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An apparatus and a method predict an upcoming stage of
carotid stenosis. The apparatus includes a receiving unit, a
cluster determining unit, a risk factor score extracting unit, a
prediction model storage unit, and a predicting unit. The
method includes receiving a patient’s medical test data relat-
ing to carotid stenosis; determining a cluster to which the
patient’s medical test data belong based on a gender of the
patient; extracting from the patient’s medical test data a risk
factor score comprising a result of carotid stenosis ultra-
sonography; storing a plurality of prediction models used to
predict an upcoming stage of carotid stenosis; and obtaining
an outcome by applying a value indicating a stage of carotid
stenosis corresponding to the result of carotid stenosis ultra-
sonography and the extracted risk factor score to the predic-
tion model corresponding to the determined cluster among
the plurality of prediction models.
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APPARATUS AND METHOD FOR
PREDICTING UPCOMING STAGE OF
CAROTID STENOSIS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit under 35 USC
119(a) of Korean Patent Application No. 10-2012-0026813
filed on Mar. 15, 2012, the entire disclosure of which is
incorporated herein by reference for all purposes.

BACKGROUND

[0002] 1.Field

[0003] The following description relates to technology for
predicting an upcoming stage of carotid stenosis progression
at a specific point in time.

[0004] 2. Description of Related Art

[0005] Strokes are divided into ischemic strokes and hem-
orrhagic strokes. About 20% to 30% of ischemic strokes are
attributed to carotid stenosis. An ischemic stroke occurs when
an artery to the brain is blocked. The brain depends on its
arteries to bring fresh blood from the heart and lungs. The
blood carries oxygen and nutrients to the brain, and takes
away carbon dioxide and cellular waste. If an artery is
blocked, the brain cells (neurons) cannot make enough
energy and will eventually stop working. Ifthe artery remains
blocked for more than a few minutes, the brain cells may die.
This condition is referred to as an ischemic stroke.

[0006] Reportedly, various risk factors including age,
blood pressure, smoking, cholesterol, diabetes, and obesity
affect carotid stenosis. However, existing studies simply ana-
lyze statistical differences between a patient group and a
healthy group with respect to each risk factor.

[0007] In addition, research has been conducted on a
method of predicting the occurrence of a stroke as a result of
carotid stenosis, but such research has not explored a method
of predicting an upcoming stage of carotid stenosis itself.

SUMMARY

[0008] Inone general aspect, an apparatus for predicting an
upcoming stage of carotid stenosis includes a receiving unit
configured to receive a patient’s medical test data relating to
carotid stenosis; a cluster determining unit configured to
determine a cluster to which the patient’s medical test data
belong based on a gender of the patient; a risk factor score
extracting unit configured to extract from the patient’s medi-
cal test data a risk factor score including a result of carotid
stenosis ultrasonography; a prediction model storage unit
configured to store a plurality of prediction models used to
predict an upcoming stage of carotid stenosis; and a predict-
ing unit configured to obtain an outcome by applying a value
indicating a stage of carotid stenosis corresponding to the
result of carotid stenosis ultrasonography and the extracted
risk score factor to a prediction model corresponding to the
determined cluster to which the patient’s medical test data
belong among the plurality of prediction models.

[0009] The extracted risk factor score may include either
one or both of a blood pressure level and a cholesterol level.
[0010] Inanother general aspect, a method of predicting an
upcoming stage carotid stenosis includes receiving a patient’s
medical test data relating to carotid stenosis; determining a
cluster to which the patient’s medical test data belong based
on a gender of the patient; extracting from the patient’s medi-
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cal test data a risk factor score including a result of carotid
stenosis ultrasonography; storing a plurality of prediction
models used to predict an upcoming stage of carotid stenosis;
and obtaining an outcome by applying a value indicating a
stage of carotid stenosis corresponding to the result of carotid
stenosis ultrasonography and the extracted risk factor score to
the prediction model corresponding to the determined cluster
to which the patient’s medical test data belong among the
plurality of prediction models.

[0011] The extracted risk factor score may include either
one or both of a blood pressure level and a cholesterol level.
[0012] In another general aspect, an apparatus for predict-
ing anupcoming stage of carotid stenosis includes a receiving
unit configured to receive a patient’s medical test data relating
to carotid stenosis and corresponding operation information;
acluster determining unit configured to determine a cluster to
which the patient’s medical test data belong based on a char-
acteristic of the patient; a risk factor score extracting umt
configured to extract from the patient’s medical test data at
least one risk factor score of a risk factor of a risk factor set of
the determined cluster to which the patient’s medical test data
belong; a prediction model storage unit configured to store a
plurality of prediction models used to predict an upcoming
stage of carotid stenosis; a prediction model learning unit
configured to perform machine learning by applying the
extracted risk factor score to a prediction model correspond-
ing to the determined cluster to which the patient’s medical
test data belong among the plurality of prediction models; and
apredicting unit configured to obtain an outcome by applying
the extracted risk factor score to the prediction model corre-
sponding to the determined cluster to which the patient’s
medical test data belong.

[0013] The prediction model learning unit may be further
configured to perform the machine learning when the opera-
tion information is a learning instruction; and the predicting
unit may be further configured to obtain the outcome when
the operation information is a predicting instruction.

[0014] The extracted risk factor score may include a result
of carotid stenosis ultrasonography and a corresponding test
date.

[0015] The prediction model learning unit may be further
configured to classify all results of carotid stenosis ultra-
sonography into at least two sections; and each section of the
at least two sections may be representative of a specific stage
of carotid stenosis.

[0016] The prediction model learning unit may be further
configured to assign a first outcome to the patient’s medical
test data when a stage of carotid stenosis corresponding to a
last result of carotid stenosis ultrasonography of the patient’s
medical test data is higher than a stage of carotid stenosis
corresponding to a first result of carotid stenosis ultrasonog-
raphy of the patient’s medical test data; and assign a second
outcome to the patient’s medical test data in other cases.
[0017] When the predicting unit obtains the first outcome
when the patient’s medical test data is received with the
predicting instruction, a stage of carotid stenosis of the patient
may be predicted to be heightened; and when the predicting
unit obtains the second outcome when the patient’s medical
test data is received with the predicting instruction, the stage
of carotid stenosis of the patient may be predicted not to be
heightened.

[0018] The extracted risk factor score may include at least
two results of carotid stenosis ultrasonography; and the pre-
diction model learning unit may be further configured to
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perform the machine learning using the at least two results of
carotid stenosis ultrasonography.

[0019] Inanother general aspect, a method of predicting an
upcoming stage of carotid stenosis includes receiving a
patient’s medical test data relating to carotid stenosis and
corresponding operation information; determining a cluster
to which the patient’s medical test data belong based on a
characteristic of the patient; extracting from the patient’s
medical test data at least one risk factor score of a risk factor
of a risk factor set of the determined cluster to which the
patient’s medical test data belong; and selectively performing
machine learning or performing prediction using a prediction
model according to the operation information.

[0020] The selectively performing of the machine learning
or performing the prediction may include, when the operation
information is a learning instruction, performing the machine
learning by applying the extracted risk factor score to a pre-
diction model corresponding to the determined cluster to
whichthe patient’s medical test data belong among a plurality
of prediction models used for predicting an upcoming stage
of carotid stenosis; and, when the operation information is a
predicting instruction, performing the prediction using a pre-
diction model by applying the extracted risk factor score to
the prediction model corresponding to the determined cluster
to which the patient’s medical test data belong.

[0021] The extracted risk factor score may include a result
of carotid stenosis ultrasonography and a corresponding test
date.

[0022] The performing of the machine learning may
include classifying all results of carotid stenosis ultrasonog-
raphy into at least two sections; and each section of the at least
two sections may be representative of a specific stage of
carotid stenosis.

[0023] Theperforming of the machine learning may further
include assigning a first outcome to the patient’s medical test
data when a stage of carotid stenosis corresponding to a last
result of carotid stenosis ultrasonography of the patient’s
medical test data is higher than a stage of carotid stenosis
corresponding to a first result of carotid stenosis ultrasonog-
raphy of the patient’s medical test data; and assigning a sec-
ond outcome to the patient’s medical test data in other cases.
[0024] When the performing of the prediction using a pre-
diction model obtains the first outcome when the patient’s
medical test data is received with the predicting instruction, a
stage of carotid stenosis of the patient may be predicted to be
heightened; and when the performing of the prediction using
a prediction model obtains the second outcome when the
patient’s medical test data is received with the predicting
instruction, the stage of carotid stenosis of the patient may be
predicted not to be heightened.

[0025] Other features and aspects will be apparent from the
following detailed description, the drawings, and the claims.

SUMMARY

[0026] FIG.1isa block diagram illustrating an example of
an apparatus for predicting an upcoming stage of carotid
stenosis.

[0027] FIG. 2isa block diagram illustrating an example of
elements of the apparatus for predicting an upcoming stage of
carotid stenosis shown in FIG. 1 that are activated when
operation information is a learning instruction.

[0028] FIG. 3isa block diagram illustrating an example of
elements of the apparatus for predicting an upcoming stage of

Oct. 17,2013

carotid stenosis shown in FIG. 1 that are activated when
operation information is a predicting instruction.

[0029] FIG. 4 is a graph for explaining an example of a
carotid stenosis progression in phases.

[0030] FIG. 5 is a flow chart illustrating an example of a
method of predicting an upcoming stage of carotid stenosis.
[0031] FIG. 6isa flow chart illustrating a detailed example
of the method of FIG. 5.

[0032] FIG. 7 is a block diagram illustrating another
example of an apparatus for predicting an upcoming stage of
carotid stenosis.

DETAILED DESCRIPTION

[0033] The following description is provided to assist the
reader in gaining a comprehensive understanding of the meth-
ods, apparatuses, and/or systems described herein. However,
various changes, modifications, and equivalents of the meth-
ods, apparatuses, and/or systems described herein will be
apparent to one of ordinary skill in the art. Also, descriptions
of functions and constructions that are well known to one of
ordinary skill in the art may be omitted for increased clarity
and conciseness.

[0034] Throughout the drawings and the detailed descrip-
tion, the same reference numerals refer to the same elements.
The drawings may not be to scale, and the relative size,
proportions, and depiction of elements in the drawings may
be exaggerated for clarity, illustration, and convenience.
[0035] The following two conditions enable a patient’s
upcoming stage of carotid stenosis to be predicted.

[0036] First, a prediction model (a prediction model used
for predicting an upcoming stage of carotid stenosis) needs to
be learned for predicting a patient’s upcoming stage of
carotid stenosis based on data from various medical tests,
including an ultrasound diagnosis.

[0037] Second, an outcome indicative of an upcoming
stage of carotid stenosis needs to be obtained by applying a
specific patient’s medical test data to the learned prediction
model.

[0038] FIG. 1isablock diagram illustrating an example of
an apparatus for predicting an upcoming stage of carotid
stenosis.

[0039] Referring to FIG. 1, the apparatus 10 for predicting
an upcoming stage of carotid stenosis includes a receiving
unit 100, a cluster determining unit 110, a risk factor score
extracting unit 120, a prediction model storage unit 130, a
prediction model learning unit 140, and a predicting unit 150.
[0040] The receiving unit 100 receives a patient’s medical
test data relating to carotid stenosis, and corresponding opera-
tion information.

[0041] Medical test data is a collection of data about vari-
ous medical tests and diagnoses with respect to a patient. A
risk factor included in the medical test data may or may not be
directly related to carotid stenosis progression. Therefore,
only a value of arisk factor (that is, a risk factor score) that has
a profound statistical significance for carotid stenosis pro-
gression should be selectively extracted and then applied to a
prediction model for predicting an upcoming stage of carotid
stenosis.

[0042] Operation information is an instruction that points
out a type of an operation to be performed with respect to
received medical test data. For example, the operation infor-
mation may be an instruction that is input by selecting an
appropriate operation button in a menu of the apparatus for
predicting an upcoming stage of carotid stenosis.
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[0043] If the operation information is a learning instruc-
tion, the prediction model learning unit 140 performs
machine learning using the medical test data. Alternatively, if
the operation information is a predicting instruction, the pre-
dicting unit 150 predicts an upcoming stage of carotid steno-
sis using the medical test data.

[0044] The cluster designating unit 110 determines a clus-
ter to which the patient’s medical test data belong based on at
least one characteristic of the patient. The at least one char-
acteristic of the patient may be included in the patient’s medi-
cal test data.

[0045] A cluster is a collection of medical test data having
a common characteristic. Thus, if a prediction model opti-
mized for all of the medical test data belonging to the same
cluster is used to perform a prediction based on new medical
test data belonging to that cluster, prediction accuracy may
improve profoundly.

[0046] For example, patients may be classified into two
clusters according to gender. Thus, any received medical test
data belong to either a male cluster or to a female cluster.
[0047] The risk factor score extracting unit 120 extracts
from the medical test data at least one risk factor score of a
risk factor of a risk factor set of the determined cluster to
which the medical test data belong.

[0048] A risk factor is a factor that affects an upcoming
stage of carotid stenosis. For example, a first result of carotid
stenosis ultrasonography, a blood pressure level, and choles-
terol level are highly significant risk factors. A value of a risk
factor, that is, a risk factor score, is included in the medical
test data. For example, if a risk factor is age. a patient’s age
(for example, 30) is included in the medical test data as a risk
factor score. A different risk factor set may be applied to each
prediction model.

[0049] Table 1 below shows a format of a risk factor set
applied to a prediction model.
TABLE 1
Risk Factor Set Model  Risk Factor OR  CI(95%) P-Value
RFS, Model, RF, 101 101 101 3.54E-07
RF, 013 011 015 <2E-16
[0050] A risk factor set RFS, shown in Table 2 consists of a

plurality of risk factors RF |, RF, and the like. Among
other factors configuring each medical test data, a factor
closely related to progression of carotid stenosis is utilized as
arisk factor. Forexample, a risk factor set may include a value
of a significant risk factor, such as the first result of carotid
stenosis ultrasonography, a blood pressure level, an age, a
value determined according to whether the patient is a smoker
or anon-smoker, a value determined according to whether the
patient has diabetes, a LDL cholesterol level, and an HDL
cholesterol level.

[0051] Each risk factor may include additional fields to
show an odds ratio (OR) between the risk factor and a carotid
stenosis progression, a confidence interval of the OR (for
example, a confidence level of 95%) and a statistical signifi-
cance (P-Value) of the OR.

[0052] The prediction model storage unit 130 stores a plu-
rality of prediction models used for predicting an upcoming
stage of carotid stenosis.
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[0053] A different prediction model is employed with
respect to each cluster. Therefore, if there are a plurality of
clusters, a plurality of corresponding prediction models are
provided. The plurality of prediction models are stored in the
prediction model storage unit 130. In addition, if an operation
is performed with respect to medical test data belonging to a
specific cluster, a prediction model corresponding to the spe-
cific cluster is selected to be used.

[0054] The prediction model learning unit 140 performs
machine learning by applying the risk factor score extracted
by the risk factor score extracting unit 120 to the prediction
model corresponding to the cluster to which the medical test
data belong.

[0055] A wide range of machine learning algorithms may
be used to perform machine learning on each prediction
model. Forexample, a support vector machine (SVC), a deci-
sion tree, a multilayer perceptron (MLP), a LogitBoost, or
any other machine learning algorithm known to one of ordi-
nary skill in the art, or any combination thereof may be used.

[0056] A prediction model may be learned with respectto a
patient’s medical test data by receiving the medical test data
and then performing machine learning on the prediction
model using a specific algorithm. Next, if a patient’s new
medical test data is received, the prediction model may be
employed to predict the patient’s progression of carotid
stenosis based on the new medical test data.

[0057] The predicting unit 150 obtains an outcome indica-
tive of the patient’s upcoming stage of carotid stenosis by
applying a risk factor score extracted from the medical test
data by the risk factor extracting unit 120 to a prediction
model corresponding to the cluster to which the medical test
data belong.

[0058] When medical test data is received in the apparatus
10 for predicting an upcoming stage of carotid stenosis shown
in FIG. 1, the medical test data may be used to perform
machine learning on a corresponding prediction model or to
predict an upcoming stage of carotid stenosis. FIGS. 2 and 3
illustrate each of these cases.

[0059] FIG. 2 is a diagram illustrating an example of ele-
ments of the apparatus 10 for predicting an upcoming stage of
carotid stenosis shown in FIG. 1 that are activated when
operation information is a learning instruction.

[0060] If operation information is a learning instruction,
elements of the apparatus 10 for predicting an upcoming
stage of carotid stenosis that are used in performing machine
learning on a prediction model using received medical test
data are activated. These elements include the receiving umt
100, the cluster determining unit 110, the risk factor score
extracting unit 120, the prediction model storage unit 130,
and the prediction model learning unit 140 as shown in FIG.
2.

[0061] FIG. 3 is a diagram illustrating an example of ele-
ments of the apparatus 10 for predicting an upcoming stage of
carotid stenosis shown in FIG. 1 that are activated when
operation information is a predicting instruction.

[0062] If operation information is a predicting instruction,
elements of the apparatus 10 for predicting an upcoming
stage of carotid stenosis that are used in predicting an upcom-
ing stage of carotid stenosis by applying received medical test
data to a prediction model corresponding to a cluster to which
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the medical test data belong are activated. These elements
include the receiving unit 100, the cluster determining unit
110, the risk factor score extracting unit 120, the prediction
model storage unit 130, and the prediction model learning
unit 140.

[0063] FIG. 4 is a graph for explaining a carotid stenosis
progression in phases.

[0064] A progression or a stage of carotid stenosis may be
represented by a value or a section. A diagnosis environment
or a patient’s condition and other characteristics may cause
deviation among patient’s medical test data, so dividing
carotid stenosis progression into sections may be more accu-
rate.

[0065] InFIG. 4, patients are classified into a female cluster
and a male cluster according to gender. A male patient M1
was tested in 2002, 2003, 2005, and 2006 for a stage of carotid
stenosis. A male patient M2 was tested in 2001, 2003, and
2005, a female patient F1 was tested in 2001 and 2003, and a
female patient F2 was tested in 2002 and 2006.

[0066] According to results of carotid stenosis ultrasonog-
raphy, a progression of carotid progression may be classified
into a normal state, an abnormal intima-media thickness (ab-
normal IMT) state, and a stenosis state.

[0067] The further carotid stenosis has progressed, the
higher a stage is assigned to the state of carotid stenosis. For
example, stage 1 of carotid stenosis corresponds to the normal
state, stage 2 of carotid stenosis corresponds to the abnormal
IMT state, and stage 3 of carotid stenosis corresponds to the
stenosis state.

[0068] A result of carotid stenosis ultrasonography and a
corresponding test date are risk factors that may be used for
performing machine learning on a prediction model and
employing the learned prediction model for predicting an
upcoming stage of carotid stenosis.

[0069] Specifically, a prediction model should be learned
first. If at least two risk factor scores, each including a result
of carotid stenosis ultrasonography and a corresponding test
date, are extracted from medical test data, learning may be
performed on a prediction model by applying the firstresult of
carotid stenosis ultrasonography and the last result of carotid
stenosis ultrasonography, along with other risk factor scores
included in the medical test data, to the prediction model
corresponding to a cluster to which the medical test data
belong.

[0070] In addition, if a specific result of carotid stenosis
ultrasonography and a corresponding test date are extracted
from medical test data, an outcome indicative of a carotid
stenosis progression at a specific point in time may be
obtained by applying the specific result of carotid stenosis
ultrasonography and the corresponding test date, along with
other risk factor scores included in the medical test data, to the
prediction model corresponding to the cluster to which the
medical test data belong. The specific point in time may be,
for example, four years in the future. However, four years is
merely one example, and other time periods may be used.

[0071] Table 2 below shows stages of carotid stenosis that
may be found by comparing the first result of carotid stenosis
ultrasonography and the last result of carotid stenosis ultra-
sonography for the patients shown in FIG. 4.
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TABLE 2

Stage of Carotid Stage of Carotid

Stenosis at First Stenosis at Last
Patient Ultrasonography Ultrasonography  Change in Stage
M1 Stage 3 Stage 3 No Change (+0)
M2 Stage 2 Stage 3 Heightened (+1)
F1 Stage 1 Stage 2 Heightened (+1)
F2 Stage 1 Stage 1 No Change (+0)

[0072] Referring again to FIG. 1, the prediction model

learning unit 140 determines whether a stage of carotid steno-
sis corresponding to the last result of carotid stenosis ultra-
sonography included in medical test data is higher than a
stage of carotid stenosis corresponding to the first result of
carotid stenosis ultrasonography included in medical test
data. For example, a stage of carotid stenosis has been height-
ened with respect to a male patient M2 and a female patient F1
in Table 2. In contrast, there has been no change in a state of
carotid stenosis with respect to a male patient M1 and a
female patient F1 in Table 2.

[0073] The fact that a stage of carotid stenosis has been
heightened for patients M2 and F1 indicates that carotid
stenosis has progressed further during the period between the
first carotid stenosis ultrasonography and the last carotid
stenosis ultrasonography. In this case, the prediction model
learning unit 140 may assign “1”, for example, an outcome
indicating information about an upcoming stage of carotid
stenosis with respect to the medical test data.

[0074] Alternatively, the fact that a stage of carotid stenosis
has not been heightened for patients M1 and F2 indicates that
a stage of carotid stenosis has been maintained at a relatively
constant level or that carotid stenosis has been reduced or
eliminated. In this case, the prediction model learning unit
140 may assign “0”, for example, as an outcome indicating
information about an upcoming stage of carotid stenosis.
[0075] As such, if machine learning is performed on a
prediction model by the prediction model learning unit 140
using medical test data, the prediction model may be
employed to predict an upcoming stage of carotid stenosis for
different medical test data belonging to the same cluster as the
medical test data used to perform the machine learning.
[0076] Thatis, ifthe predicting unit 150 obtains an outcome
of “1” when a patient’s medical test data is received with a
predicting instruction, the patient’s stage of carotid stenosis is
predicted to be heightened. For example, if a result of carotid
stenosis ultrasonography included in a patient’s medical test
data corresponds to the above-mentioned “abnormal IMT”
state, a stage of carotid stenosis is predicted to be heightened
to become the above-mentioned “stenosis™ state, meaning
that carotid stenosis is predicted to progress further.

[0077] In contrast, if the predicting unit 150 obtains an
outcome of “0” when a patient’s medical test data is received
with a predicting instruction, the patient’s stage of carotid
stenosis is predicted not to increase. For example, if a result of
carotid stenosis ultrasonography included in a patient’s medi-
cal test data corresponds to the “abnormal IMT” state, a stage
of carotid stenosis is predicted to remain at the “abnormal
IMT” state.

[0078] Machine learning is performed on a prediction
model only when medical test data is a result of two or more
carotid stenosis ultrasonographies. If a carotid stenosis ultra-
sonography has not been performed, or has been performed
only once, it is impossible to extract a first result of carotid
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stenosis ultrasonography and a last result of carotid stenosis
ultrasonography from the medical test data because a carotid
stenosis ultrasonography either has not been performed at all,
or has been performed only once.

[0079] In the above example, patients are classified into a
male cluster and a female cluster, but this is merely one
example. In other words, patients’ medical test data may be
clustered in various ways with a variety of existing clustering
techniques.

[0080] However, there may be numerous standards reflect-
ing a common characteristic between all of the medical test
data belonging to the same cluster, and how to apply such
standards (or a combination of the standards) may determine
a type of a clustering technique to be used.

[0081] For example, patients’ medical test data may be
classified into k clusters using a k-means clustering algo-
rithm. Other clustering techniques or algorithms may be used
to cluster patients’ medical test data properly.

[0082] FIG. 5 is a flow chart illustrating an example of a
method of predicting an upcoming stage of carotid stenosis.
Referring to FIG. 5, the method of predicting an upcoming
stage of carotid stenosis includes a receiving process S100, a
cluster determining process S110, a risk factor score extract-
ing process S120, and an operation performing process S130.
[0083] In the receiving process S100, a patient’s medical
test data related to carotid stenosis and corresponding opera-
tioninformation are received in an apparatus for predicting an
upcoming stage of carotid stenosis.

[0084] In the cluster determining process S110, clustering
is performed on the medical test data received in the receiving
process S100 based on at least one characteristic of the
patient. The at least one characteristic of the patient may be
included in the medical test data. Accordingly, a cluster to
which the medical test data belong is determined.

[0085] For example, if medical test data are classified into
two clusters based on gender as a characteristic of the patient,
received medical test data of a male patient belongs to a male
cluster, and received medical test data of a female patient
belongs to a female cluster.

[0086] In the risk factor score extracting process S120, at
least one risk factor score of a risk factor of a risk factor set of
the cluster to which the medical test data belong is extracted
from the medical test data.

[0087] In the operation performing process S130, machine
learning or prediction using a prediction model is selectively
performed according to the operation information that was
received in the receiving process S100.

[0088] FIG. 6 is a flow chartillustrating a detailed example
of the method of FIG. 5. Processes S100', S110', S120', and
S130' of FIG. 6 respectively correspond to processes S100,
S110, S120, and S130 of FIG. 5.

[0089] Inareceiving process S100', a patient’s medical test
data and corresponding operation information are received in
a receiving unit of an apparatus for predicting an upcoming
stage of carotid stenosis.

[0090] In a cluster determining process S110', a cluster to
which the medical test data belong is determined based on at
least one characteristic of the patient. The at least one char-
acteristic of the patient may be included in the medical test
data. In addition, a prediction model to be used with respect to
the medical test data is determined.

[0091] For example, when a clustering technique requiring
N clusters (1<k<N) is used and the received medical test data
belong to a k-th cluster, a prediction model Model (k) and a
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risk factor set Risk Factor Set (k) each corresponding to the
k-th cluster are used. The Risk Factor Set (k) is a set of risk
factors of the medical test data of the k-th cluster.

[0092] Inarisk factor score extracting process S120', a risk
factor score of a risk factor of the Risk Factor Set (k) is
extracted from the received medical test data. Different pre-
diction model and different risk factor sets are used with
respect to medical test data belonging to different clusters.
Conversely, the same prediction model and the same risk
factor set are used with respect to medical test data belonging
to the same cluster.

[0093] An operation performing process S130' includes an
operation information determining process S132.

[0094] When the operation information is a “learning
instruction”, the risk factor score extracted in the process
S120' for extracting a risk factor score is applied to the pre-
diction model corresponding to a cluster to which the
received medical test data belong to perform machine learn-
ing on the prediction model in a machine learning process
S134.

[0095] When the operation information is a “predicting
instruction”, the risk factor score extracted in the risk factor
score extracting process S120' is applied to a prediction
model] corresponding to a cluster to which the received medi-
cal test data belong to predict a patient’s upcoming stage of
carotid stenosis in a predicting process S136. The upcoming
stage of carotid stenosis may be predicted at a specific point in
time, for example, four years in the future. However, four
years is merely one example, and other time periods may be
used.

[0096] Inthe operation performing process S130', results of
carotid stenosis ultrasonography are classified into two or
more sections, and each section is representative of a specific
stage of carotid stenosis. In this way, it is possible to deter-
mine which stage of carotid stenosis a result of carotid steno-
sis ultrasonography extracted from medical test data corre-
sponds to. That is, a carotid stenosis progression may be
presented in phases.

[0097] If carotid stenosis progression is presented in
phases, a stage of carotid stenosis corresponding to a last
result of carotid stenosis ultrasonography extracted from
medical test data is compared with a stage of carotid stenosis
corresponding to a first result of carotid stenosis ultrasonog-
raphy extracted from the medical test data. If the stage of
carotid stenosis corresponding to the last result of carotid
stenosis ultrasonography is higher than the stage of carotid
stenosis corresponding to the first result of carotid stenosis
ultrasonography, an outcome (for example, “b 1””) indicating
that a stage of carotid stenosis is predicted to be heightened is
assigned. An outcome (for example, “0” or a value other than
“17) indicating that a stage of carotid stenosis is not predicted
to be heightened is assigned.

[0098] If machine learning is performed on a prediction
model with respect to medical test data in the machine learn-
ing process S134 to present carotid stenosis progression in
phases, the prediction model may be used to predict an
upcoming stage of carotid stenosis based on different medical
test data.

[0099] For example, if an outcome of “1” is obtained with
respect to different medical test data in the predicting process
S136, it may be predicted that a stage of carotid stenosis will
be heightened. Alternatively, if an outcome of “0” is obtained
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with respect to the different medical test data, it may be
predicted that a stage of carotid stenosis will not be height-
ened.

[0100] FIG. 7 is a block diagram illustrating another
example of an apparatus for predicting an upcoming stage of
carotid stenosis. In the example of FIG. 7, the apparatus 20 for
predicting an upcoming stage of carotid stenosis does not
perform machine learning on a plurality of prediction models
stored in a prediction model storage unit.

[0101] The apparatus 20 for predicting an upcoming stage
of carotid stenosis includes a receiving unit 200, a cluster
determining unit 210, a risk factor score extracting unit 220,
aprediction model storage unit 230, and a predicting unit 240.
[0102] The receiving unit 200 receives a patient’s medical
test data relating to carotid stenosis. Since machine learning
on a prediction model is not performed in the apparatus 20 for
predicting an upcoming stage of carotid stenosis, it is unnec-
essary to receive operation information.

[0103] The cluster determining unit 210 determines a clus-
ter to which the received medical test data belong based on a
gender of the patient. The gender may be included in the
medical test data.

[0104] The risk factor score extracting unit 220 extracts
from the medical test data at least one risk factor score includ-
ing a result of carotid stenosis ultrasonography. In addition,
the at least one risk factor score may include either one or both
of a blood pressure level and a cholesterol level.

[0105] The prediction model storage unit 230 stores a plu-
rality of prediction models used for predicting an upcoming
stage of carotid stenosis.

[0106] The predicting unit 240 obtains an outcome by
applying a value indicating a stage of carotid stenosis corre-
sponding to a result of carotid stenosis ultrasonography to a
prediction model corresponding to the determined cluster to
which the medical test data belong.

[0107] Ifan outcome of “1” is obtained, this indicates that
a stage of carotid stenosis is predicted to be heightened,
indicating that the patient’s upcoming stage of carotid steno-
sis is predicted to increase. Conversely, if an outcome of “0”
is obtained, this indicates that a stage of carotid stenosis is
predicted to not be heightened, indicating that the patient’s
upcoming of carotid stenosis is predicted to not increase.
[0108] As described above, if it is possible to predict
whether a patient’s carotid stenosis progression will become
worse ata specific point in time (for example, four years in the
future), high-risk patients may be appropriately treated with
medication so that heart diseases, strokes, and other cardio-
vascular problems may be effectively prevented. In addition,
the prediction may help low-risk patients avoid unnecessary
medical tests and excessive preventive treatment.

[0109] The receiving unit 100, the cluster determining unit
110, the risk factor score extracting unit 120, the prediction
model storage unit 130, the prediction model learning unit
140, the predicting unit 150, the receiving unit 200, the cluster
determining unit 210, the risk factor score extracting unit 220,
the prediction model storage unit 230, and the predicting unit
240 described above that perform the operations illustrated in
FIGS. 5 and 6 may be implemented using one or more hard-
ware components, one or more software components, or a
combination of one or more hardware components and one or
more software components.

[0110] A hardware component may be, for example, a
physical device that physically performs one or more opera-
tions, but is not limited thereto. Examples of hardware com-
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ponents include resistors, capacitors, inductors, power sup-
plies, frequency generators, operational amplifiers, power
amplifiers, low-pass filters, high-pass filters, band-pass fil-
ters, analog-to-digital converters, digital-to-analog convert-
ers, and processing devices.

[0111] A software component may be implemented, for
example, by a processing device controlled by software or
instructions to perform one or more operations, but is not
limited thereto. A computer, controller, or other control
device may cause the processing device to run the software or
execute the instructions. One software component may be
implemented by one processing device, or two or more soft-
ware components may be implemented by one processing
device, or one software component may be implemented by
two or more processing devices, or two or more software
components may be implemented by two or more processing
devices.

[0112] A processing device may be implemented using one
or more general-purpose or special-purpose computers, such
as, for example, a processor, a controller and an arithmetic
logic unit, a digital signal processor, a microcomputer, a
field-programmable array, a programmable logic unit, a
microprocessor, or any other device capable of running soft-
ware or executing instructions. The processing device may
run an operating system (OS), and may run one or more
software applications that operate under the OS. The process-
ing device may access, store, manipulate, process, and create
data when running the software or executing the instructions.
For simplicity, the singular term “processing device” may be
used in the description, but one of ordinary skill in the art will
appreciate that a processing device may include multiple
processing elements and multiple types of processing ele-
ments. For example, a processing device may include one or
more processors, Or one or more processors and one or more
controllers. In addition, different processing configurations
are possible, such as parallel processors or multi-core proces-
SOrS.

[0113] A processing device configured to implement a soft-
ware component to perform an operation A may include a
processor programmed to run software or execute instruc-
tions to control the processor to perform operation A. In
addition, a processing device configured to implement a soft-
ware comporent to perform an operation A, an operation B,
and an operation C may have various configurations, such as,
for example, a processor configured to implement a software
component to perform operations A, B, and C; a first proces-
sor configured to implement a software component to per-
form operation A, and a second processor configured to
implement a software component to perform operations B
and C; a first processor configured to implement a software
component to perform operations A and B, and a second
processor configured to implement a software component to
perform operation C; a first processor configured to imple-
ment a software component to perform operation A, a second
processor configured to implement a software component to
perform operation B, and a third processor configured to
implement a software component to perform operation C; a
first processor configured to implement a software compo-
nent to perform operations A, B, and C, and a second proces-
sor configured to implement a software component to per-
form operations A, B, and C, or any other configuration of one
or more processors each implementing one or more of opera-
tions A, B, and C. Although these examples refer to three
operations A, B, C, the number of operations that may imple-
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mented is not limited to three, but may be any number of
operations required to achieve a desired result or perform a
desired task.

[0114] Software orinstructions for controlling a processing
device to implement a software component may include a
computer program, a piece of code, an instruction, or some
combination thereof, for independently or collectively
instructing or configuring the processing device to perform
one or more desired operations. The software or instructions
may include machine code that may be directly executed by
the processing device, such as machine code produced by a
compiler, and/or higher-level code that may be executed by
the processing device using an interpreter. The software or
instructions and any associated data, data files, and data struc-
tures may be embodied permanently or temporarily in any
type of machine, component, physical or virtual equipment,
computer storage medium or device, or a propagated signal
wave capable of providing instructions or data to or being
interpreted by the processing device. The software or instruc-
tions and any associated data, data files, and data structures
also may be distributed over network-coupled computer sys-
tems so that the software or instructions and any associated
data, data files, and data structures are stored and executed in
a distributed fashion.

[0115] For example, the software or instructions and any
associated data, data files, and data structures may be
recorded, stored, or fixed in one or more non-transitory com-
puter-readable storage media. A non-transitory computer-
readable storage medium may be any data storage device that
is capable of storing the software or instructions and any
associated data, data files, and data structures so that they can
be read by a computer system or processing device. Examples
of a non-transitory computer-readable storage medium
include read-only memory (ROM), random-access memory
(RAM), flash memory, CD-ROMs, CD-Rs, CD+Rs,
CD-RWs, CD+RWs, DVD-ROMs, DVD-Rs, DVD+Rs,
DVD-RWs, DVD+RWs, DVD-RAMs, BD-ROMs, BD-Rs,
BD-R LTHs, BD-REs, magnetic tapes, floppy disks, mag-
neto-optical data storage devices, optical data storage
devices, hard disks, solid-state disks, or any other non-tran-
sitory computer-readable storage medium known to one of
ordinary skill in the art.

[0116] Functional programs, codes, and code segments for
implementing the examples disclosed herein can be easily
constructed by a programmer skilled in the art to which the
examples pertain based on the drawings and their correspond-
ing descriptions as provided herein.

[0117] While this disclosure includes specific examples, it
will be apparent to one of ordinary skill in the art that various
changes in form and details may be made in these examples
without departing from the spirit and scope of the claims and
their equivalents. The examples described herein are to be
considered in a descriptive sense only, and not for purposes of
limitation. Descriptions of features or aspects in each
example are to be considered as being applicable to similar
features or aspects in other examples. Suitable results may be
achieved if the described techniques are performed in a dif-
ferent order, and/or if components in a described system,
architecture, device, or circuit are combined in a different
manner, and/or replaced or supplemented by other compo-
nents or their equivalents. Therefore, the scope of the disclo-
sure is defined not by the detailed description, but by the
claims and their equivalents, and all variations within the
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scope of the claims and their equivalents are to be construed
as being included in the disclosure.

What is claimed is:

1. An apparatus for predicting an upcoming stage of carotid
stenosis, the apparatus comprising:

a receiving unit configured to receive a patient’s medical

test data relating to carotid stenosis;

acluster determining unit configured to determine a cluster
to which the patient’s medical test data belong based on
a gender of the patient;

arisk factor score extracting unit configured to extract from
the patient’s medical test data a risk factor score com-
prising a result of carotid stenosis ultrasonography;

a prediction model storage unit configured to store a plu-
rality of prediction models used to predict an upcoming
stage of carotid stenosis; and

apredicting unit configured to obtain an outcome by apply-
ing a value indicating a stage of carotid stenosis corre-
sponding to the result of carotid stenosis ultrasonogra-
phy and the extracted risk score factor to a prediction
model corresponding to the determined cluster to which
the patient’s medical test data belong among the plural-
ity of prediction models.

2. The apparatus of claim 1, wherein the extracted risk
factor score comprises either one or both of a blood pressure
level and a cholesterol level.

3. A method of predicting an upcoming stage carotid steno-
sis, the method comprising:

receiving a patient’s medical test data relating to carotid
stenosis;

determining a cluster to which the patient’s medical test
data belong based on a gender of the patient;

extracting from the patient’s medical test data a risk factor
score comprising a result of carotid stenosis ultrasonog-
raphy;

storing a plurality of prediction models used to predict an
upcoming stage of carotid stenosis; and

obtaining an outcome by applying a value indicating a
stage of carotid stenosis corresponding to the result of
carotid stenosis ultrasonography and the extracted risk
factor score to the prediction model corresponding to the
determined cluster to which the patient’s medical test
data belong among the plurality of prediction models.

4. The method of claim 3, wherein the extracted risk factor
score comprises either one or both of a blood pressure level
and a cholesterol level.

5. An apparatus for predicting an upcoming stage of carotid
stenosis, the apparatus comprising:

a receiving unit configured to receive a patient’s medical
test data relating to carotid stenosis and corresponding
operation information;

acluster determining unit configured to determine a cluster
to which the patient’s medical test data belong based on
a characteristic of the patient;

arisk factor score extracting unit configured to extract from
the patient’s medical test data at least one risk factor
score of a risk factor of a risk factor set of the determined
cluster to which the patient’s medical test data belong;

a prediction model storage unit configured to store a plu-
rality of prediction models used to predict an upcoming
stage of carotid stenosts;

a prediction model learning unit configured to perform
machine learning by applying the extracted risk factor
score to a prediction model corresponding to the deter-
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mined cluster to which the patient’s medical test data
belong among the plurality of prediction models; and

apredicting unit configured to obtain an outcome by apply-
ing the extracted risk factor score to the prediction model
corresponding to the determined cluster to which the
patient’s medical test data belong.

6. The apparatus of claim 5, wherein the prediction model
learning unit is further configured to perform the machine
learning when the operation information is a learning instruc-
tion; and

the predicting unit is further configured to obtain the out-

come when the operation information is a predicting
instruction.

7. The apparatus of claim 6, wherein the extracted risk
factor score comprises a result of carotid stenosis ultrasonog-
raphy and a corresponding test date.

8. The apparatus of claim 7, wherein the prediction model
learning unit is further configured to classify all results of
carotid stenosis ultrasonography into at least two sections;
and

each section of the at least two sections is representative of

a specific stage of carotid stenosis.

9. The apparatus of claim 8, wherein the prediction model
learning unit is further configured to:

assign a first outcome to the patient’s medical test data

when a stage of carotid stenosis corresponding to a last
result of carotid stenosis ultrasonography of the
patient’s medical test data is higher than a stage of
carotid stenosis corresponding to a first result of carotid
stenosis ultrasonography of the patient’s medical test
data; and

assign a second outcome to the patient’s medical test data

in other cases.

10. The apparatus of claim 9, wherein when the predicting
unit obtains the first outcome when the patient’s medical test
data is received with the predicting instruction, a stage of
carotid stenosis of the patient is predicted to be heightened,
and

when the predicting unit obtains the second outcome when

the patient’s medical test data is received with the pre-
dicting instruction, the stage of carotid stenosis of the
patient is predicted not to be heightened.

11. The apparatus of claim 10, wherein the extracted risk
factor score comprises at least two results of carotid stenosis
ultrasonography; and

the prediction model learning unit is further configured to

perform the machine learning using the at least two
results of carotid stenosis ultrasonography.

12. A method of predicting an upcoming stage of carotid
stenosis, the method comprising:

receiving a patient’s medical test data relating to carotid

stenosis and corresponding operation information;
determining a cluster to which the patient’s medical test
data belong based on a characteristic of the patient;
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extracting from the patient’s medical test data at least one
risk factor score of a risk factor of a risk factor set of the
determined cluster to which the patient’s medical test
data belong; and

selectively performing machine learning or performing

prediction using a prediction model according to the
operation information.

13. The method of claim 12, wherein the selectively per-
forming ofthe machine learning or performing the prediction
comprises:

when the operation information is a learning instruction,

performing the machine learning by applying the
extracted risk factor score to a prediction model corre-
sponding to the determined cluster to which the patient’s
medical test data belong among a plurality of prediction
models used for predicting an upcoming stage of carotid
stenosis; and

when the operation information is a predicting instruction,

performing the prediction using a prediction model by
applying the extracted risk factor score to the prediction
model corresponding to the determined cluster to which
the patient’s medical test data belong.

14. The method of claim 13, wherein the extracted risk
factor score comprises a result of carotid stenosis ultrasonog-
raphy and a corresponding test date.

15. The method of claim 14, wherein the performing of the
machine learning comprises classifying all results of carotid
stenosis ultrasonography into at least two sections; and

each section of the at least two sections is representative of

a specific stage of carotid stenosis.

16. The method of claim 15, wherein the performing of the
machine learning further comprises:

assigning a first outcome to the patient’s medical test data

when a stage of carotid stenosis corresponding to a last
result of carotid stenosis ultrasonography of the
patient’s medical test data is higher than a stage of
carotid stenosis corresponding to a first result of carotid
stenosis ultrasonography of the patient’s medical test
data; and

assigning a second outcome to the patient’s medical test

data in other cases.

17. The method of claim 16, wherein when the performing
of the prediction using a prediction model obtains the first
outcome when the patient’s medical test data is received with
the predicting instruction, a stage of carotid stenosis of the
patient is predicted to be heightened; and

when the performing of the prediction using a prediction

model obtains the second outcome when the patient’s
medical test data is received with the predicting instruc-
tion, the stage of carotid stenosis of the patient is pre-
dicted not to be heightened.
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