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COGNITIVE IMPAIRMENT
DETERMINATION APPARATUS, COGNITIVE
IMPAIRMENT DETERMINATION SYSTEM
AND PROGRAM

RELATED APPLICATION DATA

This application is a National Stage Application under 35
U.S.C. 371 of co-pending PCT application PCT/TP2012/
064237 designating the United States and filed May 31,2012
which claims the benefit of JP application number 2011-
121241 and filed May 31, 2011 each of which are hereby
incorporated by reference in their entireties.

TECHNICAL FIELD

The present invention relates to a cognitive impairment
determination apparatus, and to a cognitive impairment deter-
mination system and program, and in particular to a cognitive
impairment determination apparatus, a cognitive impairment
determination system and program that perform determina-
tion of cognitive impairment using vital signals of a brain.

BACKGROUND ART

Currently screening for dementia includes, for example: a
revised version of Hasegawa’s Dementia Scale (HDS-R), as
described in “Katoh, S., Simogaki, H., Onodera, A., Ueda, H.,
Oikawa, K., Tkeda, K., Kosaka, K., Imai, Y., and Hasegawa,
K.: Development of the revised version of Hasegawa’s
Dementia Scale (HDS-R), Japanese Journal of Geriatric Psy-
chiatry, Vol. 2, No. 11, pp. 1339-1347 (1991), (in Japanese)”;
Mini-Mental State Examination (MMSE) as described in
“Folstein, M. F., Folstein, S. E., and McHugh, P. R.: “Mini-
Mental State”: A practical method for grading the cognitive
state of patients for the clinician, J. Psychiat. Res, Vol. 12, No.
3, pp- 189-198 (1975)”; and Clinical Dementia Rating (CDR)
as described in “Morris, J. C.: The Clinical Dementia Rating
(CDR): Current version and scoring rules, Neurology, Vol.
43, No. 11, pp. 2412-2414 (1993). Such dementia screening
methods are similarly widely used to tests based on neuro-
physiology such as functional MRI (fMRI), FDG-PET, and
CSF biomarkers, as described in “Zhang, D., Wang, Y., Zhou,
L., Yuan, H., Shen, D., and The Alzheimer’s Disease Neu-
roimaging Initiative: Multimodal classification of Alzhe-
imer’s disease and mild cognitive impairment, Journal of
Neuroimage, Vol. 55, No. 3, pp. 856-867 (2011)”.

These are performed by doctors who have received a given
amount of training or clinical physicians, mainly in medical
institutions.

However, in the normal outpatient scenario, although these
are simple investigations, such as HDS-R, a doctor takes
about 5 to 20 minutes to perform the investigation. It is
accordingly pointed out that this has a negative impact on the
treatment of other outpatients, with consideration given to the
need to reduce the burden on doctors.

For example, known tests based on neurophysiology such
as fMRI, FDG-PET and CSF biomarkers mentioned above
are described in “The Alzheimer’s Disease Neuroimaging
Initiative: Multimodal classification of Alzheimer’s disease
and mild cognitive impairment, by Zhang, D., Wang, Y.,
Zhou, L., Yuan, H., Shen, D., and Journal of Neuroimage, Vol.
55, No. 3, pp. 856-867 (2011)”. Although these tests are
non-invasive, due to the many limitations, such as the diffi-
culty of taking spinal fluid samples, radiation exposure, the
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2

large size of measurement apparatus, and the need to restrain
test subjects, they are not suitable for mass early stage screen-
ing of elderly people.

If a tool could be developed that was more simple and
easier to use, and also had equivalent performance or better
than that of existing tools, physicians would then be able to
further widen the scope of implemented screening. This
would accordingly enable a contribution to be made to early
stage diagnosis of dementia.

In previous research (Japanese Patent Application Laid-
Open (JP-A) No. 2011-255106) and “Preliminary Study of
Speech Prosody-Based Relationship with HDS-R Scores
Toward Early Detection of Cognitive Impairment in Elderly
Using Speech Prosody by Shohei Kato, Yuta Suzuki, Akiko
Kobayashi, Toshiaki Kojima, Hidenori Itoh, Akira Homma;
Transactions of the Japanese Society for Artificial Intelli-
gence; Vol. 26; No. 2, pp. 347-352 (2011)), the present inven-
tors have researched screening of cognitive impairment by
observing spoken speech of elderly people and using speech
prosodic characteristics. This technology has the advantage
that, due to using only voice data, it can be implemented on
anyone irrespective of location, such as at home or during a
visit (in primary screening).

DISCLOSURE OF INVENTION
Technical Problem

However, the technology described in JP-A No. 2011-
255106 and *“Preliminary Study of Speech Prosody-Based
Relationship with HDS-R Scores Toward Early Detection of
Cognitive Impairment in Elderly Using Speech Prosody” by
Shohei Kato et. al is limited to application as secondary
screening directly conducted by specialist medical organiza-
tions due to the lack of direct measurement of cerebral func-
tion.

The present invention address the above issues, and an
object thereof is to provide a cognitive impairment determi-
nation apparatus, and a cognitive impairment determination
system and program suitable for early stage cerebral function
related screening.

Solution to Problem

In order to achieve the above object, a cognitive impair-
ment determination apparatus of a first aspect of the present
invention includes: a data acquisition section that acquires
vital signal data, at predetermined brain locations of a test
subject, measured whilst being given a task that causes brain
activation; a characteristic amount extraction section that
extracts characteristic amounts of the vital signal data
acquired by the data acquisition section; and a determination
section that determines a level of cognitive impairment of the
test subject based on the characteristic amount extracted by
the characteristic amount extraction section and based on
pre-derived data for use in determination of cognitive impair-
ment.

A cognitive impairment determination apparatus of a sec-
ond aspect of the present invention is the cognitive impait-
ment determination apparatus of the first aspect, wherein the
vital signal data is cerebral blood flow data measured from
blood flow at the predetermined brain locations.

A cognitive impairment determination apparatus of a third
aspect of the present invention is the cognitive impairment
determination apparatus of the first aspect, wherein: the vital
signal data is cerebral blood flow data from measuring hemo-
globin flow rates using an NIRS device with a prefrontal
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region, a left temporal lobe, a right temporal lobe, a left
parietal lobe and a right parietal lobe respectively serving as
the predetermined brain locations.

A cognitive impairment determination apparatus of a
fourth aspect of the present invention is the cognitive impait-
ment determination apparatus of claim 1, wherein: the vital
signal data is cerebral blood flow data from measuring hemo-
globin flow rates for each region using an NIRS device with a
right region, a central region and a left region in a prefrontal
region serving as predetermined brain locations, and a spe-
cific region in a left parietal lobe and a specific region in a left
temporal lobe serving as predetermined brain locations, and a
specific region in a right parietal lobe and a specific region in
a right temporal lobe respectively serving as predetermined
brain locations.

A cognitive impairment determination apparatus of a fifth
aspect of the present invention is the cognitive impairment
determination apparatus of any one of the first aspect to the
fourth aspect, further including: a known data acquisition
section that acquires the vital signal data measured whilst
plural test subjects whose levels of cognitive impairment are
known are being given the task; a known data characteristic
amount extraction section that extracts characteristic
amounts of the vital signal data acquired by the known data
acquisition section; and a determination data generation sec-
tion that generates data employed in determining the cogni-
tive impairment based on the characteristic amounts extracted
by the known data characteristic amount extraction section.

A cognitive impairment determination apparatus of a sixth
aspect of the present invention is the cognitive impairment
determination apparatus of the fifth aspect, wherein the deter-
mination data generation section includes: a selection section
that selects a characteristic amount to employ in the cognitive
impairment determination from out of the characteristic
amounts extracted by the known data characteristic amount
extraction section; a learning section that employs as learning
data the characteristic amounts selected by the selection sec-
tion and the cognitive impairment level of the test subject
from whom the characteristic amount was extracted to builda
model for the determination section to determine a level of
cognitive impairment corresponding to the characteristic
amount.

A cognitive impairment determination apparatus of a sev-
enth aspect of the present invention is the cognitive impait-
ment determination apparatus of any one of the first aspect to
the sixth aspect, further including: a primitive analysis sec-
tion that performs noise removal on the input vital signal data
using plural low pass filters, wherein the plural low pass filters
includes a first filter employed to remove noise including
noise from environmental light, a second filter employed for
extracting fluctuation components including brainwaves and
blood pressure, and a third filter employed to remove noise
due to movement including jaw movement, and eyeball
movement; wherein in the data characteristic amount extrac-
tion section, the primitive analysis section extracts, as char-
acteristic amounts of the vital signal data, an amplitude aver-
age value, a fundamental frequency and a centroid frequency
for the vital signal data from which noise has been removed
using the first filter, an amplitude maximum value, an ampli-
tude minimum value, an amplitude variance value, an ampli-
tude average value, a fundamental frequency and a gradient of
straight line approximation for the vital signal data from
which noise has been removed using the third filter, an ampli-
tude variance value of difference data between the vital signal
data from which noise has been removed using the first filter
and the vital signal data from which noise has been removed
using the third filter, and a variance value of difference data
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between the vital signal data from which noise has been
removed using the second filter and the vital signal data from
which noise has been removed using the third filter; and the
determination section performs determination of the cogni-
tive impairment level of the test subject on the basis of the
characteristic amounts extracted by the data characteristic
amount extraction section.

Moreover, a cognitive impairment determination system
according to an eighth aspect of the present invention
includes: a determination data generation device including a
known data acquisition section that acquires vital signal data
at predetermined brain locations, measured whilst plural test
subjects whose levels of cognitive impairment are known are
being given a task that causes brain activation, a known data
characteristic amount extraction section that extracts charac-
teristic amounts of the vital signal data acquired by the known
data acquisition section, and a determination data generation
section that generates data employed in determining the cog-
nitive impairment based on the characteristic amounts
extracted by the known data characteristic amount extraction
section; and a cognitive impairment determination apparatus
that includes a data acquisition section that acquires vital
signal data at a predetermined brain location of a test subject
whose level of cognitive impairment is unknown measured
whilst being given the task, a characteristic amount extraction
section that extracts characteristic amounts of the vital signal
data acquired by the data acquisition section, and a determi-
nation section that determines a level of cognitive impairment
of the test subject of unknown cognitive impairment level
based on the characteristic amount extracted by the charac-
teristic amount extraction section and based on data gener-
ated by the determination data generation device.

A program according to a ninth aspect of the present inven-
tion causes a computer to function as: a data acquisition
section that acquires vital signal data at predetermined brain
locations of a test subject measured whilst being given a task
that causes brain activation; a characteristic amount extrac-
tion section that extracts characteristic amounts of the vital
signal data acquired by the data acquisition section; and a
determination section that determines a level of cognitive
impairment of the test subject based on the characteristic
amount extracted by the characteristic amount extraction sec-
tion and based on pre-derived data for use in determination of
cognitive impairment.

Advantageous Effects of Invention

As explained above, according to the present invention, by
acquiring vital signals of plural regions of the brain of a test
subject during cognitive task execution and extracting char-
acteristic amounts of the vital signals, the advantageous effect
is exhibited of being able to determine whether or not the test
subject has cognitive impairment based on these characteris-
tic amounts and on pre-derived data for employing in cogni-
tive impairment determination, thereby enabling early stage
screening related to cognitive function.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 is a block diagram illustrating a configuration of a
cognitive impairment determination apparatus according to
an exemplary embodiment.

FIG. 2 is an explanatory diagram illustrating a first mea-
surement location using the fNIRS measurement device of
FIG. 1.
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FIG. 3 is an explanatory diagram illustrating a second
measurement location using the fNIRS measurement device
of FIG. 1.

FIG. 4 is an explanatory diagram illustrating a third mea-
surement location using the fNIRS measurement device of
FIG. 1.

FIG. §is an explanatory diagram illustrating a block design
employed during cerebral blood flow measurement using a
cognitive impairment determination apparatus according to
an exemplary embodiment.

FIG. 6 is an explanatory diagram illustrating an example of
a system configuration employed during cerebral blood flow
measurement using the {NIRS measurement device of FIG. 1.

FIG. 7 is an explanatory diagram illustrating an example of
first cerebral blood flow measurement results using the fNIRS
measurement device of FIG. 1.

FIG. 8 is an explanatory diagram illustrating an example of
second cerebral blood flow measurement results using the
fNIRS measurement device of FIG. 1.

FIG. 9 is an explanatory diagram illustrating an example of
third cerebral blood flow measurement results using the
fNIRS measurement device of FIG. 1.

FIG. 10 is a block diagram illustrating an internal configu-
ration ofa Bayesian classifier in a cognitive impairment deter-
mination apparatus according to a present exemplary
embodiment.

FIG. 11 is a block diagram illustrating an internal configu-
ration of a primitive analysis section in a cognitive impair-
ment determination apparatus according to a present exem-
plary embodiment.

FIG. 12 is an explanatory diagram illustrating an example
of processing in the primitive analysis section of FIG. 11.

FIG. 13 is a flow chart illustrating a first processing flow
executed by a cognitive impairment determination apparatus
according to an exemplary embodiment.

FIG. 14 1s a flow chart illustrating a second processing flow
executed by a cognitive impairment determination apparatus
according to an exemplary embodiment.

FIG. 15 is a flow chart illustrating a third processing flow
executed by a cognitive impairment determination apparatus
according to an exemplary embodiment.

BEST MODE FOR CARRYING OUT THE
INVENTION

Detailed explanation follows regarding an exemplary
embodiment of the present invention, with reference to the
drawings. Note that in the present exemplary embodiment
there is no need for a particular measurement environment,
and cerebral function during task execution may be measured
in a natural position, with attention given to vital signals
obtained from functional near-infrared spectroscopy (also
referred to below as “eNIRS”). Explanation follows regarding
the present exemplary embodiment in an example of the
present invention applied to dementia screening performed
using cerebral function measurement data from an elderly
person during cognitive task test execution.

Note that {NIRS is a known technique for measuring hemo-
globin flow inside a brain using near-infrared light, and the
technique is non-invasive and requires little restraint of the
person to be measured (referred to below as the test subject),
enabling comparatively simple measurement without test
environment selection.

In the present exemplary embodiment, cerebral blood flow
data during cognitive task execution is measured using such
functional near-infrared spectroscopy, and then based on the
measured cerebral blood flow data, automatic screening is
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6

made into clinical diagnostic groups of normal (NC), mild
cognitive impairment (MCI), or Alzheimer’s disease (AD).

As illustrated in FIG. 1, a cognitive impairment determi-
nation apparatus 10 according to the present exemplary
embodiment is equipped with fNIRS measurement devices
20, 20a that measure cerebral blood flow data during cogni-
tive task execution using a functional near-infrared spectros-
copy method, a learning device 31 configured by a computer
that executes cognitive impairment determination processing
according to the present invention, a data accumulation
device 32, a determination device 33, and a display device 40
that displays processing results and the like on the determi-
nation device 33.

The learning device 31, the data accumulation device 32,
the determination device 33 are each equipped with a Central
Processing Unit (CPU), Read Only Memory (ROM), Ran-
dom Access Memory (RAM), and a Hard Disk Drive (HDD).
The HDD is stored with a program the CPU employs when
executing the cognitive impairment determination processing
according to the present invention.

As processing functions to implement program execution,
the learning device 31 is equipped with a characteristic selec-
tion section 31a, a learning section 315, a clinical data base
31d and a model storage section 31e.

As processing functions to implement program execution,
the data accumulation device 32 is equipped with a source
waveform signal acquisition section 32a, a primitive analyzer
section 325, a characteristic amount extraction section 32¢
and a clinical data base 32d.

As processing functions to implement program execution,
the determination device 33 is equipped a source waveform
signal acquisition section 33a, a primitive analyzer section
335, a characteristic amount extraction section 33¢, a Baye-
sian classifier 334 and a model storage section 33e.

In the present exemplary embodiment, each of the data
accumulation device 32 and the determination device 33 is
respectively configured equipped with the source waveform
signal acquisition sections 32a, 33a, the primitive analyzer
sections 324, 334 and the characteristic amount extraction
sections 32¢, 33¢. Each of the data accumulation device 32
and the determination device 33 may be configured equipped
with the same computer, and may thereby be configured with
a configuration that has common source waveform signal
acquisition sections 32a, 33a, common primitive analyzer
sections 325, 335, and/or common characteristic amount
extraction sections 32¢, 33c.

As vital signals, the fNIRS measurement devices 20, 20a
measure cerebral blood flow data of the test subject. Increased
cerebral blood flow, for example as described in “Villringer,
A. and Fimafl, U.: Coupling of brain activity and cerebral
blood flow: basis of functional neuroimaging, Cerebrovasc.
Brain Metab. Rev., Vol. 7, pp. 240-276 (1995)”, reflects acti-
vation of neural activity at that brain site, and it is possible to
capture changes in cerebral blood flow by measuring changes
in rates of oxygenated hemoglobin (oxy-Hb) in blood fluid.
Changes in the rate of oxy-Hb measured by the {NIRS mea-
surement devices 20, 20a may therefore be taken as an index
of cerebral activity.

In the present exemplary embodiment, multi-channel
INIRS measurement devices 20, 20a are employed to mea-
sure cerebral activity of the elderly people during cognitive
task execution. Specifically, a near-infrared spectroscopy
cerebral function imaging device FOIRE-3000® manufac-
tured by Shimadzu Corporation is employed.

Such multi-channel {NIRS measurement devices 20, 20a
are employed, and in the present exemplary embodiment, as
illustrated in FIG. 2 to FIG. 4, cerebral blood flow data of the
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test subject is measured at plural locations. Note that in FIG.
2 to FIG. 4, the white circular portions are illuminators and
the black circular portions are detectors.

As illustrated in FIG. 2, the fNIRS measurement devices
20, 20a measure the cerebral blood flow at 22 channel loca-
tions, 1 to 22, in the prefrontal region at a right region Fr, a
central region Fc and a left region F1. Moreover, as illustrated
in FIG. 3, in the right temporal lobe the fNIRS measurement
devices 20, 20a measure the cerebral blood flow at 10 channel
locations, 1 to 10, at a front region Rf and a rear region Rr.
Moreover, as illustrated in FIG. 4, in the left temporal lobe the
fNIRS measurement devices 20, 20a measure the cerebral
blood flow at 10 channel locations, 1 to 10, at a front region Lf
and a rear region Lr. The INIRS measurement devices 20, 20a
thereby measure cerebral blood flow at a total of 42 channel
locations.

Regarding the attachment positions of each of the probes,
with reference to electrode placement of the International
10-20 system in EEG testing, the probe set for the prefrontal
region is place horizontally such that the lowest center of the
set is superimposed with Fpz, and the probe sets for the left
and right temporal lobes and the parietal lobe are placed with
reference to the position of the P3, T3 (P4, T4).

The determination device 33 thereby employs the source
waveform signal acquisition section 33a to acquire cerebral
blood flow data arising from measuring plural sites on the test
subject using the fNIRS measurement device 20. Based on
the captured cerebral blood flow data from plural sites, the
determination device 33 uses the primitive analyzer section
335 to acquire cerebral blood flow data plural regions arising
from dividing the plural brain sites into plural regions.

Moreover, the determination device 33 extracts character-
istic amounts in the cerebral blood flow data obtained by the
characteristic amount extraction section 33¢. Then the deter-
mination device 33 uses the Bayesian classifier 334 to deter-
mine which, out of the 3 categories (3 groups) normal (NC),
mild cognitive impairment (MCI), or Alzheimer’s disease
(AD), applies to the test subject by employing a model (model
storage section 33e) that is built in advance for use in cogni-
tive impairment determination.

This determination result is output from the determination
device 33 to the display device 40, and displayed on the
display device 40.

The learning device 31 uses cerebral blood flow data at
plural sites in the brain during cognitive task execution by test
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sites in the brain during cognitive task execution by test
subjects for whom it is known whether or not they have
impaired cognitive function and if so at what level, and also
collects together and accumulates clinical diagnosis results of
the test subjects input through an input device, not illustrated
in the drawings.

The data accumulation device 32 then, based on the cere-
bral blood flow data of plural sites that has been accumulated
by the primitive analyzer section 325, acquires cerebral blood
flow data of the plural regions of the brain arising from
dividing the plural sites. The data accumulation device 32
then uses the characteristic amount extraction section 32c to
extract characteristic amounts of cerebral blood flow data.

The data accumulation device 32 uses this processing on
plural test subjects with known cognitive function impair-
ment or otherwise, and if so at what level, to acquire cerebral
blood flow data characteristic amounts for the plural test
subjects, associates these with each other and accumulates the
data in the clinical data base 32d.

The learning device 31 employs the clinical data base 314
to accumulate similar data to that accumulated in the clinical
data base 32d. Moreover, the learning device 31 uses the
characteristic selection section 314 to select, from out of the
characteristic amounts thus obtained in the clinical data base
31d, characteristic amount(s) to use in determination. The
learning device 31 then uses the learning section 315 to build
a model for determining cognitive function impairment,
based on the selected characteristic amount(s) and the
extracted characteristic amounts.

Detailed explanation next follows regarding building the
model for use in cognitive function impairment determina-
tion.

In the present exemplary embodiment, as test subjects of
known cognitive function impairment or otherwise, and if so
at what level, 50 elderly people illustrated in Table 1 (18 men
and 32 women aged between 64 and 92) are employed as the
testsubjects. Table 1 illustrates the breakdown of test subjects
by clinical diagnosis group and age category.

In Table 1, the numbers in brackets indicate, sequentially,
the numbers in the normal (NC) group, the mild cognitive
impairment (MCI) group and the Alzheimer’s disease (AD)
group. Note that the MCI group corresponds to those patients
with a Clinical Dementia Rating (CDR) by a “clinical demen-
tia rating method” of 0.5, and the AD group corresponds to
those patients with a CDR of 1.

TABLE 1
Age
64to 70 T1to 75 76 to 80 81to 85 86t0 92  Total
Men 3(2,0,1) 2(1, 1,0 4(3,1,0) 7(1,4,2) 2(0,0,2) 18(7,6,5)
Women 7(4,2,1) 7(5,2,0) 8(2,5,1) 6(2,1,3) 4(1,3,0) 32(14,13,5)
Sub Total ~ 10(6,2,2) 9(6,3,00 12(5,6,1) 13(3,5,5) 6(1,3,2) 50(1,19,10)

subjects for whom it is known whether or not they have
impaired cognitive function, and if so at what level. Clinical
diagnosis results are accumulated in advance in the dataaccu-
mulation device 32, and are used to build a model (the clinical
model storage sections 31e, 33¢) for the determination device
33 to employ in the above cognitive impairment determina-
tion.

The data accumulation device 32 uses the source waveform
signal acquisition section 32a to acquire from the fNIRS
measurement device 20a cerebral blood flow data at plural
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Note that the Clinical Dementia Rating (CDR) is a clinical
dementia scale using behavioral observation assessment (an
observation method) widely employed throughout the world
to evaluate six areas: memory, orientation, judgment and
problem solving, community affairs, home and hobbies, and
personal care on a 5 step scale. The present exemplary
embodiment excludes from the target group any test subjects
with a CDR of 2 or above, with moderate to severe dementia.
Moreover, an overall evaluation is made of the attitude of the
test subject from observation and the content of responses to
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questions by an operator present during task execution, and
test subjects who clearly having a problem following the
cognitive tasks are also excluded from the target group.

In the present exemplary embodiment, in order to measure
the cerebral function of the elderly people through execution
of various cognitive tasks including HDS-R tests, problems
for the block design illustrated in FIG. 5 are designed, and
measurement is performed simultaneously of voice and
NIRS.

As illustrated in FIG. 5, in the measurements, in a first 10
minute period after start a conversation is held about the place
of birth and childhood of the test subject and a Hasegawa test
is performed, and in a following 12 minute period cognitive
tasks are given of recollection method (1. listening, 2. speak-
ing, 3. seeing) and working memory tasks (1. category recall,
2. reading span test, 3. face recall). In these measurements, in
order to get engagement with the tasks, the duration of each
task is set at 60 seconds, and a | point attention break (rest) of
60 seconds is inserted between each of the cognitive tasks.

Specifically, the tester seats the test subject (subject)
directly in front of a task display device (display) in the
system environment illustrated in FIG. 6, and places the
probes for INIRS measurement (or electrodes for taking an
electroencephalogram (EEG) or the like) on the forehead of
the test subject (subject). The cognitive tasks are presented to
the test subject (subject) by the display and speakers at the
sides.

The test subject executes tasks as they are presented by the
display and speakers, and the tester measures the brain activ-
ity state during task execution through the fNIRS measure-
ment instrument (or EEG machine or the like).

In the present exemplary embodiment, the {NIRS measure-
ment devices 20, 20a are used, and these fNIRS detectors
measure the rate of oxygenated hemoglobin (oxy-Hb), the
rate of deoxygenated hemoglobin (deoxy-Hb), and the rate of
total hemoglobin (total-Hb). An example is given here in
which a measurement signal of oxy-Hb is employed.

In the present exemplary embodiment, as a preparatory
investigation, a significant difference test is performed
between the 3 groups (NC, MCI, and AD) for all channels
(excluding 33CH, 41CH) using fNIRS data (oxy-Hb) during
task execution of working memory task 1 (category recall).
The test method employs a “t-test”, and it is performed as a
two-sided test, with a significance level P<0.001, and a Bon-
ferroni correction (Vo).

FIG. 7 to FIG. 9 illustrate examples in which, for a channel
where a significant difference is verified, mapping has been
performed to 16 levels of gradation based on t-values. In FIG.
7 to FIG. 9, higher t-value and greater differences are illus-
trated in denser color, and indicate significant differences.

For someone with dementia, there is a drop in the function
of working memory due to impaired cognitive function. As a
result, it is possible to confirm that the normal group has
significantly more activation than the sick group in the cere-
bral blood flow of the prefrontal region (see, in FIG. 7 and
FIG. 8, the Fr, Fc and F1 regions illustrated in FIG. 2). More-
over, it is possible to confirm that the normal group has
significantly more activation than the sick group for the cere-
bral blood flow in the left and right temporal lobes (the Rf, Rr,
Lfand Lr regions illustrated the center and right diagrams in
FIG. 7 and FIG. 8 and in FIGS. 3, 4). In addition, as illustrated
in F1G. 9, it is possible to confirm that the MCI group that has
mild cognitive impairment has slightly, but significantly,
more activation in cerebral blood flow compared to the AD
group.

Namely, FIG. 7 illustrates channels confirmed to have a
significant difference between the normal (NC) group and the
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mild cognitive impairment (MCI) group. FIG. 8 illustrates
channels confirmed to have a significant difference between
the normal (NC) group and the Alzheimer’s disease (AD)
group. FIG. 9 illustrates channels confirmed to have a signifi-
cant difference between the mild cognitive impairment (MCT)
group and the Alzheimer’s disease (AD) group.

The results of FIG. 7 to FIG. 9, and in particular the result
of FIG. 8, confirm that there is a significant difference in the
cerebral blood flow during cognitive task execution between
the normal (NC) group and the Alzheimer’s disease (AD)
group.

This accordingly indicates the possibility or implementing
dementia screening using fNIRS data during cognitive task
execution. Note that although similar tests are performed on
the 3 groups using fNIRS data for the rest intervals immedi-
ately preceding the same test execution, there were no sig-
nificant differences confirmed on any of the channels.

Screening for dementia is accordingly a process that first
determines the state of health of cognitive function, then
where doubts arise, determines whether there is mild cogni-
tive impairment or dementia according to the level.

However, in the present exemplary embodiment, as illus-
trated in FIG. 10, the Bayesian classifier 334 is equipped with
a Bayesian classifier (1) 334" and a Bayesian classifier (1)
33d". The Bayesian classifier 33d is thereby employed as a
two-stage Naive-Bayes Classifier to determine 3 groups of
the NC group, the MCI group and the AD group from the
INIRS data.

Explanation next follows regarding the primitive analyzer
sections 325, 335, with reference to FI1G. 11 and FIG. 12.

The primitive analyzer sections 325, 335 perform primitive
analysis on the source waveforms of the {NIRS measurement
signals input by the source waveform signal acquisition sec-
tions 32a, 33a for each of the channels (CH 1 to CH 42). In
primitive analysis, noise is removed by applying a low pass
filter and a difference filter, and the channels within the region
of interest are summed and averaged.

Specifically, as illustrated in FIG. 11, the primitive ana-
lyzer sections 324, 335 first perform smoothing by passing
the NIRS signals for each of the channels through 3 low pass
filters F1 to F3 (each with 5™ order Butterworth characteris-
tics).

The blocking frequency of the low pass filter F11is 1.92 Hz,
the blocking frequency of the low pass filter F2 is 0.92 Hz, and
the low pass filter F3 is 0.48 Hz.

Moreover, as illustrated in FIG. 12, the primitive analyzer
sections 325, 335 add 2 difference filters to the 3 smoothed
signals, so as to generate 5 individual fNIRS time series
signals per channel. The 5 individual fNIRS time series sig-
nals 1201 to 1205 illustrated in FIG. 12 are as follows.

The fNIRS time series signal 1201 is a signal from which
noise due mainly to environmental light is removed by the
low pass filter F1 (blocking frequency 1.92 Hz).

The fNIRS time series signal 1202 is a signal in which
fluctuation components due to pulse and blood pressure
(background noise) are extracted by the low pass filter F2
(blocking frequency 0.96 Hz).

The fNIRS time series signal 1203 is a signal from which
noise due mainly to movements such as frowning, eyeball
movement and head rocking has been removed by the low
pass filter F3 (blocking frequency 0.48 Hz).

The fNIRS time series signal 1204 is the difference signal
series between the INIRS time series signal 1201 and the
INIRS time series signal 1203, and the {NIRS time series
signal 1204 is a signal that picks up fluctuations.

The fNIRS time series signal 1205 is the difference signal
series between the INIRS time series signal 1202 and the
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fNIRS time series signal 1203, and the fNIRS time series
signal 1205 is a signal that picks up fluctuations.

Next, the primitive analyzer sections 325, 335 divide the
test brain locations into the following 7 regions, sum the
respective INIRS time series signals in each of the regions and
take averages thereof. Specifically, as summed average values
for Fr, Fe, F1, Rf, Rr, Lf, Lr in FIG. 11, the primitive analyzer
sections 325, 335 perform averaging on each of the 5 signal
series described above for the channels within the 7 brain
regions (prefrontal region: 3 regions, left and right temporal
lobes: 2 regions each).

More precisely, the average value Fr is the average value of
the 5 signal series described above for the prefrontal region
right side 7 channels (the channels 1, 5, 6, 10, 14, 15, 19).

The average value Fc is the average value of the 5 signal
series described above for the prefrontal region center 8 chan-
nels (the channels 2, 3, 7, 11, 12, 16, 20, 21).

The average value F1 is the average value of the 5 signal
series described above for the prefrontal region left side 7
channels (the channels 4, 8, 9,13, 17, 18, 22).

The average value Rf is the average value of the 5 signal
series described above for the right temporal lobe front 5
channels (the channels 23, 24, 26, 27, 30).

The average value Rr is the average value of the 5 signal
series described above for the right temporal lobe rear 5
channels (the channels 25, 28, 29, 31, 32).

The average value Lf is the average value of the 5 signal
series described above for the left temporal lobe front 5 chan-
nels (the channels 33, 34, 36, 37, 40).

The average value Lr is the average value of the 5 signal
series described above for the left temporal lobe rear 5 chan-
nels (the channels 35, 38, 39, 41, 42).

The primitive analyzer sections 325, 335 input the aver-
aged values of the 5 signal series obtained in this manner for
each of the regions to the characteristic amount extraction
sections 32c¢, 33c.

The characteristic amount extraction sections 32¢, 33¢ per-
form characteristic extraction on the 5 signal series for each of
the regions obtained by the primitive analyzer sections 325,
33550 as to compute the following 11 characteristic amounts.
Specifically, from the fNIRS data prepared as described
above, the characteristic amount extraction sections 32c¢, 33¢
compute the respective characteristic amounts illustrated in
Table 2 as characteristic amounts representing characteristics
of cerebral blood flow fluctuation, and compute 11 individual
fNIRS characteristic amounts for each of the regions for the
test subjects on one task.

Note that the characteristics of INIRS that are effective for
determining cognitive impairment are not yet clear. Even in
signal analysis of fNIRS, for example in the frequency
regions for each of the waves in brainwaves, such as a, 3, v, d
and 0, definite characteristic amounts such as event-related
potentials N100, P300, have not yet been discovered. There-
fore, although the present exemplary embodiment utilizes a
trial and error approach, it has discovered a data mining
approach. For data that has been affected by artifacts and
noise to the extent that it cannot be removed by the initial
analysis described above, removal is performed in advance by
reading the fNIRS signals by eye.

TABLE 2

Filter Number fNIRS Characteristic Amount

Filter 1 (F1) Amplitude average value (mean)
Fundamental frequency (f0)

Centroid frequency (fc)
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TABLE 2-continued

Filter Number fNIRS Characteristic Amount

Filter 3 (F3) Amplitude maximum value (max)
Amplitude minimum value (min)
Amplitude variance value (var)
Amplitude average value (mean)
Fundamental frequency (f0)
Gradient of straight line
approximation {gr}

Amplitude variance value (var)
Amplitude variance value (var)

Filter 1-3 (F1-3)
Filter 2-3 (F2-3)

In Table 2, the filter numbers indicate filter 1 (F1), filter 3
(F3), filter 1-3 (F1-3), filter 2-3 (F2-3), and corresponding
INIRS characteristic amounts are shown.

The filter 1 (F1) is the low pass filter with a blocking
frequency of 1.92 Hz. Signals passing through the filter 1 (F1)
have noise mainly caused by environmental light removed,
and have the widest range of frequency components out of the
5 signal series. Note that filter 1 (F1) includes frequency
components of filter 2 (F2).

The filter 2 (F2) is a low pass filter with a blocking fre-
quency of 0.96 Hz. Signals passing through the filter 2 (F2)
are signals in which fluctuation components due to pulse and
blood pressure (background noise) are extracted, are since
these are vital signal components of the autonomic nervous
system not directly related to cerebral activity, characteristic
amounts are not extracted therefrom.

Filter 3 (F3) is a low pass filter with a blocking frequency
of 0.48 Hz. Signals passing through the filter 3 (F3) are
signals from which noise due mainly to movements such as
forehead opening-closing, eyeball movement and head rock-
ing has been removed, and are signals from out of the 5 signal
series with the narrowest frequency components, and are
thought to have a comparatively strong relationship to cogni-
tive function.

The filter 1-3 (F1-3) is a signal series of the difference
between signals that pass through the filter 1 (F1) and signals
that pass through the filter 3 (F3), and attention is paid to
fluctuations therein.

The filter 2-3 (F2-3) is a signal series of the difference
between signals that pass through the filter 1 (F2) and signals
that pass through the filter 3 (F3), and attention is paid to
fluctuations therein.

As a INIRS characteristic amount the amplitude average
value (mean) represents the average level of brain activity
(activation).

As a fNIRS characteristic amount the fundamental fre-
quency (f0) represents the amplitude frequency (by peak) of
brain activity (activation).

As a fNIRS characteristic amount the centroid frequency
(fc) represents the amplitude frequency (centroid) of brain
activity (activation).

As a fNIRS characteristic amount the amplitude maximum
value (max) represents the maximum level of brain activity
(activation).

As a INIRS characteristic amount the amplitude minimum
value (min) represents the minimum level of brain activity
(activation).

As a NIRS characteristic amount the amplitude variance
value (var) represents the fluctuation in brain activity (activa-
tion).

As a fNIRS characteristic amount the amplitude average
value (mean) represents the average level of brain activity
(activation).
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As a fNIRS characteristic amount the gradient of straight
line approximation (gr) represents the trend in brain activity
(activation).

As a NIRS characteristic amount the amplitude variance
value (var) represents the fluctuation in brain activity (activa-
tion).

The characteristic amount extraction sections 32¢, 33¢ per-
form the processing described above, and store the character-
istic amount numerical values (in 77 dimensions) as explana-
tory variables. Then the data accumulation device 32 then
appends clinical diagnosis results (NC: normal, MCI: mild
cognitive impairment, AD: Alzheimer’s disease) thereto and
stores the appended date in the clinical data base 324.

The learning device 31 accumulates the data stored in the
clinical data base 32d by the processing described above in
the clinical data base 314, and uses the data to build the model
(Learning).

In the present exemplary embodiment, the learning device
31 uses the 50 persons’ (NC: 21 subjects, MCL: 19 subjects,
AD: 10 subjects) worth of data to configure the model that
estimates a determination result of whether or not cognitive
impairment is present and at what level.

Specifically, the learning device 31 configures a Bayesian
classifier with the 77 individual {NIRS characteristic amounts
extracted from the fNIRS test data of the test subjects as the
explanatory variables, and the clinical diagnostic groups as
target attributes. Note that a Naive-Bayesian Classifier is used
for the classifier model.

Here, the learning device 31 stores a model that employs 2
determinators in the model storage section 31e, these being a
model that employs a determinator NB,,,;at a first stage to
estimate whether or not there is cognitive impairment, and a
model that when impairment is estimated employs a determi-
nator NB,,~,.,» at a second stage to estimate the level of
impairment.

Note that when there are too many characteristic amounts
extracted from the data during building the above model,
there is a possibility that characteristic amounts are extracted
therefrom that are not actually related to determining cogni-
tive impairment, and these conceivably have an adverse influ-
ence on the configuration and determination performance of
the model.

Thus in the present exemplary embodiment, the learning
device 31 uses the characteristic selection section 31a to
perform characteristic selection prior to model building.
However, the fNIRS characteristics that have a high cause-
effect relationship with cognitive impairment in the elderly
have not yet been determined, and there is currently no prom-
ising theory or prior knowledge for characteristic selection.
Moreover, there is a high computational cost from computing
all the combinations of extracted characteristic amounts.

Therefore, the characteristic selection section 31a per-
forms characteristic selection using a forward stepwise
method as a general applied sequential selection method, as
described in for example “Draper, N. and Smith, H.: Applied
Regression Analysis (3rd edition), John Wiley & Sons (1998)

The average values of correct estimation rates for the 2
groups are employed as the characteristic selection criteria in
the forward stepwise method.

By using this forward stepwise method, since promising
characteristic amounts are automatically selected as the
determination criteria for discriminating between normal and
cognitive impairment in the Bayesian classifier (1) 334, the
characteristic selection section 31a derives a pseudo optimum
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characteristic amount combination for discriminating
between the 2 groups of the NC group+CI group (the MCI+
AD groups).

Since promising characteristic amounts are automatically
selected as the determination criteria for discriminating
between cognitive impairment levels (mild, dementia) in the
Bayesian classifier (2) 334", the characteristic selection sec-
tion 31a derives a pseudo optimum characteristic amount
combination for discriminating between the 2 groups of the
MCI group and the AD group.

Table 3 illustrates an example in which two promising
characteristic amounts have been selected as the determina-
tion criteria for discriminating between normal and cognitive
impairment in the Bayesian classifier (1) 334". Table 3 also
illustrates an example in which three promising characteristic
amounts have been selected as the determination criteria for
discriminating between cognitive impairment levels (mild,
dementia) in the Bayesian classifier (2) 334".

TABLE 3

Bayesian Classifier Selected Characteristic Amount Group

Classifier 1 NC/CI
Classifier 2 MCI/AD

Fr_m max, Lr_g fec
Fe_py3 var,Lf 7 mean, Lf 5 var

Explanation next follows regarding the characteristic
amounts illustrated in Table 3. First, the amplitude maximum
value (max) of the signal that has passed through filter 3 (F3)
in the region Fr (the 7 channels on the right side of the
prefrontal region), and the centroid frequency (fc) of the
signal that has passed through the filter 1 (F1) in the region Lr
(the 5 channels at the rear of the left temporal lobe) employed
as the promising characteristic amounts for determination
criteria for discriminating between normal and cognitive
impairment in the Bayesian classifier (1) 334"

This is due to paying attention to confirmation of a drop in
blood flow in the cerebral region of the posterior cingulate
gyrus mainly in Alzheimer’s disease, as described for
example in “Walhovd, K. B., Fjell, A. M., Dale, A. M., McE-
voy, L. K., Brewer, ]., Karow, D. S., Salmon, D. P., Fennema-
Notestine, C., and the Alzheimer’s Disease Neuroimaging
Initiative: Multi-modal imaging predicts memory perfor-
mance in normal aging and cognitive decline, Neurobiology
of Aging, Vol. 31, No. 7, pp. 1107-1121 (2010)”, and to adrop
in working memory function accompanying cognitive func-
tion impairment. It is confirmed from determination results in
the present exemplary embodiment that a cognitive impair-
ment suffer group is determined by a fall in blood flow in the
prefrontal region extending the activation cycle at the rear of
the temporal regions.

Moreover, the amplitude variance value (var) of the differ-
ence signal between signals that have respectively passed
through the filters 1, 3 (F1, F3)in the region Fr (the 8 channels
in the center portion of the prefrontal region), the amplitude
average value (mean) of the signal that has passed through the
filter 1 (F1) in the region Lf (the 5 channels at the front of the
left temporal lobe), and the amplitude variance value (var) of
the difference signal between signals that have respectively
passed through the filters 1, 3 (F1, F3) in the region Lf (the 5
channels at the front of the left temporal lobe) are employed
as promising characteristic amounts for determination crite-
ria to discriminate between the cognitive impairment levels
(mild, dementia) in the Bayesian classifier (2) 334".

This is due to paying attention to confirmation of a fall in
cerebral blood flow in the posterior cingulate gyrus and the
precuneus as pathological characteristics in the brains of
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patients on progression for mild cognitive impairment to
Alzheimer’s disease, as described for example in “Ishiwata
06 Ishiwata, A., Sakayori, O., Minoshima, S., Mizumura, S.,
Kitamura, S., and Katayama, Y.: Preclinical evidence of
Alzheimer changes in progressive mild cognitive impair-
ment: a qualitative and quantitative SPECT study, Acta Neu-
rologica Scandinavica; 114(2):91-6, 2006, Vol. 114, No. 2,
pp- 91-96 (2006)”. It is confirmed from determination results
in the present exemplary embodiment that discrimination is
made of Alzheimer’s disease from mild cognitive impairment
by variance and average value of activation of the parietal
region (the left parietal region).

Thus, as illustrated in Table 3, in the present exemplary
embodiment the characteristic selection section 31a selects
the amplitude maximum value (max) of the signal that has
passed through filter 3 (F3) in the region Fr (the 7 channels on
the right side of the prefrontal region), and the centroid fre-
quency (fc) of the signal that has passed through the filter 1
(F1) in the region Lr (the 5 channels at the rear of the left
temporal lobe) as the two promising characteristic amounts to
employ when discriminating between normal and cognitive
impairment in the Bayesian classifier (1) 334"

The characteristic selection section 31a also selects the
amplitude variance value (var) of the difference signal
between signals that have respectively passed through the
filters 1, 3 (F1, F3) in the region Fr (the 8 channels in the
center portion of the prefrontal region), the amplitude average
value (mean) of the signal that has passed through the filter 1
(F1) in the region Lf (the 5 channels at the front of the left
temporal lobe), and the amplitude variance value (var) of the
difference signal between signals that have respectively
passed through the filters 1, 3 (F1, F3) in the region Lf (the 5
channels at the front of the left temporal lobe) as three char-
acteristic amounts employed for discriminating between the
cognitive impairment levels (mild, dementia) in the Bayesian
classifier (2) 334"

The learning device 31 stores in the model storage section
31e the model for determining cognitive impairment in the
Bayesian classifier 334 that has been built from the charac-
teristic amounts selected by the characteristic selection sec-
tion 31a and the characteristic amounts accumulated in the
clinical data base 31d.

Specifically, the learning device 31 uses a characteristic
amount list as illustrated in Table 3 that has been refined by
the learning section 315, the clinical data base 31d and the
characteristic selection section 31a to compute a probabilistic
dependency relationship between each of the characteristic
amounts, and the characteristic amounts and determination
targets. The learning device 31 thereby configures and stores
in the model storage section 31e a network structure and
parameters (conditional probability distributions) of classifi-
cation functions in the Bayesian classifier 334.

The determination device 33 employs the thus built model
in the learning device 31 to perform determination of the
whether or not the test subject has cognitive impairment.
Explanation follows regarding processing performed by the
determination device 33 to determine whether or not the test
subject has cognitive impairment.

In such cases, an elderly person of unknown cognitive
function diagnosis is made to execute the cognitive tasks as
illustrated in FIG. 5, in a similar manner to during model
building. The determination device 33 determines the cogni-
tive function level of that person from the cerebral blood flow
data during execution through the following processing.

Namely, the determination device 33 uses the source wave-
form signal acquisition section 334 provided to the determi-
nation device 33 to acquire cerebral blood flow data for the
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plural measured locations in the fNIRS measurement device
20, in a similar manner to during model building.

Then the primitive analyzer section 335 performs analysis
processing on the acquired cerebral blood flow data from
plural locations. Then the characteristic amount extraction
section 33¢ computes the characteristic amounts from the five
series for each of the regions obtained by primitive analysis.
The Bayesian classifier 334 then uses the model that the
learning device 31 has built and that employs the cognitive
impairment determinations accumulated in the model storage
section 33e to perform determination between NC, MCI and
AD for the test subject.

In the determination processing, the determination device
33 first, as illustrated in FIG. 10, uses the Bayesian classifier
(1) 334 to discriminate whether normal (NC), or whether
cognitive impairment (CI) is present.

Specifically, the Bayesian classifier (1) 334" sets computed
values corresponding to the selected characteristic amounts
as nodes, and executes the NC/CI classification processing.
Probability values of classification in the NC group or the CI
group are obtained as output thereof.

When the probability of classification in the CI group is
estimated to be high, the determination device 33 then
employs the Bayesian classifier (2) 334" to discriminate
whether mild cognitive impairment (MCI) is present or
whether Alzheimer’s disease (AD) is present, estimating the
level of cognitive impairment.

In these cases, similarly to with the Bayesian classifier (1)
334 as described above, the Bayesian classifier (2) 334" sets
computed values corresponding to the selected characteristic
amounts as nodes, and executes the MCI/AD classification
processing. Probability values of classification in the MCI
group or the Alzheimer’s disease (AD) group are obtained as
output thereof.

Explanation follows regarding test results of determination
processing by the cognitive impairment determination appa-
ratus according to the present exemplary embodiment.

The test results are results that employ fNIRS data during
response to the “Give me as many names of fruits as you can”
task executed in the final 20 seconds of the working memory
task 1 (category recall), from the cognitive tasks illustrated in
FIG. 5 executed by each of the 50 elderly people illustrated in
Table 1, as a determination test of NC/MCI/AD.

Leave-one-out cross validation is employed as a validation
method. A list of the fNIRS characteristic amounts employed
by the Bayesian classifier (1) 334" and the Bayesian classifier
(2) 334" are illustrated in Table 3.

Table 4 illustrates cross correlation results of tests in which
determination processing is performed by the cognitive
impairment determination apparatus according to the present
exemplary embodiment on the 50 elderly people.

TABLE 4

Determination Qutput Detection
Diagnostic result NC MCI AD Rate
NC 11 7 3 52.4%
MCI 1 14 4 73.7%
AD 0 1 9 90.0%
Accuracy 91.7% 63.6% 56.3% 68.0%

The results of Table 4 shown that the determination detec-
tion rate of Alzheimer’s disease (AD) and the determination
accuracy of normal (NC) both exceed 90%. It is clear there-
from that the cognitive impairment determination apparatus
according to the present exemplary embodiment does not
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falsely determine that test subjects belonging to the Alzhe-
imer’s disease (AD) group as being normal (NC), and also
does not determine test subjects as normal who are actually
Alzheimer’s disease (AD) suffers (this only occurred for one
MCI sufferer).

This result may be said to be a good result from the per-
spective of a cognitive screening specification. The estimate
detection rate for MCI is also 73.7%, and so the performance
of the cognitive impairment determination apparatus accord-
ing to the present exemplary embodiment may be said to be
permissible.

Moreover, in the result of the cognitive impairment deter-
mination apparatus according to the present exemplary
embodiment, 80% of 5 people being falsely determined as
having Alzheimer’s disease (AD) is an acceptable result.

Next explanation follows with reference to FIG. 13 and
FIG. 15 regarding examples of processing operations by the
learning device 31, the data accumulation device 32 and the
determination device 33 illustrated in FIG. 1, based on a
program stored for example on a computer-readable storage
medium. Note that the computer-readable storage medium
storing the program may be a portable medium such as a
flexible disk, a magneto-optical disk, a ROM or a CD-ROM,
or may be a hard disk or the like installed in a computer
system.

FIG. 13 illustrates an example of processing operations by
the data accumulation device 32, and at step 1301, the data
accumulation device 32 acquires the fNIRS measurement
data by using the function of the source waveform signal
acquisition section 32a.

At step 1302, the data accumulation device 32 performs
primitive analysis processing to filter the fNIRS measurement
data using the function of the primitive analysis section 325.

At step 1303, the data accumulation device 32 performs
characteristic amount extraction processing on the primitive
analysis processed fNIRS measurement data using the func-
tion of the characteristic amount extraction section 32¢.

Atstep 1304, the data accumulation device 32 stores in the
clinical data base 324 the characteristic amounts for the
fNIRS measurement data extracted using the function of the
characteristic amount extraction section 32¢.

FIG. 14 illustrates an example of processing operation of
the learning device 31, at step 1401 the learning device 31
uses the function of the characteristic selection section 31a to
select characteristic amounts as determination criteria such as
for example those illustrated in Table 3 above, from the char-
acteristic amounts for the fNIRS measurement data stored in
the clinical data base 31d.

Atstep 1402, the learning device 31 extracts and lists up the
characteristic amounts selected as determination criteria by
the function of the characteristic selection section 31a from
the clinical data base 31d, and at step 1403 uses the learning
section 315 to build the model of a network structure and
parameters (conditional probability distributions) for classi-
fication functions using as learning data the listed-up charac-
teristic amounts, and stores the model in the model storage
section 31e.

FIG. 15 illustrates an example of processing operations of
the determination device 33, and at step 1501, the determina-
tion device 33 acquires the fNIRS measurement data using
the function of the source waveform signal acquisition sec-
tion 33a.

At step 1502, the determination device 33 using the func-
tion of the primitive analysis section 335 to perform primitive
analysis processing such as filtering processing on the NIRS
measurement data.
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At step 1503, the determination device 33 uses the function
of the characteristic amount extraction section 33c¢ to perform
characteristic amount extraction processing on the fNIRS
measurement data that has been primitive analysis processed.

At step 1504, the determination device 33 uses the function
of the Bayesian classifier 334 use the data that has been
copied from the model storage section 31e to determine in the
model storage section 33ethe diagnostic result corresponding
to the characteristic amounts of the INIRS measurement data
extracted by the function of the characteristic amount extrac-
tion section 33c.

As explained above with reference to each of the drawings,
the cognitive impairment determination apparatus 10 accord-
ing to the present exemplary embodiment acquires cerebral
blood flow data as vital signals of plural regions of the brain
of a test subject during cognitive task execution, extracts
characteristic amounts of the acquired cerebral blood flow
data (vital signals), and then determines whether or not the
test subject has cognitive impairment based on the extracted
characteristic amounts and on pre-prepared data for use in
cognitive impairment determination.

Note that, the cognitive impairment determination appara-
tus 10 generates the data employing cognitive impairment
determinations by employing vital signals of plural regions of
the brains during cognitive task execution of plural test sub-
jects for whom it is known in advance whether they have
cognitive impairment or not, extracting their characteristic
amounts, and generation based on the extracted amounts.
When doing so, the cognitive impairment determination
apparatus 10 selects characteristic amounts to employ in
determination from out of the extracted characteristic
amounts, and then based on the selected characteristic
amounts and the extracted characteristic amounts, configures
amodel for determining cognitive impairment as data foruse
in determination.

The cognitive impairment determination apparatus 10
hence, by acquiring vital signals of plural regions of the brain
of a test subject during cognitive task execution and extract-
ing characteristic amounts of the vital signals, is thereby able
to determine whether or not the test subject has cognitive
impairment based on these characteristic amounts and on
pre-derived data for use in cognitive impairment determina-
tion, thereby enabling early stage screening of cognitive func-
tion.

Note that in the exemplary embodiment described above an
example is given in which a model for determining cognitive
function is built in the cognitive impairment determination
apparatus, however an apparatus for building a model to
determine cognitive impairment (the learning device 31 and
the data accumulation device 32) may be provided separately
to the cognitive impairment determination apparatus. For
example, a cognitive impairment determination system may
be built with plural of the cognitive impairment determination
apparatuses provided that respectively transmit data for
model building through a network to a center (a function
serving as an apparatus for building a model for determining
cognitive impairment), and with the data accumulated in this
manner and the model built on the center side, the cognitive
impairment determination apparatus (the determination
device 33) then receives the model from the center during
cognitive impairment determination, so as to perform cogni-
tive impairment determination based thereon.

Moreover, in the present exemplary embodiment, although
an example has been given in which cerebral blood flow data
obtained with an fNIRS measuring instrument is used as vital
signals of the brain, configuration may be made, for example,
to employ brainwaves obtained such as by an EEG machine.
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Moreover, in the present exemplary embodiment, an fNIRS
measuring instrument manufactured by Shimadzu Corpora-
tion® is employed, however there is no limitation thereto and
another NIRS measuring instrument may be employed.

Moreover, although in the present exemplary embodiment
as test subjects a collection of 50 elderly people of ages from
64 10 92 are employed, it is possible to perform determination
of dementia risk by classifying test subjects in to plural
groups inadvance. For example, cerebral blood flow data may
be collected in advance from elderly people, and then classi-
fied into plural groups according to similarities therein. Then,
by calculating weightings based on the degree of similarity of
distributions between the data of an unknown determination
subject and these groups, a weighted distribution (individual
difference application distribution) applicable to determina-
tion of the determination subject is pseudo-calculated to give
a calculation method to execute determination calculation
based on this weighted distribution. It is thereby possible to
determine a cognitive impairment risk appropriate to indi-
vidual differences in cerebral blood flow data of elderly
people.

Note that the plural groups described above are generally
an appropriate number of groups for a classification means
based on similarities in acquired cerebral blood flow data,
however other than this, it is also possible to absorb gender
differences and age differences by for example using 2 groups
of men/women, and fixing plural groups by age (age bands).

Moreover, in the present exemplary embodiment, the
primitive analysis sections 324, 335 respectively average the
fNIRS time series signals in each of the regions arrived at by
dividing the measurement brain sites into 7 regions (3 regions
in the prefrontal region and 2 regions in each of the left and
right temporal lobes). However, for example a blind data
source separation technology, such as principal component
analysis (PCA), independent component analysis (ICA), sin-
gular value decomposition (SVD), or non-negative matrix
factorization (NMF), may be applied to separate and extract
promising signals for determining cognitive impairment from
within each region. There is an expectation of even higher
performance by employing such computation technology.

In the present exemplary embodiment, the learning device
31 performs characteristic amount selection processing
operation using the characteristic selection section 31a, and
performs characteristic selection using a forward stepwise
method as a general applied sequential selection method,
however there is no limitation thereto. The learning device 31
may for example perform characteristic selection by employ-
ing a step-up procedure, a step-down procedure, or a serial
selection method such as a step-up, step-down method, or by
employing a simultaneous selection method such as a Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), or a
technology employing evolutional computation such as Evo-
lutionary Stable Strategy (ESS) or Differential Evolution
(DE).

Moreover, in the present exemplary embodiment, the
determination device 33 employs a Naive-Bayesian classifier
as a classification model for determining cognitive impait-
ment, however there is no limitation thereto. For example,
classification type estimations methods such as Bayesian net-
works, canonical discriminant analysis, linear discriminant
analysis, neural networks, Naive-Bayes methods or support
vector machines (SVM), or numerical type estimation meth-
ods such as multiple regression analysis, ridge regression,
support vector regression (SV regression) or Kernel regres-
sion analysis.

For example, as a classification type computation method,
a risk of dementia is determined from voice data of elderly
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people by classification into one of the 3 groups normal (NC),
mild cognitive impairment (MCI) or Alzheimer’s disease
(AD). Moreover, as a numerical computation method,
numerical values corresponding to point scores (0to 30) of a
cognitive function test such as Hasegawa scoring are output,
and the risk of dementia determined by the magnitude of the
numerical values.

Moreover, it is possible to provide the program of the
present invention stored on a storage medium. A computer-
readable storage medium according to the present invention is
stored with a program that causes a computer to function as a
computer to function as: a data acquisition section that
acquires vital signal data at a predetermined brain location of
a test subject measured whilst being given a task that causes
brain activation; a characteristic amount extraction section
that extracts characteristic amounts of the vital signal data
acquired by the data acquisition section; and a determination
section that determines a level of cognitive impairment of the
test subject based on the characteristic amount extracted by
the characteristic amount extraction section and based on
pre-derived data for use in determination of cognitive impair-
ment.

The disclosure of Japanese patent application 2011-
121241 is incorporated by reference in its entirety in the
present specification.

All cited documents, patent applications and technical
standards mentioned in the present specification are incorpo-
rated by reference in the present specification to the same
extent as if the individual cited document, patent application,
or technical standard was specifically and individually indi-
cated to be incorporated by reference.

The invention claimed is:

1. A cognitive impairment determination apparatus com-
prising:

a data acquisition section that acquires vital signal data at
each of predetermined brain locations, for a test subject
whose level of cognitive impairment is unknown, mea-
sured whilst the test subject is being given a task that
causes brain activation;

a characteristic amount extraction section that extracts a
plurality of vital characteristic amounts from the respec-
tive vital signal data of the test subject of the unknown
cognitive impairment level acquired by the data acqui-
sition section; and

a determination section that determines a level of cognitive
impairment of the test subject of the unknown cognitive
impairment level based on
(1) at least one determination characteristic amouut con-

figured from a combination of a brain location and a
vital characteristic amount of the vital signal data of
the brain location, for use in determining a level of
cognitive impairment, pre-selected based on (a) the
plurality of vital characteristic amounts extracted
respectively from vital signal data at each of the pre-
determined brain locations of a plurality of test sub-
jects whose level of the cognitive impairment is
known, and (b) levels of cognitive impairment of each
test subject, wherein the determination characteristic
amount is obtained from the plurality of vital charac-
teristic amounts of the respective vital signal data of
each of the brain locations of the test subject extracted
by the characteristic amount extraction section, and
(2) a model for determining the cognitive impairment
level corresponding to the determination characteris-
tic amount, the model being pre-built using as learn-
ing data (a) the selected determination characteristic
amounts for each of the plurality of test subjects, as
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obtained from the plurality of vital characteristic
amounts of the respective extracted vital signal data of
each of the brain locations of the plurality of test
subjects, and (b) the respective cognitive impairment
levels of each of the plurality of test subjects.
2. The cognitive impairment determination apparatus of
claim 1, wherein:
the vital signal data is cerebral blood flow data measured
from blood flow at the predetermined brain locations.
3. The cognitive impairment determination apparatus of
claim 1, wherein:
the vital signal data is cerebral blood flow data from mea-
suring hemoglobin flow rates using an NIRS device with
aprefrontal region, a left temporal lobe, a right temporal
lobe, a left parietal lobe and a right parietal lobe respec-
tively serving as the predetermined brain locations.
4. The cognitive impairment determination apparatus of
claim 1, wherein:
the vital signal data is cerebral blood flow data from mea-
suring hemoglobin flow rates for each region using an
NIRS device with a right region, a central region and a
left region in a prefrontal region serving as predeter-
mined brain locations, and a specific region in a left
parietal lobe and a specific region in a left temporal lobe
serving as predetermined brain locations, and a specific
region in a right parietal lobe and a specific region in a
right temporal lobe respectively serving as predeter-
mined brain locations.
5. The cognitive impairment determination apparatus of
claim 1, further comprising:
aprimitive analysis section that performs noise removal on
the vital signal data using a plurality of low pass filters,
wherein the plurality of low pass filters includes a first
filter employed to remove noise including noise from
environmental light, a second filter employed for
extracting fluctuation components including brainwaves
and blood pressure, and a third filter employed to remove
noise due to movement including jaw movement and
eyeball movement; wherein in the characteristic amount
extraction section,
the primitive analysis section extracts, as characteristic
amounts of the vital signal data,
an amplitude average value, a fundamental frequency
and a centroid frequency for the vital signal data from
which noise has been removed using the first filter,
an amplitude maximum value, an amplitude minimum
value, an amplitude variance value, an amplitude
average value, a fundamental frequency and a gradi-
ent of straight line approximation for vital signal data
from which noise has been removed using the third
filter,
an amplitude variance value of difference data between
the vital signal data from which noise has been
removed using the first filter and the vital signal data
from which noise has been removed using the third
filter, and
a variance value of difference data between the vital
signal data from which noise has been removed using
the second filter and the vital signal data from which
noise has been removed using the third filter; and
the determination section performs determination of the
cognitive impairment level of the test subject on the
basis of characteristic amounts extracted by the data
characteristic amount extraction section.
6. The cognitive impairment determination apparatus of
claim 1, further comprising:
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a known data acquisition section that acquires vital signal
data that is measured whilst a plurality of test subjects
whose levels of cognitive impairment are known based
on clinical diagnosis results are being given a task that
causes brain activation, measured at each of the prede-
termined brain locations of the plurality oftest subjects;

a known data characteristic amount extraction section that
extracts a plurality of vital characteristic amounts from
the respective vital signal data at each of the brain loca-
tions of the plurality of test subjects acquired by the
known data acquisition section;

a selection section that based on the plurality of vital char-
acteristic amounts of respective vital signal data at each
of the brain locations of the plurality of test subjects
extracted by the known data characteristic amount
extraction section and based on the clinical diagnosis
result of each of the test subjects, selects at least one of
the determination characteristic amounts to use in deter-
mining a level of cognitive impairment; and

a learning section that employs as learning data the at least
one selected determination characteristic amount for
each of the plurality of test subjects obtained from the
plurality of vital characteristic amounts for each respec-
tive vital signal data for each of the brain locations of the
plurality of test subjects extracted by the known data
characteristic amount extraction section, and the cogni-
tive impairment level of the respective clinical diagnosis
results for each of the plurality of test subjects, to build
amodel for determining a level of the cognitive impait-
ment corresponding to the determination characteristic
amount; wherein

the determination section determines a level of cognitive
impairment of a test subject of unknown level of the
cognitive impairment based on the at least one determi-
nation characteristic amount selected by the selection
section obtained from the plurality of vital characteristic
amounts for each respective vital signal data for each
brain location of the test subject extracted by the char-
acteristic amount extraction section and based on the
model pre-built by the learning section.

7. The cognitive impairment determination apparatus of

claim 6, wherein:

the determination section comprises a plurality of determi-
nation sections that determine the cognitive impairment
level in a plurality of stages;

the selection section selects at least one of the determina-
tion characteristic amounts to use in the determination
section for stage determination of the cognitive impair-
ment level for each of the respective plurality of deter-
mination sections; and

the learning section builds the model to use in the determi-
nation section for stage determination of the cognitive
impairment level for each of the respective plurality of
determination sections.

8. The cognitive impairment detection apparatus of claim

1, wherein:

the determination section determines a level of cognitive
impairment of the test subject of the unknown cognitive
impairment level based on
(1) the determination characteristic amount pre-selected

based on (a) the plurality of vital characteristic
amounts extracted respectively from vital signal data
at each of the predetermined brain locations of a plu-
rality of test subjects whose levels of the cognitive
impairment are known based on clinical diagnosis
results, and (b) clinical diagnosis results of each test
subject, and
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(2) the model pre-built using as learning data (a) the
selected determination characteristic amounts for
each of the plurality of test subjects, as obtained from
the plurality of vital characteristic amounts of the

24

respective vital signal data of the test subject of the
unknown cognitive impairment level acquired by the
data acquisition section, and

a determination section that determines a level of cog-

respective vital signal data of each of the brain loca- 5 nitive impairment of the test subject of the unknown

tions of the plurality of test subjects, and (b) the cognitive impairment level based on a determination

re?spectiye cognitive impairment levels. of the clinical characteristic amount obtained from the plurality of

filagnosm results of each of the plurality of test sub- vital characteristic amounts for each respective vital

jects. . . signal data for each of the brain locations of the test
9. A cognitive impairment determination system compris- 10

subject extracted by the characteristic amount extrac-
tion section and selected by the selection section and
based on the model pre-built by the learning section.
10. A non-transitory computer readable medium storing a
program causing a computer to execute a process for cogni-
tive impairment determination, the process comprising;
acquiring vital signal data at each of predetermined brain
locations, of a test subject whose level of cognitive
impairment is unknown, measured whilst the test subject
is being given a task that causes brain activation;
extracting a plurality of vital characteristic amounts from
acquisition section at each of the brain locations of the the acquired respective vital signal data of a test subject
plurality of test subjects, and whose level of the cognitive impairment is unknown;
a selection section that, based on the plurality of vital and
characteristic amounts of respective vital signal data 25 determining a level of cognitive impairment of the test
at each of the brain locations of the plurality of test subject of the unknown cognitive impairment level
subjects extracted by the known data characteristic based on
amount extraction section and based on the clinical (1) at least one determination characteristic amount con-

ihagnoms dresult ,Of e?lch 0}{ the test spbjects, selec;:fsi at figured from a combination of a brain location and a
east one determination characteristic amount config- 30 vital characteristic amount of the vital signal data of
ured from a combination of a brain location and a vital . . . ..

the brain location, for use in determining a level of

characteristic amount of vital signal data of the brain cognitive impairment, pre-selected based on (a) the

location to use in determining a level of cognitive . . .
plurality of vital characteristic amounts extracted

impairment, and ey f ital sional d hof th
a learning section that employs, as learning data, the at 35 respectively from vital signal data at each of the pre-
determined brain locations of a plurality of test sub-

least one selected determination characteristic . e
amount for each of the plurality of test subjects jects whose levels of the coghitive impairment are
known, and (b) levels of cognitive impairment of each

obtained from the plurality of vital characteristic he herein the d nation o T
amounts for each respective vital signal data for each test subject, wherein the determination characteristic
amount is obtained from the plurality of vital charac-

of the brain locations of the plurality of test subjects 40 o e
P ty J teristic amounts of the respective vital signal data of

extracted by the known data characteristic amount . . .
extraction section, and the cognitive impairment level each of the brain locations of the test subject extracted
of the respective clinical diagnosis results for each of by the characteristic amount extraction section, and
the plurality of test subjects, to build a model for (2) a model for deFermlmng the coghitive IMmpairment
determining a level of cogni’tive impairment corre- 45 level corresponding to the determination characteris-
sponding to the determination characteristic amount; tic amount, the model being pre.-bul.lt UsIng as legrl}-
and ing data (a) the selected determination characteristic
a cognitive impairment determination apparatus including amounts for each of the pl.urahty O.f test SUbJeCtS.’ as
obtained from the plurality of vital characteristic

a data acquisition section that acquires vital signal data fih . dvital sienal data of
at each of the predetermined brain locations for atest 350 amounts of the respective exiracted vitalsignaldata o
each of the brain locations of the plurality of test

subject whose level of the cognitive impairment is . . PR
unknown measured whilst being given the task, subjects, and (b) the respective cognitive impairment

a characteristic amount extraction section that extracts levels of the plurality of test subjects.
the plurality of vital characteristic amounts from the ¥ %k k%

ing:
a determination data generation device including

a known data acquisition section that acquires vital sig-
nal data at each of predetermined brain locations,
measured whilst a plurality of test subjects whose 15
levels of cognitive impairment are known based on
clinical diagnosis results are being given a task that
causes brain activation,

a known data characteristic amount extraction section
that extracts a plurality of vital characteristic amounts 20
of the vital signal data acquired by the known data



RiES

[ i (S RIR) A ()

INFEBRERE | INFESRERENER
US9131889 K (2E)R
US14/122786 HiEA

EMAFEA BHETLKRE

patsnap

2015-09-15

2012-05-31

BE(EFR)AGE) EHEEIKRE
HAHBEAROAR) EHEEIAE
[#R]REAA KATO SHOHEI
ENDO HIDETOSHI
RBA KATO, SHOHEI
ENDO, HIDETOSHI
IPCHEES AB1B5/00 A61B5/026
CPCH#E AB61B5/4088 A61B5/0042 A61B5/0261 A61B5/4064 A61B5/7267 A61B5/725 A61B5/7207 A61B2576
/026 G16H30/40 G16H50/70
RIEBHF(IF) BANNER & WITCOFF. , LTD.
£ £4X 2011121241 2011-05-31 JP
H At 40 FF 3Rk US20140107494A1
SNERaE Espacenet USPTO
-3 23 31
RE(X) ‘ HIRS MEASUREMENT|  [ETERMINATION LEARN ING
A AR A A K RN BANAMES RIT RN RMR IR , AEE OLVI GE DEY ICE BEVICE
FAEH MM FHRERITRED N ERTHIEREN. A5, 836 --oo- L.,
AREBNSIENATREANNRSNRERE  AZBEENER SOURCE RAVEFORM smw}----.-aaa = ["fm@—jfsw :
(NC) , BEASIRS (MCI) MR KB (AD ) iikiskipuran, | [ ADUISITIONSECTION A Bt | .
R AT U TEE T EFEANAKAERRFENIAMERAE, PRIMITIVE MNALYSIS |—.-33b rTT_ 2
SECTION CHARACTERISTIC
~33c SELECTIGN SECTION

CHARACTFRISTIC mMioT]:  33e
EXTRACT Ik SECTION | _——<

33d -~ BAYESIAN
IGLASSIF LER

_____________

i i
I

— 1t M
STORAGE

DISPLAY DEVILE
T NCAMCIAD

" SECTION |1

______________

40

R

= 3l
MODEL STORAGE [
SECTICN.

_____________


https://share-analytics.zhihuiya.com/view/87dcef48-158e-4a68-a62a-f2b906f79303
https://worldwide.espacenet.com/patent/search/family/047259453/publication/US9131889B2?q=US9131889B2
http://patft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PALL&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.htm&r=1&f=G&l=50&s1=9131889.PN.&OS=PN/9131889&RS=PN/9131889

