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(57) Abstract: A method for classifying input data includes receiving (1000) the input data (104) that describe an object (101), wherein
the input data (104) corresponds to plural classes; associating (1002) the input data (104) with voxels (106) that describe the object
(101); calculating (1004) a real-number sequence X(n), which is associated with a measured parameter P that describes the object
(101); quantizing (1006) the real-number sequence X(n) to generate a finite set sequence Q(n), where n describes a number of levels;
generating (1008) a voxel-based weight matrix for each class of the input data; and calculating (1010) a score S for each class of the
plural classes, based on a corresponding voxel-based weight matrix. The score S is a number that indicates a likelihood that the input
data associated with a given sample belongs to a class of the plural classes.
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REDUCED FEATURE GENERATION FOR SIGNAL CLASSIFICATION BASED
ON A POSITION WEIGHT MATRIX

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims priority to U.S. Provisional Patent Application
No. 62/807,511, filed on February 19, 2019, entitled “REDUCED FEATURE
GENERATION FOR SIGNAL CLASSIFICATION BASED ON POSITION WEIGHT
MATRIX,” and U.S. Provisional Patent Application No. 62/893,452, filed on
August 29, 2019, entitled “REDUCED FEATURE GENERATION FOR SIGNAL
CLASSIFICATION BASED ON POSITION WEIGHT MATRIX,” the disclosures of

which are incorporated herein by reference in their entirety.

BACKGROUND

TECHNICAL FIELD

[0002] Embodiments of the subject matter disclosed herein generally relate to
using artificial intelligence for classifying signals, and more specifically, to a feature
generation method and device that extract a reduced number of pertinent and

discriminative characteristics of a signal.
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DISCUSSION OF THE BACKGROUND

[0003] With the advance of electronics, a large amount of data is generated
today. This data, regardless of its type, i.e., health care, or photography, or social
media, or agriculture, needs to be classified in order to be useful to humans.
However, the task of classifying this data by a group of data analysts is today
becoming overwhelming because not only the amount of data is large, but it is also
complex and growing. Thus, there is a strong push in the Artificial Intelligence (Al)
community to come with an automated system/method that is capable to process
this large amount of data and automatically generate pertinent and discriminative
characteristics associated with the data, such that the data can be automatically
classified based on these characteristics and then presented to the user.

[0004] A specific field in which Al algorithms have been applied for classifying
the collected data is the functional Magnetic Resonance Imaging (fMRI). fMRI has
emerged as a powerful brain imaging modality that indirectly measures the brain
activity with good spatial and temporal resolution. It provides three-dimensional
scans of the brain per unit of time, which allows the detection of the activated regions
as a response to a neural activity. Since its discovery, fMRI has been used for the
detection and monitoring of neurological diseases and disorders such as
Schizophrenia and Alzheimer disease.

[0005] fMRI captures the changes in the blood oxygen levels that occur in the
activated regions of the brain, which provides a signal called Blood Oxygen Level

Dependent (BOLD) signal. The BOLD signal is triggered by changes in the cerebral
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blood flow and reflects the increase in the deoxyhemoglobin content. The fMRI
approach has been used in many clinical and research conditions, resulting in the
generation of a huge amount of data. As a result, several studies have been focused
recently on the use of data-driven approaches to analyze, interpret and extract
relevant information from fMRI data. In addition, fMRI data were used to estimate
parameters that help efficiently model the relation between a neural stimulus and the
observed BOLD signal.

[0006] A particular interest has been on the development of machine learning
methods to classify the cognitive state of a human subject based on fMRI data. For
example, in [1], the authors decoded cognitive states that correspond to distinct
tasks such as viewing a sentence/picture and reading an ambiguous/non-ambiguous
sentence. The main challenge that the authors have addressed when decoding
human cognitive states is the big discrepancy between the number of available
samples for a given cognitive state and the dimension of the feature vectors.
Therefore, optimal search techniques can be developed to choose an optimal feature
vector with a well-suited classifiers.

[0007] Motivated by this, in [2], a cascade of classifiers that can improve the
cognitive state prediction performance has been proposed. However, the issue of
over-fitting associated with the fMRI data has not been considered. Therefore, a
group of predictors named Generalized Sparse Classifiers (GSC) have been
developed to address the issue of over-fitting caused by the high dimensional feature

vector. The derived group of classifiers were applied to a benchmark dataset called
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star/plus [3] and achieved an average accuracy of 93.7%. An algorithm called
Support Vector Decomposition Machine (SVDM), which combines feature selection
and classification learning into one single step was developed. Although the SVDM
was able to project the data into 8 features, its prediction performance to the
star/plus dataset was poor, having an average accuracy of 78%. In [4], the authors
have proposed a procedure to enable classification between two chosen cognitive
tasks, using their respective fMRI image sequences. Different classification methods
with two signal processing-based features were applied to the star/plus dataset
where an average accuracy of 99% was obtained using the support vector machine
algorithm. Even though the proposed method was able to achieve high prediction
accuracy, the dimension of the extracted feature vector was extremely high. For
classification purposes, it is highly desirable to utilize a low-dimensional feature
vector when the number of observations (i.e., samples) used to generate a prediction
model is small.

[0008] However, these methods are still computer- and time-intensive. Thus,
there is a need for a new feature generation method that has a well-suited classifier
that can both reduce the high-dimensional feature vector and improve the overall
prediction performance, to overcome the above noted deficiencies of the traditional

methods.
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SUMMARY
[0009] According to an embodiment, there is a method for classifying input
data. The method includes receiving the input data that describe an object, wherein
the input data corresponds to plural classes; associating the input data with voxels
that describe the object; calculating a real-number sequence X(n), which is
associated with a measured parameter P that describes the object; quantizing the
real-number sequence X(n) to generate a finite set sequence Q(n), where n
describes a number of levels; generating a voxel-based weight matrix for each class
of the input data; and calculating a score S for each class of the plural classes,
based on a corresponding voxel-based weight matrix. The score S is a number that
indicates a likelihood that the input data associated with a given sample belongs to a
class of the plural classes.
[0010] According to another embodiment, there is a computing device for
classifying input data. The computing device includes an interface for receiving the
input data that describe an object, wherein the input data corresponds to plural
classes; and a processor connected to the interface. The processor is configured to
associate the input data with voxels that describe the object; calculate a real-number
sequence X(n) that describes a parameter P associated with the object; quantize the
real-number sequence X(n) to generate a finite set sequence Q(n), where n
describes a number of levels; generate a voxel-based weight matrix for each class of
data; and calculate a score S for each class of the plural classes, based on a

corresponding voxel-based weight matrix. The score S is a number that indicates a
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likelihood that the input data associated with a given sample belongs to a class of

the plural classes.
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BRIEF DESCRIPTON OF THE DRAWINGS

[0011] The accompanying drawings, which are incorporated in and constitute
a part of the specification, illustrate one or more embodiments and, together with the
description, explain these embodiments. In the drawings:

[0012] Figure 1 schematically illustrates how information from brain is
assembled and then quantized for generating a score;

[0013] Figure 2 illustrates the distribution of two classes of data collected for

MRI imagining of the brain;

[0014] Figure 3 illustrates a quantization scheme for the collected data;
[0015] Figure 4 illustrates an algorithm that quantizes the data;
[0016] Figure 5 is a flowchart of a method for automatically classifying input

data into various classes;

[0017] Figures 6 to 8 illustrate results obtained with the novel method of
generating a feature of the input data in comparison with the results obtained by two
traditional methods;

[0018] Figure 9 illustrates, in a table format, the sensitivity of the accuracy of
the current method for different levels M of quantization and resolution factor;
[0019] Figure 10 is a flowchart of a method for calculating a score for various
sequences of the data according to each class; and

[0020] Figure 11 is a computing device in which the above methods may be

implemented.
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DETAILED DESCRIPTION

[0021] The following description of the embodiments refers to the
accompanying drawings. The same reference numbers in different drawings identify
the same or similar elements. The following detailed description does not limit the
invention. Instead, the scope of the invention is defined by the appended claims.
The following embodiments are discussed, for simplicity, with regard to fMRI data.
However, the methods discussed herein can also be applied to any type of data that
need to be classified. For example, the methods discussed herein can be applied to
water peak estimation, water suppression signal in magnetic resonance
spectroscopy (MRS) signals, MRS signal denoising, pulse-shaped signal
decomposition and denoising, etc. The novel methods can be integrated in any
processing unit to process biomedical signals such as MRS signals,
electroencephalogram (EEG) signals, or any other pulse-shaped signal.

[0022] Reference throughout the specification to “one embodiment” or “an
embodiment” means that a particular feature, structure or characteristic described in
connection with an embodiment is included in at least one embodiment of the subject
matter disclosed. Thus, the appearance of the phrases “in one embodiment” or “in
an embodiment” in various places throughout the specification is not necessarily
referring to the same embodiment. Further, the particular features, structures or
characteristics may be combined in any suitable manner in one or more

embodiments.



WO 2020/170101 PCT/1IB2020/051272

[0023] According to an embodiment, a novel methodology that generates a
set of features, termed voxel weight-based (VW-based) features, is introduced. This
set of features can represent the voxel activity in the human brain when performing
cognitive tasks. One advantage of this new feature set is its ability to project the
high-dimensional voxels features vector into a two-dimensional feature domain. A
star/plus dataset has been used to assess the performance of the proposed features
when they are used to classify the two cognitive tasks. After generating the VW-
based feature set, a logistic regression model (LRM) is utilized to distinguish
between the two cognitive states that correspond to two distinct tasks (whether a
subject is viewing a picture or a sentence). To demonstrate the efficacy of the
proposed feature generation scheme, a benchmark fMRI dataset called start/plus
dataset is utilized to assess the performance of the LRM under the proposed model.
The LR model with the proposed two-dimensional feature vector outperformed the
best two reported prediction models associated with the state/plus dataset with an
average accuracy of 99.8%, as discussed later. While the embodiments discussed
herein are referring to two brain activities, the methods discussed in these
embodiments can be applied to other type of data, or to more than two activities.
The two brain activities were selected for illustrating the novel method because there
is available actual data associated with these activities, and also because other
models have tried to extract the characteristics of these activities, and thus, the
results of the novel method may be compared with the existing one for evaluating the

accuracy of the novel method.
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[0024] The star/plus dataset experiment proposed in [3] was used to
demonstrate the proposed feature methodology. In such experiment, fMRI snapshots
were obtained every half second (repetition time) when six subjects were performing
two distinct cognitive tasks. Particularly, every subject first sees a sentence
(semantic stimulus) or a picture (symbol stimulus) for 4 seconds, then a blank screen
for 4 seconds is shown to the subject. Every sample is a collection of fMRI 8-
seconds period: 4-seconds period of sentence or picture stimulus followed by 4-
seconds period of blank screen. Following this strategy, a total of 80 samples are
generated from each subject (40 samples for sentence class and 40 samples for
picture class). Every sample includes 16 fMRI snapshots (8 snapshots
corresponding to the sentence or picture stimulus and 8 snapshots corresponding to
the blank screen), resulting in an input feature vector of size 16N, where N
represents the number of active voxels in a particular Regions Of Interest (ROls)
when the subject sees either the picture or the sentence. Due to the variation of the
brain morphology between subjects, the number of active voxels N within the ROls is
different for each subject. The dataset consists of 25 anatomically defined ROls. As
there are suggestions in the art that only 7 regions are important, fMRI datasets
collected from those 7 ROls and subsets of them where used to compare the
performance of the proposed VW-based feature generation technique with respect to
the best reported prediction models. Thus, the number of active voxels N can vary

depending on the experiment and/or the subject.

10



WO 2020/170101 PCT/1IB2020/051272

[0025] The novel VW-based features generation method is schematically
illustrated in Figure 1 and includes a step 102 in which one or more slices of an
object 101 (e.g., a brain in this implementation) are taken using MRI technology.
Note that the method is not limited to MRI imagining, as other methods may be used
to collect information about the object, for example, computer tomography,
fluorescence, optical microscopy, etc. The collected slices 104 (i.e., the input data)
are taken at various time intervals as discussed above, and they represent a 3D
model of the sampled object 101. Then, plural voxels 106 for one ROI are selected
in step 108. In step 110, a parameter P associated with the object 101 (for example,
the voxel intensity in terms of the fMRI recorded signal, but other signals may also
be used) is calculated to generate a real-number sequence X(n). Note that the real-
number sequence X(n) corresponds to the values of the parameter P for the voxels
in one or more ROls, for a given sample. Then, in step 112, the real-number
sequence X(n) is quantized to generate a symbol sequence Q(n). In step 114 the
VW features are generated and in step 116 the generated features are used against
an existing dataset to predict to which class the calculated parameter P belongs to.
These steps are now discussed in more detail.

[0026] The novel VW-based features generation method illustrated in Figure 1
uses a biological feature generation technique called Position Weight Matrix (PWM)-
based features. Thus, a short overview of the PWM method is first provided and then
this feature generation methodology is extended to generate the proposed VW-

based features.

11
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[0027] Position Weight Matrix (PWM)-based features extraction is used for
motifs representation in DNA/RNA sequences. In this features extraction paradigm,
two position weight matrices (PWMs) are often extracted from a set of aligned
DNA/RNA sequences that are believed to be functionally related. This feature
generation technique is used in many software tools for computational motif
discovery. Traditionally, two PWMs are usually derived from two sets of aligned DNA
sequences that are thought to be functionally related. Then, these two matrices are
utilized to generate a number of features that may help improve the classification
performance [5]. In order to construct the PWMs, the dataset or the samples have to
belong to a finite set of integers or characters. Naturally, the DNA sequences are
represented by a set of four characters, i.e., nucleotides A, C, G and T. To generate
the two PWM matrices, two groups of DNA sequences that belong to two distinct
classes are first aligned, then the probability of occurrence of each of the four DNA
nucleotides (A, C, G, and T) is calculated at each position of the DNA sequence. The
probability of occurrence of each DNA nucleotide in a certain position (A, C, G, or T)
is equal to the number of occurrences of such nucleotide divided by the total number
of sequences.

[0028] For example, assume that there are two sets of DNA sequences,
where the length of each of the DNA sequence is 5. Then, the PWM for every class
will be of size 4 x 5 and can have the following structure:

0.4 02 0.6 025 04
{03 02 01 025 0.1
PWHM = 01 02 01 025 04/F @

02 04 02 025 01

12
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In every column of the above PWM matrix, there are four probabilities that sum up to
1, where every element in that column indicates the probability of occurrence of one
of the four DNA nucleotides.

[0029] The step of quantization 112 discussed with regard to Figure 1 can be
generally defined as a map q from an Euclidean space R into a subset of symbols
{a1, a2, - + -, ap} of the same space. Thus, the map q can be used to convert a d-
dimensional input signal X(n) into an output sequence Q(n) that can take on at most
p different values [6], [7]. The quantization is utilized in this method to convert the
parameter P, e.g., voxels intensity, described by the discrete sequence X{(n) to a
symbol sequence Q(n). In order to choose a suitable quantization scheme, the
probability distribution of the real-valued discrete sequence Xn) is analyzed for both
classes (i.e., picture and sentence).

[0030] To do so, a histogram of the voxels intensity values of the six subjects
is plotted for both classes (picture and sentence), as illustrated in Figure 2. Figure 2
shows the fitted Gaussian Probability Distribution Function (PDF) 200 and 202 (with
200 corresponding to the sentence voxel intensities and 202 to the picture voxel
intensities) to the histogram plots for both classes, where the zoomed region shows
where there is a discrepancy 210 between the two Gaussian distributions.

[0031] To quantify the voxels intensity values shown in Figure 2 for both
classes, a quantization scheme that can transform measured signal intensities

forming the sequence X(n), into a discrete symbol sequence Q(n), is implemented.

13
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[0032] Quantization is the process of mapping signals from a continuous set
to output values in a (countable) smaller set. In one embodiment, the quantization

mapping F: R — O is defined as follows:

2—M)r
( 91 fX<p+ St Dls
F(X) = { . 2
qic+m/2) ifu+k—-—Dr<X<u+kr
k qm elsewhere
such that
-M - M
Q={q1, 92 - quk k= T+ 2’T+ 3, o 1,

where u and r are the centroid and the resolution of the quantization which will be
defined later.

[0033] The mapping F is utilized to convert the voxels intensity discrete
sequence X(n) to a symbol sequence Q(n) = F(X(n)). In order to choose a suitable
quantization scheme, first the probability distribution of the real-valued voxels
intensity sequence are analyzed for both classes (i.e., picture and sentence). To do
so, the histogram of the voxels intensity values of the six subjects for both classes is
analyzed, i.e., a fitted Gaussian Probability Distribution Function (PDF) to the
histogram plots for both classes is determined. To quantify the voxels intensity
values for both classes, a quantization scheme is selected.

[0034] A schematic diagram that illustrates the implementation strategy for
this quantization scheme is shown in Figure 3. The main parameters that can adjust
the quantization scheme are the number of levels M and the resolution r. The

scheme shown in Figure 3 sets these values to M=8 and resolution r being one

14
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standard deviation o. In this embodiment, the k" quantization interval, which is
shown in Figure 3 as being denoted as lk is defined as follows:
he=lu+(k-Dru+kr], (2)
r=aog, (3)
where k = (—M)/2+1,.., M/2 and « is a positive scaling factor. Note that Figure 3
shows 8 quantization intervals I, each having a length of r (i.e., all the intervals have
the same length). Figure 3 also indicates the number of elements of the sequence
X(n), in terms of percentages, that is present in each quantization interval Ik. While
the example shown in Figure 3 corresponds to M = 8 quantization intervals, it is
noted that other values may be selected for M, depending on the size and/or type of
the input data. Parameters i and ¢ in equations (2) and (3) are the average mean
and standard deviation of the six subjects studied in Figure 1, and they are defined
as:
13 13
w=2> weando =230 @
n=1 n=1
where p,, and g,, are the mean and the standard deviation of the voxels intensity for
the nt" subject. According to the probability theory and statistics, the probability that a
Gaussian random variable h is greater than 30 + 1 is almost zero. This observation
is a well-known rule in statistics and it is called the 3-sigma rule. Therefore, the most
significant variabilities and randomness that characterizes a random sequence can
still be observed if:

lh—pu| <3a. (5)

15
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[0035] Because the 3-sigma rule indicates that most of the information of a
Gaussian random variable is located within 3o + |, the quantization interval length of
the proposed quantization scheme is chosen to be an integer multiple of the
standard deviation o as shown in Figure 3.

[0036] The implementation strategy of the proposed quantization step 112 can
be implemented in algorithm, as illustrated in Figure 4. The input of this quantization
scheme is the number of quantization levels M, the quantization resolution r, and a
quantization centroid p. The output of this quantization scheme is a symbol
sequence Q(n) that can only take a finite set of symbols (i.e., (q1, ..., qum), based on
equation (400) in Figure 4. When this scheme is applied to the real-valued voxel
intensity samples for both classes (images and sentences), two matrices of size 40 x
16N, namely a picture matrix P and a sentence matrix S are generated. These two
integer-valued matrices P and S will be utilized to generate the final VW-based
feature vector.

[0037] The proposed quantization scheme illustrated in Figure 4 can be
applied to various types of datasets that are represented by the voxels intensity
when a subject is performing a specific cognitive task (not necessarily viewing a
picture or a sentence). The quantization parameters M and r are chosen based on
the distribution of the real-valued voxels sequences that are related to such cognitive
task.

[0038] The VW-based feature generation step 114 is now discussed. To

extract the VW-based features, the PWM technique discussed above with regard to

16
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equation (1) and the quantization scheme illustrated in Figure 4 are used. The VW-
based features method would generate a reduced feature vector having only two
values. These two values provide a probabilistic representation of the voxel pattern
in response to two distinct cognitive tasks. This means, that the first value would
indicate when an fMRI signal is associated with a picture and the second value
would indicate when the fMRI signal is associated with a sentence. Those skilled in
the art would understand that the picture and sentence type of data that needs to be
classified are just one possible example and the same method may be used for any
type of data. Having such a low-dimensionality feature vector (i.e., two-dimensional
feature vector) can overcome the high-dimensionality of the feature vector
associated with the traditional cognitive state predictions methods.

[0039] To generate such a low-dimensionality feature vector, the following two
steps are being implemented. When the algorithm shown in Figure 4 is applied to all
the picture and sentence voxel intensity sequences (samples), two matrices (picture
P and sentence S matrices) are constructed. Every entry of these matrices can take
one of the M symbols (g1, ..., gv) generated by the quantization algorithm. After that,
two weighting matrices, namely the Picture Voxel Weight Matrix (PVWM) and the
Sentence Voxel Weight Matrix (SVWM) are constructed the same way as the PWMs
are generated in equation (1), i.e., a probability is calculated for the symbols (qj, ...,
gwm) of the PVWM and SVWM matrices. For instance, when the number of
quantization levels M of the algorithm of Figure 4 is set to 6 and the resolution is r,

the size of the two VW-based matrices PVWM and SVWM will be 6 x 16N. The

17
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matrix structure of the PVWM and the SVWM can take the following form:

01 05 04 0.1 ..W(1,16N)
02 01 02 0.1 ..W(216N)
[01 01 01 01 ..W(3,16N) |
[01 01 01 03 ...W(4,16N)|(6)
\0.3 01 01 02 ..W(516N)
02 01 02 02 ..W(6,16N)

where the weight W (i, j) indicates the probability that a certain voxel intensity will be
quantized in one of the six quantization levels along the 40 picture trials or the 40
sentence trials (note that the matrix has q1 to g6 lines and 16N columns).

[0040] In this step, the frequencies of any of the M quantized levels along the
picture and sentence sequences were used to derive the PYWM and the SVWM
matrices. Next, these two matrices PVYWM and SVWM are used to compute two
scores for every symbol (integer-valued in this embodiment) sequence Q(n). These
two scores indicate the likelihood of the sequence to be a picture or a sentence
sequence. The two scores are computed for each sequence in the dataset and are
calculated as follows: Let Sj be the j" row of the sentence matrix S, and similarly P;
be the ji" row vector of P. From the previous step, PVWM;; and SVWM;; represent
the probability of occurrence of the symbol g, where i =1, ..., M at a time instance |
along the picture and the sentence sequences, respectively. Therefore, the two

scores can be calculated for a level i of any integer-valued sequence Q(n) as follows:

16N
Score, (i) = Z PVYWMqyp,jand  (7)

j=1

18
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16N

Score, (i) = Z SVWMywy,j-  (8),

j=1
[0041] Originally, every picture or sentence sample is represented by a 16N x
1 feature vector. However, after applying the proposed feature generation
methodology discussed above, this high-dimensional feature vector is mapped into a
two-dimensional feature vector. The size of the full feature matrix is 80 x 2 where
half of the samples represents the picture trials and the other half represents the
sentence trials. A prediction model can be derived using this reduced feature vector,
i.e., by calculating the scores described in equations (7) and (8), it is possible to
predict whether a given fMRI signal reading corresponds to a subject seeing a
picture or a sentence.
[0042] This means that the proposed VW-based feature generation
methodology can be generalized to multi-classification problems. These
classification problems may arise when one needs to distinguish between three or
more cognitive tasks based on the fMRI dataset associated with these cognitive
tasks. The number of VW-based matrices will be equal to the number of classes.
The star/plus dataset used here provides only fMRI datasets for two cognitive tasks.
Therefore, only two voxel weight matrices, namely PVWM and SVWM, were
generated in this embodiment, as now discussed with regard to Figure 5.
[0043] Figure 5 is a flowchart of a method for classifying information using a
feature generation methodology that reduces a size of the feature vector. In step

500, the method receives input data. In the embodiments discussed above, the input
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data includes fMRI data. However, as previously discussed, other type of data may
be received as the input data as long as the input data describes a three-
dimensional object. In step 502, slices of the three-dimensional object are
assembled together to form a three-dimensional representation of the object, as
illustrated in Figure 1, and voxels 106 of the data are selected in step 504. For the
specific example discussed in this application, the size of the voxel 106 is selected
based on a region of the brain that is believed to be most responsive to visualizing
an image or a sentence. In step 506, the fMRI intensity for each voxel is calculated
and then concatenated to produce a sequence X(n) for each sample, where n
indicates the number of voxels. A sample corresponds to recoded intensities of the
fMRI signal for a given subject, when exposed to the image or sentence, for a given
amount of time. Note that the sequence X(n) includes real numbers, which are
proportional in this embodiment to the fMRI signal intensity generated by the brain.
However, if the input data includes another type of data, the sequence X(n) would
include real numbers that describe that type of data. In step 508, the real-number
sequence X(n) is quantized into a finite set sequence Q(n), based on the algorithm
illustrated in Figure 4. Thus, the finite set sequence Q(n) includes a finite number of
symbols, where the symbols may be letters, numbers, or a mixture of them. Note
that while the real-number sequence X(n) may have an infinite number of elements,
the finite set sequence Q(n) must have a finite number of elements. The symbols of
the finite set sequence Q(n) fall into corresponding intervals lk, with k varying

between 1 and M and M being the number of levels, and each level or interval being
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characterized by a resolution r. Note that each level or interval k has a corresponding
symbol g, i.e., all the real-numbers from the sequence X(n) that would fall into the
interval k, would be mapped to a same symbol gk, as schematically illustrated in
Figure 1 by step 112. This mapping may be implemented using a Gaussian
distribution as discussed above with regard to Figure 2.

[0044] In step 510, the PVYWM and SVWM matrices are formed based on the
symbols gk of the finite set sequence Q(n). As previously discussed, each entry of
the PVYWM and SVWM matrices can take one of the M symbols q1 to gm, generated
by the quantization step 508. The element of each of the PVYWM and SVWM
matrices indicates a probability that a certain voxel intensity (measured with the MRI
device) will be quantized in one of the M quantization levels along the input data.
For example, with regard to equation (6), the first line and first column element (0.1)
indicates that the first sample would have a probability 0.1 to have the value g1, the
second line, first column element (0.2) indicates that the first sample would have a
probability 0.2 to have the value g2, and so on.

[0045] In step 512, two scores (described by equations (7) and (8)) are
calculated based on the matrices PVWM and SVWM from step 508, for each level i
for any value of the sequence Q(n). These scores indicate the likelihood of a
sequence corresponding to a given sample to be a picture or sentence sequence.
Note that every picture or sentence sample is originally represented (i.e., in the input
data) by a 16N x 1 feature vector. However, according to step 512, this high-

dimensional feature vector 16N x 1 is mapped into a two-dimensional feature vector,
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where the two components of this two-dimensional feature vector are given by the
scores (8) and (9). Of course, if the input data includes more than 2 classes, a
feature vector of larger size would be obtained.

[0046] The scores and the matrices PVWM and SVWM were tested against
the star/plus dataset as now discussed. Due to the high-dimensionality of the original
feature vector (16N x 1) compared with the small number of samples (80 for the
embodiment discussed above), the Leave-One-Out (LOO) cross-validation scheme
was used to avoid a biased measure of test accuracy. The generated features were
trained using a Logistic Regression (LR) classifier due to its simplicity and the
satisfying results obtained with this model. Unlike most of the features used for
classification, the VW-based features cannot be generated independently. This is
because the VW-based features are correlated in the sense that the features cannot
be extracted without the knowledge of the other training dataset (i.e., the whole
training dataset needs to be processed together in order to generate the PVWM and
SVWM matrices).

[0047] The PVWM and SVWM matrices are reconstructed for every training
dataset (79 samples) that correspond to every fold of the 80 leave-one-out cross
validation folds. The reason of doing this is that in any classification problem, the
testing set should not be included in the learning stage. Hence, the PVWM and the
SVWM matrices have to be re-calculated for every leave-one-out fold.

[0048] For every subject of the star/plus dataset, the voxel intensity sequence

X(n) was first quantized using 6 levels and a resolution of one standard deviation
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(i.e., M =6 and r = 0), and then the VW-based features were generated as
discussed above. To illustrate the effectiveness of the proposed VW-based features,
the performance of the LR classifier trained on the proposed VW-based feature were
compared with the best performing classifiers reported in literature. For a fair
comparison, the performance of the proposed VW-based method was compared
with prediction models that utilize feature vectors derived from 7 ROls (CALC,
LDLPFC, LIPL, LIPS, LOPER, LT and LTRIA), 4 ROIs (CALC, LIPL, LIPS and
LOPER) and the "CALC” ROI. In the literature, the authors applied the Naive
Bayesian (NB) and the Support Vector Machine (SVM) classifiers to feature vectors
that were derived from all the 7 ROI, respectively. Table | in Figure 6 reports the
results obtained by using the feature vectors derived from the "CALC” ROl under
Method 1 (described in [3]), Method 2 (described in [8]) and the proposed VW-based
method. In addition, Tables Il and IIl, shown in Figures 7 and 8, respectively, depict
the results of the classifiers when they utilize feature vectors derived from the 4 ROls
and the 7 ROls, respectively.

[0049] The two metrics used to compare these classifiers are the size (i.e.,
dimension) of the feature vector and the prediction accuracy. To illustrate the overall
performance of each method, the average feature size and the average accuracy
were computed. From Table |, the average accuracy of the cognitive state prediction
problem obtained by the VW-based prediction method was improved by about 2.3%
and 14% compared to that obtained by Method 2 and Method 1, respectively. These

prediction performances were achieved when only the '"CALC’ ROl was used for
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feature generation. Tables Il and Il show that the VW-based method improves the
average accuracy of Method 1 by 4.2% and 4.7% when 4 ROls and 7 ROls were
used for feature generation, respectively. Similarly, the VW-based method
outperformed the average accuracy of Method 2 by 1.43% and 2% when 4 ROIls and
7 ROlIs were used for feature generation, respectively. In all the cases, the VW-
based method reduced significantly (two-dimensional) the size of the feature vector
used when all the 7 ROIs were used for feature generation. In this regard, note that
Method 1 had a feature vector with the size in the thousands and Method 2 had a
feature vector with the size in the hundreds.

[0050] Table IV in Figure 9 illustrates the sensitivity analysis that was
performed, in which the average accuracy across the six subjects was computed for
every scenario. The purpose of this analysis was to investigate the impact of the
relationship between the statistical measures (1 and o) of the voxel intensity
sequence X(n) and the quantization parameters (M and r) on the average accuracy
of the prediction model. From Table IV, one can achieve a consistent (i.e., stable)
prediction model with 100% average accuracy when the number of quantization level
M is greater than or equal to 6, and the resolution r is between 0.80 and 1.20.
[0051] Generally, when the resolution r is smaller than or equal to 0.60, the
average accuracy for every subject fluctuates and goes down for most of the
scenarios. One possible reason for this phenomenon is the overfitting issue that may
happen when the resolution gets very small and the number of levels increases. On

the other hand, when the resolution r increases (i.e., r >= 1.40, which means a >=
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1.4), the two VW-based matrices PVWM and SVWM become sparse. As a result, the
generated features, under this choice of quantization parameters for both classes,
will not be significantly different from each other. Consequently, the average
accuracy of the LR classifier decreases as the resolution increases, regardless of the
number of intervals M as shown in Table IV.

[0052] A method for classifying input data is now discussed with regard to
Figure 10. The method includes a step 1000 of receiving the input data 104 that
describe an object 101, where the input data 104 corresponds to plural classes, a
step 1002 of associating the input data 104 with voxels 106 that describe the object
101, a step 1004 of calculating a real-number sequence X(n) that describes a
parameter P associated with the object 101, a step 1006 of quantizing the real-
number sequence X(n) to generate a finite set sequence Q(n), where n describes a
number of levels, a step 1008 of generating a voxel-based weight matrix for each
class of data, and a step 1010 of calculating a score S for each class of the plural
classes, based on a corresponding voxel-based weight matrix. The score Sis a
number that indicates a likelihood that the input data associated with a given voxel at
a given time belongs to a class of the plural classes.

[0053] The object may be the brain of a patient and the input data may
correspond to magnetic resonance images (MRI) of the brain. In one application, the
plural classes includes first and second classes. In another application, the first class
corresponds to MRI signals generated as the brain is being exposed to a picture and

the second class corresponds to MRI signals generated as the brain is being
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exposed to a sentence and each voxels is associated with a part of the brain. In one
application, the parameter is an intensity of the MRI signal.

[0054] The step of quantizing may include mapping each element of the real-
number sequence X(n) to one of M symbols. In one application, M describes to total
number of levels. The elements of the real-number sequence X(n) correspond to
measured intensities of signals associated with magnetic resonance images (MRI).
In one application, M is larger than or equal to 6.

[0055] The method may also include a step of generating a voxel-based
weight image matrix and a voxel-based weight sentence matrix, and/or a step of
adding together all the column elements j of a corresponding voxel-based weight
matrix, for a given line i, for all the voxels, to obtain the score S.

[0056] The above-discussed procedures and methods may be implemented in
a computing device as illustrated in Figure 11. Hardware, firmware, software or a
combination thereof may be used to perform the various steps and operations
described herein. Computing device 1100 suitable for performing the activities
described in the exemplary embodiments may include a server 1101. Such a server
1101 may include a central processor (CPU) 1102 coupled to a random access
memory (RAM) 1104 and to a read-only memory (ROM) 1106. ROM 1106 may also
be other types of storage media to store programs, such as programmable ROM
(PROM), erasable PROM (EPROM), etc. Processor 1102 may communicate with
other internal and external components through input/output (I/O) circuitry 1108 and

bussing 1110 to provide control signals and the like. Processor 1102 carries out a
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variety of functions as are known in the art, as dictated by software and/or firmware
instructions.

[0057] Server 1101 may also include one or more data storage devices,
including hard drives 1112, CD-ROM drives 1114 and other hardware capable of
reading and/or storing information, such as DVD, etc. In one embodiment, software
for carrying out the above-discussed steps may be stored and distributed on a CD-
ROM or DVD 1116, a USB storage device 1118 or other form of media capable of
portably storing information. These storage media may be inserted into, and read
by, devices such as CD-ROM drive 1114, disk drive 1112, etc. Server 1101 may be
coupled to a display 1120, which may be any type of known display or presentation
screen, such as LCD, plasma display, cathode ray tube (CRT), etc. A user input
interface 1122 is provided, including one or more user interface mechanisms such as
a mouse, keyboard, microphone, touchpad, touch screen, voice-recognition system,
etc.

[0058] Server 1101 may be coupled to other devices, such as imaging device
(e.g., MRI device), detectors, etc. The server may be part of a larger network
configuration as in a global area network (GAN) such as the Internet 1128, which
allows ultimate connection to various landline and/or mobile computing devices.
[0059] The disclosed embodiments provide a novel method and system for
classifying input data according to classes based on a quantification scheme and
usage of voxel-weight matrices. It should be understood that this description is not

intended to limit the invention. On the contrary, the exemplary embodiments are
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intended to cover alternatives, modifications and equivalents, which are included in
the spirit and scope of the invention as defined by the appended claims. Further, in
the detailed description of the exemplary embodiments, numerous specific details
are set forth in order to provide a comprehensive understanding of the claimed
invention. However, one skilled in the art would understand that various
embodiments may be practiced without such specific details.

[0060] Although the features and elements of the present exemplary
embodiments are described in the embodiments in particular combinations, each
feature or element can be used alone without the other features and elements of the
embodiments or in various combinations with or without other features and elements
disclosed herein.

[0061] This written description uses examples of the subject matter disclosed
to enable any person skilled in the art to practice the same, including making and
using any devices or systems and performing any incorporated methods. The
patentable scope of the subject matter is defined by the claims, and may include
other examples that occur to those skilled in the art. Such other examples are

intended to be within the scope of the claims.
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WHAT IS CLAIMED IS:

1. A method for classifying input data, the method comprising:

receiving (1000) the input data (104) that describe an object (101), wherein
the input data (104) corresponds to plural classes;

associating (1002) the input data (104) with voxels (106) that describe the
object (101);

calculating (1004) a real-number sequence X(n), which is associated with a
measured parameter P that describes the object (101);

quantizing (1006) the real-number sequence X(n) to generate a finite set
sequence Q(n), where n describes a number of levels;

generating (1008) a voxel-based weight matrix for each class of the input
data; and

calculating (1010) a score S for each class of the plural classes, based on a
corresponding voxel-based weight matrix,

wherein the score S is a number that indicates a likelihood that the input data

associated with a given sample belongs to a class of the plural classes.

2. The method of Claim 1, wherein the object is a brain and the input data

corresponds to magnetic resonance images (MRI) of the brain.
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3. The method of Claim 2, wherein the plural classes includes first and second

classes.

4. The method of Claim 3, wherein the first class corresponds to MRI signals
generated as the brain is being exposed to a picture and the second class

corresponds to MRI signals generated as the brain is being exposed to a sentence.

5. The method of Claim 4, wherein each voxels is associated with a volume of

the brain.

6. The method of Claim 2, wherein the parameter is an intensity of the MRI

signal.

7. The method of Claim 1, wherein the step of quantizing comprises:

mapping each element of the real-number sequence X(n) to one of M

symbols.

8. The method of Claim 7, wherein M describes to total number of levels.

9. The method of Claim 7, wherein elements of the real-number sequence

X(n) correspond to measured intensities of signals associated with magnetic

resonance images (MRI).
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10. The method of Claim 7, wherein M is larger than or equal to 6.

11. The method of Claim 7, wherein the step of generating a voxel-based
weight matrix comprises:
generating a voxel-based weight image matrix and a voxel-based weight

sentence mairix.

12. The method of Claim 1, wherein the step of calculating a score S
comprises:
adding together all the column elements j of a corresponding voxel-based

weight matrix, for a given line i, for all the voxels.

13. A computing device (1100) for classifying input data, the computing device
comprising:

an interface (1108) for receiving (1000) the input data (104) that describe an
object (101), wherein the input data (104) corresponds to plural classes; and

a processor (1102) connected to the interface (1108) and configured to,

associate (1002) the input data (104) with voxels (106) that describe the
object (101);

calculate (1004) a real-number sequence X(n) that describes a parameter P

associated with the object (101);
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quantize (1006) the real-number sequence X(n) to generate a finite set
sequence Q(n), where n describes a number of levels;

generate (1008) a voxel-based weight matrix for each class of data; and

calculate (1010) a score S for each class of the plural classes, based on a
corresponding voxel-based weight matrix,

wherein the score S is a number that indicates a likelihood that the input data

associated with a given sample belongs to a class of the plural classes.

14. The computing device of Claim 13, wherein the object is a brain and the

input data corresponds to magnetic resonance images (MRI) of the brain.

15. The computing device of Claim 14, wherein the plural classes includes

first and second classes.

16. The computing device of Claim 15, wherein the first class corresponds to
MRI signals generated as the brain is being exposed to a picture and the second
class corresponds to MRI signals generated as the brain is being exposed to a

sentence.

17. The computing device of Claim 16, wherein each voxel is associated with

a part of the brain and the parameter is an intensity of the MRI signal.
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18. The computing device of Claim 13, wherein the processor is further
configured to:
map each element of the real-number sequence X(n) to one of M symbols,

wherein M describes to total number of levels.

19. The computing device of Claim 18, wherein the processor is further
configured to:
generate a voxel-based weight image matrix and a voxel-based weight

sentence mairix.

20. The computing device of Claim 13, wherein the processor is further
configured to:
add together all the column elements j of a corresponding voxel-based weight

matrix, for a given line i, for all the voxels.
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Algorithm 1 Uniform Quantizer Algorithm

Input : X: Real-valued voxel sequence
M: Number of Quantization levels

u: Quantization centroide

r: Quantization resolution

Output : O: Integer valued voxel sequence

Ny < length of X

forn< 1to Ny do

2-M M
3 to 5 do

for k «

2-M)r

th
3 en

400 if X(n)<pu+
O (n) = q;

A else if u+ (k-1)r< X(n)< p+kr then

Qn) =qk+M2);

else

| 0 = qu

end

end

FIG. 4
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RECEIVE INPUT DATA

500

l

ASSEMBLE 2-D DATA TO FORM A 3-D
OBJECT DATA

502

l

SELECT VOXELS FROM THE 3-D DATA

504

l

CALCULATE AND CONCATENATE
INTENSITY FOR EACH VOXEL

506

l

QUANTIZE REAL-NUMBER SEQUENCE
INTO FINITE SET SEQUENCE

508

l

FORM VOXEL BASED MATRICES FOR
EACH CLASS OF DATA

510

l

CALCULATE ONE SCORE PER CLASS

512

FIG. 5
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RECEIVING THE INPUT DATA THAT DESCRIBE
AN OBJECT, WHEREIN THE INPUT DATA ~—1000
CORRESPONDS TO PLURAL CLASSES

l

ASSOCIATING THE INPUT DATA WITH VOXELS THAT
DESCRIBE THE OBJECT 1002

l

CALCULATING A REAL-NUMBER SEQUENCE X(n) THAT
DESCRIBES A PARAMETER P ASSOCIATED WITH  —~—_1004
THE OBJECT

l

QUANTIZING THE REAL-NUMBER SEQUENCE X(n)
TO GENERATE A FINITE SET SEQUENCE Q(n),  |~—_1006
WHERE N DESCRIBES A NUMBER OF LEVELS

l

GENERATING A VOXEL-BASED WEIGHT MATRIX
FOR EACH CLASS OF DATA ——1008

l

CALCULATING A SCORE S FOR EACH CLASS OF THE
PLURAL CLASSES, BASED ON A CORRESPONDING  [~_1010
VOXEL-BASED WEIGHT MATRIX

FIG. 10
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