US 20080221401A1

a9 United States

12y Patent Application Publication (o) Pub. No.: US 2008/0221401 A1

Derchak et al. 43) Pub. Date: Sep. 11, 2008
(54) IDENTIFICATION OF EMOTIONAL STATES Publication Classification
USING PHYSIOLOGICAL RESPONSES
(51) Imt.CL
(76) Inventors: P. Alexander Derchak, Summit, NJ A61B 5/00 (2006.01)
(US); Lance Jonathan Myers,
Ventura, CA (US)
(52) US.CL oot 600/301
Correspondence Address:
WINSTON & STRAWN LLP
PATENT DEPARTMENT
1700 K STREET, N.W. 67 ABSTRACT
WASHINGTON, DC 20006 (US) The invention provides a method for automatically identify-
(21) Appl. No.: 11/925,109 ing emotional states of a person in real-time based on physi-
ological responses by exposing a person to a stimulus, mea-
(22) Filed: Oct. 26,2007 suring the person’s physiological response to the stimulus,
N and comparing the measured physiological response to a
Related U.S. Application Data known baseline physiological. The deviation of the measured
(60) Provisional application No. 60/863,216, filed on Oct. physiological response from the baseline physiological

27, 2006.

response is determinative of the emotional state.




Patent Application Publication  Sep. 11,2008 Sheet 1 of 5 US 2008/0221401 A1

FIG. 1

N
w

QQ
W




Patent Application Publication  Sep. 11,2008 Sheet 2 of 5 US 2008/0221401 A1

Expose a person to stimulus ——210

Measure the person’s physiological |~ 220
response to stimulus

Compare measured physiological
response to a known baseline 230
physiological response

Determine deviation of measured
physiological response from baseline — 240
physiological response

250 260

Is the deviation within an acceptable The person is
deviational range for the a particular experiencing the
emotional state? emotional state

Yes

A 4

No

The person is not
experiencing the —_ 270
emotional state

FIG. 2



US 2008/0221401 A1l

Sep. 11, 2008 Sheet 3 of 5

Patent Application Publication

6 deis

" |loge| ssejo

G dels

Jalyisseo

A

uonesyIssed

v deig

uononpay

uel|

uoisuawi(]

A

g da)g

uoloesxg
ainjea

¥ 'Old
g deis , deig
soisuswq [ ujeos |
€ 9Old
¢ deig z daig
N e

| deig

sosse|o

loge




Patent Application Publication  Sep. 11,2008 Sheet 4 of 5 US 2008/0221401 A1

{ ]
d

ST
QT

FIG. 5

[—> l—>]
PR



US 2008/0221401 A1l

Sep. 11, 2008 Sheet 5 of 5

Patent Application Publication

9 'Old

W/a.lvi ANTVA N/a8s 13T ¢S v1°20 INIL

N/a0s1L

~C NOQE

. 007 |
HINIEI waooo




US 2008/0221401 Al

IDENTIFICATION OF EMOTIONAL STATES
USING PHYSIOLOGICAL RESPONSES

1. CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 60/863,216, filed on Oct. 27, 2006, the
entire content of which is expressly incorporated herein by
reference thereto.

2. FIELD OF THE INVENTION

[0002] The present invention relates to a system and
method for real-time physiological monitoring to identify
emotional states of a person. More particularly, the invention
relates to identification of emotional states based on mea-
sured physiological responses of a person.

3. BACKGROUND OF THE INVENTION

[0003] Known methods of determining a person’s emo-
tional states generally require the monitored individuals to
report on their own emotional states (self-reporting). For
example, such information can be gathered by surveying the
individual, either orally or by written questionnaire, after
exposing the individual to an emotive stimulus or a series of
stimuli. This method of quantification, however, is dependent
on an individual’s memory and perception of his own
responses. The results, at best, provide an overall estimation
of the person’s previous emotional states, and will likely be
more heavily influenced by the latter or more recent portions
of the stimuli.

[0004] Other methods of determining a person’s emotional
states include development of an individual response/feed-
back pad or input configured for self-actuation by the indi-
vidual. For example, the individual is typically exposed to a
series of stimuli over a defined period, such as by watching a
movie. During this period of exposure, the individual is
instructed to touch a key on the pad to indicate a particular
emotion or set of emotions that he may be feeling. While the
results of this method may reflect a more correlated data set
with respect to the stimulus/response effect, real-time moni-
toring is still not achieved. Additionally, this approach is
limited in that it is dependent on individuals being aware of
their own emotions, which may change frequently and subtly,
and even at a subconscious level. Thus, the individual’s self-
reported response data likely only reflects relative extremes
ofemotion, and the temporal nature of the responses will only
reflect the times at which these emotions reach a level where
they are consciously perceived.

[0005] Thus, there remains a need for systems and methods
for automatically and continuously monitoring a person to
identity, in real-time, emotional states of the person without
relying on self-reporting.

4. SUMMARY OF THE INVENTION

[0006] The present invention is directed to systems and
methods of automatically identifying the emotional state of a
person in real-time. A preferred method includes exposing a
person to a stimulus, measuring the person’s physiological
response to the stimulus, and comparing the measured physi-
ological response to a known physiological response patterns
associated with various emotional states. The pattern of
deviations of the measured physiological response from a
baseline physiological response is determinative of an emo-
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tional state. Preferably, the baseline physiological responses
are measured in the person when exposed to a neutral stimu-
lus.

[0007] In the preferred embodiment, the measured physi-
ological responses include one or more respiratory responses.
Preferably, the measured respiratory responses include a
measure of breath to breath variability, and more preferably
includes a sample entropy. The measured respiratory
responses may include, for example, a respiratory rate, a
minute ventilation rate, a tidal volume, a tidal volume insta-
bility, an inspiratory flow rate, an expiratory flow rate, an
inspiratory pause, and expiratory pause, a presence of cough,
and presence of apnea or hypopnea, or a combination thereof.
[0008] In other embodiments, the measured physiological
responses also include a cardiac response, a posture/activity
response, a temperature response, a galvanic skin response,
an EEG response, an EOG response, an EMG response, and a
vocal response, or a combination thereof. Preferably, the car-
diac responses include an ECG response, an RSA response, a
heart rate response, and a heart rate variability response, or a
combination thereof.

[0009] The identified emotional states include, for
example, neutrality or indifference, fear, anxiety, excitement,
happiness, sadness, attentiveness, anticipation, boredom,
anger, pleasure, or calmness. The emotional state may also
include a measure of the degree to which the person is
engaged with, concentrated on, or focused on the stimulus.
[0010] Preferably, the baseline physiological responses are
measured in the person when exposed to a stimulus known as
likely to elicit a selected emotional state, and where the emo-
tional state of the person is subsequently identified as likely to
be the selected emotional state when the measured physi-
ological responses significantly similar to the baseline physi-
ological responses. More preferably, two sets of responses are
significantly similar when the likelihood that the similarity is
due to chance is less than a selected threshold.

[0011] Preferably, the method for identifying an emotional
state of a person is computer-implemented. For example, one
embodiment of the present invention is a monitoring system
for automatically identifying an emotional state of a person in
real-time. The system includes a processor, a computer read-
able memory operatively coupled to the processor and con-
figured with instructions for causing the processor to perform
amethod for identifying emotional states, and a physiological
monitoring device operatively coupled to the processor for
measuring the person’s physiological response. Preferably,
the device is configured and arranged for monitoring an
ambulatory subject. More preferably, the processor correlates
the time of exposure to the stimulus and the type of stimulus
with the measured physiological response.

[0012] In another preferred embodiment of the present
invention, the method for automatically identifying an emo-
tional state of'a person in real-time includes exposing a person
to a stimulus, measuring the person’s physiological responses
to the stimulus, classifying the measured responses into one
or more classes by means of a classifier trained to recognize
patterns of physiological responses occurring in a plurality of
emotional states, and identifying a likely emotional state in
dependence on the classes into which the measured responses
have been classified. Preferably, the pattern of measured
physiological responses includes deviations of the measured
responses from baseline physiological responses, the base-
line physiological responses being characteristic of an emo-
tional state.
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[0013] In another embodiment, the classifier training fur-
ther includes measuring physiological responses one or more
emotional states, determining feature vectors that character-
ize the emotional states, and grouping the determined feature
vectors into groups that characterize the emotional states, the
grouping including use of a learning algorithm. The method
can also include scaling the determined feature vectors, or
applying dimension-reduction analysis to the determined fea-
ture vectors, or both scaling and applying dimension-reduc-
tion analysis to the determined feature vectors. Preferably, the
learning algorithm includes a kernel machine algorithm. The
classifier training may also include extracting the determined
feature vectors from the measured physiological responses,
the determined feature vectors being those determined during
classifier training, and applying the trained classifier to the
extracted feature vectors. Preferably, scaling the extracted
feature vectors, or applying dimension-reduction analysis to
the extracted feature vectors, or both scaling and applying
dimension-reduction analysis to the extracted feature vectors
is also performed.

[0014] One of the advantages of this invention is that it
eliminates potentially confounding factors associated with
self-reporting (i.e., surveys, a response “box”, and so forth).
These confounding factors include temporal dislocation of
emotional state and the act or reporting, emotional-state dis-
tortion by the intervening conscious act of self-reporting,
faulty memory, suggestion, and so forth. Instead the present
invention provides systems and methods of continuously and
automatically monitoring physiological responses of a person
to determine real-time emotional states thereof. The moni-
tored person need not perform any conscious personal acts so
that both conscious and sub-conscious emotional states can
be captured.

[0015] This invention is useful in such applications as audi-
ence monitoring of various sorts. For example, it can be used
to monitor audience responses to movies, plays, perfor-
mances, and the like. Also it can be used to monitor responses
to television programs, advertisements, radio presentations,
and any other presentation of information by any media
which may elicit an emotional response from individuals to
which it is exposed.

[0016] This invention can also be applied to product dis-
plays and evaluations. It can be useful to monitor emotional
responses to product packaging, product display, product
appearance, during use of novel or established products, and
so forth.

5. BRIEF DESCRIPTION OF THE DRAWINGS

[0017] Thepresentinvention may be understood more fully
by reference to the following detailed description of preferred
embodiments of the present invention, illustrative examples
of specific embodiments of the invention, and the appended
figures in which:

[0018] FIG. 1 illustrates depicts an embodiment of an
ambulatory multiple parameter monitoring system according
to the present invention;

[0019] FIG. 2 illustrates one embodiment of a method for
identifying emotional states;

[0020] FIG. 3 illustrates a flow chart for one embodiment of
a training algorithm;

[0021] FIG. 4 illustrates a flow chart for one embodiment of
a classifying algorithm;

[0022] FIG. 5 illustrates an ECG representation of a single
heartbeat; and
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[0023] FIG. 6 illustrates exemplary measurements used for
identifying emotional states of a person.

6. DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

[0024] The present invention is directed to a system and
method of identifying an emotional state that a person is
experiencing, preferably in real-time. Preferred monitoring
systems for identifying emotional states are described, as well
as preferred methods of using such systems therefore.

6.1 Preferred Monitoring Systems

[0025] Preferably, the physiological monitoring systems
are ambulatory systems configured so that a person is not
appreciably constrained. The ambulatory monitoring systems
are also preferably configured for use without assistance by
trained personnel. The monitoring systems include sensors,
as generally known to one of ordinary skill in the art, that can
be constructed according to the many known technologies
useful for non-invasive physiological sensing. Preferably,
selected sensors have sufficient accuracy and precision, both
in amplitude and response time (i.e. bandwidth), so that the
gathered signals actually reflect the physiological systems
and processes of interest. The sensors preferably have clini-
cally confirmed accuracies and precisions. A preferred ambu-
latory physiological monitoring system configuration
includes a wearable item, for example, a garment, band,
patch, and the like, or associations with partial-shirts or shirts,
on partial body suits, or in full body suits that are unobtrusive,
comfortable, and preferably made of non-restricting fabric
into which sensors are incorporated.

[0026] An exemplary ambulatory monitoring system is
illustrated in FIG. 1, which depicts garment or shirt 1, which
is preferably sufficiently comfortable and unobtrusive so that
aperson is not constrained and can perform their normal daily
waking and sleeping activities. Garment 1 carries, or has
embedded or integrally included therein, sensors for gather-
ing necessary monitoring data, and permits physiological
recording, preferably for up to at least about an 8-hour dura-
tion.

[0027] Inapreferred embodiment, an exemplary garment 1
is a LIFESHIRT® ambulatory monitoring garment available
from VivoMetrics, Inc. (Ventura, Calif.). In other embodi-
ments, the data processed by this invention can be gathered by
other sensor technologies known in the art, and by other
dispositions and arrangements of such sensors on the moni-
tored person. However, for conciseness and without limita-
tion, the following description is largely in terms of this
preferred embodiment of the monitoring garment and asso-
ciated system components.

[0028] The garment 1 preferably includes size sensors, and
more preferably, the sensors include inductive plethysmo-
graphic (IP) sensor bands 5 and 7 (or other sensor types
providing respiratory rate and volume information), one or
more accelerometers and the like for sensing body posture
and motion, for example exemplary accelerometer 11, and
one or more microphones for detecting vocal and body sound,
such as throat microphone 14. “Size sensors” gather signals
responsive to size indicia describing portions of a monitored
person’s body, e.g., the torso, the neck, the extremities, or
parts thereof. Size indicia can include the length along a
selected portion of the body surface; the circumference or
diameter of a body part; and the like. Garment 1 is preferably
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made of a stretchable material that fits in a manner so as to
expand and contract with a person’s body so that embedded IP
sensor bands (which, for respiratory measurement, are known
asrespiratory inductive plethysmographic, or RIP, bands) can
respond to the varying sizes of a monitored person, e.g.,
varying circumferences/girths or lengths of the person’s torso
and abdomen. One RIP band is adequate, but preferably two
RIP bands are used: band 5 at the level of the rib cage, and
band 7 at the level of the abdomen.

[0029] Size sensor signals can be processed to yield infor-
mation about organ system functioning. Signals from size
sensors at one or more levels of the torso, e.g., atan abdominal
level and at a rib cage level, can be interpreted using a two-
component breathing model in order to determine respiratory
rates, respiratory volumes, respiratory events, and the like.
U.S. Pat. Nos. 6,551,252; 5,159,935; and 4,777,962, and U.S.
patent application Ser. No. 10/822,260, which are incorpo-
rated herein in their entireties for all purposes by reference
thereto, describe such signal processing.

[0030] Also, the garment 1 can include sensors for moni-
toring cardiac information, such as heart rate, ECG, or tho-
racocardiaogram. See, e.g., U.S. Pat. Nos. 5,178,151 and
6,783,498. Other sensors can include thermistors that can
sense skin or body core temperature; pulse oximeters that can
sense blood oxygen level; capnographs; EEG electrodes (il-
lustrated as 9a and 95); ultrasound transducers for blood flow
or organ pulsations, and so forth. EMG and EOG signals can
be obtained from EMG and EOG sensors that are also pref-
erably included in the garment 1, such as single bipolar (pa-
rietally-located) EMG sensor 15 and single-lead EOG sensor
13. The EMG and EOG sensors are preferably in electrical
communication with garment 1, for example by means of
electrode 17. These electrodes are preferably made of fabric,
or are otherwise flexible, and provide sufficient electrical
contact without the need for conductivity enhancements, such
as pastes, fluids, and the like. In the hospital, clinic, or labo-
ratory settings, other signals may be obtained from a wide
range of physiological sensors.

[0031] Associated locally with exemplary garment 1 is
local data recording unit 3 operatively connected to sensors of
the garment 1 by data cable 2. In other embodiments, the
recording unit may be operatively connected to the sensors
by, for example, short range radio link. Data recording unit 3
is preferably compact and lightweight so that it can be worn
on a belt, put in a pocket, or embedded in garment 1. This unit
stores sensor data with sufficient accuracy and precision for
such purposes as off-line analysis and medical disclosure
audits, and may include a touch screen or other user input
facility for implementing a digital diary whose data may also
be transferred to the analysis computer for correlation with
sensor readings.

[0032] Initial sensor signal processing generally includes
filtering, digitization, noise limiting, extraction of physi-
ological signal components, and the like. Following initial
processing, specific processing according to the methods of
this invention of respiratory size sensor signals, other sensor
signals, and microphone sound data signals, for example, are
preferably performed to identify emotional states according
to the methods of this invention. For example, processing
respiratory signals includes calibration, determination of a
tidal volume signal, and extraction of respiratory events from
the tidal volume signal. U.S. Pat. Nos. 6,413,225; 5,159,935;
4,834,766; and 4,777,962, and U.S. patent application Ser.
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No. 10/822,260, all of which are incorporated herein in their
entirety for all purposes by reference thereto, describe such
respiratory processing.

[0033] Signals from additional sensors are processed as
appropriate. For example, R-waves can be recognized in ECG
signals using known methods, and then cardiac rates and rate
variability can be extracted. Electroencephalogram and simi-
lar signals can be stored for later manual grading and analysis.
Accelerometer signals can be low and high pass filtered to
extract posture information and activity level information,
respectively. U.S. patent application Ser. No. 10/991,877
describes such signal processing.

[0034] In one embodiment, basic signal processing, e.g.
filtering and digitization, is performed in the data recording
unit 3. In preferred embodiments, the data recording unit also
extracts physiological information and performs the methods
of'this invention. The methods of the present invention can be
implemented by analysis software that is executed on analysis
computers, such as computer 21, which may be remotely
located from the subject or even at an observation locale.
Analysis can be done either concurrently with signal record-
ing (online) or at a later time (offline). For offline analysis,
sensor data can be transferred from data recording unit 3 to
analysis computer 21 on memory card 19, such as a compact
flash card. Data may alternatively be transferred by wireless
links, such as transmission using cell phone technologies and
the like.

[0035] Specifically, the methods of the present invention
are preferably performed on software or firmware program-
mable systems. In the case of software programming, meth-
ods are preferably coded in standard computer languages,
suchas C, C++, orin high level application languages, such as
Matlab and associated toolboxes (Math Works, Natick,
Mass.). Code is then translated or compiled into executable
computer instructions for controlling a microprocessor or
similar device. In the case of firmware programming, higher
level method specifications written in software languages or
hardware languages such as VHDL, are preferably translated
into bit codes by tools supplied by the manufacturer of the
hardware part that is being programmed. For example, manu-
facturer’s tools can be used to prepare bit-streams for config-
uring FPGAs.

[0036] All or part of this analysis software implementing
this invention’s methods may be made available as a program
product on a computer readable medium, such as optical disk
23.

6.2 Preferred Emotional State Identification Methods

[0037] The present invention preferably includes methods
of determining the emotional state that a person is experienc-
ing by comparing real-time measured physiological
responses to given stimuli with baseline physiological
responses that were previously measured after exposure to the
same or other neutral stimuli. The physiological responses are
preferably measured by embodiments of the physiological
monitoring systems and methods previously described. Spe-
cific emotional states include, for example, neutrality or
indifference, fear, anxiety, excitement, happiness-laughter,
sadness-crying, anticipation, boredom, anger-aggression,
pleasure, love, tenderness, or calmness. Additionally, the
method of the present invention can be used to determine a
person’s attentiveness or attentive state as an emotional state,
i.e., the degree to which a person is engaged with, concen-
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trated on, or focused on a particular stimulus, and thus more
susceptible to experiencing an emotional state in response to
that stimulus.

[0038] A preferred method of determining an emotional
state includes exposing a person to a stimulus, measuring the
person’s physiological response to the stimulus, and compar-
ing the measured physiological response to a known baseline
physiological response. A deviation between the measured
physiological response and the baseline physiological
response can be determined, and if the deviation is within
acceptable ranges of deviation from the baseline physiologi-
cal response, the person is identified as experiencing a par-
ticular emotional state that is associated therewith.

[0039] Referring to the flowchart of a preferred method of
the present invention shown in FIG. 2, initial step 210
includes exposing a monitored person to a stimulus or a series
of stimuli. Such stimuli can be visual (e.g., a still image,
motion picture, etc.); audio (e.g., speech, music, noise, etc.);
olfactory; taste-based; and touch-based (e.g., temperature,
pressure, tactile, etc.), or a combination thereof. Preferably,
the person is wearing an ambulatory monitoring system (e.g.,
the LIFESHIRT® ambulatory monitoring garment) that
allows for the continuous monitoring and observation of
physiological changes associated with emotional responses.
Continuous physiological monitoring can enable identifica-
tion and quantification of emotional responses to stimuli that
occur both consciously and also subconsciously.

[0040] While the person is being exposed to the stimuli, the
person’s physiological responses are monitored in real-time,
as shown in step 220. Changes in emotional state can manifest
in characteristic changes in many, if not most, organ systems.
Responses of different organ system can be measured either
in sequence or in parallel. For example, emotion-induced
changes can occur in the respiratory system, the cardiac sys-
tem, the integument (skin), the musculoskeletal system, and
so forth. Further, emotion-induced changes can manifest in
different ways in a single organ system. For example, the
average values of a level, or a rate, or similar, of'a physiologi-
cal parameter or value can change from a baseline value to a
perturbed value. Examples of such changes in physiological
parameters are changes in heart rate, ECG characteristics
(such as ST segment level), galvanic skin response, peripheral
temperature, respiratory rate, minute ventilation, tidal vol-
ume, inspiratory or expiratory flow rates, inspiratory or expi-
ratory times, % thoracic tidal volume, respiratory duty cycle,
CO, partial pressures, unconscious motions (e.g., eye blinks,
body and posture restlessness, and so forth), unconscious
vocalizations, and the like. These and other physiological
measures are known in the prior art. See, e.g., Wilhelm et al.,
1998, Psychophysiology 35:596.

[0041] Also, emotions can induce changes in aspects of the
temporal patterns of repetitive physiological events (other
than simple changes average rates or frequencies). For
example, patterns can become less regular with short term
accelerations and decelerations lasting for only one to a few
events; or the form of each event may be unchanged while the
interval between events varies; or events of unusually large or
small amplitude may be interspersed with otherwise normal
events, and so forth. In particular, altered respiratory patterns
can be manifested in tidal volume instability, inspiratory or
expiratory flow rate or timing instabilities, inspiratory or
expiratory pauses, sigh pattern and/or sigh volume, occur-
rences of coughs or apneas or hypopneas, and the like. Such
respiratory variability appears or increases during many types
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of anxiety (e.g., fear). Similar instabilities can be induced
cardiac measures such as heart rate, stroke volume (measured
by pulse amplitude), ECG timings and amplitudes, and the
like. Also, interactions of two organ systems can change, e.g.,
the patterns of respiratory sinus arrhythmia (periodic changes
in heat rate during each breath) can be perturbed. Further
variability can be manifested in body, core, or skin tempera-
tures; galvanic or other skin-related responses; EEG, EOG, or
EMG:; and vocal responses, or a combination thereof.

[0042] The measured physiological responses may be
monitored, collected, and/or otherwise analyzed under a
number of analytical methods. For example, the data may be
analyzed as raw absolute numbers, or they may be computed
using root-mean-square (RMS), standard deviation (SD),
and/or complex demodulation (CDM) methods. Changes in
the values and rates (such as those discussed first above) can
generally be adequately characterized by mean values and
statistical measures of expected variation of the mean values
(e.g., standard deviations (SD)). Using statistical techniques,
the significance of a particular measured value can be deter-
mined by comparing it to its expected (or baseline) mean
value and statistically characterizing any differences, e.g., in
terms of SDs or in terms of the likelihood that the observed
deviation is due to chance.

[0043] Changes in patterns and instabilities of patterns
(such as those discussed second above) can be characterized
by additional analysis tools which are most easily explained
by example. Consider a baseline series of values (e.g. tidal
volumes)—{420, 425, 425, 430}—with a mean of 425 and a
SD of about 2; and also consider a measured series of val-
ues—{400, 450, 440, 470}—with a mean of 440 and a SD of
about 12. Comparing the measured mean of 440 with the
baseline mean of 425 and SD of 2, one concludes that the
measured rate is different from the baseline rate in a statisti-
cally significant manner. But further comparing the measured
SD of 12 with the baseline SD of 2, one can also conclude that
the variability (regularity) of the measured series is signifi-
cantly higher (lower) than the baseline series. Sample statis-
tics of standard deviations are known, and in further embodi-
ments, can be used to assess the statistical significance of a
difference in SD values. This increase in (e.g., tidal volume)
instability can also be analyzed by comparing the baseline
series of differences in successive values—{5, 0, 5}—with
the measured series of difference in successive values—{50,
-10, +30}. SD (and also means) of the difference series can
also be used to assess variability and irregularity. In further
embodiment, other statistics that can be employed to assess
variability include third and fourth order moments of the
value or difference series, root mean squares of the difference
series, and the like. For example, the RMS value of the mea-
sured difference series is about 34, which is considerably
greater than the RMS value of baseline difference series of
about 4.

[0044] Alternatively, signal regularity or predictability can
be analyzed by entropy methods, in particular by sample
entropy methods, where lower (higher) entropies indicate
increased (decreased) predictability or regularity. See, e.g.,
Richman et al., 2000, Physiological time-series analysis
using approximate entropy and sample entropy, Am. J.
Physiol. Heart Circ. Physiol. 278: H2039-H2049. Briefly,
sample entropy reflects the probability of prior signal patterns
reoccurring in the future; the higher the probability, or the
lower sample entropy, the more predictable and regular the
signal. Sample entropy can be measured as the negative natu-
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ral logarithm of an estimate of the conditional probability that
two or more sub-series (epochs) of length m, which are
selected from the input data series beginning at different data
points of the input data series and which match within a
tolerance r, also match at the next (m+1’st) data point. Other
methods of analyzing signal regularity or predictability can
be used in other embodiments.

[0045] Next, after determining values, measures of insta-
bilities, and optionally their significances, it is preferred to
combine some of all of this determined data into a set of
physiological data that provides a “physiological fingerprint”
of the measurements of the current emotional state of the
monitored person. The significance of such fingerprints, also
known as feature vectors, can then analyzed as described in
the following. Fingerprints measured during examination
situations can be compared to significant fingerprints or fea-
ture vectors to determine a likely current emotional state of
the subject.

[0046] Once the individual physiological responses or
combined physiological fingerprint are recorded, they are
compared to known baseline physiological responses or fin-
gerprints observed when the person was in selected emotional
states, as shown in step 230. Preferably, the known baseline
physiological responses and their variances are previously
recorded, and stored in an electronic database in association
with the particular emotion states and the particular setting
(e.g., athome, in a theatre, and the like) occurring when they
were monitored. The baseline is preferably stored as a limited
range of discrete indices or physiological fingerprints.
[0047] For example, the method can include measuring a
person’s baseline respiratory rate in a particular emotional
state, and storing such respiratory rate as a known baseline
physiological response that includes a range of respiratory
rates, i.e., having upper and lower bounds that differ by a
percentage of the measured respiratory rate. Preferably, the
allowable range is determined based on a normal deviation
that can be expected in a healthy population for a particular
physiological parameter; more preferably, the allowable
range is less than a normal deviation. By storing the known
baseline physiological response or fingerprint as a limited
range, comparison during later steps of FIG. 2 does not have
to result in an exact match in order for an emotional state to be
identified. Rather, a correct match for an emotional state can
be determined if the measured physiological response or fin-
gerprint of a person falls within an acceptable tolerance range
of the known baseline physiological response or fingerprint,
where the tolerance is preferably based on a combinations of
the variables making up the fingerprint.

[0048] In the preferred embodiment, one baseline physi-
ological response is measured as a response to an emotional
state evoked by a neutral stimulus, preferably over an
extended period of time to invoke a stable and preferably
resting physiological response by the person. For example,
exposing the person to a neutral stimulus can include display-
ing a pleasant image or video, broadcasting soothing music,
and instructing the person to sit or lay still, or a combination
thereof. During such exposure, the person’s physiological
information is monitored, recorded, and stored as the baseline
physiological response or fingerprint.

[0049] In an alternative embodiment, the known baseline
physiological responses in particular emotional states are
measured as responses to the same stimulus or series of
stimuli that the person is exposed to in step 210. Similar to
exposure to a neutral stimulus, the person’s physiological
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information is monitored, recorded, and stored as the baseline
physiological response or fingerprint. Using the same stimu-
lus for obtaining the known baseline physiological response
or fingerprint as is used in step 210 advantageously facilitates
easier determination of an emotional state of the person
because the measured and baseline responses can be directly
compared to each other. Additionally, the baseline responses
or fingerprints obtained in this manner can be correlated to
specific emotional states (e.g., by retrospective questionnaire
or interview) prior to comparison with the measured
responses.

[0050] Whichever type of stimulus is used to obtain the
known baseline physiological response or fingerprint, the
monitored baseline data is preferably measured individually
foreach person. Preferably, it is previously measured at a time
when the person exhibited a stable physiological condition
and health to reflect the person’s normal physiological param-
eters. Additionally, the baseline physiological response or
fingerprint is preferably recently updated, e.g., preferably
measured within the last two years and more preferably mea-
sured within the six months, to minimize expected physi-
ological response deviations due to aging.

[0051] Alternatively, the known baseline physiological
response can be based on a distribution of physiological
responses previously measured from a group of a population
of similar people. Preferably, it is selected from empirical
data based on histograms or other distributions of known
physiological responses or fingerprints that were collected
during exposure to a stimulus or a series of stimuli. Such data
is preferably representative of a large population of persons
and can be stratified by different individual characteristics,
such as age, height, weight, and gender.

[0052] After comparing the measured physiological
response or fingerprint to the known baseline physiological
response, a deviation between the two data sets can be deter-
mined, as shown in step 240. As described above, the known
baseline physiological responses or fingerprints are prefer-
ably correlated with particular emotional states. In the case
where a neutral stimulus is used to obtain a known baseline
physiological response, particular emotional states are pref-
erably correlated with changes in the physiological responses
or fingerprints from the baseline.

[0053] Based on whether the determined deviation falls
within an acceptable error or deviation range, the method
identifies that the person is experiencing the particular emo-
tional state. For a simple example, if the person’s ventilation
rate was measured as a physiological response to a stimulus
exposure, and the measured ventilation rate falls within the
acceptable range for baseline ventilation rates that corre-
spond to the emotion of fear, then the method would identify
the person is experiencing fear while the person’s ventilation
rate remained within that pre-determined, acceptable error
range, as shown in step 260. If, however, the person’s venti-
lation rate falls outside the acceptable error range of the
baseline physiological response, then the method would iden-
tify the person as not experiencing the emotion of fear, as in
step 270 (but perhaps another identifiable emotional state).

6.3 Preferred Parameter Recognition Methods

[0054] The signatures of baseline emotional states are rec-
ognized by a pattern of related changes in a number of moni-
tored physiological parameters (rarely, only one parameter).
There a number of methods known for finding and character-
izing such patterns. For example, descriptions of pattern rec-
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ognition methods and machine learning tools as known in the
art can be found in, e.g., Duda, R. et al., Pattern Classifica-
tion, Wiley, New York, N.Y. (2001), Vapnik, V., Statistical
Learning Theory, Wiley, New York, N.Y. (1998), and Hastie,
T. et al., The Elements of Statistical Learning, Springer
(2001).

[0055] Pattern recognition may be broadly defined as
developing an algorithm that is able to classify an individual
as experiencing one of n labeled classes (e.g., emotional
states) in view of monitored physiological responses and
parameters. One approach uses a-priori data (already
observed stimulus-response data) to train a selected algo-
rithm. Presentation of observed data along with the experi-
enced emotional states to a classification training algorithm
teaches the classifier (i.e., generates parameters that define a
specific classifier) to recognize the distinctions between each
of the classes that are present. In one example, the classifier
trainer creates a set of decision boundaries so that when a new
data (multidimensional) point is presented to the classifier,
the classifier may determine in which boundary it resides and
then label it accordingly. FIG. 3 is a flow chart that shows
steps 1-5 of one embodiment for training a classification
system for use in pattern recognition.

[0056] Step 1 preferably includes labeling the relevant
classes (e.g., emotional states). For example, this can be sim-
ply assigning an integer label for each of the n classes, e.g.,
c~1, ..., n. Step 2 preferably includes extracting relevant
features (e.g., parameter boundaries in an n-dimensional
space) from the data that will be used to uniquely identify
each class. In certain embodiments, sets of features can be
manually selected and the remaining steps of FIG. 3 are
performed to determine if the manually-selected features lead
to adequate performance of the trained classifier. If the per-
formance is not satisfactory, a different set of features can be
manually selected and the process of FIG. 3 is repeated until
adequate performance is achieved. Preferred embodiments
include automatically selecting features; performing the steps
of FIG. 3 to determine whether the classifier performance is
satisfactory. If satisfactory performance is not achieved,
another set of features can be automatically selected and the
illustrated steps can be repeated

[0057] Once adequate performance is achieved, the
selected features are can be put together to form a feature
vector. The dimension D of this vector (which is the same as
the dimension of the feature space) is preferably the number
of features used, and each component in the feature vector is
preferably a scalar component. Following feature extraction,
step 3 preferably scales the data representing the features in
anappropriate manner. For example, a linear transform can be
performed to ensure that the data lie in the range [0,1] or
[-1,1].

[0058] The dimension reduction of step 4 preferably
includes, in one embodiment, a principal components analy-
sis. This analysis transforms correlated feature variables (if
any) into a preferably smaller number of uncorrelated feature
variables called principal components. After this analysis, the
first principal component accounts for as much of the vari-
ability in the data as possible, and each succeeding compo-
nent then accounts for as much of the remaining variability as
possible. As a result, components that account for very little
variability in the feature space can be discarded.

[0059] The final step 5 includes selection of an appropriate
learning algorithm to train the classifier. Preferably, the
scaled and reduced feature vectors used for training are pre-
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sented to the learning algorithm, i.e., for each class, a repre-
sentative set of training data is labeled as belonging to that
class. The algorithm can, for example, fit multi-dimensional
decision boundaries between each class. A preferred learning
algorithm for emotional state identification is the support
vector machine (“SVM?”), see e.g. B. Scholkopf et al., Esti-
mating the Support of High-Dimensional Distribution, Neu-
ral Computation, 13:7, 1443-1471 (2001) or neural network
classifier. Embodiments of this invention also include auto-
matically selecting important features by repeating the steps
of FIG. 3 until the performance of the trained classifier is
satisfactory. The learning scheme may be supervised (as
described above) or unsupervised. Unsupervised learning or
clustering may be one way to form ‘natural groupings’ or
clusters of patterns. In other words, no a-priori groupings or
classes are available and the algorithms preferably seek to
define an appropriate set of classes.

[0060] Once a particular classifier system has been trained,
new monitored physiological data can be classified, as shown
in FIG. 4. Steps 6-8, although generally similar to steps 2-4,
make use of information determined by the previous steps
2-4. Specifically, steps 6-8 use the determined features and
also the transformation to uncorrelated variables of reduced
dimensionality that have been determined during training
steps 2 and 4. Where step 4 applies a principal components
analysis to determine definitions of principal components of
reduced dimensionality, step 8 uses these definitions to deter-
mine actual principal components that reflect the one or more
of features extracted from actual monitoring data. The step 9
uses the classifier that has been trained in step 5 to classify the
determined actual principal components.

[0061] Thus, the classification step method at step 6
receives input signals describing a subject and extracts the
particular features of importance determined during training.
Step 7 scales the extracted features in a manner similar to the
scaling performed in step 3. Step 8 combines the scaled
features into the important characterizations of reduced
dimensionality (e.g., the determined principal components)
that have been previously determined during training. Then
step 9 applies the previously-trained classifier to the charac-
terizations determined in step 8 in order to find the likely class
(e.g., emotional state) for the subject described by the input
physiological signals.

[0062] Inthe present invention, the class or emotional state
of a subject being monitored is preferably determined from
one the emotional states of the subject on which the classifi-
cation algorithm has been trained, or one of the emotional
states that the algorithm is generally trained on based on
previously collected data from a distribution of subjects. If a
determined emotional state matches, within an allowed
deviational range, the class identified by the algorithm based
on physiological data obtained from the subject under test,
then that subject is confirmed as associated with such class,
i.e. the subject is identified as experiencing the particular
emotional state. If, however, the determined and the identified
classes do not match, or if no likely matching class is found,
the subject is not confirmed as associated with such class or
emotional state.

ECG Parameter Recognition

[0063] A specific application of the above method can be
using measured ECG signals to identify for emotional states.
In a preferred embodiment, for example, changes in heart rate
variability are measured for use as an indication of sympa-
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thetic nervous system activity. Extracted features can be com-
bined to form a feature vector that is preferably used as the
primary representation or indicator for comparing measured
physiological parameters to baseline physiological param-
eters.

[0064] Preferably, the first step in ECG feature extraction is
to identify each heart beat, e.g., by identifying the QRS com-
plex. Several standard R-wave detection and QRS detection
algorithms are known, such as that disclosed by Kohler et al.,
The Principles of Sofiware QRS Detection, IEEE Engineering
in Medicine and Biology (2002), and any of these would be
suitable to detect the QRS complex. In addition, the P-wave
and T-waves may also be identified such that a single heart-
beat can then be defined from the beginning of the P-wave to
the end of the T-wave, as shown in FIG. 5.

[0065] It is well known that components of cardiac timing
are under autonomic system (ANS) control. In a healthy
individual, for example, it is the net effect of the parasympa-
thetic (vagus) nerves (decelerate heart rate) and the sympa-
thetic nerves (accelerate heart rate) that dictate the instanta-
neous heart rate. Furthermore, changes to mental and
emotional states may induce changes to these nervous
responses, thereby changing the beat to beat timing of the
heart. The goal of heart rate variability (HRV) analysis is to
work backwards, starting with the beat to beat variability, to
obtain a picture of emotional changes. Analysis of the beat to
beat variability or HRV advantageously offers a means to
evaluate changes in sympathetic and parasympathetic input to
the heart. In turn, changes to these inputs, when placed in
environmental context, may correlate with changes to emo-
tional state.

[0066] HRYV analysis may be used to select a set of features
that in turn may be used to train a statistical learning machine
for emotional classification. The determination of these fea-
tures is well documented in the literature (see, e.g., Heart rate
variability: Standards of measurement, physiological inter-
pretation, and clinical use, Task Force of the European Soci-
ety of Cardiology and the North American Society of Pacing
and Electrophysiology, Eur. Heart J., 1996 March, 17(3):354-
81; Acharya et al., Heart rate analysis in normal subjects of
various age groups, Biomed. Eng. Online, 2004 Jul. 20, 3(1):
24; Berntson et al., Heart rate variability: Origins, methods,
and interpretive caveats, Psychophysiology, 1997 November,
34(6):623-48), and features are preferably broadly classified
into 1) time domain indices; 2) frequency domain indices; and
3) non-linear indices. Preferably, a feature set includes a
combination of several of these calculated over an appropri-
ate length time range of interest.

[0067] Inadditionto ANS input, there exists a natural cycle
of heart rate variation that occurs through the influence of
breathing on the flow of sympathetic and vagus (parasympa-
thetic) impulses to the sinoatrial node. This is called respira-
tory sinus arrhythmia (RSA). As noted above, the rhythm of
the heart is primarily under the control of the vagus nerve,
which inhibits heart rate and the force of contraction. When a
person inhales, the vagus nerve activity is impeded and heart
rate begins to increase. Upon exhalation, this pattern is
reversed, i.e., heart rate accelerates during inspiration and
decelerates during expiration. This alternating pattern of
acceleration and deceleration corresponds to high frequency
changes in the HRV and the high frequency power is prefer-
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ably used as an index of RSA and hence parasympathetic
activity or vagal tone.

[0068] Individual changes within respiratory parameters of
rate and tidal volume (Vt), however, can seriously confound
the association of RSA and cardiac vagal tone. Decreased Vt
and increased breathing frequency (Fb), or respiration rate,
can profoundly attenuate RSA under conditions in which
cardiac vagal tone remains constant. Thus, measuring HRV
alone may be insufficient and these measurements are pref-
erably adjusted based on the individual’s breathing param-
eters. Adjustment for respiratory parameters has been shown
to substantially improve relations between RSA and signifi-
cantly vagally mediated HR and physical activity. In other
words, concurrent monitoring of respiration and physical
activity enhances the ability of HRV to accurately predict
autonomic control. Typical adjustments preferably include
determining the frequency of RSA and excluding this band
from any derived frequency domain indices; normalizing
indices by Vt or Fb; or by some quantification of the strength
of RSA.

[0069] The particular learning algorithm used with the
present invention can be selected from algorithms known in
the art, for example, linear discriminate functions, probability
distribution, estimation and clustering, support vector and
other kernel machines, neural networks, and/or boosting
algorithms. A preferred learning algorithm for identification
of emotional states is an SVM, and more preferably a multi-
class SVM, which enables discrimination between multiple
classes. In other embodiments, for example where only a
single class is targeted, the one-class SVM by Scholkopfet al.
is preferred because it fits a tight bound to a single class with
no information about other classes. Thus, if a new feature
vector falls within this bound, it belongs to this class or is
associated with this person; otherwise it is rejected as not
being of this class or associated with this person.

Speech or Vocal Pattern Parameter Recognition

[0070] A further specific application of the above methods
can be measuring breath and speech combinations as an iden-
tifier for emotional states is described below in more detail.
This application includes material already described in patent
publication WO 2006/002338A2, published Jan. 5, 2006 and
titled “Systems and Methods for Monitoring Cough”, which
is included herein by reference in its entirety for all purposes.

[0071] Preferably, a microphone or other sound recorder
creates a provided audio sample represented by associated
traces. The following preferred features are then identified
and extracted from a provided audio sample: 1) sound enve-
lope, 2) event marker trace, 3) pitch, 4) sound energy, 5)
duration, and 6) peak fraction.

[0072] The sound envelope (“SE”) is the trace of the audio
signal that is preferably captured from a throat microphone
(“MIC”), and downsampled from 1500 Hz to, e.g., 50 Hz.
Every, e.g., 30 data points are preferably normalized and
summed to give a low resolution envelope. The event marker
trace (“EVT”) is a binary trace preferably at the same reso-
lution as the SE trace. It is ON when the SE trace rises above
a threshold (e.g., a relative amplitude value of 60) and goes
OFF when it drops below another threshold (e.g., 30) for 3
consecutive samples.

[0073] Pitch is preferably evaluated using the Mel cep-
strum of the raw MIC trace. A cepstrum is the result of taking
the Fourier Transform (FT) of the decibel spectrum as if it
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were a signal. The cepstrum is preferably defined as the FT of
the log (with unwrapped phase) of the FT, that is:

cepstrum of signal=F7{log(F7(the signal))+j2mm),

where m is the integer required to properly unwrap the angle
of the complex log function.
[0074] There is a real cepstrum and a complex cepstrum.
The real cepstrum preferably uses the logarithm function
defined for real values, while the complex cepstrum uses the
complex logarithm function defined for complex values as
well. The complex cepstrum holds information about magni-
tude and phase of the initial spectrum, allowing reconstruc-
tion of the signal. The real cepstrum only uses the information
of the magnitude of the spectrum.
[0075] The cepstrum is a useful feature vector for repre-
senting the human voice and musical signals. This technique
can advantageously separate the energy resulting from vocal
cord vibration from the “distorted” signal formed by the rest
of the vocal tract. For such applications, the spectrum is
preferably first transformed using the Mel frequency bands.
The result is called the Mel Frequency Cepstral Coefficients
(MFCC), and can be used for voice identification, pitch detec-
tion and other analysis.
[0076] Sound energy is the integral of the SE trace over the
duration of the EVT event. Duration is the length in millisec-
onds of the EVT ON period (i.e., sound event). Peak fraction
refers to the peak of the SE trace for each event expressed as
a fraction of the total EVT duration (e.g., (Peak location—
Start)/(End-Start)).
[0077] The EVT trace is then preferably used to mark sec-
tions of the breath traces, where the following additional
features are extracted:
[0078] ViVol, which is the inspired tidal volume of the
breath that begins just preceeding the EVT marking;
[0079] Hifb, which is the raw abdominal contribution to
tidal volume band bandpass-filtered between 1 and 5 Hz,
where the abdominal and rib cage contributions to tidal
volume can be measured with RIP sensors at the level of
the abdomen and the rib cage, respectively;

[0080] Lib, which is the rw abdominal contribution to
tidal volume band bandpass-filtered between 0.1 and 1
Hz;

[0081] Maximum deflection, which is calculated for

both Hfb and Lfb. The maximum peak—trough of con-
secutive peaks and troughs are determined for these
filtered traces during each EVT;

[0082] Insp./Exp. ratio, which is the ratio of the percent-
age of the EVT during inspiration and that during expi-
ration;

[0083] Center fraction, which is the location of the mini-
mum trough as determined from the Hfb trace, is calcu-
lated as a fraction of the event time;

[0084] Turning points, which is the number of peaks and
troughs as also determined from the Hfb trace over the
duration of the EVT ON;

[0085] AB baseline, which is the mean value of abdomi-
nal contribution to tidal volume band for 5 seconds
before and after the event; and

[0086] Phase, which is the phase difference between the
ribcage contribution to tidal volume band and the
abdominal contribution to tidal volume band.

[0087] In other embodiments, a combination of sound and
breath signatures may be used to identify both speech epochs
as well as other non-speech vocalizations, such as cough,
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laughter, snoring, hic-cough, etc. These identifications may
then be used as actual features for an emotional state classi-
fication. This results in two nested classification tasks. Speech
identification would preferably include, in addition to the
above features, other features such as inhalation:exhalation
times ratio; the number of turning points on a single exhala-
tion; and the number of neighboring sound events.

[0088] Following feature extraction, the data is preferably
scaled. Next, it is subject to a dimension reduction process,
e.g., principal components analysis, which finds a limited
number of significant combinations, i.e., that account for a
large part of the data variance. Based on the identified com-
bination of all these extracted features, a reduced-dimension
feature vector representative of breath and speech is created
and processed to train a classifier.

[0089] Another method for identifying emotional states is
based on respiratory, facial, and postural responses, as dis-
closed in the article by Block et al., Specific Respiratory
Patterns Distinguished Among Human Basic Emotions, Inter-

national Journal of Psychophysiology, 1, pp. 141-154 (1991).

6.4 Examples

[0090] The following examples are presented for the pur-
poses of illustration and are not to be regarded as limiting the
scope of the invention or the manner in which it can be
practiced.

Example 1
Measured Physiological Responses for an Actress

[0091] FIG. 6 shows real-time monitoring data for ventila-
tion rate (“Vent”), tidal volume (“TVI”), heart rate (“HR”),
and accelerometry (“AccM”) sensors for an actress (“sub-
ject”) who wore the LIFESHIRT® during a theatrical perfor-
mance. During the monitoring period, the subject was ini-
tially backstage before she made her entrance on stage. The
subject, however, missed her entrance queue, and the moni-
tored data reflect her physiological responses accordingly.
[0092] Forexample, period 930 indicates the time when the
subject was sitting backstage awaiting her entrance. Her
accelerometer reading is minimal, and her heart rate was
steady and stable at about 58 beats/min over this period. This
data can be used as a baseline physiological response or
fingerprint during exposure to a neutral stimulus when the
subject is calm and at ease.

[0093] As her onstage entrance time approaches, her ven-
tilation rate, tidal volume, and heart rate all begin to increase
as she experiences increased anxiety. The sharp spike in ven-
tilation rate corresponds to the time she was supposed to enter
on stage. As can be seen in periods 920 and 930, the subject
experiences increased and unstable tidal volume, and her
heart rate jumps up to about 122 beats/min as she realizes that
she missed her entrance. Corresponding emotions include
high anxiety, stress, and fear.

[0094] Her heart rate drops slightly and stabilizes as she
waits backstage before she decides to finally make her late
entrance at period 950, which is associated with a sharp
increase to peak heart rate of about 147 beats/min and peak
ventilation of about 48 L/min, as shown in period 910. Once
on stage, the subject settles into her role, which corresponds
to period 960 that shows a slow recovery and stabilization of
heart rate.

[0095] From the monitored data, it is evident that the sub-
ject’s physiological responses to varying stimuli create dis-
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crete periods. These periods are then extracted and associ-
ated/compared with known physiological responses
according to the present invention to identify emotional states
that the subject is experiencing.

[0096] The term “about,” as used herein, should generally
be understood to refer to both the corresponding number and
a range of numbers. Moreover, all numerical ranges herein
should be understood to include each whole integer within the
range.

[0097] While illustrative embodiments of the invention are
disclosed herein, it will be appreciated that numerous modi-
fications and other embodiments can be devised by those of
ordinary skill in the art. Features of the embodiments
described herein can be combined, separated, interchanged,
and/or rearranged to generate other embodiments. Therefore,
it will be understood that the appended claims are intended to
cover all such modifications and embodiments that come
within the scope of the present invention.

[0098] A number of patents, patent applications, and refer-
ences are cited herein, the entire disclosures of which are
incorporated herein, in their entirety, by reference for all
purposes. Further, none of these references, regardless of how
characterized above, is admitted as prior to the invention of
the subject matter claimed herein.

What is claimed is:

1. A method for automatically identifying a likely emo-
tional state in real-time comprising:

exposing a person to a stimulus;

measuring the person’s physiological responses to the

stimulus;

comparing the measured physiological responses to base-

line physiological responses; and

identifying a likely emotional state in dependence on the

pattern of deviations of the measured physiological
responses from the baseline physiological responses.

2. The method of claim 1, wherein the baseline physiologi-
cal responses are measured in the person when exposed to a
neutral stimulus.

3. The method of claim 1, wherein the measured physi-
ological responses comprise one or more respiratory
responses.

4. The method of claim 3, wherein the measured respira-
tory responses comprise a measure of breath to breath vari-
ability.

5. The method of claim 4, wherein the measure of breath to
breath variability comprises a sample entropy.

6. The method of claim 4, wherein the measured respira-
tory responses comprise a respiratory rate, a minute ventila-
tion rate, a tidal volume, a tidal volume instability, an inspira-
tory flow rate, an expiratory flow rate, an inspiratory pause,
and expiratory pause, a presence of cough, and presence of
apnea or hypopnea, or a combination thereof.

7. The method of claim 1, wherein the measured physi-
ological responses further comprise a cardiac response, a
posture/activity response, a temperature response, a galvanic
skin response, an EEG response, an EOG response, an EMG
response, and a vocal response, or a combination thereof.

8. The method of claim 7, wherein the cardiac responses
comprise an ECG response, an RSA response, a heart rate
response, and a heart rate variability response, or a combina-
tion thereof.

9. The method of claim 1, wherein the emotional state
comprises neutrality or indifference, fear, anxiety, excite-
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ment, happiness, sadness, attentiveness, anticipation, bore-
dom, anger, pleasure, or calmness, or a combination thereof.

10. The method of claim 1, wherein the emotional state
comprises a measure of the degree to which the person is
engaged with, concentrated on, or focused on the stimulus.

11. The method of claim 1, wherein the baseline physi-
ological responses are measured in the person when exposed
to a stimulus known as likely to elicit a selected emotional
state, and wherein the emotional state of the person is subse-
quently identified as likely to be the selected emotional state
when the measured physiological responses significantly
similar to the baseline physiological responses.

12. The method of claim 11 wherein two sets of responses
are significantly similar when the likelihood that the similar-
ity is due to chance is less than a selected threshold.

13. A monitoring system for automatically identifying an
emotional state of a person in real-time, comprising:

a processor;

a computer readable memory operatively coupled to the
processor and configured with instructions for causing
the processor to perform the method of claim 1; and

a physiological monitoring device operatively coupled to
the processor for measuring the person’s physiological
response, the device being configured and arranged for
monitoring an ambulatory subject.

14. The monitoring system of claim 13, wherein the pro-
cessor correlates the time of exposure to the stimulus and the
type of stimulus with the measured physiological response.

15. A method for automatically identifying an emotional
state of a person in real-time, comprising:

exposing a person to a stimulus;

measuring the person’s physiological responses to the
stimulus;

classifying the measured responses into one or more
classes by means of a classifier trained to recognize
patterns of physiological responses occurring in a plu-
rality of emotional states; and

identifying a likely emotional state in dependence on the
classes into which the measured responses have been
classified.

16. The method of claim 15 wherein a pattern of measured
physiological responses comprises deviations of the mea-
sured responses from baseline physiological responses, the
baseline physiological responses characteristic of an emo-
tional state.

17. The method of claim 15, wherein classifier training
further comprises:

measuring physiological responses one or more emotional
states determining feature vectors that characterize the
emotional states; and

grouping the determined feature vectors into groups that
characterize the emotional states, the grouping compris-
ing use of a learning algorithm.

18. The method of claim 17, further comprising scaling the
determined feature vectors, or applying dimension-reduction
analysis to the determined feature vectors, or both scaling and
applying dimension-reduction analysis to the determined fea-
ture vectors.

19. The method of claim 17, wherein the learning algo-
rithm comprises a kernel machine algorithm.

20. The method of claim 17, wherein classifying further
comprises:
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extracting the determined feature vectors from the mea- 21. The method of claim 20 further comprising scaling the

sured physiological responses, the determined feature extracted feature vectors, or applying dimension-reduction
analysis to the extracted feature vectors, or both scaling and
applying dimension-reduction analysis to the extracted fea-
ture vectors.

vectors being those determined during classifier train-
ing; and

applying the trained classifier to the extracted feature vec-
tors.
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