US 20150351663A1

a9 United States

a2y Patent Application Publication o) Pub. No.: US 2015/0351663 A1

ZIGEL et al. 43) Pub. Date: Dec. 10, 2015
(54) DETERMINING APNEA-HYPOPNIA INDEX Related U.S. Application Data
AHI FROM SPEECH (60) Provisional application No. 61/756,000, filed on Jan.
24, 2013.
(71)  Applicants:B.G. NEGEV TECHNOLOGIES AND
APPLICATIONS LTD., Beer Sheva Publication Classification
(IL); MOR RESEARCH
APPLICATIONS LTD., Tel Aviv (IL) (51) Imt.CL
A61B 5/08 (2006.01)
(72) Inventors: Yaniv ZIGEL, Omer (IL); Ariel A61B 5/00 (2006.01)
TARASIUK, Meitar (IL); Oren AG6IB 7/00 (2006.01)
ELISHA, Tel Aviv (IL) (52) US.CL
CPC ....ccvue A61B 5/0826 (2013.01);, A61B 7/003
(21) Appl. No.: 14/762,819 (2013.01); A61B 5/7278 (2013.01)
. 57 ABSTRACT
(22) PCT Filed: Jan. 24, 2014 o
A method of determining a value for an apnea-hypopnea
(86) PCT No.: PCT/IB14/58526 index (AHI) for a person, the method comprising: recording
" a voice track of a person; extracting features from the voice
§ 371 (c)(1), track that characterize the voice track; and processing the
(2) Date: Jul. 23, 2015 features to determine an AHI.
300 —
FOR POPULATION Y,
\ FACH HAVING KNOWN
AHL SETn=1 101

T
1 ANALOG YOCAL TRACK OF SPEECH PROTOCOL |

103

[ VOCAL TRACK DIGITIZING & PREPROCESSING | 105

| FRAMES FRp, 1< 2 <I: 30 ms 50% OVERLAP | 107
! AT
! USE VAD & REMOVE SILENT FRAMES i

I VTLN = VOCAL TRACT LENGTH NORMALIZATION

~
I 111

EXTRACT FEATURES FOR IDENTIFYING PHONEMES:
16 MEL FREQUENCY COEFFICIENTS (MFCC) FOR EACH FR;

113

USE FEATURES TO

3} OTHERS

1} 5 VOWELS (VOICED SIGNALSwa/efi/on;
2} T NASAL (VOICED SIGNALSY: mé&n;

i
IDENTIFY 7 CLASSES TS

DISCARD “OTHERS” LEAVING
FRAMES IN “P” PHONEME CLASSES: FR(p) (Isp <P: P=6)

M™S\17

EXTRACT FOR EACH FRyp)
BHORT TERM (5T) FEATURESﬁ"‘M,ﬁ«\ﬂ 1< &% <K
1) TIME DOMAIN FEATURES
2} SPECTRAL DOMAIN FEATURES
3) CEPSTRAL DOMAIN FEATURES
4} HYPER-NASAL DETECTION FEATURES

™19

I —-321

FOR EACH p SELECT ST FEATURES fSi’f, pLISA<Kpr K<K*

FOR PERSON “4” AND FACH p DEFINE A
REPRESENTATIVE SET OF PHONEME FEATURE VECTORS

Vsi,p}?}n = ifsl,pﬁu(SZ Y3 »..fsi,p S -"fsl,p ,K{p)?n

T
S—g23

i



Patent Application Publication  Dec. 10, 2015 Sheet 1 of 4 US 2015/0351663 A1

100
FOR POPULATION W,
EACH HAVING KNOWN
AHL SET =1 101
| C =103
-t ANALOG VOCAL TRACK OF SPEECH PROTOCOL |

[ VOCAL TRACK DIGITIZING & PREPROCESSING | 105

] FRAMES FRp, 1< <I’: 30 ms 50% OVERLAP [ 107
1 09
USE VAD & REMOVE SILENT FRAMES

£
I YTLN = YOCAL TRACY LENGTH NORMALIZATION ! 111

EXTRACT FEATURES FOR IDENTIFYING PHONEMES: 113

16 MEL FREQUENCY COEFFICIENTS (MFCC) FOREACH FR;

USE FEATURES TQ IDENTIFY 7 CLASSES /118

1) § VOWELS (VOICED SIGNALS):a/efi/o/u;
2) 1 NASAL (VOICED SIGNALS): m&a;
3) OTHERS

| l‘"\
DISCARD “OTHERS” LEAVING 117
FRAMES IN “P* PHONEME CLASSES: FR(p) (1< p <P: P = 6)
EXTRACT FOR EACH FR(p) N9
SHORT TERM (ST) FEATURES /5% , g« 1< £¥ <>
1) TIME DOMAIN FEATURES

2) SPECTRAL DOMAIN FEATURES

3) CEPSTRAL DOMAIN FEATURES
4) HYPER-NASAL DETECTION FEATURES
l 321
FOR EACH p SELECT ST FEATURES 5, , 4 1 <6< K(p): K <K*

FOR PERSON “x” AND EACH p DEFINE A
REPRESENTATIVE SET OF PHONEME FEATURE VECTUORS
%fsi,pﬁr}n = {ﬂi,pﬁafsz,pﬁ ,.,fSé,pﬁﬁ °°°ﬁgi,p,i{{p)}n

@ a2
FIG 1A




Patent Application Publication  Dec. 10, 2015 Sheet 2 of 4 US 2015/0351663 A1

4 ¥ —125
EXTRACT LONG TERM (I.T) FEATURES fL% 1 < 6% < L*
FOR VOCAL TRACK

SELECT LT FEATURES fIy 1 <{<L<i* [ 127

FOR PERSON “»” DETERMINE REPRESENTATIVE LT FEATURE
VECTOR FOR VOCAL TRACK [V}, = (1, /L2, es L, voeifLln

FOR EACH n-th PERSON: 1S n < N; N>A; AND n € {4},
ACQUIRE A SET OF FEATURE VECTORS
3 p £in AND {fViiy

(,/«———“"13?
USE N SETS {5, ; gin GENERATE
GMM - UNIVERSAL BACKGROUND MODELS (UBM;}
GMM (I, £, By By oy 1S s M, {FOREACHp)

P
FOR u-th PERSON OF W ’W
ASSUME FEATURE VECTORS {fgi)p #ln HAVE A 139

PROBABIILITY DENSITY BISTRIBUTION
GMM,, (s, p, By i»i*fn,m Ee)
SIMILAR TO GMMy(N, g, G B )

' 141
DETERMINE FOREACHm
MAXIMUM A POSTERIORI ESTIMATE (MAP)
B-MAP,, (p) FOR p*y,
RESPONSIVE TO
3 p f3n AND GMMy(N, p, ©ys Koo Zgre)

$ FIG1B



Patent Application Publication

Dec. 10, 2015 Sheet 3 of 4

(r’—‘)AB

GENERATE A SUPER VECTOR FOR EACH n
Sit, = CONCATENATION p-MAP,,, ;, (p) & {Vily

1477 N

TRAIN AN (SVM)
USING SUPER VECTORS
St 1< < W
TO DISTINGUISH

O5A AND 054

TRAIN AN (SVR)
USING SUPER VECTORS
Su, I<n < N
TO DETERMINE
AHI

f-ﬂ%iﬁg

GENERATE A SUPER VECTOR spy FOR PATIENT X

(,,-»-4.51

DETERMINE AHI FOR PATIENT X RESPONSIVE
TO SVR AND spy

FIG 1C

US 2015/0351663 Al

/48



US 2015/0351663 Al

Dec. 10,2015 Sheet4 of 4

Patent Application Publication

0

Y50 Jd4A3S
¥SO H1VHIJ0N

vsC AN
¥5S0 NON

* 2 S

)

17474

NS Ly



US 2015/0351663 Al

DETERMINING APNEA-HYPOPNIA INDEX
AHI FROM SPEECH

RELATED APPLICATIONS

[0001] The present application claims the benefit under 35
U.S.C. 119(e) of U.S. Provisional Application 61/756,000,
filed on Jan. 24, 2013, the disclosure of which is incorporated
herein by reference.

TECHNICAL FIELD
[0002] Embodiments ofthe invention relate assessing sleep
quality.
BACKGROUND
[0003] Sleep disorders appear to be quite widespread, and

complaints and worries about real or imagined sleep disor-
ders and levels of discomfort with respect to how much sleep
one gets and quality of sleep are common subjects for discus-
sion. It is estimated that between 40% and 60% of the popu-
lation in modern societies are affected, or possibly believe
they are affected to some degree by sleep disorder. Real sleep
disorders can be serious and may be considered to be disease
conditions on their own and/or can lead to disease conditions
that interfere with normal physical, mental, and/or emotional
functioning.

[0004] By way of example, it is estimated that 60% of the
adult population suffer from insomnia, 30-70% suffer from
snoring, and between 2% to 7% of the population suffer from
obstructive sleep apnea (OSA). OSA is characterized by
repetitive collapse or narrowing of the upper airway passages
during sleep that impairs ventilation, may lead to total or near
total cessation of breathing and disrupts sleep. OSA events
are typically associated with episodes of snoring that may be
followed by long silent periods during which there is no
breathing. The periods of no breathing are typically followed
by neurological arousal of the person from sleep that initiates
activity to reopen the upper airway passages and reestablish
breathing. The activity to reestablish breathing is generally
accompanied by relatively intense, loud snorts and/or gasps
as the person struggles to regain breathing.

[0005] Sleep disorders can result in a spectrum of undesir-
able effects that includes besides anxiety, daytime drowsi-
ness, and impairment of concentration and motor functions,
potentially relatively long term serious health risks. For
example, OSA is associated with increased cardiovascular
morbidity.

[0006] Conventionally, diagnosing a person’s sleep disor-
ders, and in particular OSA, involves performing a sleep
study, referred to as polysomnography, (PSG). PSG is a rela-
tively complicated and expensive procedure that is carried out
in a sleep laboratory during an overnight stay of the person in
the laboratory. PSG typically involves attaching a variety of
sensors to the person’s body to generate “PSG signals” during
a sleep period of the person’s overnight stay. The PSG signals
track performance of a battery of physiological activities and
functions that may be used to determine presence of episodes,
“OSA events”, of complete and/or partial cessation of breath-
ing during the sleep period. The tracked activities and func-
tions may include brain activity, eye motion, skeletal muscle
activation, respiratory efforts, and heart function during
sleep.

[0007] Presence and/or severity of OSA is conventionally
measured by an apnea-hypopnea index (AHI), which is sim-
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ply a count of a number of OSA events that a person experi-
ences per hour of sleep. A person is generally considered to
have OSA if he or she has an AHI greater than or equal to 5,
that is, evidences 5 or more OSA events per sleep hour. A
person having an AHI between 5 and 14 is considered to have
mild OSA and moderate OSA if he or she has an AHI between
15 and 29. A person having an AHI of 30 or more is consid-
ered to have severe OSA.

[0008] In addition to being uncomfortable, expensive, and
equipment intensive, PSG studies to determine quality and
disturbances of a person’s sleep are not readily accessible. It
is estimated for example, that the waiting period for PSG has
been reported to be a few weeks to more than a year in the
United States.

SUMMARY

[0009] An aspect of an embodiment of the invention relates
to determining a measure of AHI for a person responsive to
features extracted from a recording of a vocal track of the
person’s speech. Optionally, the extracted features are pro-
cessed to provide a plurality of feature vectors for each of a
plurality of phonemes, words, and/or sentences in the voice
track. The plurality of feature vectors for each of the pho-
nemes may be processed to determine a set of mean feature
vectors of a Gaussian mixture model (GMM) that provides a
probability density distribution for the phoneme’s feature
vectors. Optionally, the phonemes are phonemes characteris-
tic of the vowels /a/, /e/, /i/, /o/, /u/ and phonemes character-
istic of nasal consonants /m/ and /1/. In an embodiment of the
invention a posteriori mean estimate is determined for the
mean of each feature vector responsive to a universal back-
ground Gaussian mixture model probability density distribu-
tion and the mean feature vector. The posteriori mean esti-
mates for all the phonemes and a feature vector for the vocal
track are optionally concatenated to form a super vector. A
value for the AHI for the person is determined responsive to
the super vector and a support vector regression.

[0010] Inthediscussion, unless otherwise stated, adjectives
such as “substantially”” and “about” modifying a condition or
relationship characteristic of a feature or features of an
embodiment of the invention, are understood to mean that the
condition or characteristic is defined to within tolerances that
are acceptable for operation of the embodiment for an appli-
cation for which it is intended. Unless otherwise indicated,
the word “or” in the description and claims is considered to be
the inclusive “or” rather than the exclusive or, and indicates at
least one of, or any combination of items it conjoins.

[0011] This Summary is provided to introduce a selection
of concepts in a simplified form that are further described
below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the
claimed subject matter, nor is it intended to be used to limit
the scope of the claimed subject matter.

BRIEF DESCRIPTION OF FIGURES

[0012] Non-limiting examples of embodiments of the
invention are described below with reference to figures
attached hereto that are listed following this paragraph. Iden-
tical structures, elements or parts that appear in more than one
figure are generally labeled with a same numeral in all the
figures in which they appear. A label labeling an icon repre-
senting a given feature of an embodiment of the invention in
a figure may be used to reference the given feature. Dimen-
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sions of components and features shown in the figures are
chosen for convenience and clarity of presentation and are not
necessarily shown to scale.

[0013] FIGS. 1A-1C show a flow diagram of a method of
determining AHI or diagnosing presence of OSA, in accor-
dance with an embodiment of the invention; and

[0014] FIG. 2 shows a graph comparing diagnoses of AHI
by PSG and a method in accordance with an embodiment of
the invention.

DETAILED DESCRIPTION

[0015] FIG.1 shows a flow diagram of an algorithm 100 for
determining an AHI for a patient “X” responsive to a voice
track of the patient’s voice, in accordance with an embodi-
ment of the invention.

[0016] In a block 101 a value for an index a that indexes
persons in a population of 4 personissetto 1. Inablock 103
an analog voice track of a first person, n=1, of the group of
N persons is recorded voicing a speech protocol comprising
utterances that may be used to determine whether a person has
OSA, and if so severity of OSA. The voice track may be
recorded using at least one or any combination of more than
one of any suitable sound recording instruments, such as by
way of example, a Handy H4 digital recorder by ZOOM, or a
microphone comprised in a smart phone, PC (personal com-
puter), laptop or tablet. The at least one sound recording
instrument may comprise a contact microphone that is
optionally mounted to the neck of the person and or a stereo
recording system. Optionally the at least one recording instru-
ment comprises a recording system that records an amount of
acoustic energy that passes through and radiates from a per-
son’s mouth and/or nasal passages in producing sounds
recorded in the voice track.

[0017] Inan embodiment of the invention, the speech pro-
tocol comprises phonemes whose utterances are affected by
features of the human voice tract that distinguish persons
suffering from OSA from persons that do not suffer from
OSA. The protocol may be configured so that the recorded
voice track includes phonemes characteristic of utterances of
the vowels /a/, /i/, /u/, /e/, /o/, and nasal consonants, /m/ and
/m/, also referred to as “nasals”.

[0018] Inablock 105 the analog voicetrack is digitized and
preprocessed. Preprocessing may include DC removal, down
sampling the voice track from a sampling rate at which the
analog voice track was recorded, and removal of lip-radiation
effects. In an embodiment of the invention an analog voice
track may be recorded at a sampling rate of about 44 kHz
(kilohertz) and down sampled to optionally about 16 kHz. Lip
radiation effects may be reduced by filtering the voice track
using a suitable finite impulse response filter (FIR).

[0019] In ablock 107, the voice track may be divided into
frames, represented by FR,, 1=i'<I', optionally having dura-
tion between about 20 ms and 60 ms (milliseconds) and
overlap equal to about 50%. Optionally, the frames are win-
dowed using any of various window functions known in the
art, such as by way of example, the common Hamming win-
dow function. In ablock 109 silent frames are identified using
a suitable voice activity detector (VAD) and removed, leaving
“I-” frames remaining.

[0020] In ablock 111 the frequency spectrums of portions
of the vocal track respectively comprised in frames FR; are
corrected for vocal tract length of the person. Formants,
which are spectral peaks in the frequency spectrum of a
person’s speech, may be used to distinguish vowels in the
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speech and are generally shifted to lower frequencies with
increasing vocal tract length. In an embodiment of the inven-
tion, the vocal tract length correction normalizes the formant
frequencies to a “standard” vocal tract length so that the
normalized formants are substantially independent of vocal
tract length and are more readily recognized as markers of the
person’s vocalization of vowels. Hereinafter, a portion of the
vocal track comprised in a frame may be referred to as a
“frame voice signal”, or a voice signal of a frame.

[0021] Optionally, the vocal tract length of a person is esti-
mated from images of the person’s face and neck. The images
may be acquired using any of various suitable cameras, and
may for example, comprise a camera included in a smart-
phone, laptop, or tablet, or a 3D (three dimensional) camera
that may be operated to acquire a three dimensional 3D image
of'a person.

[0022] In a block 113 frames FR, are processed to extract
features from the frames that may be used for associating the
frames with particular phonemes. In an embodiment of the
invention, the features comprise, optionally 16, mel-fre-
quency cepstral coefficients (MFCCs). The mel frequency
scale is a perceptual scale of frequencies, measured in “mels”,
that maps frequency conventionally measured in Hz to a
perceptual scale for which pairs of pitches having a same
difference in mels are perceived by a human as having a same
difference in frequency, or pitch. A frequency “f;,.” in Hz has
a frequency “f,,_,” in mels defined by a formula: f, ~2595
log 10(1+1f,,,/700). The MFCCs, for a given frame FR, are
Fourier coefficients of a discrete mel-frequency power spec-
trum of a portion, the frame voice signal, of the vocal track
comprised in FR,.

[0023] In a block 115 the extracted features are used to
associate each frame FR, with optionally one of seven classes
of phonemes. The seven classes may include five classes of
phonemes that are exhibited respectively in utterances of the
five vowels, /a/, /i/, /u/, e/, /o/, a class /m/&/n/ of nasal
phonemes comprising the phonemes /m/ and /n/, and a class
of “others”, with which a frame is associated if it is not
associated with any of the other classes. Optionally, the asso-
ciation is performed in accordance with a suitable classifier
such as a Gaussian mixture model (GMM) or a k-nearest
neighbor (KNN) classifier. In a block 117 frames associated
with “others” are discarded leaving a set of “I” frames FR,,
1=i<l. classified as associated with one of six phoneme
classes /a/, /i/, lu/, /el, o/, and /m/&/n/ respectively indicated
and referred to by an index p, 1=p=6.

[0024] Inablock 119 shortterm (ST) features, fS*p 4 *, 1<
£ *<K* that may be used to characterize the frames and
determine presence and severity of OSA are extracted for
eachframe FR,. In anembodiment of the invention features S
*ip£* may comprise at least one feature from one or any
combination of more than one of, time domain features, spec-
tral domain features, cepstral domain features, and/or hyper-
nasal features. Optionally K* is greater than or equal to about
50. Optionally K* is greater than or equal to about 75. K* may
be greater than or equal to about 100.

[0025] Time domain features may by way of example com-
prise energy, pitch, jitter, and shimmer exhibited by a voice
signal in a frame. Energy may be an average of energy of the
voice signal in a frame over duration of the frame. Pitch
associated with a frame may be a fundamental sound fre-
quency exhibited by the frame voice signal or voice signals in
a sequence of consecutive frames comprising the frame that
are associated with a same phoneme. Jitter may be a measure
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of variance of a fundamental period exhibited by the voice
signal in a frame or voice signals in a sequence of consecutive
frames comprising the frame that are associated with a same
phoneme. Shimmer may be a measure of variance in peak to
peak amplitude of sound exhibited by the voice signal in a
frame or voice signals in a sequence of consecutive frames
comprising the frame that are associated with a same pho-
neme. Spectral features may, by way of example, comprise
linear predictive coding coefficients (LPC) and derivatives
thereof, formant location and bandwidth, auto regressive
moving average (ARMA) coefficients that are characteristic
of'a frame voice signal. Cepstrum domain features may com-
prise MFCCs and derivatives of MFCCs.

[0026] Hyper-nasal features may comprise a Teager energy
difference, a LPC difference, and a standard deviation of a
power spectral density (PSD) of a voice signal in a frame. The
Teager energy difference for a frame may be a difference
between values for the Teager energy operator (TEO) applied
to first and second “Teager signals™ generated from the frame
voice signal. The first Teager signal may be the frame voice
signal filtered by a finite impulse response band pass filter
centered at a first formant of the frame voice signal. The
second Teager signal may be the frame voice signal filtered by
a low pass filter that removes frequencies higher than the first
formant for the frame voice signal. The LPC difference fea-
ture for a frame may be a square of the Euclidean distance
between linear predictive coefficients determined for low and
high order LPC models of the frame voice signal. The stan-
dard deviation of PSD for a frame may be determined for
frequencies of the frame voice signal between about 300 Hz
and about 2000 Hz.

[0027] The following table provides a list of K*=103 short
term features that may be extracted from frames in accor-
dance with an embodiment of the invention.

No.of  Feature
# Feature name features  symbol
1 Fundamental Frequency 1 Fo
2 Titter 1 Jitt
3 Shimmer 1 Shimm
4 Vocal tract length 1 VTL
5 Harmonic to noise ratio 1 HNR
6 Formants 3 F-F;
7 Formants derivative (F»-F;, F3-F,) 2 DF,,DF,3
8 Formant Band width 3 BW -BW;
9 Linear prediction coding (LPC) 18 a-ag
10 ARMA model 18 ar;-arg
11 Mel frequency cepstral coef. (MFCC) 16 Ci-Cig
12 AMFCC 16 Aci-Acg
13 AAMFCC 16 AAc;-AAc4
14 Energy 1 E
15 AEnery 1 AE
16 AAEnergy 1 AAE
17 Teager energy operator 1 TEO
18 High and low order LPC difference 1 LPCdiff
19 Standard deviation of PSD 1 PSD-STD

[0028]

tures 5, pf 1=<R <K(p)<K*is selected from the K* features
fS*pp* 1<B*<K* for each frame identified with a same
phoneme foruse in determining presence of OSA and/or AHI.
In an embodiment of the invention, a selection algorithm for

In a block 121, optionally a same subset of K fea-

selecting features f5i,p may be dependent on phoneme
index p, and a number and/or identity of selected features f

Si,p & foraframe may therefore be dependent on the frame’s

Dec. 10, 2015

phoneme index p, as indicated by writing K as K(p) above
and in block 121. As a result, features selected for frames
associated with a first of the phonemes may be different from
a set of features selected for frames associated with a second
of the phonemes. For example, the features selected for
frames identified with phoneme /a/ referred to by index p=1
may be different in number and/or identity from features
selected for frames identified with phoneme /u/ referred to by
index p=5. Optionally a selection algorithm used to select

features 5, p & selects K(p) features from among the K*
features that perform best as measured by a suitable perfor-
mance criterion in reducing error in determining AHI and/or
presence of OSA. Optionally, a sequential forward floating
selection (SFFS) and/or a leave one out (LOO) algorithm is
used to choose the K(p) features.

[0029] Following selection of feature vectors f3i,pf,
optionally in a block 123, the n-th (at this point in the descrip-
tion of algorithm 100, n=1) person is associated with a rep-

resentative set of short term feature vectors: {5, p£} ={f
Supk 5208 .. fSpk, .. f5p,K(p)}, (p=1—6).

[0030] Itis noted that whereas selection is shown in block
121 following block 119, order of blocks in flow diagram 100
does not determine an order in which actions noted in the
blocks are undertaken. In particular, selection noted in block
121 may be performed after acquiring and processing a num-
ber of voice tracks from different persons having known
states of OSA sufficient to provide models and statistics use-
able to grade performance of different features fS*p4* in
determining OSA and AHI. For example, selection may be
performed only after acquiring and processing voice tracks
for & persons, realizing a “YES” in decision block 131,
discussed below, and using feature vectors 1S *p £ * to gen-
erate GMM distributions for testing performance of different
combinations of feature vectors fS " p £ * in determining pres-
ence of OSA and/or AHI.

[0031] In blocks 125-129 (FIG. 1B), optionally following

selection of short term vector set {f Si,p £ }n, algorithm 100
extracts, selects, and associates long term (LT) feature vectors
with the n-th person. In block 125, LT feature vectors fL*,.
1=I*<[* are extracted for the vocal track of the person. Long
term feature vectors comprise feature vectors that are deter-
mined responsive to voice signals in a plurality of frames
associated with different phonemes and/or all the frames
associated with phonemes in the vocal track recorded for the
person. The long term features may for example comprise
values for statistical parameters of short term features of the
voice track such as a mean vocal track length over a plurality
of different frames and different phonemes, a mean harmonic
to noise ratio, a vowel space area for each of the vowels /a/, /i/,
fu/, lel, lo/, adifference between the first and second formants,
F1 and F2, for each vowel, and a difference between the
second and third formants, F2 and F3, for each vowel. Long
term features may also include physical characteristics of the
person such as body mass index (BMI), gender, and age.

[0032] The following table provides a list of long term
features that may be determined for the vocal track of the
person in accordance with an embodiment of the invention.
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No. of Feature

#  Feature name features symbol

1 Mean VIL 1 MVTL

2 Mean HNR 1 MHNR

3 Vowel Space Area, F-F, and 2 Ajs Ay
F,-F; Space (1x2)

4 Center of mass, F-F, and 4 CM5, CM,3
F,-F; Space (2x2)

5 Distance from Center of 10 DCM,,, DCM,;
Mass of each vowel, (5x2)
F,-F, and F,-F; Space

6  Difference between F, and F, 5 DF,,
for each vowel

7  Difference between F, and F; 5 DF,3

for each vowel

[0033] In a block 127, optionally a subset of L long term
features fL,1<1<[.<L* is selected from the L* features fL* .
1=I*<[* associated with the person’s vocal track for use in
determining presence of OSA and/or AHI. Selected long term
features fl, may be selected similarly to the way described
above in which short term features are selected. Optionally in
a block 129, the n-th (again noted, at this stage n=1) person
may be associated with a representative long term feature
vector: {fV,},={fL, fL,, ..., L, ... fL},.

[0034] Inadecisionblock 131, n is checked to determine if
itisequal to A . Ifitis not, algorithm 100 optionally proceeds
to a block 133, increases n by 1 and returns to block 103 to

acquire feature vectors {f5;,p& } and {fV,} for another per-
son. I[fon the otherhand nis equalto 4 and the algorithm has

acquired feature vectors {f5,p &} and {fV,} for each of the
population of 4 persons, the algorithm proceeds to a block
135.

[0035] Inblock 135, a set of feature vectors {5, p £ }, and
{fV,},, (1=n=N) is acquired for each “n-th” person of a rela-
tively large “background” population of “N” persons for
which presence or absence of OSA is not generally, but may,
be known. In a block 137, the N sets of feature vectors are
used to generate a Gaussian universal background mixture

model GMM, (N, ¢, ®,,, L, 2,,) 1=sm= Mp, for each pho-

neme p,where Mp is a number of Gaussians in the model for
the p-th phoneme, 1, is a mean feature vector of the feature

vectors forthe m-th (1=m= MIJ) Gaussian, 2, is an associated
covariance matrix, and w,, is a weighting factor for the m-th
Gaussian.

[0036] In a block 139, it is assumed that the phoneme

feature vectors {fSi,p £}, for the p-th phoneme of the n-th
person of the population of ¥ persons having known states of
OSA has a probability density function that may be described
by a Gaussian mixture model GMM, (n. p, o, ,u* 3 )simi-
lar to GMM (N, p,m,,.11,,.2,,). In a block 141, a maximum
posteriori (MAP) estimate, p-MAP,,, (p), is determined for
each p*, . responsive to GMM,/ (N,p,w,,1L,,.2,) and {f

Si,p 4}, . In a block 143 (FIG. 1C) the n-th person is associ-
ated with a super vector sy,,, which is a concatenation of the
long term feature vector {fV,}, and the MAP vectors
u-MAP, _(p) for all the phonemes—that is for p=1,2, .. .,
P, which, as described above is optionally equal to 6.

[0037] 1In a block 145 the ¥ super vectors sy, and there
known OSA statuses are optionally used to train a support
vector regression (SVR) machine to determine an AHI for a
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given patient responsive to a super vector determined in
accordance with an embodiment of the invention, similarly to
the manner in which a super vector s, is determined. In a
block 147, the WV super vectors sp,, and their known OSA
statuses may also be used to train a support vector machine
(SVM) to distinguish whether or not a given patient has OSA
or not, responsive to a super vector determined for the patient
in accordance with an embodiment of the invention.

[0038] Inablock 149 a super vector sii, is determined for
patient X in accordance with an embodiment of the invention,
similarly to the manner in which a super vector sy, is deter-
mined. Optionally, in a block 151 an AHI is determined for
patient X responsive to the SVR determined in block 145
operating on super vector s|Ly.

[0039] FIG. 2 shows a graph 200 that compares values for
AHI determined for a population of men by PSG and an SVR
machine generated in accordance with an algorithm similar to
algorithm 100 for a relatively small population of about 100
men, in accordance with an embodiment of the invention.
Values of AHI determined by PSG are shown along an
abscissa of the graph labeled AHI . and values determined
by the SVR are shown along an ordinate of the graph labeled
AHIg, . The graph shows values of AHI determined by PSG
and SVR for four groups of patients. Patients represented by
shaded squares, asterisks, empty circles, and shaded dia-
monds were determined by PSG to exhibit no OSA, mild
OSA, moderate OSA, and severe OSA respectively. The
graph shows relatively good agreement between PSG and
SVR diagnoses. Diagnoses for which PSG and SVR values
are substantially identical lie on or near to a dashed line 202.
[0040] Whereas in the above description of algorithm 100 a
person’s voice track was segmented into frames which were
classified into a particular set of phonemes—namely the
vowel phonemes and nasal phonemes- to generate super vec-
tors, practice of the invention is not limited to processing
voice tracks in accordance with algorithm 100 to determine
AHIL

[0041] For example, in an embodiment of the invention,
frames from a person’s voice track may not be classified by
association with phonemes. Instead, values for a same set of
ST features independent of phoneme identification are
extracted for each non-silent frame and used to provide a
short term feature vector for frame. A phoneme-anonymous
feature vector may be generated for the person by concatenat-
ing a plurality of the ST feature vectors and optionally con-
catenating the concatenated ST feature vectors with a long
term feature vector of the person. The phoneme-anonymous
feature vector for each of a relatively large background popu-
lation, N, may be used to determine a GMM,,, The
GMM_ 5,,and phoneme-agnostic feature vectors for persons
in a population 4 having known states of OSA may be used
to determine “MAP” mean feature vectors for each of the
N persons. Super vectors generated from the MAP vectors
may be used to train an SVR machine for determining AHI, or
an SVM machine for determining presence or absence of
OSA.

[0042] In an embodiment of the invention, an estimate of
AHI may be produced without use of super vectors. Short
term feature vectors extracted from vocal track frames for
persons in a population A having known states of OSA may
be used to train a Gaussian mixture regression (GMR) model
for determining AHI for each of a plurality of a set of different
phonemes. To determine AHI for a patient X, feature vectors
are extracted from a voice track recorded for the patient for
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frames associated with each of the different phonemes. An
AHI value is determined for each of the phonemes responsive
to the extracted feature vectors for the phoneme. An AHI for
patient X is determined as an optionally weighted average of
the AHI values.

[0043] Furthermore, classifiers other than Gaussian mix-
ture classifiers may be used to determine in accordance with
an embodiment of the invention whether features of a voice
track indicate a given AHI for a person. A neural network may
be taught to determine AHI for a person responsive to an
ensemble of feature vectors generated from the person’s
voice track. Or, linear regression may be used to provide a
diagnosis of AHI. Linear regression may be performed for

example on super vectors { f’ Si,p }.. determined in block 123
of algorithm 100 optionally having a relatively small subset
of less than about 5 features for persons in a population
A having known states of OSA.

[0044] Inanembodiment of the invention, an algorithm for
processing a voice track recorded for a person to determine an
AHI for the person in accordance with an embodiment of the
invention may be performed by any of various computer
systems executing a suitable computer executable instruction
set.

[0045] For example, as noted above, a recording device for
acquiring a voice track of a person for processing to deter-
mine an AHI for the person may comprises a microphone
housed in a smart phone, PC (personal computer), or in a
laptop or tablet computer. Optionally, the executable instruc-
tion set for processing the voice track to determine the AHI
may be stored at least in part in a memory in the smart phone,
laptop, or tablet and executed by a processor also housed in
the smart phone, PC, laptop or tablet.

[0046] Alternatively or additionally, a computer system for
determining the AHI may be located at least in part in a real or
virtual computer system that receives the voice track from the
recording device. The computer systems may be a centralized
system or a distributed system having components and
executable instruction sets located in different servers, and
may be partially or completely based on access to servers via
the internet, that is partially or completely “cloud based”. The
computer system may have a local or distributed memory
comprising a data base of data acquired and/or generated for
the population of & or N persons for use in determining AHI
or presence or absence of OSA, in accordance with an
embodiment of the invention.

[0047] Inthe description and claims of the present applica-
tion, each of the verbs, “comprise” “include” and “have”, and
conjugates thereof, are used to indicate that the object or
objects of the verb are not necessarily a complete listing of
components, elements or parts of the subject or subjects of the
verb.

[0048] Descriptions of embodiments of the invention in the
present application are provided by way of example and are
notintended to limit the scope of the invention. The described
embodiments comprise different features, not all of which are
required in all embodiments of the invention. Some embodi-
ments utilize only some of the features or possible combina-
tions of the features. Variations of embodiments of the inven-
tion that are described, and embodiments of the invention
comprising different combinations of features noted in the
described embodiments, will occur to persons of the art. The
scope of the invention is limited only by the claims.

1. A method of determining a value for an apnea-hypopnea
index (AHI) for a person, the method comprising:
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recording a voice track of a person;

extracting features from the voice track that characterize

the voice track; and

processing the features to determine an AHI.

2. The method according to claim 1 wherein recording the
voice track comprises causing the person to vocalize a voice
protocol comprising at least one phoneme chosen from at
least one or any combination of more than one phoneme
group consisting of: phonemes characteristic of vowels and/
or phonemes characteristic of nasal sounds.

3. (canceled)

4. The method according to claim 1 wherein extracting
features comprises dividing the voice track into frames and
extracting features for each of a plurality of the frames.

5. The method according to claim 4 wherein extracting
features comprises extracting short term (ST) features, which
are features that are statistically stationary during a frame,
from each frame and using the ST features to define a feature
vector for the frame.

6. The method according to claim 5 wherein the short term
features comprise at least one feature chosen from at least one
or any combination of more than one of: time domain fea-
tures, spectral domain features, cepstral domain features,
and/or hyper-nasal features.

7. The method according to claim 4 and comprising asso-
ciating each frame with a phoneme.

8. The method according to claim 7 and determining a
posteriori mean estimate for each phoneme responsive to the
feature vectors defined for the phoneme and a universal back-
ground Gaussian mixture model (GMM,, ).

9. The method according to claim 8 and comprising using
the posteriori mean estimate for each phoneme to determine
an AHI for the person.

10. The method according to claim 9 wherein using the
posteriori mean estimate for each phoneme comprises con-
catenating the posteriori mean vectors to generate a super
vector for the person.

11. The method according to claim 10 and comprising
extracting long term features from the voice track and con-
catenating at least one long term feature with the posteriori
mean vectors to generate the super vector.

12. The method according to claim 10 and comprising
using the super vector to determine an AHI for the person.

13-14. (canceled)

15. The method according to claim 9 wherein using the
posteriori mean estimate for each phoneme comprises deter-
mining an estimate for the AHI of the person responsive to the
posteriori mean estimate of each phoneme.

16. (canceled)

17. The method according to claim 4 and comprising con-
catenating a plurality of the feature vectors to generate a super
vector for the person and using the super vector to determine
AHI for the person.

18-19. (canceled)

20. Apparatus for determining an apnea-hypopnea index
(AHI) for a person, the apparatus comprising:

at least one voice recording device that records a voice

track for the person; and

at least one processor that extracts features from the voice

track that characterize the voice track and processes the
features to determine an AHI.

21. Apparatus according to claim 20 wherein to extract the
features, the at least one processor divides the voice track into
frames and extracts features from each frame.
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22. Apparatus according to claim 20 wherein the at least
one processor defines a feature vector for each frame respon-
sive to the features extracted from the frame.

23. Apparatus according to claim 22 wherein the at least
one processor associates each frame with a phoneme.

24. Apparatus according to claim 20 wherein the at least
one processor determines a posteriori mean feature vector for
each phoneme responsive to the feature vectors defined for
frames associated with the phoneme.

25. Apparatus according to claim 24 wherein the processor
uses the posteriori mean feature vectors to generate a super
vector for the voice track.

26. Apparatus according to claim 25 wherein the processor
determines an AHI for the person responsive to the super
vector.

27. (canceled)
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