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(57) ABSTRACT

This invention relates to amethod and a system for generating
a quantitative measure reflecting the severity of a medical
condition. A receiver unit receives biosignal data collected
from a population of patients having varying degrees of the
medical condition. A processor uses the biosignal data for
determining reference feature values for each respective
patient within the population, where the determining being
made in accordance to a pre-defined set of reference features.
The processor then assigns each respective patient within the
population of patients with a reference feature vector having
as vector elements the reference feature values associated
with the patient. The processor also uses the reference feature
vectors of the patients as input in determining combinations
of features describing the variance in the data, where the size
of the combinations is an indicator for the severity of the
medical condition. This invention further relates to a method
and a system for using the quantitative measure for determin-
ing a success indicator for a probe compound by implement-
ing the quantitative measure, where a receiver unit receives
biosignal data collected from a test subject posterior to
administering the probe compound to the test subject, and a
processor determines an analogous feature vector as deter-
mined for the population of patients. Finally, the processor
determines the scalar product between the feature vector
determined for the test subject and the combinations of fea-
tures describing the variance in the data. This scalar product is
the success indicator telling how successful the probe com-
pound is.
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SYSTEM AND A METHOD FOR
GENERATING A QUANTITATIVE MEASURE
REFLECTING THE SEVERITY OF A
MEDICAL CONDITION

FIELD OF THE INVENTION

[0001] The present invention relates to a system for gener-
ating a quantitative measure reflecting the severity of a medi-
cal condition. The present invention further relates to a suc-
cess monitoring system and a method for determining a
success indicator for at least one probe compound by imple-
menting the quantitative measure.

BACKGROUND OF THE INVENTION

[0002] Dementia of the Alzheimer’s (AD) type is the most
common form of dementia in the elderly. The diagnosis of
Alzheimer’s Disease is mostly based on standardized clinical
criteria (Small et al JAMA 1997). The cornerstone of diag-
nosis is a detailed history of symptoms from the patient and
from a relative with the help of neuroradiological methods
(CT, MRI, SPECT, PET) which are quantitative and neurop-
sychology which is subjective. The accuracy of the clinical
diagnosis of AD in mildly or moderately impaired patients is
fairly good.

[0003] WO 2006/094797 discloses a method and a system
for generating a discriminatory signal for a neurological con-
dition, where at least one probe compound that has a neuro-
physiological effect is provided. This reference may be
divided into two parts. One part where a reference distribution
is defined and another part where the reference distribution is
used for generating a discriminatory signal, i.e. to find out
whether a subject suffers from a particular disease.

[0004] In part one, data are collected from reference can-
didates within a given group suffering from a particular dis-
ease (e.g. a group of Alzheimer’s, this could just as well be a
group of healthy subjects) and used for defining a reference
tool. This is done by applying the following steps: defining a
feature property domain V that contains as domain elements
various combinations of the features. As an example if the
number of features is three, f1, 2 and £3, the feature property
domainV could e.g. be defined by: V={(f1,£2);(f1,13);(f2,13)
}, where f1,f2 and f3 could be the absolute delta power,
absolute theta power and absolute alpha power. For each
respective subject within a given group (e.g. group A), a
posterior probability vector P={p(f1,12);p(f1,£3);p(12,3)} is
calculated in accordance to the domain element. The vector
elements of the posterior probability vector indicate the like-
lihood on whether a particular reference subject belongs to a
given group, e.g. group A, with respect to feature property
domain V. A filtering process is now performed where those
vectors or vector elements that are above or below a pre-
defined threshold value are removed. The threshold could e.g.
be selected as “0.7”. Thus, if for a given subject within group
A, the posterior probability vector gives P={0.9;0.8;0.95},
this indicate that this particular subject is a promising candi-
date to be used in the reference distribution, whereas a refer-
ence subject having P={0.9;0.1;0.5} would not be considered
as a potential candidate (or at least not the last two element of
P). Sucha filtering process is performed for all the candidates
within a given reference group (e.g. a group of subjects suf-
fering from Alzheimer disease). After performing such a fil-
tering process for all subjects within e.g. group A, the subjects
that have similar characteristics with respect to the domain
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elements (f1,2);(f1,f3);(f2,3) are selected out. The reference
tool is thus a reference distribution where the x-axis is domain
elements V (i.e. (f1,12);(f1,13);(f2,3)) and on the y-axis the
probabilities that the subjects belong to (f1,£2);(f1,3);({2,£3),
respectively. Thus, a “domain” is formed consisting of a
distribution for these three x-values.

[0005] Inthe second part, similar biosignal data is measure
for a test subject/patient as for the test subjects. Similar cal-
culations are performed, i.e. a posterior probability vector
P={p(f1,£2);p(f1,3);p(2,f3)} is calculated. Finally, the val-
ues of P are compared to the distribution for the reference
subjects, i.e. it is checked whether the values of P lie within
the distribution discussed here above. If e.g. all the elements
of P lie within this distribution, it is highly likely that this test
subject belongs to group A, e.g. has Alzheimer’s. If only part
of the elements of P lie within this distribution that could
indicate that this subject should be examined further.

[0006] The result of WO 2006/094797 is that a subject
suffering from a neurological condition can be diagnosed
earlier than other prior art methods. Thus, the likelihoods of
curing the neurological condition or preventing that the neu-
rological condition becomes more severe.

[0007] However, WO 2006/094797 does not indicate in any
way whether a particular therapy is successful or not.

[0008] Inorderto develop therapies and to be able to moni-
tor the success of such therapies, a measure of the severity of
the disease is needed. For instance, if a drug development
company has several drug candidates and it needs to choose
among the candidates, comparison of the efficacy of the can-
didates is necessary.

[0009] The severity of the disease is determined according
to the severity of cognitive impairment of the subject. No
recognized quantitative measure exists for this purpose. One
way to estimate the severity of AD is by way of the mini
mental state examination (MMSE). The test is sensitive to
faculties such as short term memory, the ability to follow
simple instructions, performance in solving simple problems,
awareness of time and place etc. The test results in a numeri-
cal score in the range 0-30.

[0010] Themain problem with such evaluation of the sever-
ity of the disease is that it is symptomatic and subjective. It is
not linked directly to the physiological pathology of the dis-
ease. This means that the evaluation depends on the social and
environmental background of the subjects. For instance,
Alzheimer’s patients with long schooling tend to have higher
MMSE scores than patients which have only received
elementary education. The outcome of the MMSE is also
dependent on the day form of the subject. Yet another problem
with such test is that the patient may learn the procedure and
answers of the testif the testing is repeated as is the case when
therapies are monitored or developed. As a result of these
deficiencies drug development and development of other
treatmerts calls for extremely extensive clinical trials in order
to obtain the sufficient statistical significance necessary.

BRIEF DESCRIPTION OF THE INVENTION

[0011] The object of the present invention is to overcome
the above mentioned drawbacks by providing a system and a
method providing a quantitative measure that is sensitive to
the physiology of the pathology of a medical condition.
[0012] According to one aspect the present invention
relates to a system for generating a quantitative measure
reflecting the severity of a medical condition, comprising:
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[0013] a receiver unit for receiving biosignal data col-
lected from a population of M patients, the population
being selected such that the patients have varying
degrees of a medical condition,

[0014] a processor adapted to:

[0015] use the biosignal data as input for determining
reference feature values for each respective patient
within said population, the determining being made in
accordance to a pre-defined set of reference features
[fi,...,fy] and results in reference feature vectors F,
... m=[value(f) ), value(f,), . . . , value(f,)], the refer-
ence feature vectors of the patients subsequently
being organized into a MxN matrix A, and

[0016] transform the matrix A into uncorrelated linear
combinations of the features x, {4+, f, .. . x,f, where
indexesx, ..., X, describe the variance in the data and
wherein the size of theindexes x, . . ., x,, indicate the
severity of the medical condition.

[0017] It follows that a quantitative measure is provided
reflecting the severity of the medical condition, instead of a
qualitative measure. Thus, the reliability of using this mea-
sure for reflecting the severity of a medical condition
becomes very high. As an example, for four different features
(e.g. the biosignal data is EEG data and feature 1 is the
absolute theta power; feature 2 is the total entropy; feature 3
is the relative gamma power; feature 4 is the peak frequency)
and e.g. a population of 40 patients, the matrix A would
consist of four columns and 40 lines (or vice verse). The linear
combinations of the features could be: 0.7 .5 0100 gamma powers
0.15 0107 entropy 0-10uss01te theta powers 005 peat frequency- This
combination shows the line-up of variance of the said pre-set
of features. This states that the feature that is mostly influ-
enced by the pathology of a particular disease (e.g. Alzhe-
imer) is the absolute gamma power, the one that is secondly
most influenced is the total entropy etc.

[0018] In one embodiment, the medical condition is a neu-
rological condition.

[0019] Inoneembodiment, the neurological condition is an
Alzheimer’s type (AD group).

[0020] In one embodiment, the neurological condition is
selected from:
[0021] Alzheimer’s disease,
[0022] multiple sclerosis,
[0023] mental conditions including depressive disor-
ders,
[0024] bipolar disorder and schizophrenic disorders,
[0025] Parkinson’s disease,
[0026] epilepsy, migraine,
[0027] Vascular Dementia (VaD),
[0028] Fronto-temporal dementia,
[0029] Lewy bodies dementia,
[0030] Creutzfeld-Jacob disease,
[0031] vCID (“mad cow” disease), and
[0032] AD/HD (Attention Deficit/Hyperactive Disor-
der).
[0033] In one embodiment, the receiver is adapted to be

coupled to an electroencephalographic (EEG) measuring
device and wherein the received data are electroencephalo-
graphic (EEG) data.
[0034] In one embodiment, the receiver is adapted to be
coupled to at least one measuring device selected from:
[0035] magnetic resonance imaging (MRI),
[0036] functional magnetic resonance imaging (FMRI),
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[0037] magneto-encephalographic (MEG) measure-
ments,

[0038] positron emission tomography (PET),

[0039] CAT scanning (Computed Axial Tomography),

[0040] single photon emission computerized tomogra-

phy (SPECT),
[0041] acombination of one or more of said measuring
devices
and wherein the biosignal data are the measuring data from
one or more of said devices.
[0042] In one embodiment, said pre-defined set of refer-
ence features is selected from:

[0043] the absolute delta power,
[0044] the absolute theta power,
[0045] the absolute alpha power,
[0046] the absolute beta power,
[0047] the absolute gamma power,
[0048] the relative delta power,
[0049] the relative theta power,
[0050] the relative alpha power,
[0051] the relative beta power,
[0052] the relative gamma powet,
[0053] the total power,
[0054] the peak frequency,
[0055] the median frequency,
[0056] the spectral entropy,
[0057] the DFA scaling exponent (alpha band oscilla-
tions),
[0058] the DFA scaling exponent (beta band oscilla-
tions) and
[0059] the total entropy.
[0060] Inoneembodiment, determining said combinations

of features describing said variance in data comprises means
for employing principal component analyses (PCA).

[0061] According to another aspect, the present invention
relates to a method of generating a quantitative measure
reflecting the severity of a medical condition, comprising:

[0062] receiving bio signal data collected from a popu-
lation of patients having varying degrees of the medical
condition,

[0063] using the bio signal data as input for determining
reference feature values for each respective patient
within said population, the determining being made in
accordance to a pre-defined set of reference features [f),

.., I] and results in reference feature vectors F,
m=[value(f)), value(f,), . . ., value(f,)], the reference
feature vectors of the patients subsequently being orga-
nized into a MxN matrix A,

[0064] transforming the matrix A into uncorrelated lin-
ear combinations of the features x,-f+x, 1, . . . %1,
whereindexes X, .. ., X, describe the variance in the data
and wherein the size ofthe indexes x, . . ., x,, indicate the
severity of the medical condition.

[0065] In one embodiment, the method further comprises
performing a correlation related measure on the combinations
of features describing the variance in the data by comparing
said combinations of features describing the variance in the
data with an existing measure. In one embodiment, the exist-
ing measure is mini mental state examination (MMSE) mea-
sure.

[0066] Thus, it is possible to optimize the performance of
the quantitative measure in relation to the existing one.
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[0067] Inoneembodiment, the step of performing a corre-
lation related measure comprises:

[0068] repetitively, removing parts from said combina-
tions of features describing the variance in the data or
changing the combination of the features describing the
variance in the data, and subsequently

[0069] determining the correlation between the out-
coming combinations of features describing the vari-
ance in the data and the existing measure,

wherein those removed parts that do not contribute to the
correlation or lower the correlation are excluded from the
combinations of features describing the variance in the data.
[0070] Inoneembodiment, the step of determining combi-
nations of features describing the variance in the data is done
using principal component analyses (PCA) and wherein the
combinations of features describing the variance in the data is
the resulting PCA vector.

[0071] According to still another aspect, the present inven-
tion relates to a computer program product for instructing a
processing unit to execute the method of generating a quan-
titative measure reflecting the severity of a medical condition
when the product is run on a computer.

[0072] According to yet another aspect, the present inven-
tion relates to a success monitoring system (300) for deter-
mining a success indicator for at least one probe compound by
implementing the quantitative measure determined by said
system, comprising:

[0073] a receiver unit for receiving biosignal data col-
lected from a test subject posterior to administering said
at least one probe compound to the test subject,

[0074] a processor adapted to:

[0075] determine an analogous feature vector F;,
ar=[test_subj(f)), test_subj(f,), . . ., test_subj(f,,)] for
the test subject as determined for said population of M
patients, and
[0076] determine the scalar product between the fea-
ture vector F, , —[test_subj(f)), test_subj(f,), . . .,
test_subj(f,,)] determined for the test subject and said
combinations of features x, f4+x,T, . . . x, -, describ-
ing the variance in the data, the scalar product being
the success indicator.
[0077] According to yet another aspect, the present inven-
tion relates to a method of using said quantitative measure
reflecting the severity of a medical condition in determining a
success indicator for at least one probe, comprising:

[0078] receiving bio signal data collected from a test
subject posterior to administering said at least one probe
compound to the test subject,

[0079] determining an analogous feature vector F,
m=[test_subj(f,), test_subj(t,), . .., test_subj(f,)] for the
test subject as determined for said population of M
patients, and

[0080] determining the scalar product between the fea-
ture vector F, , ~[test_subj(f,), test_subj(f,), . . .,
test_subj(f,)] determined for the test subject and said
combinations of features x, f+x,°f, . . . x,f, describing
the variance in the data, the scalar product being the
success indicator.

[0081] Inorderto develop therapies and to be able to moni-
tor the success of such therapies, a measure of the severity of
the disease is needed. This system and method accordingly
provide a good measure of the severity of a particular disease.
In situations where a drug development company has several
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drug candidates and it needs to choose among the candidates,
comparison of the efficacy of the candidates is necessary.
[0082] According to yet another aspect, the present inven-
tion relates to a computer program product for instructing a
processing unit to execute the method of using said quantita-
tive measure reflecting the severity of a medical condition in
determining a success indicator for at least one probe when
the product is run on a computer.

[0083] The aspects of the present invention may each be
combined with any of the other aspects. These and other
aspects of the invention will be apparent from and elucidated
with reference to the embodiments described hereinafter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0084] Embodiments of the invention will be described, by
way of example only, with reference to the drawings, in which
[0085] FIG. 1 shows a system according to the present
invention system for generating a quantitative measure
reflecting the severity of a medical condition,

[0086] FIG. 2 shows a flow chart of a method according to
the present invention to generate a quantitative measure
reflecting the severity of a medical condition,

[0087] FIG. 3 shows a success monitoring system accord-
ing to the present invention for determining a success indica-
tor for at least one probe compound by implementing the
quantitative measure discussed under FIGS. 1 and 2,

[0088] FIG. 4 shows a flow chart of a method according to
the present invention using said quantitative measure dis-
cussed in FIGS. 1 and 2 in determining a success indicator for
at least one probe compound, and

[0089] FIG. 5is plot showing eigenvectors (pcl) of patients
plotted against MMSE score.

DESCRIPTION OF EMBODIMENTS

[0090] FIG. 1 shows a system 100 according to the present
invention for generating a quantitative measure reflecting the
severity of a medical condition. The system comprises a
receiver unit (R) 102 for receiving biosignal data collected
from a population of patients 101 having varying degrees of
the medical condition. The importance of having varying
degrees of the medical condition is to obtain a certain level of
a distribution of degrees levels.

[0091] In one embodiment, the biosignal data are electro-
encephalographic (EEG) data. The data could also include
biosignal data resulting from one or more of the following
measuring devices: magnetic resonance imaging (MRI),
functional magnetic resonance imaging (FMRI), magneto-
encephalographic (MEG) measurements, positron emission
tomography (PET), CAT scanning (Computed Axial Tomog-
raphy) and single photon emission computerized tomography
(SPECT).

[0092] In one embodiment, the medical condition is a neu-
rological condition, as an example Alzheimer’s type (AD
group), multiple sclerosis, mental conditions including
depressive disorders, bipolar disorder and schizophrenic dis-
orders, Parkinson’s disease, epilepsy, migraine, Vascular
Dementia (VaD), Fronto-temporal dementia, Lewy bodies
dementia, Creutzfeld-Jacob disease, vCID (“mad cow” dis-
ease) and AD/HD.

[0093] The system further comprises a processor (P) 103
adapted to use the biosignal data for determining reference
feature values for each respective patient within said popula-
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tion, the determining being made in accordance to a pre-
defined set of reference features.

[0094] Inoneembodiment, the pre-defined set of reference
features is selected from the absolute delta power, the abso-
lute theta power, the absolute alpha power, the absolute beta
power, the absolute gamma power, the relative delta power,
the relative theta power, the relative alpha power, the relative
beta power, the relative gamma power, the total power, the
peak frequency, the median frequency, the spectral entropy,
the DFA scaling exponent (alpha band oscillations), the DFA
scaling exponent (beta band oscillations) and the total
entropy. Accordingly, the pre-defined set of reference fea-
tures could e.g. be [the absolute theta power; the absolute
gamma power; the relative gamma power; the peak fre-
quency]. The determining reference feature values for each
respective patient could accordingly be [value 1 (the absolute
theta power); value 2 (the absolute gamma power); value 3
(the relative gamma power); value 4 (the peak frequency)].
[0095] The processor (P) 103 is further adapted to assign,
for each respective patient within said population of patients
101, with a reference feature vector having as vector elements
the reference feature values associated with the patient,
namely (referring to the example above): vector=[value 1 for
the absolute theta power; value 2 for the total entropy; value
3 for the relative gamma power; value 4 for the peak fre-
quency]. The result thereof is a matrix A, where each line
indicates the assigned vector for each respective patient. If the
number of patient is 40, the number of lines in the matrix is 40.

valuel (pat.1); valuel(par.1); valued(par.1); valued(pat.l)
valuel (pat.2); valuel(par.2); value3(pat.2); valued{pat.2)
valuel (pat.3); valuel(pat.3); value3(pat.3); valued{pat.3)

ete.

[0096] Subsequently, the processor (P) 103 uses the refer-
ence feature vectors of the patients as input in determining
combinations of features describing the variance in the data
104, where the size of the combinations is an indicator for the
severity of the medical condition. As an example, the proces-
sor could implement principal component analysis (PCA) for
determining the eigenvectors and the values of the covariance
matrix of the matrix A, where the result would be a set of
uncorrelated linear combinations of the features with eigen-
values relating to the variation in the data. Thus, the result is
alinear transformation that chooses a new coordinate system
for the data set such that the greatest variance by any projec-
tion ofthe data set comes to lie on the first axis (then called the
first principal component), the second greatest variance on
the second axis, and so on.

[0097] Referring to the example here above, where the
matrix A has four different features (the number of columns in
the matrix), the resulting combination of features could be:
C0.7 ppsoture gamma powers 01510121 entropys 9-10ubs0nae thera
power; 0.05,, 4 5oency]- This combination, or a quantitative
measure vector C 104 shows the line-up of variance of said
pre-set of features (referring to the example above). This
states that the feature that is mostly influenced by the pathol-
ogy of a particular disease (e.g. Alzheimer) is the absolute
gamma power, the one that is secondly most influenced is the
total entropy etc.

[0098] In one embodiment, the receiver unit (R) 102 is

coupled to at least one measuring device 106. These could e.g.
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be a electroencephalograph (FEG), magnetic resonance
imaging (MRI), a functional magnetic resonance imaging
(FMRI), a magneto-encephalographic (MEG) measure-
ments, a positron emission tomography (PET), a CAT scan-
ning (Computed Axial Tomography), a single photon emis-
sion computerized tomography (SPECT), a combination of
one or more of said measuring devices and the like. The
receiver unit (R) 102 could also be adapted to be coupled to an
external memory 105 over a communication channel.

[0099] FIG. 2 shows a flow chart of a method according to
the present invention to generate a quantitative measure
reflecting the severity of a medical condition.

[0100] In one embodiment, the method includes receiving
biosignal data (S1) 201 collected from a population of
patients having varying degrees of the medical condition,
using the biosignal data (S2) 202 for determining reference
feature values for each respective patient within said popula-
tion, the determining being made in accordance to a pre-
defined set of reference features. The method further includes
assigning each respective patient within said population of
patients with a reference feature vector (S3) 203 having as
vector elements the reference feature values associated with
the patient, and using the reference feature vectors of the
patients as input in determining combinations of features
describing the variance in the data (S4) 204, the size of the
combinations being an indicator for the severity of the medi-
cal condition.

[0101] FIG. 3 shows a success monitoring system 300
according to the present invention for determining a success
indicator 303 for at least one probe compound by implement-
ing the quantitative measure discussed under FIGS. 1 and 2.
The success monitoring system comprises a receiver unit (R)
302 for receiving bio signal data collected from a test subject
301 posterior to administering said at least one probe com-
pound to the test subject 301 and a processor (P) 303 for
determining an analogous feature vector as determined for
said population of patients. The processor (P) 303 is further
implemented for determining the scalar product between the
feature vectors determined for the test subject and said com-
binations of features describing the variance in the data, the
scalar product being an indicator of the success indicator.

[0102] Referring to the example given above, vector=
[value 1 for the absolute theta power; value 2 for the total
entropy; value 3 for the relative gamma power; value 4 for the
peak frequency], which is simply a four dimension vector.
This vector is multiplied with said C={0.7 . 1.ue camma power
0.15,0007 entropy 0-10ups0ste theta powers peak frequency] V€
tor which gives a certain value, here referred as +/-303. It is
precisely this value 303 which provides a very good indica-
tion whether the probe compound, e.g. any kind of a new
medicine, is successful or not in treating or curing a particular
disease.

[0103] FIG. 4 shows a flow chart of a method according to
the present invention using said quantitative measure dis-
cussed in FIGS. 1 and 2 in determining a success indicator for
at least one probe compound.

[0104] In one embodiment, the method includes receiving
biosignal data collected from a test subject (S1) 401 posterior
to administering said at least one probe compound to the test
subject, determining an analogous feature vector as deter-
mined for said population of patients (S2) 402, and determin-
ing the scalar product between the feature vector determined
for the test subject and said combinations of features describ-
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ing the variance in the data (S3) 403, the scalar product being
an indicator of the success indicator.

[0105] Establishment of the Quantitative Measure:

[0106] Inorderto establishthata quantitative physiological
measure reflects the severity of a certain disease, it is neces-
sary to demonstrate that the measure correlates with existing
measures that are sensitive to the severity, even if no gold
standard exists and that measure is subjective or indirect. One
way to look for quantitative measures is to establish a data-
base of features obtained from physiological measurements
collected from a population of patients subject to varying
degrees of the disease. Thus the subjects in the database do
not represent a uniform population and one would expect a
degree of variation in the data related to the severity of the
disease if the physiological data or part of it is sensitive to the
relevant pathology. In case that the data reflects the state of the
patient well, one would expect that the majority of the varia-
tion of the data in the database is due to the varying degree of
the disease. If that is the case, factor analysis such as principal
component analysis (PCA), eigenvectors and values of the
correlation matrix of the features, will reveal uncorrelated
linear combination of the features that describe the variation
in the data. Then the principal component with the largest
eigenvalue describes the largest variation in the data and will
be correlated to the severity of the disease. If this is the case it
can then be verified by estimating the correlation between the
existing measure and the principal component found from the
database. Note that the correlation is not necessarily high. If
the existing measure is subjective and subject to influence
from external condition that are not related to the disease,
such as is the case with MMSE (mini mental state examina-
tion) scores for the state of Alzheimer’s patients, one simply
has to establish a significant finite correlation in order to
identify the quantitative measure. After that, independent
tests or clinical trials must be conducted in order to determine
the quality of the new quantitative measure. Using the strat-
egy described above, one can optimize the performance of the
new measure by repeatedly excluding parts of the data that
does not contribute to, or even decreases, the correlation
between the existing measure and the new quantitative mea-
sure. By following such a procedure systematically, for
instance using a genetic algorithmic approach or simply by
testing all combinations, one can optimize the performance of
the new measure in relation to the existing one.

Example
Alzheimer’s Disease

[0107] Electroencephalography (EEG) records the electri-
cal activity of the brain. The activity contains information
about the state of the brain. EEG is physiological, so when the
pathology of a particular disease, such as Alzheimer’s dis-
ease, affects the EEG it becomes a candidate as a quantitative
measure that is sensitive to the severity of the disease.

[0108] A clinical trial was conducted in order to establish a
database of features. A group of 60 Alzheimer’s patients with
varying degrees of the disease was recruited and the EEG was
recorded on each of the patients. Three minutes of recording
was collected from each subject while the patient kept his
eyes closed and was at rest. The electroencephalographic
signals were recorded using computerized measuring equip-
ment. The recordings were performed using the conventional
International 10-20 system of electrode placement. The col-
lected data is stored in raw format on a storage device for later
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analysis. During the recordings the signals are displayed
simultaneously on a computer screen. This allows the opera-
tor to monitor ifelectrodes come loose and to enter marks that
indicate specific events. Such events may indicate initiation
of specific parts of the recording protocol or occurrences that
may lead to artifacts being present in the recordings. Such
occurrences include that the subject blinks his eyes, swal-
lows, moves or in general breaches protocol. Influences from
such events were excluded during extraction of the features.
The features were extracted using 40 seconds of artifact free
recordings. Features extracted were derived from results
reported in the scientific literature (Adler G. et al. 2003,
Babiloni C. et al. 2004, Bennys K. et al. 2001, Brunovsky M.
etal. 2003, Cichocki etal. 2004, Cho S.Y. 2003, Claus J. J. et
al. 1999, Hara J. et al. 1999, Holschneider D. P. et al. 2000,
Hongzhi Q. 1. etal. 2004, Huang C. et al. 2000, Hyung-Rae K.
et al. 1999, Jelles B. et al. 1999, Jeong J. et al. 1998, 2001,
2004, Jonkman E. J. 1997, Kikuchi M. et al. 2002, Koenig T.
et al. 2004, Locatelli T. et al. 1998, Londos E. et al. 2003,
Montplaisir J. et al. 1998, Moretti et al. 2004, Musha T. et al.
2002, Pijnenburg Y. A. L. et al. 2004, Pucci E. et al. 1998,
1999, Rodriquez G. et al. 1999, Signorino M. et al. 1995,
Stam C.J. etal. 2003, 2004, Stevens A. et al. 1998, 2001, Strik
W. K. et al. 1997, Vesna J. et al. 2000, Wada Y. et al. 1998,
Benvenuto J. etal. 2002, Jimenez-Escrig A. et al. 2001, Sumi
N. et al. 2000), hereby incorporated as whole by reference.
The features used in the example were numbered as follows.
16 base features were selected and extracted from each chan-
nel.

[0109] 1.—Absolute delta power

[0110] 2.—Absolute theta power

[0111] 3.—Absolute alpha power

[0112] 4.—Absolute beta power

[0113] 5.—Absolute gamma power

[0114] 6.—Relative delta power

[0115] 7.—Relative theta power

[0116] 8. —Relative alpha power

[0117] 9.—Relative beta power

[0118] 10.—Relative gamma power

[0119] 11.—Total power

[0120] 12.—Peak frequency

[0121] 13.—Median frequency

[0122] 14.—Spectral entropy

[0123] 15.—DFA scaling exponent (alpha band oscilla-
tions)

[0124] 16.—DFA scaling exponent (beta band oscilla-
tions)

[0125] The data collected into the database was organized

into a matrix X where each row contained all the features
extracted from the recordings of a particular patient. Thus the
dimension of the matrix was the number of subjects times the
number of features extracted. Principal component analysis
was then performed on X. After that the principal component
with the largest eigenvalue (pcl) of each subject was plotted
against the MMSE score of the same subject. Evident from
FIG. 5 is that a trend exists between pcl and MMSE. Pear-
son’s linear correlation coefficient, p, and Kendall’s T were
evaluated in order to establish the correlation between pcl
and MMSE. It was found that p=0.51[0.33,0.65] and 1=0.38
[0.24,0.51] where the 2 standard deviations were estimated
using the bootstrap resampling method. It was established
that the correlation between pcl and MMSE is significant and
thereby that pcl is a quantitative measure that correlates with
the severity of the disease.
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[0126] We have thus found a quantitative measure, based
on EEG recordings and a database of patient data, which is
able to track the progress of the Alzheimer’s disease.

[0127] Certainspecific details of the disclosed embodiment
are set forth for purposes of explanation rather than limita-
tion, so as to provide a clear and thorough understanding of
the present invention. However, it should be understood by
those skilled in this art, that the present invention might be
practiced in other embodiments that do not conform exactly
to the details set forth herein, without departing significantly
from the spirit and scope of this disclosure. Further, in this
context, and for the purposes of brevity and clarity, detailed
descriptions of well-known apparatuses, circuits and meth-
odologies have been omitted so as to avoid unnecessary detail
and possible confusion.

[0128] Reference signs are included in the claims, however
the inclusion of the reference signs is only for clarity reasons
and should not be construed as limiting the scope of the
claims.
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1. A system (100) for generating a quantitative measure

reflecting the severity of a medical condition, comprising:
a receiver unit (102) for receiving biosignal data collected
from a population of M patients, the population being
selected such that the patients have varying degrees of a
medical condition,
a processor (103) adapted to:
use the biosignal data as input for determining reference
feature values for each respective patient within said
population, the determining being made in accor-
dance to a pre-defined set of reference features [f, . .
., fi] and results in reference feature vectors F,
m=[value(f)), value(f,), . . ., value(fy)], the reference
feature vectors of the patients subsequently being
organized into a MxN matrix A, and

transform the matrix A into uncorrelated linear combi-

nations of the features x, f4x, 1, . . . x,f, where
indexes X, . . ., X, describe the variance in the data and
wherein the size of theindexes x, . . ., x,, indicate the

severity of the medical condition.
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2. A system according to claim 1, wherein the medical
condition is a neurological condition.

3. A system according to claim 2, wherein the neurological
condition is an Alzheimer’s type (AD group).

4. A system according to claim 2, wherein the neurological
condition is selected from:

Alzheimer’s disease,

multiple sclerosis,

mental conditions including depressive disorders,

bipolar disorder and schizophrenic disorders,

Parkinson’s disease,

epilepsy, migraine,

Vascular Dementia (VaD),

Fronto-temporal dementia,

Lewy bodies dementia,

Creutzfeld-Jacob disease and

vCID (“mad cow” disease), and

AD/HD (Attention Deficit/Hyperactive Disorder)

5. A system according to claim 1, wherein the receiver is
adapted to be coupled to an electroencephalographic (EEG)
measuring device (106) and wherein the received data are
electroencephalographic (EEG) data.

6. A system according to claim 1, wherein the receiver is
adapted to be coupled to at least one measuring device (106)
selected from:

magnetic resonance imaging (MRI),

functional magnetic resonance imaging (FMRI),

magneto-encephalographic (MEG) measurements,

positron emission tomography (PET),

CAT scanning (Computed Axial Tomography),

single photon emission computerized tomography

(SPECT),

a combination of one or more of said measuring devices
and wherein the biosignal data are the measuring data from
one or more of said devices.

7. A system according to claim 1, wherein said pre-defined
set of reference features is selected from:

the absolute delta power,

the absolute theta power,

the absolute alpha power,

the absolute beta power,

the absolute gamma power,

the relative delta power,

the relative theta power,

the relative alpha power,

the relative beta power,

the relative gamma power,

the total power,

the peak frequency,

the median frequency,

the spectral entropy,

the DFA scaling exponent (alpha band oscillations),

the DFA scaling exponent (beta band oscillations) and

the total entropy.

8. A system according to claim 1, wherein determining said
combinations of features describing said variance in data
comprises means for employing principal component analy-
ses (PCA).

9. A method of generating a quantitative measure reflecting
the severity of a medical condition, comprising:

receiving biosignal data (201) collected from a population

of patients having varying degrees of the medical con-
dition,
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using the biosignal data (202) as input for determining
reference feature values for each respective patient
within said population, the determining being made in

accordance to a pre-defined set of reference features [f),

. ., ] and results in reference feature vectors F,
ar=[value(f)), value(f,), . . . , value(f,)], the reference
feature vectors of the patients subsequently being orga-

nized into a MxN matrix A,
transforming the matrix A into uncorrelated linear combi-

nations of the features x, -{4x,-f, . .. x,,f, where indexes

X, ..., X, describe the variance in the data and wherein
the size of the indexes x, . . ., x,, indicate the severity of
the medical condition.

10. A method according to claim 9, further comprising
performing a correlation related measure on the combinations
of features describing the variance in the data by comparing
said combinations of features describing the variance in the
data with an existing measure.

11. A method according to claim 9, wherein the existing
measure is mini mental state examination (MMSE) measure.

12. A method according to claim 10, wherein performing a
correlation related measure comprises:

repetitively, removing parts from said combinations of fea-

tures describing the variance in the data or changing the
combination of the features describing the variance in
the data, and subsequently

determining the correlation between the out-coming com-

binations of features describing the variance in the data
and the existing measure,

wherein those removed parts that do not contribute to the

correlation or lower the correlation are excluded from
the combinations of features describing the variance in
the data.

13. A method according to claim 9, wherein the step of
determining combinations of features describing the variance
in the data is done using principal component analyses (PCA)
and wherein the combinations of features describing the vari-
ance in the data is the resulting PCA vector.

14. A computer program product for instructing a process-
ing unit to execute the method step of claim 9 when the
product is run on a computer.
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15. A success monitoring system (300) for determining a
success indicator for at least one probe compound by imple-
menting the quantitative measure determined by the system
according to claim 1, comprising:
a receiver unit (302) for receiving biosignal data collected
from a test subject posterior to administering said at least
one probe compound to the test subject,
a processor (303) adapted to:
determine an analogous feature vector F, , ~[test_
subj(f)), test_subj(L,), . . . , test_subj(f,)] for the test
subject as determined for said population of M
patients, and

determine the scalar product between the feature vector
F,  ,Altest_subj(f)), test_subj(f,), . . ., test_subj
(f,)] determined for the test subject and said combi-
nations of features x, - {4x, 1, . . . x, T, describing the
variance in the data, the scalar product being the suc-
cess indicator.

16. A method of using the quantitative measure reflecting
the severity of a medical condition as claimed in claim 9 in
determining a success indicator for at least one probe, com-
prising:

receiving biosignal data (401) collected from a test subject
posterior to administering said at least one probe com-
pound to the test subject,

determining an analogous feature vectorF,  , =[test_subj
(), test_subj(f,), . . . , test_subj(f},)] for the test subject
(402) as determined for said population of M patients,
and

determining the scalar product between the feature vector
F, ,Fltest_subj(f)), test_subj(L,), . . ., test_subj(f,)]
determined for the test subject and said combinations of

featuresx, T4X,°T, ... X, f,(403) describing the variance
in the data, the scalar product being the success indica-
tor.

17. A computer program product for instructing a process-
ing unit to execute the method step of claim 16 when the
product is run on a computer.
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