrogram at 30 sec resolution (c) and another one at a 3 sec
spectral resolution over 1 sec increnents (d). Wile only novenent
artifacts h&082hilGhutSagablvely diaspon ¢izdn cxomplan systent feedstesmidiaga (a-b), the

normal i z @91033%&8%0%?%%% &I’El Fa@ gh frequency activity (c-d);

[00038]p epi ¢ rre reqUency anal ysis over a spectrogram
wWith nmulti pI e nornelizations. The Preferred Frequency space was conputed

over the no i spectrogram.in Fig. 17 an bel ed using both the
manual (a) g‘i@%ﬁfeé‘ﬂfﬁ@éﬂt B?S‘lgé)éf)fl%@hag%‘?}\g? KOS 180 FPERERYY (<10
Hz) actyithi 4 MuliBBEM HafsRekA @@%&&w sgmwi&ﬁwma 1 8&bhd kiiding mdewsm ayed
spindle activity (12-15 szg as well as gamma (30-50Hz) and hi

acti vi thje élglst(mé?nt iyndicalipieanf el heetenl PPHY 3 &raPeregHendyi v !@Wﬁ%amg Kigh y
(>80HZ ) Gr fha"bERREGH poleY. PBNRAS BP0 f Yoo, di fTerent subject;

[00027] Figure 7 is the result of Preferred Frequency analysis. Each dot corresponds to
the frequency with the highest shift with respect to baseline, independently;

[00028] Figure 8 is the result of coloring the Preferred Frequency analysis plot of Fig. 1b
to reflect stages of behavior scored in a blind manner, independently of EEG. Dots correspond

to 1 second;

[00029] Figure 9 is the result of Temporal Fragmentation corresponding to the sparseness
of spectral shifts in time which demonstrate the sensitivity of the Preferred Frequency plots to

peak fluctuations in normalized power;

[00030] Figure 10 is the result of Spectral Fragmentation corresponding to the sparseness
of spectral shifts within the spectrum at a given time which demonstrate the sensitivity of the

Preferred Frequency plots to peak fluctuations in normalized power;



[ 00039] Figure 19 details preferred frequency anal ysis over a spectrogram
with multiple normalizations at high tenporal resolution. Fig. 19a-b is

i dent i calwoaoteg71187b-d, respectively. The anal yses frorCFius20028643and b
were respectively applied to a and b to yield ¢ and d, respectively. The
trends observed in Fig. 18 are reinforced at this tenporal resolution.

H ghfrequency information is also visible for SW5. [00040] Figure 20
depicts an algorithmflow chart. The algorithmserially identifies SW5, IS,

REM and VWS'[(ﬂEﬂP{ﬁ!gﬁ@'l?%s ﬁ@?&ﬁlt %?gsmé"lﬂg%e%ﬁérﬁlé)n@qewﬂ 8-on Ngnlat a was

t hen snoothed 1 n tine. M W separ at1 on was asur ed "agai n by conputing
a P valkbasntbps pdieofFEWdiSstordemmstme thleferrler@ncteacufttbeﬂee elustersddecp ahestmdiaval ue,

REl\/IwaZ]Dl %|ec dsgﬂd regl%ﬁ nﬁq%ﬁgﬁ?{m%%gmﬂas accepted, it was split in W

REM an ecad I o, "&ents occurri ng at the very
begi nni ng of t he ni ght coul d be | abeled as W The increases in performance

were mnimal_as REM and Wt ended to fornldlfferent clusters., This is one

al gori t hm t H032Lieere e iy desutnbdisplayiag 80 sesends of ey FEOE RS I £ ol | ows.
sws_fi Lh&atreman(2NS(<3 Hz)); w_filter=nmean(2NS(9- 12Hz));

nrem filter=mean(2NS(60- 100Hz) ) +mean( 2NS( 3- 4Hz) ) - [ mean( 2NS( 12- 14Hz) ) +mean( 2
NS(25- 60Hz)) +mean(2NS(15-25Hz))]; AA= nean(2NS(12-14 Hz)):; BB=

rean( ZNS( 15y kih)in COTRRICHECR T s APRETRAN A4 B apd 2N

correspond aw and y no spectrogramns, res 1vely. The
t enpor ahesthesigvanitatidclss; corresponds to the zscore of the nmean of the

absol ute val ue of the tenporal gradient of the spectrum nornalized

t hroughout tinme and frequency and was conputed

[00034] Figure 14 is the result of displaying 30 seconds of raw EEG data for locomotion;

[00035] Figure 15 is the result of displaying 30 seconds of raw EEG data with movement

artifacts and quiet wakefulness;

[00036] Figure 16 is the Bimodal Temporal Fragmentation of REM sleep. The temporal
fragmentation was computed at a 30 second resolution for two different sleep recordings of two
different subjects (a-b, ¢-d). Labels are drawn from either manual (a, ¢) or automated (b, d)
scoring. REM sleep, in red, split into two different groups with either high or low temporal
fragmentation. This was apparent in both recordings, independently of whether manual or

automated algorithm performed the scoring;

[00037] Figure 17 details raw and normalized spectrograms. Raw spectrogram data were
calculated at 30 sec (a) or at a 3 sec spectral resolution over 1 sec increments (b). Each
spectrogram was then normalized across time and frequency several times yielding a normalized
spectrogram at 30 sec resolution (c¢) and another one at a 3 sec spectral resolution over 1 sec
increments (d). While only movement artifacts have high frequency (>20 Hz) content in the raw

data (a-b), the normalized spectrograms have much more high frequency activity (c-d);

[00038] Figure 18 depicts Preferred Frequency analysis over a spectrogram with multiple
normalizations. The Preferred Frequency space was computed over the normalized spectrogram

in Fig. 17 and labeled using both the manual (a) and automated (b) scoring. SWS was marked by



on a 1-1 O0Hz range unl ess otherw se noted; [00041] Figure 2 1 depicts sone
di screpanci es between automated and manual scoring. The overall agreenent
rate was we.20iMesbud hal f of the epochs scored by the humam/isso8646a2 c,
cyan) were found to be REM by the algorithm (b,d, red). These epochs had a
signature closer to that of REMthan IS in both the PFS (a-b) and the
tenporal fragnentation space (c-d), especially the second sets of epochs,
occurring approxi mately after 2.5 hours of sl eep Reexam nati on of these

epochs 1Ry k&nBy a0 }%%t% fyt'?‘iiEWheld K8a Qﬁﬂ léw gzé G0ASY acli fly. 1§ e plafages of

REM Manual "scores were unchanged,; ure 22 depicts Pr eferred
Fr equeﬁpisadISpat@‘etya(rharWéimgar akll ps agnmm(%l 5(&{2) aﬁ%h@h@ammaaaﬂtlwas(%oéhm War

array t epicted in F 21. Th Ver, {,8_% eenent .rate bet
At oratat SRR BTl R shbergtBey B0l 36T SRRERIe AR R0 55
repr esdiffses patgédia i n the normalized space with |ter at ed normal i zati ons the

spectrogramwas nornalized in tinme and frequency nultiple ti rres REM sl eep

& K moang. clURoof Rt 108eBh el fr 0t 8 S SRR ISR BB T RLRILRC, T o

(red) aﬂﬂnalﬂsﬁl(ﬁb|a€h1@@tee1ﬂj‘d))ral(rﬁsnibmlnﬁnl3@ a@zeb sshdmlcalrtoﬂg 1§lp>acﬁ:spnact1{7elyrul tiple

normali atigns ross tjnme and frequency over nultiple gs (a-b VA
Mﬁ’ an*ﬁ%%ﬁé? ﬂ’g[*séllég\/"’a%néﬁ"?"érl@é‘? %IVB%’ Ph%?ttolad\ﬂﬂf%t%éﬂ?g‘ﬁ r%fs‘pfor t he

U ns t abl@ppaftlyofrREVh& #REvASINARPOREH Fbhbled atdRlEnRAMItresohiRndeREIRSSI ONn at

60 Hz is the VA data is nost Ilkel%édue to the use of a 60 Hz notch filter;

[ 00044]remeygy enfounagiepiiscalso aibls fga¥Wér ed by subj ect. Every col um
corresponds to a different subject. The tenporal fragnentation is plotted

agai nst ti Np004OEric@te QU eils a8 SRBAthnt Aok RBarS| ERPalaREhMaKEalBLiaéRFict r €d=REM
whi t e=SW5, cyan=i nternedi ate, yell ow—avvakeg The rows are described as

fol | onsSWYHS, REMsﬁtnd s ing priaahdistdsseaibed rpMaterials and Methads-s hesldtaRem thendmar ks
fromt ?ﬁgs@% fr?ﬁhﬁe ThE R FREAP B a2 GRE LRIALDAS 2l B RNAL ¥ P BTl e full

file;
REM distribution. If the latter exceeds a fixed value, REM was rejected and replaced by W. If

REM was accepted, it was split in W, REM and W. As a precaution, the REM-like events
occurring at the very beginning of the night could be labeled as W. The increases in performance
were minimal as REM and W tended to form different clusters. This is one algorithm that could

be used:

The filters used in Fig. 20 are as follows.
sws_filter=mean(2NS(<3 Hz));
w_filter=mean(2NS(9-12Hz));

nrem_filter=mean(2NS(60-100Hz))+mean(2NS(3-4Hz))-[mean(2NS(12-14Hz))+mean(2NS(25-
60Hz))+mean(2NS(15-25Hz))];

AA= mean(2NS(12-14 Hz));
BB= mean(2NS(15-25 Hz));
CC=mean(WS(<3 Hz));

DD=mean(2NS(9-12H7));



row corresponds to the analysis on only the eye novenent artifacts for REM
and the fourth row corresponds to the analysis on only the | andmarks and
artifact swOesnlosdiing eye) for REM [ 00045] Figure 25 represarst@opbasss on t he
data fromFig. 24, but only the REMdata is graphed. A binodal tenporal
fragnentation can be seen in row 1, despite the artifacts having been
renoved; [00046] Figure 26 represents the REMdata fromFig. 25, with only
the data points displayed; [00047] Figure 27 depicts the first two rows

from Fivgs 4PN Q&Q%gl)nd: ﬂoghgl%w%d'd%u%?hﬁbﬁnﬁéed g}?&t?oér@tlﬁgﬁe%@&iv%lys B/leat stics
on tenporally fragnented part of REM sl eep. The percentage of '/REM nunber
of epi soamszal frageicntaffemeorchapends ontha pstosepdhameanofi the alspluesetteed thn each
recording frombpoth.data sets: 00 Fi.gure 29 is Tahle S6. This bl e
Choves (AP 408 B-REhorhdla T L ok and BB Gy il

cor r espand - tmHhasdctinlsss bibivdsdREMd; | n the VA data only, REM was subdi vi ded
into epochs w thout eye novenents (tonic REM and epochs with 0-25% 25-

50% 50- 75% 0 : i For hect. the
por Gent ago. LOUT TR DY 3o RN RN Re bR e el mub e SRET PR R
unst ablTae po¢rtlil agreaheRENE was 7€ PO thadhal Batthe tmrhcsdiN tgnbe hasi « IREM ¢ ake

pl ace in the upstable rt o M. . [ 00050 jgure 30 is Table S 7. This
t abl e icmﬁg\ferea OBEC?E%‘Q@@WHB% ﬁgo%tﬁhq@él’ f%ﬁ&h‘%&lﬁp?ﬁ:}’éﬁ AEIZPLLBHT HAEL 8 n
whi ch st REM SRR intbot @EPES 288) dndaRéleMYpofhl KSe@Bihysh S?a@t (cal) IQp&egrnd

resolution as in Tables S2 and S3 is performed. The null hypothesis was
rej ect & seerndrEwof epashis, osewgiag rpRrpEMmateboiipigs) haugs afzlesptRegapwadetoings and

for RE i ) f r i ! manual
Loh FralePBhApd Bbuch T R Qe el B3 AR AR Gl
conponeaires wétolefeacharsueldj ect, two matrices are presented. The matrices on
the left and right should be read columm w se and row w se, respectively.

Each box in [(fdﬁgﬂ Iﬁléﬁre @tdéf)i%ts (P(Péféﬁectpﬁ@g&&? S}B&@ ah& 'T&%B&ggprag&lentation. This

display has a similar array to that depicted in Fig. 21. The overall agreement rate between

automated and manual scoring for Fig. 18 is 83.8%.

[00043] Figure 23 represents spectra in the normalized space with iterated normalizations
the spectrogram was normalized in time and frequency multiple times. REM sleep was manually
scored. The stable and unstable components were isolated with a K-means clustering algorithm.
The averages of the spectra for the stable (red) and unstable (green) components are shown in the
space with multiple normalizations across time and frequency over multiple recordings (a-b VA,
c-d, MPI). Note the elevated relative power at low frequencies for the unstable part of REM
sleep as opposed to the stable part. The depression at 60 Hz is the VA data is most likely due to
the use of a 60 Hz notch filter;

[00044] Figure 24 depicts data gathered by subject. Every column corresponds to a
different subject. The temporal fragmentation is plotted against time. The colors correspond to
the sleep and wake states (red=REM, white=SWS, cyan=intermediate, yellow=awake). The
rows are described as follows: the first row represents a removal of artifacts and REM
landmarks from the raw data; the second row corresponds to the analysis on the full file; the third
row corresponds to the analysis on only the eye movement artifacts for REM; and the fourth row

corresponds to the analysis on only the landmarks and artifacts (excluding eye) for REM;
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times an epoch of the stage |isted above as either the fragnented (REM UP)
or stable (REM DOMN) conponents of REM as defined by the autonated

al gori t hnvbasionsensl abel ed as the stage on the |eft as #efiuseadbyssBhe hurman
scorer. M corresponds to epochs | abel ed as novenent. Each box in the right
matri x corresponds to the percentage of tine an epoch on the left, as
defined by an automatic separation of manually identified REMis |isted as
t he epoch above asdefined by the algorithm The REM UP/ DOMN di stinction is
al ways done gyo48y ﬁ-ﬁ%%égﬁ&%ﬁ{s IO BENARL Bie. WNRLDSY te RiSMIdENL i fied by
t he human scorer o? the al gorithm Average percgent age agreenents were al so
conput ethphet. AVAinsed] eotporal Mepmenthjiccdas banetnbordw dadeapiseths artifetplayigvel y.
These rggénrriegn%ge xcl uded three cases, where inspection of the preferred
frequency mwap ShHowed suspi ci ous performance on the part of either the
algorithm (MPI 7b and 1la) or the human scorer (MPI 8a). Mst manual ly

| abel ed REMWWdprigwe Sofreireseniatly REM daganfsoradiio Rt Wishabihly theadséd padntREM
conpon%%&%fa (Jight matrices). The unstable portion of REMas defined by the
al gorit Was nost likely to be confused with stage Il by the human when it
is not scored as REM 9 eft matrices); [OOOE«SIL Figure 32 is Table SIO This
t abl e depi cl®OfB\ w27 depicts tie Arsiwogapp Eemslig12%ec manual |y scored Stage
Il reveal ed that nost of the spindles or K-conplex, which were scored as
REM by t he p)0pas] Fibir 386k TalieSplageabll depies unst@klod i@agdrallylhgnsate pias true
for baseline stage Il w thout spindles or K-conplexes, in 3 out of 4

subj ecto§ REMslgere dheiAgisentagsef B@gﬁ{“ﬁ@ﬁf plespifgdes Bicl dpcangurationgnbicrmialoR e 33

i s Tabl : i t.S. Epochs devoid of artifacts were
i denti ﬁrgﬁi%%egté};?&%{hﬁ?ﬁor&ﬁg? er %?g%%?tgy to an artifact could be

responsi ble for the fragnmented portion of REM %Y neans percentage of

nei ghbor s of 00049 iceuss 29 isliple oo rblyis Etlcothoxs thyLigmenter pAE poR-Hagmenigt

nel ghb?ﬁrtiohs:mml& BBMot SorflpHalih hRSto o&&ﬁl@k@l\ﬂ%%b@)&%aﬁro%lﬁ'k@l\ﬁ acts).
As in the previous table, each row corresponds to a different ‘scorer.

Si mi | amiag sexliaddl idiof dpeelsneigmubbiwenyedonist(Finge RIENIN hnderfoohs withJ&éte, 35- 18 and

20 are 58%9%8—5? %(,175—?0(5% eeyg IEVERMTs (phasic REM). For each subject, the percentage of times
one of the substates listed above occurs in the unstable portion of REM is reported. Both tonic

REM and phasic REM take place in the unstable part of REM;

[00050] Figure 30 is Table S 7. This table illustrates that REM has a unique temporal
fragmentation pattern which distinguishes it from Stage I and W. A KS analysis at a 30 second
resolution as in Tables S2 and S3 is performed. The null hypothesis was rejected for REM versus
Stage I (left columns) in 23 out 26 recordings and for REM vs. W (right columns) 24 out of 26

recordings, as defined by manual scoring;

[00051] Figure 31 is Table S9, agreement matrices for REM components. For each
subject, two matrices are presented. The matrices on the left and right should be read column-
wise and row-wise, respectively. Each box in the left matrix corresponds to the percentage of
times an epoch of the stage listed above as either the fragmented (REM UP) or stable (REM
DOWN) components of REM as defined by the automated algorithm has been labeled as the
stage on the left as defined by the human scorer. M corresponds to epochs labeled as movement.
Each box in the right matrix corresponds to the percentage of time an epoch on the left, as

defined by an automatic separation of manually identified REM is listed as the epoch above as
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| egend. Subjects 9 and 19 have respectively 18/ 34 and 45/85 epochs in the
fragnmented part of autonmatically identified REM which do not have any

nei ghbor iwgQ 2arisfaet s, | eading to the sanme percentage i RCIDASROOMAEES2

[ 00054] Figure 34 represents the results of a study conducted on 4 pairs of
twins. Each colum in 1-4 corresponds to 4 pairs of twins (pair 1 is
fraternal, pairs 2-4 is identical). Only REMis shown (tenporal
fragnmentation across tine). Twins exhibit a simlar tenporal fragnmentation

pat t er ekl EDal EB' i RV PASEWINNYEILON] Q@Qy’%fﬂonéb L K-hRaRe

understood that t gures and descriptions of the present I nvention have
been sialgotiihin ewl REM data uzslteﬂm 2} lsaidemtefmdsbytthahuraarescp@r evidntlgbgthna Aolcesgre
e P AR RS NETR, B VA LR AR s BHERBP GOl o111
provi de@tpétefvelynm@b awitridet Bxdl@fe@tRBE astQ wihde: iadpcacdiad (il profengs fre{p&%{ﬁ 6] The
term"subject” in this aP plication refers to both animals and huma

[ 0005 7[MaPBOY et HsPigtons Palmrnce Qe Barg plsgither the plgorithen QAP dranddrlel r‘ih‘bf t he

patter fyRgn b&)rérh?\/lp! §B Mbst HaBbaLPUbIANREM EEMondherdighid hasdabl e REM
refers wsualii%, o the top porti'on of the pattern in the bi nodal

di st ri butomehcaly 1REigd RIGIes8ipominds (mghhoalsiceiestc unsdbh@pgion cAREMIpscl osed in
detai| : - ' 5 n
et ai d%f‘ned%%h’%é%&’%%%ﬁgc)st Elﬁiﬁx% SELQTILE wid éieagk glybglytggiehﬁﬁﬁg% \gfl@ tﬁer ein by

reference e presen vent1on provi od to
obt ai n nandorlas RiEMVW (IHE@adaies); i N bot h ani mal s and humans. bt ai ned EEG
signals are | ow power frequency signals and follow a 1/f distribution,

wher eby the (Rﬁ@?fﬁ}%&efzﬁ?s FA03] 0, ’rglbsot%fﬁégéé R gna tﬁgrs Gn 9:vA kb ef‘c'iss?'sé(c

proportlona tot requency. s have typically been
exam nathnialyt ScomediStags reesalctmﬂtenmn bﬁthe apindlds epBehmplekowhiek avepd €predtasn t he

EEG si | . is used. for Z|n sl eep.may be se ed.into one or
mor e epoony fis Tegir Qs 5N G GRBpsaneT Ban e Sad R REy S HEC 4 f or en
sect | oOMBwithout spindles or K-complexes, in 3 out of 4 subjects (left columns, the exception being

subject 10;

[00053] Figure 33 is Table S12, a Nearest Neighbor analysis. Epochs devoid of artifacts
were identified to establish whether proximity to an artifact could be responsible for the
fragmented portion of REM. %XY means percentage of neighbors of Y (TOP or DOWN)
composed of X (0=no artifact in either neighbor, 1=one neighbor is an artifact, 2=both neighbors
are artifacts). As in the previous table, each row corresponds to a different scorer. Similarities
and differences observed within results for subject 9, 18 and 20 are explained in the previous
legend. Subjects 9 and 19 have respectively 18/34 and 45/85 epochs in the fragmented part of
automatically identified REM which do not have any neighboring artifacts, leading to the same

percentage in both cases.

[00054] Figure 34 represents the results of a study conducted on 4 pairs of twins. Each
column in 1-4 corresponds to 4 pairs of twins (pair 1 is fraternal, pairs 2-4 is identical). Only
REM is shown (temporal fragmentation across time). Twins exhibit a similar temporal

fragmentation pattern.
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usi ng a scanni ng w ndow, where the scanni ng wi ndow defines different
sections of the tine series increnent. The scanning wi ndow can nove via a
sl i di ng wodow/osnhere sections of the sliding wi ndow haveTmwsesdapmsng ti me
series sequences. An epoch can alternatively span an entire time series,
for exanple. [00061] According to the present application, different forns
of sleep state of a subject nay be nonitored. A sleep state is described as
any di stingui shabl e sl eep or wakeful ness that isrepresentative of
behavioral, physical or signal characteristics. Sleep states which are
referred to in this appllcatlon |nclude sl ow wave sleep or SW5, rapid eye
novenment sl eep or hL.ED NN NOENOION| | ed inter or IS
states, and awake states. Amake states nay actually be part of the sleep
state, and the awake states can be characterized by vigilance into

attenti vene§0065] ltey el Be ofideddi@d theSibe fpoRsianll aem@haisa)fshepﬁsmﬁn‘&lnam be
characterized as jnternediate- 1 sleep and |nterpnediate-2 sl eep

arti f alfvVeraSFatieplied shtlirhg e&ﬁﬁﬁ‘finﬁgthﬁ"c 851 Sl ryniopa Gepr EI?é?fSﬁ&Hdlag tqf fBet is

data t Bafenfids WaRE %ﬁﬁ‘]ﬂ{aﬁné her Iﬁ@ﬁ%se%@ﬁlaﬁ@@ﬁ%ﬁ@leﬁ@ﬂf@ffﬁpﬁla%é Bl KBoWS EThe hat
regi sters on the EEG may be an artifact. Exanple artifacts include nuscle

t wi t chdstadedidasereptionkall bp poosRY hResirebalpwi gvithowferancEioghe ettachedhdieiings. a f 1 ow

di agram of an exenplary system 100 for determ ning sleep state information
of a subject. The EEG data 102 is received fromthe subject. [00063]

Exenpl ary Sp00066] Dattarny GA6GR4T" ih thicuppliodticnhefesntb bdihmaithds sellamdned herein, a
variety of source data can be anal yzed including el ectroencephal ography
(EEG data, electrocardi ography data (EKG, el ectroocul ography data (EOCG
el ectrocor t [gegy PR ©rrh ECXHR Rﬁt@llareférmfsaﬂfyateltﬁé bél@hfpoibe et (HRPAAGhaRRY data
(EM5 , local field potential (LFP) data, nm etoencephalo ahlc dat a
(VEG) , thahiredal rdistibustonf R THextesmi “Hestahie R&g% glees ‘awllpsrt@giﬁu@@pwavwf and
any datg, g@,hﬁkﬂng@ﬁﬁ%uhﬂﬁmﬁo?RENP'fferences in dynam c range of power
for various fr

equencl es across

[00058] The methods described herein are disclosed in detail in PCT/US2006/018120,

the disclosure is fully incorporated herein by reference.

[00059] The present invention provides a system and method to obtain and classify EEG
data in both animals and humans. Obtained EEG signals are low-power frequency signals and
follow a 1/f distribution, whereby the power in the signal is inversely related, e.g., inversely

proportional, to the frequency.

[00060] EEG signals have typically been examined in time in series increments called
epochs. For example, when the EEG signal is used for analyzing sleep, sleep may be segmented
into one or more epochs to use for analysis. The epochs can be segmented into different sections
using a scanning window, where the scanning window defines different sections of the time
series increment. The scanning window can move via a sliding window, where sections of the
sliding window have overlapping time series sequences. An epoch can alternatively span an

entire time series, for example.

[00061] According to the present application, different forms of sleep state of a subject

may be monitored. A sleep state is described as any distinguishable sleep or wakefulness that is
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frequency spectrumof the data e.g., a 1/f distribution. Source data can

i ncl ude encoded data stored at | ow power frequency wthin source data.

[ 00065] Iwocenwm/@amiedi mrent of the invention, the data 102cCoruseommcssdyed from
the subject is transmtted to a software program 104 for anal ysis. [00066]
Exenpl ary System for Determ ning Low Power Frequency Information from
Source Data with at Least One Low Power Frequency Range [00067] Source data
102 with at |east one | ow power frequency range is obtained and input into

sof t war&, JQfafiQ HHRIIHAE phM-aPOMESEnal LIBEINSEREYcd. B0 @l QRidhCR0REBteP! ary
Met hod for Adjusting Sourge Dat a [00069] Source date wth at |east one | ow

power fir daprppbvatioampdudeGRow wayedaipwe d W Sanpié xgmbesmat eeer @dtidphal ogr aphy
source ;dat a,f.or &, SUbLest, camy be. recelved. a?oué Ceudat a gEQstQtes Lggei ved via
a single’c annel Cer Hul |pﬁ e chiannel’s’ F%G’é 6‘]’ n-a prg er red” efbodi ment  of
this i avesdly enpat ithgdlepahadned tefawak&smes caitd dhaiaertizddbydagitunpt tits| eep and
waki ng states. [00071] Source data is adjusted to increase the dynamc
range FUFUYEMET OWict e AL algrtnesh dite gRemegdipipdecar rlsg heraadiatitgd st ~ t he

frequengymRRBEL I W PindiBRMAQHAES R R8iERIRAY 8Ho be oBlafRg @Ryl gher power
frequency range. A nunber of ag‘Jqust ment techni ques descri bed herein,

i ncl udispgrinoemed] anddiG.okn ahirct is dgladhat ynisgeprgenisribe EBG. ber axgmgle, poRa7al |1 n an
enbodi t ' ' jjncrease
ool PP L ASPEFPIESISPI, SO SRR R DL AR, Rk bl oo

| ower fwedi¢emad/the ikge data or, nore generally, to normalize the powers of
the different signal parts. [00073] After the source data is adjusted,

various oth ' W F : Vi ' [ t he
2d) ust odsol 0B 0EARSHDRoRAR HHAACERTichTES ARk o Pt BHRN BRI
i nf or mdidr derermatinddeapstataci@chafiooot 4 subjcad] TistIdds datarl 02 isdatedvedFomm gxanpl e,

| ow povxetgli frequency information can be extracted from adj usted

el ect r S¥HESphal ogr aphy source dat a.

[00063] Exemplary Source Data

[00064] In any of the embodiments described herein, a variety of source data can be
analyzed including electroencephalography (EEG) data, electrocardiography data (EKG),
electrooculography data (EOQG) , electrocorticographic (ECo(G) data, intracranial data,
electromyography data (EMG) , local field potential (LFP) data, magnetoencephalograhic data
(MEQ), spike train data, wave data including sound and pressure waves, and any data exhibiting
where there are differences in dynamic range of power for various frequencies across a
frequency spectrum of the data e.g., a 1/f distribution. Source data can include encoded data

stored at low power frequency within source data.

[00065] In one embodiment of the invention, the data 102 once received from the subject

is transmitted to a software program 104 for analysis.

[00066] Exemplary System for Determining L.ow- Power Frequency Information from Source

Data with at Least One Low Power Frequency Range

[00067] Source data 102 with at least one low power frequency range is obtained and

input into software 104 to determine low power frequency information.

14



H gher power frequency information can also be extracted fromthe adjusted
source data. [00074] The nmethod described in this or any of the other
exanpl es weanotwsaiigonput er i npl ement ed net hod perfornmed PCR/US2009/064632

conput er - execut abl e instructions in one or nore conputerreadabl e nedia. Any
of the actions shown can be perforned by software incorporated within a
signal processing systemor any other signal data anal yzer system [00075]
Referring again to Figure 1, Electroencephal ography data 102 for a subject

i's obt ai nedgpds] BRWpLdP MRS MAIRsdAASuLcd8ier M ne sl eep state _
information for the gubj ect 106. e software can enpl oy any conbi nati on of

t echnol ogi e 0, cri I | sl ate
ot or mat on SR ot FOSBL bR TRHER Rl Re B FhELTA o 5R8 130
di agr arxafplarel@xesplptiaosytyaoui2 ath 6sr adebetidanibagecslveé B oat@tdat dah ba

subj ect wherein th ata can be normalized to conpute a spectrogram 202.
Anot helrecéﬁlﬁgéﬂar‘?e%‘fg?%g@nﬂlﬂrfr} iR° sPREPi zations for even further dynanic

range i ncrease. Normalizations can be perforned by normalizing frequency

across ti nejqjp7] e AEERSShbRAMENGY thif RO Th FHEIPLRLY.1 Vet Redyor
Adj usting Source Data to Account for D fferences 1 n Power over a Spectrum

of Fr equidnhets dovapleTilerp A @ARBE skRess. exanpl e, el ect roencephal ogr aphy dat a
with at | east one | ow power frequency range can be received. Artifacts in

the data ca moved from the source data. For ex |l e, artifact data
can b manul90g1] SRa S SR RE SBHFES B mi hofRapr Eur s S ea out
of sounaelBapdvatif@q@encl rimRE bNthe (Rq@ency Bbectiumt Ehd@hrcedadak dospaed i N9

techni que. The source data can al so be pretreated with conmponent anal ysis
204. THECosd hieder Rexica ficquesey BAE-¢H NTRPY WA UIMCRDFEnEpE Hecribgddiceridach” epoch

Is a p%&lﬁo?ﬂ%r?cfrm‘éﬁ‘%a@ioﬁ%ﬂ&‘h& fnéﬁv'bi%ﬁtin Qh H2%aQp! €, the source data can be

segnented into a plurality t1 mesegnents via a variety of separating
t echni ques. Scanni ng wi ndows and sliding windows can be used to separate
t he source (HW032] Intag ctibor@ineat, ickstroancegakRtaphy Ihecodea Bmomilece poiabisasar e
nor mal it}% d for diffeances in oyer ?f. t he_one . or mor &

e low power, higher frequency range data relative to the higher power, lower frequency range

data or, more generally, to normalize the powers of the different signal parts.

[00073] After the source data is adjusted, various other processing can be done. For
example, a visualization of the adjusted source data can be presented. Further, low power
frequency information can be extracted from the adjusted source data. For example, low power
frequency information can be extracted from adjusted electroencephalography source data.

Higher power frequency information can also be extracted from the adjusted source data.

[00074] The method described in this or any of the other examples can be a computer-
implemented method performed via computer-executable instructions in one or more computer-
readable media. Any of the actions shown can be performed by software incorporated within a

signal processing system or any other signal data analyzer system.

[00075] Referring again to Figure 1, Electroencephalography data 102 for a subject is
obtained and input into software 104 to determine sleep state information for the subject 106.
The software can employ any combination of technologies, such as those described herein, to

determine sleep state information for the subject.
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epochs across tine. For exanple, the power of each epoch at one or nore
frequenci es can be nornalized across tinme to determ ne appropriate

f requencywoiznthiensgitbor extracting i nformati on. Such nor necrastéoonessan reveal
| ow power, statistically significant shifts in power at one or nore
frequencies (e.g., Delta, Ganma, and the |ike). Any frequency range can be
reveal ed and utilized for analysis. Information can be cal cul ated for each
of the one or nore epochs after appropriate frequency w ndows have been
establ i Shedﬁooﬁ%ﬂiéfé‘ﬁrﬁl ﬁ{awtemg%@éh'arm&&ciﬁa W of hea BUEREH RANER 206 Delta
power), high frequency power (e.g., Ganma power) ndard deV|at|on
nBX|nu@&@npmngwh@péekgofamdxwmummwﬁnmhémabgmbmmanmhh@eo@@ngéahs) and the

sort. Further ch Lons can b done on the i.nfor :Fq cul ated for
PGCHSgram. 2 h& Prodihel uses ultiple porma izations or even Urther dynarnic
each of one of nnre epochs creating i nformation suc ma

power / Ralgk ancpamer Noﬁrﬂldﬁiﬁatdﬁﬁ@ icreibd peefopheddBY h@malilzifg fldqlﬁenwhma; the &aima
power/Delta power and the like. Tine derivatives can be conputed over

pr eceditfigSHEHIEcessi ve epochs. After cal culating the information, that

i nformation can then be normal i zed across the one or nore epochs. A variety

of data nor pgjor7atild ?%/Iétl%%ﬁ%f aY §tu%$;buli’8‘e SRR HHEL&Mn] AF DHALAZ LS COr | Ng

and other simlar te ques. [ 000 lts of the adjustnent of source
dat a t@oacc@umaSpade1@ﬂﬁm$moessowwﬂbmer over a spectrum of frequencies
over time can be presented as one or nore epochs of data. For exanple,

frequency an be presented, as adj ysted source d 00080]
e R R R T omg RIS O s B ety

[ 00081}arfsk @6 bORBS GRN A QRER Pthe daith@ah BE retnVEDFBRL the Soudh @it @dr @fchpld)put
into segnenter to segnent the data into one or nore epochs. In practice,

epochs aHect gptagpmpe mpnyatlygemoyaddraga Heysowrengdeih or mpempidalingitred 2al ¢ adj ust ed
via a i nput
o noritey SE PR GURARENEL D, ApONE s TROMiSAACRuC! Thd Wil Blitah T00L
acrossahpMEpnmhwbéMmhkpmmummmymmﬁMQMMIﬁ@:ﬁhﬂm@h@19mgmwm®dmm0©hsoomom

o oot SagePtglog PR el The, 012 0 BRLEL SOURIEN, VL Albed ppaghs ore

gener atk @Qn&in%ﬂnts)tzﬁ}ﬂ&ah@fdf tipRtse @erftOViatahRriStyRif 8§Jaratid8 techBilgh@dScdnaing
windows and sliding windows can be used to separate the source data into time series
increments. The one or more epochs are normalized for differences in power of the one or more
epochs across time. For example, the power of each epoch at one or more frequencies can be
normalized across time to determine appropriate frequency windows for extracting information.
Such normalization can reveal low power, statistically significant shifts in power at one or more
frequencies (e.g., Delta, Gamma, and the like). Any frequency range can be revealed and utilized
for analysis. Information can be calculated for each of the one or more epochs after appropriate
frequency windows have been established. Such information can include low frequency power
(e.g., Delta power), high frequency power (e.g., Gamma power), standard deviation, maximum
amplitude (e.g., maximum of the absolute value of peaks) and the sort. Further calculations can
be done on the information calculated for each of the one or more epochs creating information
such as Gamma power/Delta power, time derivative of Delta, time derivative of Gamma
power/Delta power and the like. Time derivatives can be computed over preceding and
successive epochs. After calculating the information, that information can then be normalized
across the one or more epochs. A variety of data normalization 202 techniques can be conducted

including z-scoring and other similar techniques.
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determ ning sleep state information for a subject are described in detail
bel ow. [00082] Anot her Exenplary Method for Determning Sleep States in a
Subj ect [WOQ8BJosE1ect r oencephal ography (EEG data for aPeThjSe@b/064532

recei ved. For exanple, electroencephal ography data, which exhibits | ower
dynam c range for power in at |east one | ow power first frequency range in
a frequency spectrum as conpared to a second frequency range in the
frequency spectrum can be received. [00084] The el ectroencephal ography

data for theygy) €Shid §ftﬁ@ é?%n@& JrRERcORRa B aclB e fGRAG nceE RS d%e%%%r
EEG data can be segnmented | one or nore epochs via a vari ety of

separ atarsng:tmleccbfrfrequesles S@atrmntngawhemﬂ@mteé atlons ¢ranaerg epohel ofiate dier be used to
separate 1 e.sQunce data can al so be

filter e)c(i V}i) flcEFqunc Wel%th(P%pOf: %an brré)re&erﬁgc?as adﬂ)ustela sorflrce or after segnenting.

ren
The source data can also be pretreated with conponent analysis 204 (e.g.,

princi pl e o[000BOEPEAGERRY SOQERIBENE @R AinY Sl Stdid IrEdniatien Rir@Bub data the
hi gher frequencies (e.g., Gamma) exhibit |ower power than the | ower

frequenci esdopgg; Ele(%eh ha-llagr% }a&ﬁia the shﬂ) K&)is b‘tﬂaﬁ&?aﬂ@hﬁfﬁﬁ 1ﬁlb9£§mé%'?& dat a.

Frequency power of nor e epochs s wei ghted across time. For
exanpl & sqghenfribv\éata @iftO eafebr rept@@noehs lopsacice, r@pﬁ@sm@afwen@aréegcm shac)

norrrallze os t eterm ropri at requenc dows for
cﬁlfe can'b ad 826 via 'élC-Ol’lfI urgtﬁg rgmeter %_'hFO 801‘ m01yee O(r)]ls m
ext ractl i'ATGY Rt aon Hor fral S Zzat i on” Ban  r&vea rp
stati stturﬁ,adré;n i grd ﬂdrfnamer 202 fd eormali Leradyiae i0 thetdk@r hroeaq bd &380s6€. g
p8 tpea

Delta, &a d the lik Addi tionally, each epoch can be represented by
the fr @&ﬁ"ﬁ?}gﬁbﬁ@ﬂu@ﬁé Wﬁ}%ﬁ@% theogr gt e $paeksol slreroserRhas by i He
appr Opbh@Bﬁmee%qﬁ&w W@lgﬁé&/ﬁ)oﬁ&rar@ﬂ{eﬁ adut Mo &lﬂisﬁ“{e'ir?é élﬁ’s@lf%ﬁ‘{etcﬁfﬂﬁ{d vely,

conponent analysi's (é.9., principle conponent analysis or independent
conponélsep slpigs.yadreby goamplin@gdepcrte bdonmatipp f@dhfa:furomctm hozlatfcrron 202 to

furt heﬁet‘éﬁﬁ%{n@sik% Sl 181%61&1%& M?%ﬁ%ﬁér ‘qu'ﬁ‘?:%‘g’cz dJ c?ertaﬂe hg@cting i nformation.

Any frequenc ran can revea or analysis. [00085]

I nformati on can be cal cul ated for each of the one or nore epochs after
appropri at e [(0082LEMENer\MxBaQWsy MRt dbetDcesiiaink iSshpdidie.if a.SuBfeter wei ghti ng
frequency). Such

[00083] Electroencephalography (FEG) data for a subject is received. For example,
electroencephalography data, which exhibits lower dynamic range for power in at least one low
power first frequency range in a frequency spectrum as compared to a second frequency range in

the frequency spectrum, can be received.

[00084] The electroencephalography data for the subject is segmented into one or more
epochs. For example, the EEG data can be segmented into one or more epochs via a variety of
separating techniques. Scanning windows and sliding windows can be used to separate the EEG
data into one or more epochs. The source data can also be filtered via direct current tiitermg
during, prior to, or after segmenting. The source data can also be pretreated with component
analysis 204 (e.g., principle or independent component analysis). In entire night EEG data the
higher frequencies (e.g., Gamma) exhibit lower power than the lower frequencies (e.g., Delta,
Theta and the like) in the whole night EEG data. Frequency power of the one or more epochs is
weighted across time. For example, the power of each epoch at one or more frequencies can be
normalized 202 across time to determine appropriate frequency windows for extracting

information. Such normalization can reveal low power, statistically significant shifts in power at

17



information can include | ow frequency power (e.g., Delta power), high
frequency power (e.g., Gamma power), standard devi ati on, maxi num anplitude
(e.qg., nmwormmvesfiidhe absol ute val ue of peaks) and the ®omtus2009064682

cal cul ati ons can be done on the information calculated for each of the one
or nore epochs creating informati on such as Gama power/Delta power, tinme
derivative of Delta, tine derivative of Gamma power/Delta power and the

| i ke. Time derivatives can be conputed over preceding and successi ve

epochs &t ﬁBreCf?é Eéﬂc?és'(@g U@Ra 'Gﬁrﬁﬁﬂh& e 11k'e$ A(Eﬁﬂlotng'l QLiBliteed across
the one or nore epochs variety of data nornallzatlon te hni ques can be

conduc tr@desenicd by th@gfrez]usmwlﬁgthahtgh@sh eclitiveepowFheven tigieep détcanine amyomma is
now nor.e cIeaH

6] Sl 208 j
cl assi ff | 8%161]68 cfiows%?rh x?ractgng 1n§)r at1 e%@terﬁntg? Veel\}% CcO 8ﬂlltjeqlt anagglshu(gjg r1n01 xarrpl e

t he oneoporEdl ghal ysBAREAGS Yr Mﬁk;giﬁﬂ@d c&rlﬁp@lh:ﬁt mlysiseﬂ@Ap 0e badbeaﬁﬁlzbcy amy
vari ety of clusterln%g echni ques including k- neans clustering. The
cl ust erPHRR AP LR 2d0 i h I HTS PR ot el P RSP B f RET&HBEhs (e. g.

Del ta pawehatioFRRRRRANALy raﬁ%@&%@e‘%%%ﬁ%ﬁﬁ Qi zcBBY FHARNP! i tude
(Gamma/ Delta) , tine derivative of Delta, tinme derivative- of (Gamma

/Delta, and the sort) . Conponent analysis (e.g., PCA or ICA) can be used
t o det er m nE000RE] Ipbrareerecandpackulaeddor, eatlypéﬁleohe pnhorerepbélonftased) in the
clusterln

Can be ahagorikO o Ehe PHREEANRNN. deln EFHAI 0G 208w BoBER: Sl Ra o

pr esentig@drn@iioh @k BSRAL BdwW ﬁe@eﬁéy mmme 81 BeRS pdwier), heshstuljuesdy doer tde, peri od
of tinme represented by the epoch. Classification can also incor orate
manual [RrHet YR h é@n%ﬂr% éﬁVl%ttO&t maximumyamplityds (o9 ymardnemal fascpbselitisialuey e sus

" sl eepiopgeaks) £RRGE &€ ﬁﬁrthdo‘gghﬁlbl@(ﬂﬂlchﬁ/ be é@iﬁe‘ Jnagt 1df&§1ﬁf15§-£él&ﬂaté@ fd eadRYENMENL
data, poor signal data, or the ke) can be utilized in the classification.

[ 00088]theEm@mp mwe@memuﬁo@am| sfipfcast GonmT pewe/ e apor@0 089 daEyadtys can

be cl af%fbf 1te(ii1m Cst 1Vgtllv%%f@mm ow Ei)elsfpat ‘grsantd Eé/ hlg e Errel?s gerlva 1ver§ &R 8% h can be
classi {1 ed dcco 5Xng to norma var rab 1on cal cul at ed

f or anceppaiid over preceding and successive epochs. After calculatlng the 1nformat10n, it can then be
normalized across the one or more epochs. A variety of data normalization techniques can be
conducted including z-scoring and the like. The higher frequency data is now more clearly

visible.

[00086] Sleep states 208 in the subject are classified based on the one or more frequency
weighted epochs. For example, the one or more frequency weighted epochs can be clustered 206
by any variety of clustering techniques including k- means clustering. The clustering can be done
on information calculated from the epochs (e.g., Delta power, Gamma power, standard deviation,
maximum amplitude (Gamma/Delta) , time derivative of Delta, time derivative- of (Gamma
/Delta, and the sort) . Component analysis (e.g., PCA or ICA) can be used to determine the

parameter space (e.g., types of information used) in the clustering.

[00087] Subsequent to clustering 206, sleep state designations can be assigned to the
epochs. Sleep state designated epochs can then be presented as representations of sleep states in
the subject for the period of time represented by the epoch. Classification can also incorporate

manually determined sleep states (e.g., manually determined "awake" versus "sleeping” sleep
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based on high frequency information, |ow frequency information, or both
hi gh and | ow frequency information. For exanple, REM s|leep state epochs can
have hi ghwo 20ml@&ritge power than SWS at hi gher frequenci @sSTAISA00O6ESE2

relati ve power than SW5 at |ower frequencies. Simlarly, SW5 sleep state
epochs can have | ower relative power than REM at hi gher frequencies and

hi gher rel ative power than REM at | ower frequencies. Additionally, epochs
initially classified as both NREM and NSW5 sl eep (e.g., epochs having | ow

relati %ﬁte@?%@'&hti%hal%%ﬂlfﬁl!t HiSmadd (. g"iﬁéve‘iﬁeﬁﬂ&h%ﬁgbeﬁs)i rﬁ@ﬂat@%r@ﬂélﬁc%b fdpd as
i ntermedi ate sl eep 'and epochs classified as hﬁ SWs sl eep (e.g.

epochs bhatlirng ihihgtrlaselfigttione power at bot h hi gher and Iomer frequenC|es) can
be classified as outliers. Further, epochs initially classified as both

NREM and cl ternedi ate stage | sleep and
epochs i ni t@“ﬁ@e@{%&ﬁw eﬁpgg%%{;IaﬁSI%ﬁ%PB M%) eep can be classified as
internediate sta | eep. Additionally, sleep states can be spllt in the
cl assi f yi ng[20939 CF%‘FansbﬁlcﬂﬂﬁP@Ed a%@%ﬁ@é&eeéeepaﬁt?a%db%eprﬁaw A0 9h gr oup

of epoghspd ahstsifﬁldla&&lhﬁg %(5 1A AREbISd &P 1§1t0%§c1&1ac'alclaﬁlte%ﬂbf in éﬂ&t:ﬁb
mul tiple sub-classified sleep states according to increasing |evels of

cl assi basdtondwghdetqiency lﬁfwmetmntﬂvefre@ewmﬁprmﬁu@rp@ch@hélliélsa@dﬂ@\@d as SWS can

be recla sified as it dlstl pes. of SWS.. [ 00 rtif Gt data (e.g.
overeAr gt 4ol bl P R RS, g A el S SRR e
state @kﬂ&BNShC@Qhﬂﬁquﬁkuﬁhﬂmnh&rHﬁﬁh&ﬁﬁ@%ﬁ&@ﬁﬂ“ﬁﬁﬂ&ﬁﬁﬂfﬁﬂuﬁﬂ&kyze whet her

epochs |n1t al | igned a sleep S eslgnatl n shoul d be reassigned a
new sl S¥p¥ has e Salss gﬁaa? PRSI AR e f?é‘ie@rpg%}wgwa% PR b j}%ber For exanpl e,
an epogfyq @&éieg aﬁcﬂhlghélr@lﬁﬁvéﬁoa&e@ t}%smgmﬁ TodRr BEqURENES. h@hlt{mu}a 5&1§edl ng
nmovenent artl act or awake epoch can be reassigned a sleep sta

desi gnaniiigty dfssihigdkebothYRIAE and NowW, Saxlam)qea capchahayingéew epdion ppWalt athas a
succeed, {E%n @’%&Pl%%r ﬁ%ﬂ‘eﬁﬁle{) I%%i 8l &”%%%e o sel\eeg 28l 9{)‘&%'5 Q{Ass‘?ﬂedSV\B

because I's a hi e epoch re
sl eep epbmhRﬁaubedSthﬂa@(bgngpxmmhﬁnanmghhﬂmﬁaqbwmhmdbﬂﬂmgmmm@ﬁﬁmwmn

S,l['l r : In g é%%&%t:gls)&%fsli)e §#g%f1%f %d)vl\]?l Esh Pﬁfﬁegeé(p% S 1n1t1a y c{assﬁc d zgs%toﬁl ﬁﬁﬁl\/f)aend
NSWS sleep can be classified as intermediate stage I sleep and epochs initially classified as both
REM and SWS sleep can be classified as intermediate stage II sleep. Additionally, sleep states
can be split in the classifying to look for spindles, k-complexes, and other parts. Any group of
epochs initially classified as one sleep state can be split into multiple sub-classified sleep states
according to increasing levels of classification detail. For example, a group of epochs classified

as SWS can be reclassified as two distinct types of SWS.

[00090] Artifact data (e.g. movement data, poor signal data, and the like) can also be
used in sleep state classification. For example, artifacts can be used to analyze whether epochs
initially assigned a sleep state designation should be reassigned a new sleep state designation due
to neighboring artifact data. For example, an epoch assigned a sleep state designation of REM
that has a preceding movement artifact or awake epoch can be reassigned a sleep state
designation of awake. Further, for example, an artifact epoch that has a succeeding SWS epoch
can be reassigned a sleep state designation of SWS because there is a high likelihood that the

epoch represents a large SWS sleep epoch rather than a large movement artifact which is more
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[ 00091] Exenpl ary Snoot hi ng Techni ques [00092] Any variety of data

snoot hi ng techni ques can be used during the assigning of sleep states. For
exanpl e, wortbavos7(1@. g., 0 and 1) can be used to represerCTaAB300gN6t8 S| eep
states. Nei ghboring epochs' sleep state designation nunbers can then be
averaged to determine if one of the epochs is inaccurately assigned a sleep
state designation. For exanple, abrupt junps from SW5- NSW5- SW5 (and

REM NREM REM) are rare in sleep data. Therefore, should a group of epochs

be assi.gRgn RO wikBhR LRI sga%b}?“%r e%&hﬁl%ed}ﬁfa&gda@@éaﬂ% Ui ARBinlaMasl eep
states, snoothing techniques can be applied to I nprove the accuracy of the

assi gnismgoth[@ommu@eferrl ng nowto Figure 3, a block diagram of an
exenpl ary system 300 for determ' ning sleep states of a subject. The data is

received fr manual |y or automatically. The
Preferred Ff@&%@ﬁ%’ﬁﬁ aaW E}OS ’tﬁfg?ﬁ}lesfragrrent ation or Spectral
fragnmentation 304 can be performed . on the data in order to determ ne at

| east one pHi0QAEkARY vrich) dedsta sppyoshingeghhigies 6an baset duting thrarsigningi fied to

deter msieg;g ﬁaég §op e%@l@ nﬁglgers [(9 go 84ha Il-')f @a\ﬁ'b@%%ecﬁt’gt}%re%ﬁm&gﬁ%e@ sieflpwn how

normal i zation, for exanple usin scoring, allowed anal ysis of re
i nfor rratate@rN¢lghimrmE eptrhaishepvialeglegigadtionThigbarsahy Yies baki ohgodds dptﬁemne sly

carried_ou nor m i zed info tion ross..f requenci
mor el 25 4R SpRs S Ei BANTL o Bh Gl TRk SRR AER b TR FORAS sl Eipe

nor mal ifat $Ws- N&WSt&WlSierdi REMBNREMrRIEM)atreMe Mﬂeeb dhg. nlmdoress}pjuﬁfaer ably
uni tl ess, Ilkecg Ecor | -known in the art, z scorjng can be used
P

to nor BEIUPLE RO ?P%Sb%ﬁrﬁi Sﬁewrtﬁéﬁrlgreﬁa%rﬂrgseémgﬁalﬁapwnrﬁ@ $Petdse of the

di stri RELb@he t&iﬁ@@%%%ﬁﬁ@ B 39EVE B dbcrhangast 4Qighit s of standard
devi ation. Each z score normalized unit reflects the armunt of power in the

signal, relative to the average of the signal. The scores are converted
into nean d&o033] lbfrfelfrmgrmpwtingybﬁ aiddcl@quﬂiagwnrm'éarne)feﬂrmhareayﬂnerséw gor The
scores are then no he z

st of
Scor ed “RETRIMEAAR e 5 RawaSec iR n3bR e TaRePONLTLAE el et .
or automatically. The Preferred Frequency Analysis, Temporal fragmentation or Spectral
fragmentation 304 can be performed on the data in order to determine at least one parameter of

sleep. This information can be further classified to determine a sleep state 306.

[00094] Previous embodiments have shown how normalization, for example using 7.
scoring, allowed analysis of more information from the brainwave signal. The analysis which
was previously carried out normalized power information across frequencies. The normalization
preferably used Z scoring, but any other kind of data normalization can be used. The
normalization which is used is preferably unitless, like Z scoring. As well-known in the art, z
scoring can be used to normalize a distribution without changing a shape of the envelope of the
distribution. The z scores are essentially changed to units of standard deviation. Each z score
normalized unit reflects the amount of power in the signal, relative to the average of the signal.
The scores are converted into mean deviation form, by subtracting the mean from each score.
The scores are then normalized relative to standard deviation. All of the z scored normalized

units have standard deviations that are equal to unity.

[00095] While the above describes normalization using 7. scores, it should be understood

that other normalizations can also be carried out, including T scoring, and others. Multiple
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[ 00095] Wil e the above describes normalization using Z scores, it should
be understood that other nornmalizations can also be carried out, including
T scori ngwoanth/sthers. Ml tipl enornalizati ons may al so peTaspéoopess32

Normal i zati ons can be performed by normalizing frequency across tine or
time across frequency. [00096] The above enbodi ments descri be normali zing
the power at every frequency within a specified range. The range nay be
fromO, to 100 hz, or to 128 hz, or to 500 hz. The range of frequencies is

only r?l%lttﬁailfiglt‘?(qls!ﬂyayta@%b% 1%9. NahEdiz M oh B ca b EeRphal bty §(ﬁ’ﬁﬁii£iﬁ rate of
30KHz, an analysis up to 15KHz can be done. [00097] According to the

pr esentircavdnos aeress timaoidimé ameds fregneralyi zat i ons are carried out which
normal i zes the power across tinme for each frequency. This results in

i nformati on i has been nornal i,zed, acr oss .frequenci es and. across time
bt e aseq RS Lo i R IR e R R bt BN SRR RSER ot A
addi ti @nglin 4 §feiieBEin@B. THeQBM 2 Ak y WY& Batoa,00dRortth @28 AN @ LM hzdEBET | bes

aut omat i cal | é detecting different periods of sleep fromthe anal yzed dat a.
The peringgs! Bpausheiepistrbt reaEpich Y dersampbiog @i Wiltinremphyy saprdingsate Pf i t ed

to, sh bk}%ﬁiﬁg%(@y&mgmgoﬁe movenent sleep (REM, internediate
K

sleep (I''S)” and eful ness. According to an inportant feature, a single
channel of brainwave activity (that is obtained froma single |ocation on
t he human skW0PT] Ascoudirgtoftbe pichnt ambbddisicst, addtichas oorntabchtimboare catrieé oobt ai ned

data can.he one.channel of EEG information froma human .or ot her supject.
The EE®MCRNOrRaliZH {hsiRoRgT %%{ﬂsst?énec{% F%ﬁﬁ@&?mﬁir B?é?ﬁb‘ﬁg}m& rRguy ‘QEISEJHZ

sanpl i mgs Bexh@orrdliz6@RcrB8 fRRATRICRY afld a@ofli ighekeif@iRd td iatd @thdrmized vi ded into
epochs, for exangle 30 second epochs, and characterized according to

f r equesipSFiropEOdBIs crbpliment ¢aneipipim g@ﬁi%@hﬁlﬁ@rmtip@ﬁoméar@_awawé&% aed thehe

ower | . 5 . . .
P equesy ant Rl T Al AR B R ERUMET A58 TR D R 1y
and 30 The perigisrof bleert that cBhée dotepmdl cavihtlode, bocare sodlomissktof shog. wavhiskegr eat es a

nor mal k58 385 LA o8 My & aRR ad IANT B w BRI LS KA ! O
to an important feature, a single channel of brainwave activity (that is obtained from a single
location on the human skull) is used for the analysis. As described above, the obtained data can
be one channel of EEG information from a human or other subject. The EEG data as obtained
can be collected, for example, using a 256 Hz sampling rate, or can be sampled at a higher rate.

The data is divided into epochs, for example 30 second epochs, and characterized according to

frequency.

[00098] A first frequency normalization is carried out. The power information is
normalized using a z scoring technique on each frequency bin. In the embodiment, the bins may
extend from one to 100 Hz and 30 bins per hertz. The normalization occurs across time. This
creates a normalized spectrogram or NS, in which each frequency band from the signal has
substantially the same weight. In the embodiment, each 30 second epoch is represented by a

"preferred frequency” which is the frequency with the largest z score within that epoch.

[00099] This creates a special frequency space called the Preferred Frequency space.
Analysis of how those patterns are formed and analysis of the characteristics of the patterns can

be done. Different sleep states, therefore, can be defined according to a discrimination function,
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substantially the same weight. In the enbodi nent, each 30 second epoch is
represented by a "preferred frequency" which is the frequency wth the

| ar gest zwecormswiivhi n t hat epoch. [00099] Thi s creat esPaTdse@mwabicdz equency
space called the Preferred Frequency space. Analysis of how those patterns
are formed and anal ysis of the characteristics of the patterns can be done.
Different sleep states, therefore, can be defined according to a

di scrim nation function,where the discrimnation function |ooks for certain
act i Vi toheldth€ Bl fthihaRbE et ANHoRA0r AShlnVichi¥ir) h QbR Ak 8RS nod AGiigNRT i ON
may eval uate sl eep states according to which of the frequency at areas have
act i vi otheapgasihe findgomogy healetagedputitss, ack@Omg0d whishe! erferqabioy, at however ,
any fo%n%QIjgxn%l'chﬁggggnﬂhysgcﬂapg can be carried out on the conpensated
data. TAE GHELY i WAET 68 "PURYE foh Xay require specific values, or may
simply require a certain anmount of activity to be present or not present,
in each of f0MDOYMbictden&hlly, MO EACInY (BFHE8Bdynhhific ic6@dlisBirialdafbe LaiEd 1 ON may
sinply match envel opes of frequency response. The discrimnation function
may al $8! Pk cemreiseied fap- Fhealiieamization fungHan MappeivEE SPCHBGYAITE ATieRY.

[ 00101 Linf $REARC OTIHRb AR I PRl GlInd SrcS bi Al pAEn BEIASPold FBARGICS. The

second nor zation produces a y nornmaliz spectrogra Thr's

pr oduc ésqeenapwnese dhedosyrispate funptisvhinaghsitipéy iainkl snveéepesrel lesqangyor e
t. The.doubly . | i zed t | b dto.f
1 er SPREE RSB TR i atyrtied iy Enl ety e Srpsia) A

cl ust effiaB@etteGdni que which is carried out on the doubly nornalized
frequency. For exanple, the clustering technique may be a K means techni que
as described in the previous enbodi ments. Each cluster can represent a

sl eep st at e[0018bhysgcord oppaligptimawhielpisgatrigg lonyackess ieqeingishsihsrasond| ust er s,

whi ch g . i |t I i unber
of o e iR AR DL SAP AhliPed pPl: Bt HRNAALAL TR defikncy BicP
i |l ust imtvésh hlm/bamhebaztonnb!eyemmompparent. $heddubbgramabicslepalttogusn nams canr e

reasur %g%getd 6 (?ilinaﬁltte% lh%E rlngxsl'mally separate the values within the space.
[00102] A clustering technique which is carried out on the doubly normalized frequency.
For example, the clustering technique may be a K means technique as described in the previous

embodiments. Each cluster can represent a sleep state.

[00103] The clusters are actually multi dimensional clusters, which can themselves be
graphed to find additional information. The number of dimensions can depend on the number of
clustering variables. This illustrates how the doubly normalized spectrogram also allows many

more measurement characteristics.

[00104] Measurement of the average spread in normalized power across frequency which
illustrates the spectral fragmentation is also possible. Fragmentation values can alternatively be
based on temporal fragmentation for the different states may also be used as part of the

discrimination function.

[00105] These two functions are evaluated on the doubly normalized spectrum, relying

on homogeneous increases in gain at all frequencies as caused movement artifacts in NREM
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[ 00104] Measurenent of the average spread in normalized power across
frequency which illustrates the spectral fragnentation is al so possible.
Fragnent awvoaeniovalies can al ternatively be based on tenpecalustocagsmst at i on
for the different states may al so be used as part of the discrimnation
function. [00105] These two functions are evaluated on the doubly
normal i zed spectrum relying on honbgeneous increases in gain at al
frequenci es as caused novenent artifacts in NREMsl eep and Wwould lead to

abnor ”@ie%% afd WMREEE 1dali @&Mﬁhﬁ&ﬂ}%}e%?éd”f?a%xﬂeﬂtahbﬁ vﬁh&%){he”s%g?ﬁh&&ﬁﬂz&ioeﬁ rum
[ 00106] ese fragnentation val'ues nmay be used as part of e

di scri spevuinon function. Inportantly, and as descri bed above, this
di scrimnation function is typically not apparent from any previous

analysis te ' i pcl udi ng mapual techni ques. 0107]. The ¢ ut ati on
may be char K06 Biest BieteilntrRS oy Shar 8 S5 ob PP aBEmir R SBRL D o

sl i di ngmpbiRGAY, arldQs dB&FBES gHovBahis ANRAMmMatibe QinstisddsitAicaliTHos apaall #emmany
techni ques that have never been possible before. By characterizing

on- t heaRY Previons anabysiPeRiqiiesinFiNginR SNk tednisget he dynani ¢ spectral scori ng,
bet ween sl eep states and awake states using the brai nwave signature al one.

[ 00108] The r I I ri J

conbi ned wi FVIGE (R FEGE el 8L AMALBRELYS SaHRRE (K ROOURBERE | |
t he abiwihd?wxlzstan amﬁ?ﬁn'g Mmﬁngb ncesterthe tenglot Wﬁdom.ﬁ;h}idm?\]ieﬂmmlﬂj/ rr?l SE iEG .
aut onat | cal n ze the braln act]l vl roma.sil ngl.e nne an
ut 11 orehoy R el eenBeBige PR aife P b T4 R ORHIe Y O ExehfieLES
Exanpl Qisting@6hifOhsiiRaihs dWeingc SRREhINRbIZE BetticbMslb&Pdthtbl AdQwakh &a&s adiRe Was
gently shaved. Conductive el ectrogel was applied and a standard 6mm gol d

pl at ed the teinpavresighesirs elodeed with col | odion. The resulting data were
anal yzed usi ng advanced conput ati onal techni ques, which

[00108] The exemplary methods for data analysis described above were combined with a
standard non-invasive EEG method for humans. The result is the ability to non-invasively
extract attenuated rhythms in animals, automatically analyze the brain activity from a single

channel of EEG, and sufficiently classify the sleep parameters for the animals.

EXAMPLES

Example 1

[00109] Rats were anesthetized with isoflurane. The scalp was gently shaved.
Conductive electrogel was applied and a standard 6mm gold plated electrode was secured with
collodion. The resulting data were analyzed using advanced computational techniques, which
are described above, by using software and techniques described in P.C.T. Application

WO02006/1222201.

[00110] Voltage signal from the rat brain is collected by the electrodes and sent to the
computer for analysis. The signal is broken down into roughly three second epochs of signal.

The frequency spectra for each epoch are calculated to produce a whole recording spectrum. The
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are described above, by using software and techni ques described in P.C T.
Application WXR006/1222201. [00110] Voltage signal fromthe rat brain is
col | ect edwbyotons7abect rodes and sent to the conputer foPCansbgmiosic3The
signal is broken down into roughly three second epochs of signal. The
frequency spectra for each epoch are cal culated to produce a whole
recordi ng spectrum Theresulting spectrumis then normalized across
frequenci es which allows for the detection of previously unidentified
frequengh,fm ipggi]u][ﬁ']ls RherCRGhalin B 1 §GBQCReqRAYs WREH HIRAHERENDMARESE of

hi ghest shift wth respect to the basell%e I's mapped. The resulting map
shows @rdvieskynmidhghed ieqsndies. t hi s space rel ative to the baseline.
Referring again to Figure 2, these signatures can be used to create

vari ables used on a nmultiply normalized (nornalizations across tine and
frequency) s(de1Y Q0¢RMLZ{Zpbch, OhBahe frrqurat amitheke Bighaesiin vedp@smieoshages.
Conmponent _anal ysis 204 can al so be used on the nmultiply normalized

spect r OgicHRT tomapRsdt elhel tgetligpes mop shoyypaiietent Brasies iy it ipsse s21eidr Ret hods
for D phQnant Refelity {hUBTiQfre Pafhascl Ohd3ds TR Qs @ Feald GGiabRE &ldorPd
clustering and cl assification nethods used in conputational signal

pr oces siuligply moghdlized énerimatigatipas aciopt smdi andi finesuerdyaspessrogmisn des ¢e ictveld a
herein I [ ' - |l ust.eri t -

conput B SURERE ORAIELAOS, S o Ral RS M B o3 iy
coul d hernusiedd sfbctrodramlty create @Bsictd 206t | on net hods such as conponent anal ysi s
(e.g., principle and i ndependent conponent anal ysis) are used as descri bed
herein. [00114] An overview of conputational methods is provided bel ow

[00115] O ugdean2ekcaflarg (WatpatatidRAMNSh&) (hShHRAMESIM SRUpd §anahng where the
cl asses are unknown a priori and the goal is to discover these classes from

data. For exanple, the identification of new tunor classes using gene

expr essi on ﬂf(ﬁflk]l ﬁ?eré Fred VJlQé mr%fty M&P&fnﬁiaﬁg glaLstlf%aﬂ.bR Biethods used in

computational signal processing to differentiate data into distinct classes. As described herein,
the clustering method used is k-means clustering but any computational signal processing
method for differentiating groups of data could be used. Similarly, classification methods such as
component analysis (e.g., principle and independent component analysis) are used as described

herein.
[00114] An overview of computational methods is provided below.

[00115] Clustering (or cluster analysis) is unsupervised learning where the classes are
unknown a priori and the goal is to discover these classes from data. For example, the
identification of new tumor classes using gene expression profiles is a form of unsupervised

learning.

[00116] Classification (or class prediction) is a supervised learning method where the
classes are predefined and the goal is to understand the basis for the classification from a set of
labeled objects and build a predictor for future unlabeled observations. For example, the

classification of malignancies into known classes is a form of supervised learning.

[00117] Clustering involves several distinct steps:
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[00116] C assification (or class prediction) is a supervised |earning

nmet hod where the cl asses are predefined and the goal is to understand the
basi s forwoheloisaasi fication froma set of |abel ed obj eeCI/spalbsoicsd a

predi ctor for future unl abel ed observati ons. For exanple, the
classification of malignancies into known classes is a form of supervised

| earning. [00117] Custering involves several distinct steps:[00118]

Def using a suitabl e di stance between objects [00119] Selecting a applying a

clustering pdode8] bhRing Q0ieBle St @kivign Br@&sdures comonly fall into two
categories: hierarchi cal thods and parti t| oni ng net hods. Hi erarchi cal

met hods can (Rﬁllgfﬁ &Elnga\é@ﬁwﬁg a(cliu%ge ﬁg\gné)gn r aggl onerative (bottomup).

Hi er ar chi ca S e or dendrogram Hi erarchi cal
met hods provi de a hierarchy of cI usters, fromthe snallest, where all

obj ects ar e[00120N€Eludibtigd Bocedubds @UGMmonD, fahentb argesatgoset: thrﬁlehlealﬁﬁéthods
observation is in its own clust erﬁhOOlZl Partitioni ng nethods usually
requi r 8N4 RHtdpRiBg Mty dHerarchicglem cihqigdidive <t€rmé?lwn>a>rnec hani sm f or

apport ' g@bﬁﬁgraﬂpé ?ﬁt@m Lg)) [eUFIEA S Qi‘d§t5rnli?mgt‘ﬁbgsr ﬁﬂ)m -a (el %? Qeﬂ’li%g}%S

partition the data into a prespecified nunber k of nutually exclusive and
ex hauster@rcglc@hpsthOdﬁhéowéQ hbigrarehoradciusery froeeht svalicss Wthh@ ablodggoisatré oins t o

clusters nt|I crlterl n.is t(ge mnlmz -cluster sunsof -

O ec Ster, t rou the lareest.set, Where ea ervatio E ownc us er
squar es arYplT es OP ar]igl tion| ng me S Inc kO We&NS el ust er | ng,

Partiti on| ng around rred0| ds (PAM, self organi ZI ng maps (SOM , and

nodel - based[g012st @k difehind @OhSR] uslIst reg@td @ SpddFREL brNoMh@Bkh6E oBERsters.
aggl onerative hierarchical nethods, in a large part due to the availability

of ef f ilBPRAMEShANSM APIGHPPIINFEE OPisHis Ve lupets st bsdedsmipednbhessarsthodye t hei r
advant ggﬁl%oﬁ‘ﬂ% Aisadv @E@Q&%ad hhrﬁﬁé}rkcd}'n%ﬁ!lal \k@lﬂmggﬁd éﬁ%ﬁéﬂfé@ ?é. The

conput ati on | east aggl onerative clustering, and di sadvan ages

i ncl udmetltwltltetdﬁwlyaﬁdlopatgs dhe ahgtrcdinnoto Cbetemwrrté(somd ctigtien isfrogt (@gr oneous
deci si ons. mad ﬁ ? er the methad, Bartitioni r&e dyant.ages ;i ncl ude that
such mEtRGHE WaNNSHHY T U SeERY RPN pPr"‘E) i Ii“g 4 egsFAi5ans

opt i malkiuspéring, Partitioning around medoids (PAM), self organizing maps (SOM) , and model—based

clustering.

[00122] Most methods used in practice are agglomerative hierarchical methods, in a large
part due to the availability of efficient exact algorithms. However both clustering methods have
their advantages and disadvantages. Hierarchical advantages include fast computation, at least
for agglomerative clustering, and disadvantages include that they are rigid and cannot be
corrected later for erroneous decisions made earlier in the method. Partitioning advantages
include that such methods can provide clusters that (approximately) satisfy an optimality
criterion, and disadvantages include that one needs an initial k and the methods can take long

computation time.

[00123] In summary, clustering is a more difficult problem than classifying for a variety
of reasons including the following: there is no learning set of labeled observations the number of
groups is usually unknown implicitly, one must have already selected both the relevant features

and distance measures used in clustering methods.

[00124] Classification
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criterion, and disadvantages include that one needs an initial k and the
nmet hods can take | ong conputation tine. [00123] In sumary, clustering is a
nor e di f fwoubto/gsrabl em t han cl assifying for a variety ofcramgsansecisdsz| udi ng
the followng: there is no | earning set of |abel ed observations the nunber
of groups is usually unknown inmplicitly, one nust have al ready sel ected
both the relevant features and di stance neasures used in clusterin- Qg

nmet hods. [00124] d assification[00125] Techni ques involving statistics,

machi ne | eafgy1n8) TRARGRSHANIRE LlabsicS ARadhtheUSEHing B8 PRy @B mRiricc LASS fiers
i nclude logistic regrg55|on, discrimnant analysis (l'ihear and quadratic) ,

pri nci phal. Esamplneei clasificsssndudelogiptic regeasies dissdmghibbanatisag Endar ends
(k- nearest nei ghbor cl assi ficati and regr.ession tree CART)
br odi ctE B Py papPRE b SRCR R RS P oo

| 0g- | i meighbd AdhsSificatiaPaidirepesidr radB (A RES, pragoi @gaibBdis Chragisidatrays
(baggi ng, boosti ng, foresﬁé% and evol utionary al gorithns. Logistic
r egr esSPYA Te&verky apd mpltigAmGH laglipear mpdgls surRoshvesior echiaes, sggeditidn t he

dependenksifi&e m%g%g)bdééﬁﬂg?%rgsté),sarﬂ e@bﬁlhgﬁﬁgglé%riﬂﬁ{si BBiQidbgRssiod it at akes
only two val ues, Ich usually represent the occurrence or non- occurrence
of sonwasaitoneibinesy eegressivsreii¢hyis yedlethcagh@dapendont gpwbonive vimadpierdent (i nput )
vari abl [ S; ri 0 t 0 I ' di ca

St ucy, ThaRiE SHRIPU (B8 FAGLE hipe R ol o AT et (!
negat i wenf@cudereebf &infe Mit¢amhe @hi, badily cpdddbr 6]or Unhridate aiddpamdernyt (inpgt) essi on,

| ogi stic.regression does not. directly nodel a.dependent variable as a
l'i near ¥ ?PE‘%r?é‘? ?Q?Hnb?usd‘é%ee%ﬁﬁéﬂt Orj)é’ﬂ} §8’f emplfn %IE’SQIC?%St%s@ﬁQaT%t t he

dependent,iwabi &bl &r b 81iMed MBhpi¥ idhidvic R h&hiivd R Iathbitsin VI £EBIBN | NSt ead
nodel s a function of the probability of event occurrence as a’l i near

conbi nati on of the explanatory variables. For |ogistic regression, the
functi on relM26gUnlke qdiotralbiedrissicaslogistic hagrassiph doestrot direetlyinadslebs in this

way I's dteé%%ldlerﬁglfirslgﬂlec a fzy irﬁé[alr ?or}hbina {O%Q)rffgg Sendent IVgrqqgle?s Rr d%eis R%Es%m‘é’@ﬁart]t el otted

agai nst e values 0O e linear conbrnation of the explanatory vari abl es.
dependent variable is normally distributed. Logistic regression instead models a function of the
probability of event occurrence as a linear combination of the explanatory variables. For logistic
regression, the function relating the probabilities to the explanatory variables in this way is the

logistic function, which has a sigmoid or S shape when plotted against the values of the linear

combination of the explanatory variables.

[00127] Logistic regression is used in classification by fitting the logistic regression
model to data and classifying the various explanatory variable patterns based on their fitted
probabilities. Classifications of subsequent data are then based on their covariate patterns and

estimated probabiliti] Discriminant analysis:

[00128] In summary discriminant analysis represents samples as points in space and then
classifies the points. Linear discriminant analysis (LDA) fmds an optimal plane surface that best
separates points that belong to two classes. Quadratic discriminant analysis (QDA) fmds an
optimal curved (quadratic) surface instead. Both methods seek to minimize some form of

classification error.

[00129] Fisher linear discriminant analysis (FLDA or LDA) :
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[00127] Logistic regression is used in classification by fitting the

| ogi stic regression nodel to data and cl assifying the various explanatory
vari abl e wet2vavassiibased on their fitted probabilities. @cagsedvoadsdBnons of
subsequent data are then based on their covariate patterns and esti mated
probabiliti] Discrimnant analysis: [00128] In sunmary discrim nant

anal ysis represents sanples as points in space and then classifies the
poi nts. Linear discrimnant analysis (LDA) fnds an optinal plane surface

that best s anr%@# BSA Fff?l'dgl Ilﬁeatr Iaéﬁlbllﬂgtll&fg gdlgé}lrﬁl%t%ﬁaﬁﬁ% of @rﬂ@q{ltﬁtlérge ratios

di scrim nan ysSi s an optimal curved (quadratic) Surface
i nst eadf b&vrén- gi@upﬂ)t@szvlﬁrs@gromps mnm ofisgearsoamg prastiets e celsaslsanf shseavitom xeby or .

[ 00129 Flsher Ilnear scrl nt .a S FLD LD, 0 A fmds
| ncar oo saprRER wPloE A RAk R PR Py Sl et iRl ts o

bet weemnyy oupse tioat wid shmp}ede G Sitisel me@fthépwaﬂ‘ces cRisdofr ©dlicatesis teelsh ass  of

an observation x by the cl ass mhose mean, vector is closest to x in terns of
the di S€WtRy Flgsset %arq aels casxd HRplaged Yoith 4 g90d RSO/ HaRraF4Cei s si npl e and
intuitive mhere the predicted class of a test case is the class with the

cl osest nea Ngmégng LRdifpLement with a good performance in
practice. 013 hbares nei ghbor classifiers: [00132] Nearest nei ghbor
nmet hods are based on a neasure of distance between observations, such as

t he Eucli de@i0182ENamesendphten enctiods srethagedoor s @battear dpetneebeiwbwo dat a sets.

K—neare t nei ghbor cl ifiers work by classif bservation x as
A R A R N T e L TR e S R T
cl osestk-haurest ndiObb3 dassifids @AHCHy LIRRifGInaSS oBfervatibl x MBIy vote, i.e.,
choose the class that is nbst conmon anong these k nei ghbors. Sinple

classifiers with k=l can generally be quite successful. A large nunber of
i rrel evant G013} dindihe k abtcewtiphs i the epiningoet that ateleseshioex.can subst ant i al | y
degrade the performance of a nearest nei ghbor cIaSS|f|er [ 00135] Referring

now to Fi gui(ﬁ)lgﬂ ap@ecﬁctqﬁg)(lzlgssyof %{%Sytrr?arjr(])rflt(})/rvogee} 5 rc oose ¥ gllas%etgatsig r%%gts for
common among these k neighbors. Simple classifiers with k=1 can generally be quite successful.
A large number of irrelevant or noise variables with little or no relevance can substantially

degrade the performance of a nearest neighbor classifier.

[00135] Referring now to Figure 4, an exemplary system for determining sleep states for
a subject utilizing either automated data or manual data 400. Automated date 402 as well as
manually scored data 404 can be used to compute the spectrogram 406. The methods described
above can be applied to analyze the data 408 and subsequently determine sleep state information

for the subject.

[00136] Example 2 illustrates how the exemplary methods can be applied to determine

sleep patterns from a single channel of EEG using either automated or manual data.

Example 2

[00137] One channel of EEG (C3-A2 derivation) from twenty-six nights (8 hours each)
of sleep was obtained from twenty-six different polysomnographic recordings conducted in
twenty-six healthy human subjects. The EEG data and manual scoring was provided by the

experimental procedures were approved by the Institutional Review Boards at each institution.
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a subject utilizing either automated data or manual data 400. Autonated
date 402 as well as manually scored data 404 can be used to conpute the
spect r ogramm240@57iibe net hods descri bed above can be applrcedst@ansByze t he
data 408 and subsequently determ ne sleep state information for the

subj ect. [00136] Exanple 2 illustrates how the exenplary methods can be
applied to determ ne sleep patterns froma single channel of EEG using

ei ther automated or manual data. Exanple 2 [00137] One channel of EEG

(C3-A2 deri Y(ﬁilBg)rﬁE(f} 'ﬁ%v&e‘ﬁ@ggﬂ&éh Xt 560} §nd(l§1n5'193§£e§1 £88M00P, wilhees Mas

obtained fromtwenty-six different polysomographic recordi ngs conducted in
t went yngick fittlea(HESD harvateatahjt 886 81z amdh barep@sdd btd). 2 d0 hatM&). $boei ng was

provi ded by the experinental, procedures wer.e .approved by the |nstitytional
et ew St K€ SRRHATELRD B BIORSRORT Sl LB ORE S5 Prelar AR 555 1

and bamdpasset r@bording 1HO0Ite Wighhspactbdyrind wastehipdied b 2(ddBSE)nabtapadbhect ed
at 250 Hz and bandpassed at 0.53-70 These recordi ngs were

Hz (MP1).
anpl i f PBECLEPOtl RIngri 3 adAtdan Y ilapeidreiqus- Sty Ravrer dHBmdiop Wag Misgr dance wi t h

RK.  FonoR@fhed 8¢ 258 fof Beh Wl&cPb@RtroRPeSt 0 9280 BRS pSATRULRLs GHEr 2
ort hogonal tapers on 30 sec epochs using a standard nul Pltaper t echni que.

The povidis nonhalized spestrogram (Nde v erghedaidhAegueney basd equialy Hagh 3@ aedend r equency

bin (fr i 47 ) s, tine. ' i
spect 1 Saratt PR s e S AL oA PRERSS, Ll 1 U BreRSA LSS
segnenkpaasPFOpslepamt echking stdwe Hroellpepamtadiind diffiechtpagaad (Hgsseore.) wWn thi s
preferred frequency s e (PFS), .sle ki ng. st ates broadl ar at ed
into di'ff bt PRy pbgas Pnzﬂil?laégﬂ)?%v%}av@%%wé YRAPAL LA Dy a
band i nAl M&nibited BrddtiheRAGIEQNR hBmdRYr&uband (10188148 s(ulcp;ﬁ IViREM! S
exhi bited prom nent activity i'n the spindle frequencies (12-1 Z) .
Sur pri $iapgenedimgomasct dapdsra dhaty/ (dcoHphand shaatdges beta Hot2 lg)-fgqppncicsnd
sonet i - 25 . r r I | ta
ot vi s AR iRl b BAMRORLES WSS RR IS RS AT E.BNSR 4T rg
Wi ndowand i ristaslidireemiddowmesimilwi tginkd$ eetervigible iPHRS PES eepdpt thaabetdadtavitgact i vi ty
emerged in REM. At that resolution, REM appears more “awake-like” than at a 30 sec
resolution. However, at that resolution, all the sleep states whether they were identified

manually or automatically had distinct signatures in the Preferred Frequency Space.

[00139] At each time point, z-scoring the Normalized Spectrogram across frequencies
creates a doubly normalized spectrogram. In this space, bands apparent in the PFS still had
positive values whereas dark regions tended to have negative values. By adding the double
normalized spectrogram values of frequencies that show up as bands in the PFS and subtracting
those that do not, filters can be constructed that maximally separate states. One maximizes W
(‘W filter”), another separates NREM from W and REM (‘NREM filter’) and a third
distinguishes IS from SWS (‘SWS filter’). The output of these three filters spans a space in

which the three broad sleep stages and W tend to separate.

[00140] Interestingly, Stage I did not cluster in either space and SWS formed only one
cluster (rather than two, one for Stage III and one for Stage 1V). The latter is in accordance with
the recent revision of R-K which abandoned the Stage 1II/ IV distinction. Manual scoring of
Stages I and III was done in 30 sec increments. At that resolution, epochs manually labeled as

Stage III could not be disambiguated from epochs manually labeled as Stage II or Stage IV in the
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energed in REM At that resolution, REM appears nore "awake-|ike" than at a
30 sec resolution. However, at that resolution, all the sleep states

whet her tweyowaseiivdenti fi ed manual |y or automatical |y rat/useewiosmss?2
signatures in the Preferred Frequency Space. [00139] At each tine point,
z-scoring the Normalized Spectrogram across frequencies creates a doubly
normal i zed spectrogram In this space, bands apparent in the PFS still had
positive val ues whereas dark regions tended to have negative val ues. By

addi ng pihGi ¢ BPRLEaRHE TR LFRfs ﬁQ&f‘aﬁl&%%ﬁH‘ay@ e$cAfa Bsﬁﬁttﬁﬂﬁlg%héd%msmw up
as bands’in the PFS™and subtracting those that do not rs can

constr l@p@@d ntahaallyriabﬂlfwbaswagdb&@ﬂ@rwaltlesst reaalimgyyiin tHeA¥S. Whids iWsf i [ ter"),
anot her fr REM
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spans acRaGEREM whicakilytdiainghiskel bfroadysitieg (That, agemn RBM Viktesuldnsepar at e.
[00140]I Interestl ngly, Stage | did not cluster in either space and SW5

f or med “Yi#rYy beoReught fsise raw(q‘%lllh%rort R¥AIXM - one for Stage 111 and one for

Stage 1V). The latter is in accordance with the recent revision of R-K
whi ch aband0dd1x AK-Seageldstdring lalodilsi (HigtA0pmwas Mynigd ko the apindized d:ft ages |

and 111, was dope in .se incre nt s I on ochs manual |y
| abel ed9I%E 3579 P F%é%ﬁ’l geeﬁé‘tatﬁﬁ %%ﬁié]EFg? é&nﬁﬁ\@?ﬁ “%ffo‘@‘ﬁ& %ﬁ‘ﬁlﬁaal ly

| abel ed;iffgenlyade gbﬂlerﬁlrpo@h@ﬂ 8f fh¥ sieBp hﬁmahgg tlhdte@fwak 8RATHLASS RRD epochs
manual |y | abel ed as Stage | could not be distinguished fromepochs manual l'y

| abel eMegovst.a¢fboygh the@ppithmyyasrppigstedronde M Q@taﬁﬁ it perfpEsd arh8%ian | s
concei t I .S per se
i K dta&a%vhl‘gh?sgtﬁﬁ)réce gﬁods n\;aars?r%ﬁhaﬁﬁé} o'f 85{ Ta¥d & sfififtartd E}{] P

but rather are’transitiona was easl y di stingui shable from
Waki ng peﬂ'bmsmcdnoﬁm]neﬂa@vhﬁiwn@maﬂydnm chmmg}ar (Hbexet, oL at., Aftif &sell Med.

20y waSefopt (Al ¢ B sy o e e e o hudb ¥l 8% Befblad 1) O

sl eep stat tﬁ@ughﬁﬂemrﬁlepmm dubgecMAna it IMRIr nd@b@swspeces fliAsteved. 7dvd f er ent I Yy,
t he general position of the sleep and waking clusters was simlar across

sets. NSPROVER) ThcuNyaghiarerecal i With masscopng ap sisdubdaie e wiml77ddtaos et |
It per f4%(ar£@§ Talks s%%cn@g/ @ddordance can be visualized by overlapping automated and manually

derived hypnograms, which plot sleep stages for a given subject over a given night. In two out of
twenty-six recordings, it appeared that the algorithm was mislabeling the data and in these cases.
While that data appeared different when compared to the rest of the data set, visualization of the
manual scoring on the preferred frequency map did however show separate signatures for sleep
and waking stages. On the VA data, when the algorithm’s performance was compared against
data rescored by the same person or scored by a more experienced scorer, the average agreement

rate with the algorithm increased and was in the 82.4-83.3% range.

[00142] Further normalizations in time and frequency can be applied to the whole night
spectrogram, at both a 30 sec (Fig. 7 a,c, Fig. S8) and a 1 sec resolution (Fig. 7b,d, Fig. 9). Here
sleep and waking stages tile the entire 1-100 Hz spectrum with REM, W and IS exhibiting
broadband patterns (Fig. 8, Fig.9¢c-d).

[00143] In this space, one can measure the fragmentation in normalized power across
time (temporal fragmentation) (Figs. 16, 21-22). This analysis revealed a bimodal distribution
for REM sleep. This pattern persisted when the frequency range was narrowed to 4-40HZ (data

not shown). The more fragmented part of REM accounted for (mean +s.e.m) 26.18 £ 1.7 % of
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the VA data, which is unprecedented using a single channel of data and is
simlar to the performance of other algorithns using many nore channel s.

(Fl exer, wo,20m052d19, Artiflntell Med. 33, 199 (2005). TireTatsardasa3error of
the mean was also |l ower for the VA set than the MPI set even though the
former had 6 subjects and the latter had 20 subjects (1.73%vs. 1.78%
respectively). The average agreenent rate with human scoring on the full
data set was 77.58% on 4 stages. This striking concordance can be

visual igad aPyrRVardrapnl ng) BYATRL R RN ARMHA L APD. \f@d 1YRReEHRARd  Whi ch
pl ot sleep stages for a given subject over a given night. In two out of

t went y seiaxatedlmorrdivierge of 1‘1293@ﬁozeél @él stdoads ¢ftseabdd RIoVE (Frerta s hessdimengeniy t he
data an the e cases r di nt whe onpar ed
to the ?lésbﬁ” 0 TR RPAI & to OmC\?Ps Slcdﬁﬁu Shi o geﬁ‘riélfougfﬁé%%rsim bt he
prefer rs%dathfeemgrmy ﬂﬁpuﬁbtzd)ld’lpnﬁBMEREthAp sepaload kkedy gratdonRsed with shegep and
waki ng st ages. A data, when the algorithms 1p{)erformance was

conpar ébihayEr ﬁ??led)&ftéﬂgéﬁoﬁ%h Irbghe%erféseééﬁ@e peindlss angt Kcomplegepip the nor e

exper i encete ¢ RE/ caufs&ﬁth@ééeei)@&% (B9E SENEMs LR S Wid D1] hen M @GR M dulfr eased
and was in the 82.4-83.3%range. [00142] Further mnornalizations in tinme and
freque lhevé kean s¢yeehpyREMdit £ dinetiiemppiol wseligin: Aspeardingdg Ralfyulas, nbepindlas 80 sec

(Fig. r 7w, ) e

Sl eop Sien Pty e e By B nple R r SRR ana

IS ex hlclm bd fﬁ)gndbl‘rDEEMaE\@oﬁﬁlﬁg erthsaralysg. pr&ented gelﬁpt-héb)e sign@B hé3jot ey poitsitde S pace

one ca e fragnentation in normalj.z ower across ti enpor al
fragnez?rgﬁ‘?aﬁ‘ﬁjo@ﬁ?@‘goraﬁ%ag%taé@? Pa*f‘?ﬁl?g%?ﬁ‘éﬂ Eﬁgh&é@‘éea‘iné‘&l YB?%%S?E%

di stri Bysi@ml %v l_%‘nﬁﬁ& and K- &&%bi&rﬂﬂl&‘%‘(hﬁﬁ@ﬂﬁﬁ Ahenriherd peapengy range
was narrowed (data not s The nore ragrre ed part of REM

accounté dlghb@h(m@a rM‘Pfe§V‘%Fz Rﬁmlllegmbltid 7 bypeshREIMIRNtIQn erpa wepfu withputy 2. 70

by an S0Evsdhainey 3365 e RyYFn e Sl RRERIER Y “Thece °

corrponantrmlméd R rdsuchahages nﬁsqjsmld: HerughD abaut bpdrtifhasae (REMapkésghe29) and
exhi bi t fferent ectral si ature i s unstaple part of REM
sl eep \Réo%lu%w Fli)ei ewilglgpefi dn B}g%&%w %g\fvgggeEG -[Hjerefore artifacts o? some

sort could be responsible for most if not all of the b1moda1 temporal fragmentation of REM.

When epochs adjacent to epochs known to contain movement artifacts were discarded from the
analysis as well as any epoch having a preferred frequency greater than 25 Hz, the percentage of
unstable REM epochs was diminished even if the bimodal pattern could still be seen. The
bimodal pattern was even less apparent when more artifacts were isolated. However when these
artifacts were included in the fragmentation analysis, in 4 out of 6 cases (5 out of 6 cases when
REM was visually identified by a second scorer), they accounted for a higher percentage of the
non-fragmented portion of REM (6 out of 6 for automated scoring) and in all but two cases for
manual scoring (non-fragmented portion of REM _71.91 % in subject 9 and 50.73% and 52.24%
in subject 20, depending on the scorer) and in all but one case for automated scoring (non-
fragmented portion of REM _ 75.9% in subject 9), they accounted for less than 50% of either
portion of REM. A nearest-neighbor analysis was performed on epochs which did not themselves
include artifacts (Fig. 33). The fragmented portion of REM had almost in all cases more
neighbors which contained an artifact than the non-fragmented portion, according to manual
scoring (5/6 subjects for one scorer 6/6 subjects for the other). When REM was detected

automatically, in most subjects, the majority of both the fragmented and non-fragmented epochs
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Il than the stable part (Figs. 31- 32). In these cases sone spindles and
K-conpl exes in the presence of REM caused these epochs to be scored as
stage |1 wbigi0/@1)19even t hough t hey woul d have been scoreu/tsg00RBblcar a
finer tenporal resolution. According to R-K rules, no spindles or

K- conpl exes can be separated by less than 3 mnutes in REM Wile

K- conpl exes and spindles can be found in REM according to the anal ysis
presented here, these signals are not responsible for the binodal tenporal
f ragmeng.at a&eidp(ﬁtnts@hﬂoa%sﬁﬁfégﬁ T BREMa$sRGR (fROEAL L) E@Qéc%gagﬁmide%gs umebl y
devoi d of spindles and K-conpl exes, still exhibits this pattern (Fids. 16
a-b, 2TELpfea@rep thit ghghtdelrespnssible Myrtepotserve®pdests dnd pesciblpiemed statdidfodal

di stri buth Q.o & SRECHE UM IR, SRIEL S FeAuen ey RAPSLL, e tempor al
fragmentati on 1 s sensTt Ve 't SHadB R Chanides  n' hot el 2ed pewer . Such
changeslistiaguistes R EM fomtiegh v addstheedy(Fay 8O act s and t he changes they produce
w Il be enhanced in the background of a | ow power EEG Therefore, artifacts
of sone sort could be resi)onsi ble for nost if not all of the binodal
tenporal fr HHdhk ey PlereNtatiyien epochs adj acent to epochs known to
contain novenent artifacts were discarded fromthe analysis as well as any

epoch, havi 481 AL P AAYBIEY L RALALOAN, SRk o WRyBELGEN! age of

unst abl e REM epoc i mni shed even no attern could still
be seenenctited hbmodaistegatires datwd®r exaiple,aksp appdics nin whgmermddran hdjhact s

wer e isol at ver en. these. artifacts re included.in the,

T agrentUET BHO A s MR UAg Rt o gecrmbed PR GuRnGIeE SEuits Hhiiioeen was
vi sual ligfofrhl@ivh iddl@ind¥cdd s5HC ABAIKEORBADer of Q%Fg RERURLEY, {Ip stagbiaghese
percent age of the non-fragnmented portion of REM (6 out of E[:)fqr aut onat ed
scor i ngyragae cygle dime, ParvalwinechesEeeniskeD faatrablcqrdrgergparHisi-statisdere psetor
portio - 04 | J 739 . 24% | J: 20,
ependi s 4t p Bkt MlermHRnBE ot S oL B fom s, GUIU F WRLTEN,
(nonf r agndrbed gpoehdspanddthe REM — 75. 9% i n subject 9), they accounted for

| ess than 50% of either portion of REM A nearest-nei ghbor anal ysis was

performed o chs which did not thenselves include artifacts (Fig. 33).
The fragmnf@gaw’ﬁn&lﬁ% leﬁﬁﬁaﬁaé)‘e%ln%st in all cases nore

[00147] In any of the examples herein, an electronic or paper-based report based on sleep
state data can be presented. Such reports can include customized sleep state information, sleep
state statistics, pathological conditions, medication and/or chemical effects on sleep, and the like
for a subject. Recommendations for screening tests, behavioral changes, and the like can also be
presented. Although particular sleep data and low frequency information results are shown in

some examples, other sleep data presenters and visualizations of data can be used.

[00148] Exemplary Computer-Implemented Methods

[00149] Any of the computer-implemented methods described herein can be performed
by software executed by software in an automated system (for example, a computer system).
Fully- automatic (for example, without human intervention) or semiautomatic operation (for
example, computer processing assisted by human intervention) can be supported. User

intervention may be desired in some cases, such as to adjust parameters or consider results.
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nei ghbors which contained an artifact than the non-fragnented portion,
according to manual scoring (5/6 subjects for one scorer 6/6 subjects for
t he ot herwo 20foens7REM was det ected automatically, in nosPCIaisp@otns4632 he
majority of both the fragnmented and non-fragnented epochswere devoi d of
nei ghboring artifacts. Further analysis of these data will be necessary to
identify EEG features that m ght be responsible for the observed patterns
and possibly a new state of sleep. Neverthel ess, tenporal fragnmentation

provi des yefons ilf%h st%A@QLI?bé Q@Jed%ﬁ%h& ¥r ﬂb&@oﬁ%ﬁ!e?h‘é@daﬁﬁ%&ﬁ&m both Wand
Stage | (Fig. 3 44] Exenplary Sleep Statistics [00145] In any of the

tech nolcglgplesngie@cput@e@emﬂttéﬁ: mstregtiypny & ipetf grnofg élpaimcsnbﬁ(t@ct@am Sueh gedier at ed
from adjdugttead ﬂs)f% rce %L:S 1 o({l exanpl e, sleep statistics can be generated
from aﬁj 18t 885'S6 réép &fd)al{l that has been classified into sl eep states.
Exempl ary sleep statistics can include information including sleep stage

densities, [OOTSErTHRIabSVERR deiciBed B S8 Batiof [cBLPe §dca e JavdiiAggcdpbiatd. on,
cycle tinme, interval tine between sleep stages, sleep stage separatl on

st at i stlihess technimes By e Bpusedipi dhapepliensneluding sparpgderenes slegpeiiess si on

coef i Gj,@Bhs: t@éhrﬁ(ﬁﬁ@.%h@?{%@%ﬁ iRt RLdrRidafah o ﬁ\%/ﬂé?hgr 2GRANGE ngf takéne”ds and
the like. [00146] Exenplary Sl eép Data Presenter [00147] In any of the

exanpl esrthekmidnof dngethaeed prothcw sloep ﬂalpeandbms@brr\@p@blts @atswde(pmvscmbfp state
data can be. Qi? nt e uch r custom zed sleep state

o o BRSSO £ T one. rbat eat | on

and/ or chem cal effects on sleep, and the Ilke‘for a subj ect.
Recormendat [Qﬂ1§2]fl%)¢felsmg@ewitﬂ§1gueesi svhlﬁelha\hl@kaillagcmmng ambx¢rhglalyi ke can

al SO b% %grnlset mlﬁ%l’lt ha a O (Plcaﬁ bgl'lilélﬁ(l;n ())S(fl e§lﬁ)é€0?% eep \ﬁv\{eg g@guency

i nf orma | on resul i n-some ee€p data presenters
and vi mtma&bplmmrqfhydﬁtaafocm@mﬂus eﬂaln[sﬂ) @ﬂd’lﬁbutﬁht@rﬁmep Kdate analyzer to
Comput er - | npl enent ed l\/f't h 0149]. Any of the conputer-inplenented
7ot hodSCHEREF f Badoligiea ‘i?nglélﬁnﬁ Hserhigiined by software executed by software
in an automated system (for exanple, a conputer systen).

[00153] A pathological condition can be detected in an animal based on the sleep states

506. For example, sleep states can be acquired for an animal 502 and analyzed 504 to determine
whether the sleep states represent normal sleep or abnormal sleep. Abnormal sleep could indicate
a pathological condition 508. For example, sleep states can be acquired from animals with
pathological conditions and analyzed for common attributes to generate an exemplary distinctive
"pathological condition" sleep state profile and/or sleep state statistics representative of having
the pathological condition. Such a profile or statistics can be compared to sleep states determined
for an animal in order to detect whether the subject has the pathological condition or any early
indicators of the pathological condition. Any variety of pathological conditions can be detected
and/or analyzed. For example, sleep related pathological conditions can include epilepsy,
Alzheimer's disease, depression, brain trauma, insomnia, restless leg syndrome, and sleep apnea.
For example, polysomnographically, subjects with Alzheimer's can show decreased rapid eye

movement sleep in proportion to the extent of their dementia.

[00154] Narcolepsy is associated with sudden transitions into REM. It has recently been
reported that there are instability patterns in the EEG of narcoleptic animals. If these apply to
REM and humans as well, narcoleptics may have a marked difference in their REM

fragmentation patterns as well.
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Ful ly- automatic (for exanple, w thout human intervention) or sem automatic
operation (for exanple, conputer processing assisted by human intervention)
can be suwpantoadziiser intervention nay be desired in secg/usa@emed4e3rch as
to adjust parameters or consider results.[00150] Such software can be
stored on one or nore conputer- readable nedia conprising

conput er - execut abl e instructions for performng the described actions. Such
medi a can be tangible (e.g., physical) nmedia. [00151] The above has

descri bed hﬂ)ﬂlSS‘]{M&ﬁS%th%i&%&sﬁﬁ%véJ&%ﬁ R A LRETURG B eRr Stadffs. These
techni ques may al so be used for other applications including characterizing
sl eep dstpreswon innsgoogtte withesbon Rifékitentpphd matcassd REM ypleemdladdesodstdesepienat i on
of whether a patient ken certai i nds.of .dru ased on eir_sleep
otat o, e BaRBh Rl BRI, AEHGLAMIES: et Al b 5RS g

i N br aipaitdrik) Che@rrobdisemk mid thditsatsér ¢PIANIRNIBEd a3l BchresS®h ®ldckREMOW t 0
Figure 5, which js_a block diagram showi ng an Exenplary System for

Det er mich?HgSErapaRbIeg: wsf 2edRA Y FIsHNGTS dS8th et rﬁfpﬁl\éﬁ? grlilepasbat es 500.

El ect r gencaRrbaliedaPRprdabas §rtabfMhndinbEble RENRIBENEAIERIud-0 R hsstRbOHS| eep
state anal yzer to determ ne a pathol ogical condition of the subject.
[00153]pam0éayhnﬂ@gqtmamt- condition can be detected in an ani mal based on the
sl eep states 506. For exanple, sleep states can be acquired for an ani mal
502 and anafopase] R4 rtRrret8fudhOEantNRENET pleftfred FRERNSY BloBScOURPIESIRN tonor nal
sl eep or abnormal sleep. Abnornel sleep could indicate a pathol ogical

condi t ic¥iacsb@mapsrs ehpaolay agfl begmepiat es can be acquired fromanimals with
pat hol ogi cal conditions and anal yzed for comopn attri butes to generate an
exenpl ary di§il jve. " |.ogi cal ndi ti.on" sl te profile and/or

sl eep stat el[@tlg s)ﬁmé)%arg%%%gcggﬁ?saafﬁfi\%%ggcaLsat\g"lﬂrfSSfqﬁ%&p%% ol ogi cal condition.
Such a profi statjstics can be co red to sleep. states determ ned for
an ani mal | tudogﬁgfslﬂi afl?ﬂofié‘?é?f'?‘n%%”?% qsc?%%{%‘j"é]&e qurﬂ IHORS G cal

condi t icRémiRhls BRYIcERAhis b mthQrctin 8¢ déb@niRat NQLRAV AR sdaRRUatal Wiaindd¥r

vari ety of pathol ogical conditions can be detected and/ or anal yzed. For

exanpl @n agimgddoF examniel Slsap Heteo gkl medifed by alaghal drcqting) andeoeiing wpsy,
Exemplary medications that affect sleep include steroids, theophylline, decongestants,
benzodiazepines, antidepressants, monoamine oxidase inhibitors (e.g., Phenelzine and
Moclobemide) , selective serotonin reuptake inhibitors (e.g., Fluoxetine (distributed under the
Prozac® name) and Sertralie (distributed under the Zoloft® name) , thyroxine, oral contraceptive
pills, antihypertensives, antihistamines, neuroleptics, amphetamines, barbiturates, anesthetics,

and the like.

[00159] Sleep patterns may be used as a diagnostic as described above for pathological
conditions and medication effects. The example below illustrates how sleep patterns may be

used as a biomarker to identify individuals.

Example 3

[00160] Sleep data for four pairs of twins were analyzed utilizing the exemplary sleep

staging techniques described above.
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Al zhei ner' s di sease, depression, brain trauma, insomia, restless |leg
syndrone, and sl eep apnea. For exanple, polysomographically, subjects with
Al zhei merwe 208m353h9w decr eased rapi d eye novenent sl eepPCH/yse@pos463npn t o
the extent of their denentia. [00154] Narcol epsy is associated w th sudden
transitions into REM It has recently been reported that there are
instability patterns in the EEG of narcoleptic animals. |If these apply to
REM and humans as wel |, narcol eptics may have a marked difference in their

REM f r agmnF(ﬁhkPﬂEaQﬁ%Bﬁﬁﬁ%n@% M}egpc[ngggosﬁﬂ)aiwlfwﬁﬁ% lﬁ?aﬁr CisSRASES, 55%9-4399“
linked to sleep disorders. For exanple, depression is associated wth short

REM | agﬁag%-caﬁsﬂoﬁ@gmﬁ%eeP@ﬁm@@&@fmg@sﬁgﬁﬁgﬁ@ Q}“?Ziﬁﬁn' Sufispyasgoci at ed

with R avi or “di sor I mer ave uns
sl eep patterns. These conditio and their treatnment (MAO's, used agai nst
depr esgﬁl?ﬁ?rﬂ{}%éﬁleﬁﬁﬁﬁn Bﬁ%ﬁl qﬂé%?g?'ase i nhi bitors, used against Al zheiner's

di sease, affect REM as well) may be associated with new expressions of
stabl e and unstabl e REM_which coul d be used to assess both pat hol ogy and
treat nent. [WdoBHpe grrery shpericad fscbrigeste yndamereispesitig @nbgstimes paighicaquency

plots_gould t@leﬁgctblﬁ{fé?_eﬁt%a?ﬁ)f &t irggi (ertrﬁfelﬂﬁ(gré ggﬁerﬁ%gﬁlafé%s&ngdth&%ﬂ}. ment .
[ 00157] Exenpl ary Medi catirons and "Chem cal s"that "can Affect Sleep [00158]

In any of the technol ogi es described herein, the effect of nedications and
chem cal s oM b&EMrstgivesthBfapplicagnn, matiocsapubbieattbas, pannisegthdiirpaenal yzi ng

source data.obtained for.an aninmal. For exanple, sl states,can be
modi 11 GOPHGIGREBHBTC Lt THE, © SR BOBeRELe 45 8hEF 4Ry MEBPEAE i ons t hat
af f ect iSleR@h pddGiddans HREIBLESs oftth@e phMidali®, pASRONE&SE ik applications are
benzodi azepi nes, anti depressants, npnoam ne oxi dase inhibitors (e.g.,

Phenel 2Pisé iasriPVBIcH bl dpfriaye in thalr endiretice. apddeon BrFubicce mptiender Whish Bicydrs
(e.g., .sglj:tﬂgaéﬁ% h«%&eﬁ&'d%ﬁ E{&leﬁnt@ 9? %’Bﬁ&f seﬁldaﬁceﬂ]o%é%ﬁé eﬂ?&ﬂﬁ% it306h B8 Jehdnt ©

(distri er the nane) |, yroxine, oral contraceptive
pi | | s, pablidahypeatcet snd/@s patamtaphiistiamvae speciieull phrejphdiggluallypdet@dines,
bar bi tur at es Fhes heti cs,

incorpordted by reference.

[00164] Although only a few embodiments have been disclosed in detail above, other
embodiments are possible and the inventors intend these to be encompassed within this
specification. The specification describes specific examples to accomplish a more general goal
that may be accomplished in another way. This disclosure is intended to be exemplary, and the
claims are intended to cover any modification or alternative which might be predictable to a
person having ordinary skill in the art. For example, other applications are possible, and other
forms of discrimination functions and characterization is possible. While the above extensively
described characterizing the frequency in terms of its "preferred frequency”, it should be
understood that more rigorous characterization of the information may be possible. Also, while
the above only refers to determining sleep states from the EEG data, and refers to only a few
different kinds of determination of sleep states, it should be understood that other applications

are contemplated.

[00165] Having illustrated and described the principles of the invention in exemplary
embodiments, it should be apparent to those skilled in the art that the described examples are

illustrative embodiments and can be modified in arrangement and detail without departing from
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and the like. [00159] Sleep patterns may be used as a di agnostic as

descri bed above for pathol ogi cal conditions and nedication effects. The
exanpl e bebamodsiust rat es how sl eep patterns nay be uses#caasaomioessaz ker to
identify individuals. Exanple 3 [00160] Sleep data for four pairs of tw ns
were anal yzed utilizing the exenplary sleep staging techni ques descri bed
above. [ 00161] Each colum in 1-4 corresponds to 4 pairs of twns (pair 1is
fraternal, pairs 2-4 is identical). Only REMis shown (tenporal

fragnentat ArfHipRs! P&hin h&Eeﬁfom'E}ﬁ\ﬂ« Qﬁthgémn%ht:s Andk TdoRlordt &R He drm@lENt ation
pattern (Fig. 34). [00162] The general structure and techni ques, and nore
speci f iany ehthodiheeerasipisi ch can be used to effect different ways of carrying
out the nore general goals are described herein. [00163] Throughout this
application i ous publicati.ons atent s nd/ or, .patent appli,cati ons are
roferonced MMBRLARS B RyrdShries waSRY o famstidler e 808 1 o8 anr ch
this i myeatd iaRn@alrthak Merpli@l HdSCIPEYC 432 Qlixth baagraphlMbeatdr aftslimipaioant s,
and/ or patent applications are herein incorporated by reference in their
ent i r efffoaxsthe gprgiffcgrion e idesied & bevigad Erto st cliiscinles dRosa bimitaphensiarg cal | y
refere@g@gﬁhmnhngxggqgaa5ng.prior sentence, to the sane extent as if each

i ndependent “publication, patent, and/ or patent application was
specifically and individually indicated to be incorporated by reference.

[ 00164] Al though only a few enbodi nents have been di scl osed in detai

above, other enbodinents are possible and the inventors intend these to be
enconpassed within this specification. The specification describes specific
exanpl es to acconplish a nore general goal that may be acconplished in

anot her way. This disclosure is intended to be exenplary, and the clains
are intended to cover any nodification or alternative which m ght be
predictable to a person having ordinary skill in the art. For exanple,

ot her applications are possible, and ot her
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fornms of discrimnation functions and characterization is possible. Wile

t he above extensively described characterizing the frequency in terns of
its "prefwonen/dsraguency”, it shoul d be understood that PODMS2000064602S
characterization of the informati on nmay be possible. A so, while the above
only refers to determning sleep states fromthe EEG data, and refers to
only a few different kinds of determ nation of sleep states, it should be
understood that other applications are contenplated. [00165] Havi ng
illustrated and described the principles of the invention in exenplary
enbodi nents, it should be apparent to those skilled in the art that the
descri bed exanples are illustrative enbodi nents and can be nodified in

ar r angenhis diBtiet ai | wi t hout departing fromsuch principles. Techni ques
fromany of the exanples can be incorporated into one or nore of any of the
ot her exanples. [00166] Also, the inventors intend that only those clains
whi ch use the words "neans for" are intended to be interpreted under 35 USC
112, sixth paragrapd.to Mee@dvan stapss ih anintadd doapsisfngom t he speci fication are
intended to be read into any clains, unless those limtations are expressly
i ncluded in the etkahimg.aVkadt aistngtd déamede talanidalret hod t o assess brai n stages
in animals conprising: attaching at |l east a single electrode to aninal;
obt ai ni ng dat a i nidthinate dae iodicitivaiof wenevavetactivityy; anal yzi ng sai d data
indicative of brain activity; and determ ning at | east one paraneter

i ndi cative of sl eepyzigdael datoimisativ ehadiy a¢thvity; &d The method as in claim1,
wherein said obtaining data is received invasively by inserting at |east

t he singl e el ect dgdenining et kehe oskpdrhmeier indmitiveor! skbep wieerrdnheaid kndlyzimnd br ai n
of the animal. 3. The method as in claim1l1l, wherein said obtaining data is
recei ved non-invasively by applying at |east the single el ectrode.

2. The method as in claim 1, wherein said obtaining data is received invasively by
inserting at least the single electrode into the skull or brain or between the skull and brain of the
animal.

3. The method as in claim 1, wherein said obtaining data is received non-invasively by
applying at least the single electrode.

4. The method as in claim 3, wherein said obtaining data is received non-invasively by
attaching at least a single dry electrode.

5. The method as in claim 3, wherein said obtaining data is received non-invasively by
attaching at least a single wet electrode.

6. The method as in claim 2, wherein said obtaining data is received from at least a single
channel of EEG.

7. The method as in claim 3, wherein said obtaining data is received from at least a single
channel of EEG.
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4. The nmethod as in claim3, wherein said obtaining data is received
non-invasi vely by attaching at least a single dry el ectrode. 5. The nethod
as in cl avon2810/08hEpei n said obtaining data is recei ved ROMAISRM@DH468LY by
attaching at least a single wet electrode. 6. The nethod as in claim 2,
wherein said obtaining data is received fromat |east a single channel of
EEG 7. The nethod as in claim 3, wherein said obtaining data is received
fromat |east a single channel of EEG 8. The nethod as in claim1, wherein
said obtaining data is received wirelessly. 9. The nmethod as in claim1,
wherein said anal yzing data indicative of brain activity is automated dat a.

10. The met RofhAgethfd W i@icMidh 1, WRELH %%tﬂmﬂ?@htﬂé I'%Qel(;'é%i\@lra@%l}ﬁat' ve of
brain activity is nanual data. 11. A method To assess brain stages in

animal s conprising the steps of: normalizing the spectrogramat |east once,
time over frequency; normalizing the spectrogramat |east once, frequency

over time; gnphJdalRhdhdihtifll, M%@éin s%ﬂﬁan@@&ﬁag%taﬁrmdll@ﬂiv@%? bgh Qbivey ?sep state

from S%Il%maae%|d%éll ng 12. The nethod as in ¢laim 1, wherein said anal yzi ng

data indicative of brain activity conprises the steps of: conputing the
spectrogram normalizing the spectrogram perform ng an i ndependent or
princi pal conponent anal ysi s; and identi fyi ng clusters. 13. The nethod as

inclaiml, 10 reer}le A 1n cﬁ \IVﬂlg‘ei(ljlaS%u anh 9&1%2‘%!1%%(9 catlvé g‘f bralar‘lcz;[cliyilt}; ¥

manual data.

11. A method to assess brain stages in animals comprising the steps of:
normalizing the spectrogram at least once, time over frequency;
normalizing the spectrogram at least once, frequency over time; and

determining at least one parameter indicative of sleep state from said analyzing.

12. The method as in claim 1, wherein said analyzing data indicative of brain activity
comprises the steps of:
computing the spectrogram;
normalizing the spectrogram;
performing an independent or principal
component analysis; and

identifying clusters.

13. The method as in claim 1, wherein said analyzing data indicative of brain activity
comprises the step of performing a temporal fragmentation analysis.

14. The method as in claim 1, wherein said analyzing data indicative of brain activity
comprises the step of performing a preferred frequency analysis.
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conprises the step of performng a tenporal fragnentation analysis. 14. The
nmethod as in claiml1, wherein said analyzing data indicative of brain
activity woregprovesesot he step of performng a preferred fPeqUS2@Y/ 064632

anal ysis.15. The nethod as in claim1l, wherein said anal yzing data
indicative of brain activity conprise the step of perform ng a spectral
fragnmentation analysis. 16. The nethod as in claim 11, further conprising
the additional steps of: a statistical analysis of the preferred frequency
space; or the fragnmentation space; or the cluster space; to define a sleep
paraneter. 17. The method as in claim12, further conprising the additional

steps of: a 1§tﬁ$e'1§éth&ia4s 1&@35&( $1 $hQtintsh@ aﬂﬁl%‘ﬁg ued ifdieave BPHra&pe@E%t or the
fragment ati.on, spac efine a sleep paraneter 18.

o b S R B forb e bR SRRl bR hartroner, Srenecor:
statistical analysis of the preferred frequency space; or the fragnmentation
space; or the cluster space; to define a sleep paraneter. 19. The nethod as

in claim 14’1? retrrrlle féocf:a()sl rjralsr}lrllg ftuﬂﬁera(‘:g)gnl ¥1|s1(r)1nﬁ'|{eha%d RRal S[GIRF {St atisti cal
anal ysis of the preferre requency space; ragne ati on space; or

the cluster spacesmaawq?na e e een. pal A ng%gr s%&:o?he method as in claim
15, further conprisin he, 38 “dnaf'™'s (ﬁy p

the fragmentation space; or
the cluster space;

to define a sleep parameter.

17. The method as in claim 12, further comprising the additional steps of:
a statistical analysis of the preferred frequency space; or
the fragmentation space; or
the cluster space;

to define a sleep parameter.

18. The method as in claim 13, further comprising the additional steps of:
a statistical analysis of the preferred frequency space; or
the fragmentation space; or
the cluster space;

to define a sleep parameter.

19. The method as in claim 14, further comprising the additional steps of:

a statistical analysis of the preferred frequency space; or
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a statistical analysis of the preferred frequency space; or, the
fragnmentati on space; or the cluster space; to define a sleep paraneter. 21
The net howloasioos7abai m 1, further conprising det erm ni ngCrustéenedsde ani nal
isin a sleep or waking state. 22. A non invasive systemto obtain and
classify brain waves in animals conprising: receiving neans to obtain data
i ndicative of brain wave activity; a conputing neans to anal yze said data

i ndi cative of brain wave activity; and a processor to determ ne at | east
one paraneter indhCRid&Ron3hREP OF waking state fromsaid anal yzing. 23.
The method as in claim 18, wherein receiving neans i s a non-invasive

el ectrode attacheg Qi sppkmal . 24. The nmethod as in claim 22, wherein
said paranmeter indicative of sleep or waking state conprises information
indi cative of |ikehyifrd@eppasfdli on, reaction, or dosage. 25. A method
for determning sleep states in a subject over a period of tine conprising;
receiving data indicative of brain activity for a aninmal over a period of
time;anal yzing said data indicative of brain activity; and classifying said

data based on #l.8RR&E Alif claff 15A0rRHBARLSH: MSligMoandidpebhod to nmeasure
the effects of drug consunption of an anlna% conprising the steps of:

obtain sleep par anefific hedly A oiid peRted rRde) spddBp sai d sleep paraneters
for an untreated animal; obtain sleep paranmeters for a treated animal; nmap
said sl eep paranmgt efcSrdoflentali6@tde;ani mal ; and

or the cluster space;

to define a sleep parameter.

21. The method as in claim 1, further comprising determining whether the animal is in a
sleep or waking state.

22. A non invasive system to obtain and classify brain waves in animals comprising:
receiving means to obtain data indicative of brain wave activity;
a computing means to analyze said data indicative of brain wave activity;

and a processor to determine at least one parameter indicative of sleep or waking
state from said analyzing.

23. The method as in claim 18, wherein receiving means is a non-invasive electrode
attached to the animal.

24. The method as in claim 22, wherein said parameter indicative of sleep or waking state
comprises information indicative of likely drug consumption, reaction, or dosage.

25. A method for determining sleep states in a subject over a period of time comprising;
receiving data indicative of brain activity for a animal over a period of time;
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conpare said paraneters for untreated animal to said paranmeters for treated
animal . 27. An autonmated system and nethod to determ ne pat hol ogi cal

condi t i onsoab1sens7Eni mal conpri sing the steps of: obtai nPEraASpoPAsHAEL er S
for a healthy animal; map said sleep paraneters for a healthy aninal;
obtain sleep paraneters on an abnornmal aninmal; map said sl eep paraneters
for abnormal animal; and conpare said paraneters for healthy animal to said
paranmeters for abnornal aninal.

analyzing said data indicative of brain activity;

and classifying said data based on sleep state.

26. An automated system and method to measure the effects of drug consumption of an
animal comprising the steps of:

obtain sleep parameters for an untreated animal;
map said sleep parameters for an untreated animal;
obtain sleep parameters for a treated animal;

map said sleep parameters for treated animal; and

compare said parameters for untreated animal to said parameters for treated
animal.

27. An automated system and method to determine pathological conditions of an animal

comprising the steps of:
obtain sleep parameters for a healthy animal;
map said sleep parameters for a healthy animal;
obtain sleep parameters on an abnormal animal;
map said sleep parameters for abnormal animal; and

compare said parameters for healthy animal to said parameters for abnormal
animal.
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