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HIGH-PRECISION DIAGNOSTIC SYSTEM USING MULTI-ITEM SIMULTANEOUS
MEASUREMENT DATA, HIGH-PRECISION DIAGNOSTIC METHOD, AND
PROGRAM

TECHNICAL FIELD
[0001] The present disclosure relates to a high-precision diagnostic method and program using
multi-item simultaneous measurement data for detecting and visualizing known mutation and

unknown mutation.

BACKGROUND

[0002] For example, the most comprehensive method for detecting base sequence mutation, i.e.,
genetic mutation, is to analyze a genome by using Whole Genome Sequencing (WGS). However,
WGS requires a sophisticated analytical device, technology, and expensive reagent, and therefore
there is a need for a technology to quantitatively detect and diagnose genetic mutation easily and

quickly.

[0003] One of the technologies to quantitatively detect a mutation site easily and quickly is, for
example, a multi-item simultaneous gene-related test using a DNA microarray. The presence or
the absence of known genetic mutation can be detected as multi-item simultaneous measurement

data for each mutation site through a multi-item simultaneous gene-related test.

[0004] Conventionally, the presence or the absence of a mutation site is detected from the
above-mentioned multi-item simultaneous measurement data, and whether or not there is a
matched known typical mutation pattern is judged to diagnose whether the mutation is known or

unknown.

[0005] For example, Patent Document 1 discloses an analysis method for calculating the pattern
and the frequency of a mutation by comparing each read sequence (sequence information of a
base sequence to be sequenced) with a reference sequence to detect a base mutation from each

read sequence and analyzing the result.

[0006] In addition, Patent Document 2 discloses an idea of giving priority to detecting a
mutation in the broader region of a sequence and analyzing the mutation pattern to analyze a

tendency in genetic mutation within the broader region of the sequence.
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[0007] In addition, Non-patent Document 1 discloses a method in which the evolutionary
distance from the gene of a virus is determined as a p-distance, and the p-distance is distributed

in a Euclidean space by using a Multi-Dimensional Scaling method.

DOCUMENT IN THE EXISTING ART
[0008] Patent Literature

[0009] Patent Document 1: JP 2018-130114 A

[0010] Patent Document 1: JP 2021-126125 A

[0011] Non-patent Literature

[0012] Non-Patent Document 1: Special Feature: Report on Research Activities of Students -
Participation in Domestic and International Conferences 22, online, retrieved on May 20, 2022,

Internet, https://www.rikou.ryukoku.ac.jp/ journal/journal69/RJ69S-19.pdf

SUMMARY
[0013] The technical problem solved by the disclosure

[0014] The technologies described in Patent Documents 1 and 2, and Non-Patent Document 1
can discriminate known genetic mutation, detect unknown genetic mutation, and visualize the

evolutionary distance of differences in genetic mutation.

[0015] However, those technologies cannot highly accurately show which known mutation
unknown mutation is close to or visually demonstrate the basis for determination of the analysis
result that the mutation is unknown mutation, after categorizing and visualizing known mutation

and unknown mutation.

[0016] The present disclosure provides a high-precision diagnostic system using multi-item
simultaneous measurement data for highly accurately categorizing known mutation and
unknown mutation, analyzing and visualizing the categorized result, and visually demonstrating

the base for determination.
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[0017] Solution for solving the technical problem

[0018] According to a first aspect of the present disclosure, the high-precision determination
system using multi-item simultaneous measurement data for detecting and visualizing a known

sample and an unknown sample, includes:

[0019] an acquisition unit that acquires at least multi-item simultaneous measurement data on an

unknown sample and multi-item simultaneous measurement data on a known sample;

[0020] a categorizing unit that analyzes and quantifies similarity between the acquired
multi-item simultaneous measurement data on the unknown sample and the acquired multi-item
simultaneous measurement data on the known sample, categorizes an unknown sample that

differs from a known sample in tendency, and generates categorization data;

[0021] a determination unit that dimensionally compresses the generated categorization data and

generates a two-dimensional scatter diagram as determination data;

[0022] a storage unit that stores at least the multi-item simultaneous measurement data on the
unknown sample, the multi-item simultaneous measurement data on the known sample, the

categorization data, and the determination data; and

[0023] a provisioning unit that provides at least the stored data.

[0024] According to the first aspect of the present disclosure, the high-precision determination
system using multi-item simultaneous measurement data for detecting and visualizing a known
sample and an unknown sample acquires at least multi-item simultaneous measurement data on
an unknown sample and multi-item simultaneous measurement data on a known sample;
analyzes and quantifies similarity between the acquired multi-item simultaneous measurement
data on the unknown sample and the acquired multi-item simultaneous measurement data on the
known sample, categorizes an unknown sample that differs from a known sample in tendency,
and generates categorization data; dimensionally compresses the generated categorization data
and generates a two-dimensional scatter diagram as determination data; stores at least the
multi-item simultaneous measurement data on the unknown sample, the multi-item simultaneous

measurement data on the known sample, the categorization data, and the determination data; and
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provides at least the stored data.

[0025] The first aspect of the present disclosure is categorized into a high-precision diagnostic
system, but a high-precision diagnostic method and a program also have the same actions and

effects.

[0026] According to a second aspect of the present disclosure, the high-precision diagnostic

system according to the first aspect of the present disclosure, which is:

[0027] a high-precision diagnostic system using multi-item simultaneous measurement data for
detecting and visualizing known mutation and unknown genetic mutation, the multi-item

simultaneous measurement data and the known data being related to a basic sequence, includes:

[0028] an acquisition unit that acquires at least the multi-item simultaneous measurement data

and a known basic sequence data;

[0029] a learning model generation unit that categorizes the acquired multi-item simultaneous
measurement data and basic sequence data and detects unknown genetic mutation that differ
from known genetic mutation in tendency by using the local outlier factor method, and generates

a learning model that generates multi-item mutation site pattern data;

[0030] a diagnostic unit that generates a two-dimensional scatter diagram as diagnostic data
from the generated multi-item mutation site pattern data and from learning data for the learning

model based on the learning model by using the Multi-Dimensional Scaling method;

[0031] a storage unit that stores at least the multi-item simultaneous measurement data, the

known data, the multi-item mutation site pattern data, and the diagnostic data; and

[0032] a provisioning unit that provides at least the stored data.

[0033] According to the second aspect of the present disclosure, in the high-precision diagnostic
system according to the first aspect of the present disclosure, the categorizing unit analyzes and
quantifies similarity between the acquired multi-item simultaneous measurement data of the

unknown sample and the acquired multi-item simultaneous measurement data of the known

4



10

15

20

25

30

sample by using the k-nearest neighbor method (k-Nearest Neighbor, kNN), categorizes an
unknown sample that differs from the known sample in tendency by using the local outlier factor
(LOF) method, and the determination unit generates a two-dimensional scatter diagram as
determination data from the categorization data by using the Multi-Dimensional Scaling (MDS)

method.

[0034] According to a third aspect of the present disclosure, in the high-precision diagnostic
system according to the first or the second aspect of the present disclosure, the multi-item
simultaneous measurement data is data related to a nucleic acid sequence obtained from the

unknown sample and the known sample.

[0035] According to a fourth aspect of the present disclosure, in the high-precision diagnostic
system according to the first or the second aspect of the present disclosure, a known new

coronavirus variant and an unknown new coronavirus variant are determined.

[0036] According to the fourth aspect of the present disclosure, in the high-precision diagnostic
system of the first or the second aspect of the present disclosure, a known new coronavirus

variant and a new coronavirus variant are diagnosed.

[0037] According to a fifth aspect of the present disclosure, in the high-precision diagnostic
system according to the third aspect of the present disclosure, the unknown sample and the

known sample are cancer cells.

[0038] According to a sixth aspect of the present disclosure, in the high-precision diagnostic
system according to the third aspect of the present disclosure, the multi-item simultaneous
measurement data is data indicating a measured abundance of a specific protein for determining

clinical condition.

[0039] According to a seventh aspect of the present disclosure, the high-precision diagnostic
system according to the first aspect of the present disclosure includes a learning model
generation unit that generates a learning model that improves categorization accuracy by

recognizing one or more quantified items as one or more patterns; and

[0040] a pattern data generation unit that generates pattern data from the categorization data
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based on the learning model, in which

[0041] the storage unit stores at least the pattern data and the learning model, and the providing

unit provides at least the pattern data.

[0042] Technical effect

[0043] The present disclosure can provide a high-precision diagnostic system that has capability
of highly accurately detecting known mutation and unknown mutation from multi-item
simultaneous measurement data, analyzing and visualizing the detection result, and visually

demonstrating the base for determination.

BRIEF DESCRIPTION OF THE DRAWINGS
[0044] FIG. 1 is a schematic diagram of the high-precision diagnostic system 1.

[0045] FIG. 2 is a configuration diagram of the high-precision diagnostic system 1.

[0046] FIG. 3 is a flowchart showing the procedure of the high-precision diagnosis process

executed by the computer 2 of the high-precision diagnostic system 1.

[0047] FIG. 4 is an example display screen of multi-item mutation site pattern data generated by

the computer 2, which is displayed by the user terminal 3.

[0048] FIG. 5 is an example display screen of diagnostic data generated by the computer 2,
which is displayed by the user terminal 3.

DETAILED DESCRIPTION OF THE EMBODIMENTS
[0049] The best mode for embodying the present disclosure is described below with reference to
the attached drawings. However, this is merely an example, and the technical scope of the

present disclosure is not limited thereto.

[0050] Overview of high-precision diagnostic system 1

[0051] FIG. 1 is a diagram to explain an overview of the high-precision diagnostic system 1.
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[0052] As shown in FIG. 1, the high-precision diagnostic system 1 is, for example, a computer
system for use in the diagnosis of genetic mutation, which is a system including at least a
computer 2 and a user terminal 3. The computer 2 and the user terminal 3 can communicate with

each other through a network 4.

[0053] The computer 2 of the high-precision diagnostic system 1 is a computer for controlling
the high-precision diagnostic system 1, which may be realized in, for example, one or more

physical computers or a virtual device such as a cloud computer.

[0054] The user terminal 3 of the high-precision diagnostic system 1 is a terminal for
transmitting and receiving multi-item simultaneous measurement data 101, base sequence data
102, multi-item mutation site pattern data 103, and diagnostic data 104 to and from the computer
2, which may be a personal computer, a laptop computer, a mobile terminal such as a smart
phone or a tablet terminal, or a wearable terminal such as a head-mounted display such as smart

glasses or a smart watch.

[0055] First, the acquisition unit 201 of the computer 2 acquires at least multi-item simultaneous
measurement data 101 and base sequence data 102 from the user terminal 3 (step SO1). In the
present disclosure, the multi-item simultaneous measurement data 101 shall be data acquired by
a multi-item simultaneous gene-related test, for example, a microarray. The multi-item
simultaneous measurement data 101 may be substituted with data such as 0 or 1 representing the
absence or the presence, respectively, of mutation, in which a threshold may be set for each
genetic mutation site. Alternatively, the multi-item simultaneous measurement data 101 may be
quantitatively substituted with the mutant type of a mutation site. The base sequence data 102
shall include, for example, at least the base sequence data of a wild type (WT) strain with a
genetic type which an organism or a microorganism inherently has for a mutant with a mutated
gene, and the base sequence data of a mutant (MUT) strain with a known mutated gene. These
base sequence data are genomically analyzed by using WGS. The base sequence data 102 may
be substituted with quantifiable data for each genetic mutation site according to the multi-item
simultaneous measurement data 101. The timing of acquisition of such data is not limited, nor is

the data format.

[0056] Next, the learning model generation unit 202 of the computer 2 categorizes known

genetic mutation from the acquired at least multi-item simultaneous measurement data 101 and
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base sequence data 102 by using kNN, detects unknown genetic mutation that differs from
known genetic mutation in tendency by using LOF, and generates a learning model 10 that
generates multi-item mutation site pattern data 103 (step S02). The multi-item mutation site
pattern data 103 may be, for example, a barcode pattern in which a mutation site is quantitatively
substituted with the mutant type of a mutation site as a panel. If the data indicates known genetic
mutation, the multi-item mutation site pattern data 103 may be generated by linking the name of
a known mutant type with reference to the base sequence data 102. If the data indicates unknown
genetic mutation, the multi-item mutation site pattern data 103 may be generated by linking a

predefined name such as Atypical.

[0057] Next, the diagnostic unit 203 of the computer 2 generates a two-dimensional scatter
diagram generated by using MDS from the multi-item mutation site pattern data 103 generated
based on the learning model 10 and the learning data for the learning model 10, as diagnostic
data 104 (step S03). The diagnostic data 104 is data visualizing the basis for determination of the
learning model 10 in a two-dimensional scatter diagram with the difference from known
mutation as distance, for example, if the multi-item mutation site pattern data 103 generated by

the learning model 10 indicates unknown mutation.
[0058] Next, the storage unit 204 of the computer 2 stores at least the acquired multi-item
simultaneous measurement data 101, the acquired base sequence data 102, the generated

multi-item mutation site pattern data 103, and the diagnostic data 104 in the computer 2 (step

04).

[0059] Finally, the provisioning unit 205 of the computer 2 provides the data stored by the
storage unit 204 through at least the user terminal 3 (step 05).

[0060] The above is an overview of the high-precision diagnostic system 1.

[0061] Configuration of high-precision diagnostic system 1

[0062] FIG. 2 is a diagram to explain the configuration of the high-precision diagnostic system
1.

[0063] As shown in FIG. 2, the computer 2 of the high-precision diagnostic system 1 includes a
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control unit (not shown) equipped with a CPU (Central Processing Unit), a GPU (Graphics
Processing Unit), a RAM (Random Access Memory), and a ROM (Read Only Memory) and a
communication unit (not shown) equipped with a device for enabling communication with other
terminals, devices, etc., such as a Wi-Fi® (Wireless-Fidelity)-compliant device in accordance

with IEEE802.11.

[0064] The computer 2 also includes a memory unit (not shown) as a data storage unit by means
of a hard disk, a semiconductor memory, a recording medium, a memory card, etc. The data

storage unit may exist outside where network communication is enabled.

[0065] In the computer 2, the control unit realizes an acquisition unit 201, a learning model
generation unit 202, a diagnosis unit 203, a storage unit 204, and a provisioning unit 205 in
cooperation with the memory unit and the communication unit and the memory unit by a

predetermined program.

[0066] The user terminal 3 is an electronic device such as a computer, a smartphone, or a tablet
terminal, which is data-communicatively connected with the above-mentioned computer 2
through a network 4. The number of user terminals 3 is not necessarily one and may be more

than one.

[0067] The user terminal 3 includes a terminal control unit (not shown) equipped with a CPU,
GPU, RAM, ROM, etc., in the same way as the control unit in the above-mentioned computer 2.
The user terminal 3 also includes a communication unit (not shown) equipped with a device for
enabling communication with other terminals, devices, etc. The user terminal 3 also includes an
input/output unit (not shown) equipped with an input/output device, etc., for inputting and
outputting data. The user terminal 3 also includes a memory unit (not shown) as a data storage
unit (not shown) by means of a hard disk, a semiconductor memory, a recording media, a

memory card, etc.

[0068] The above is the configuration of the high-precision diagnostic system 1.

[0069] Genetic mutation high-precision diagnostic process

[0070] FIG. 3 is a flowchart diagram showing the procedure of the genetic mutation
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high-precision diagnosis process executed by the computer 2 of the high-precision diagnostic
system 1. The genetic mutation high-precision diagnostic process executed by the computer 2 is

explained below with reference to Fig. 3.

[0071] First, the acquisition unit 201 of the computer 2 acquires at least multi-item simultaneous
measurement data 101 and base sequence data 102 (step S301). The data may be already stored
in the computer 2 or may be acquired by data-communicatively connecting with the user

terminal 3 through a network 4 such as a public line network.

[0072] Next, the learning model generation unit 202 of the computer 2 categorizes known
genetic mutation from the acquired at least multi-item simultaneous measurement data 101 and
base sequence data 102 by using kNN, detects unknown genetic mutation that differs from
known genetic mutation in tendency by using LOF, and generates a learning model 10 that

generates multi-item mutation site pattern data 103 (step S302).

[0073] Next, the learning model 10 of the computer 2 categorizes known genetic mutation from
the multi-item simultaneous measurement data 101, detects unknown genetic mutation, and

generates the multi-item mutation site pattern data 103 (step S303).

[0074] The method of categorizing known genetic mutation by using kNN is explained in detail

below, using a new coronavirus variant as an example.

[0075] The multi-item simultanecous measurement data 101 is data acquired from a multi-item
simultaneous gene-related test for a new coronavirus variant, in which a threshold is set for each
genetic mutation site. The multi-item simultaneous measurement data 101 is quantifiable data
according to the mutant type of the mutation site. For example, the mutation site is shown as a
panel, and the output value varies depending on the shade of the color of the panel. The panel

detected in multiple items is substituted with a barcode pattern.

[0076] The base sequence data 102 is base sequence data at least including base sequence data
acquired from the WT of a new coronavirus variant or base sequence data of a mutant type with
a known mutated gene, which is substituted with quantifiable data for each genetic mutation site

according to the multi-item simultaneous measurement data 101.
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[0077] The categorization of known genetic mutation first represents on expressed by the output
value (continuous value) of the nth mutation site. In this case, the output of a certain mutant type
can represent the vector o = (au, a2, ..., 0n) expressed by a vector in a n-dimensional space. Since
the magnitude of the components of the vector varies with the amount of virus, normalization is
performed by dividing the vector a by the magnitude of the vector. Accordingly, each case is
placed on a unit circumference of n dimensions, and each case is categorized depending on
which direction the case faces from the origin. If the barcode patterns on the same panel have
different color intensities (different magnitudes of the output values), but the barcode patterns on
the panel are the same, the genetic mutation is categorized as a same mutant type because the

cases face the same direction.

[0078] In the learning performed by the learning model generation unit 202, the
above-mentioned base sequence data 102 is used as teacher data for learning, the learning data is
placed on an n-dimensional space and linked to the name of a known mutant type, and a learning

model 10 is generated.

[0079] When newly acquired multi-item simultaneous measurement data 101 is categorized as
test data (vector B = (B1, B2, ..., Pn)), the Euclidean distance between the ith learning data (vector
ai) and the test data (vector PB) is calculated, the learning data with the closest distance is
determined and linked to the name of a mutant type in the learning data, and multi-item mutation

site pattern data 103 is generated (Step S303a).

[0080] The method of detecting unknown genetic mutation by using LOF is explained in detail

below, using a new coronavirus variant as an example.

[0081] First, the reachable distance from x to x' is defined by Formula 1 below. In the formula,
x® represents the kth closest case to x in the learning data {xi}™ =1. The local reachable density
of x is defined as Formula 2 below. Using this local reachable density, the LOF of x is defined by

Formula 3 below.

[0082] LOFk(x) is the ratio of the average local reachable density of x) to the local reachable
density of x. If the density around the learning data xVis high, but the density around the test
data x is low, the LOF value increases. This case is determined as an unknown pattern not

existing in the learning data is detected as unknown genetic mutation, and multi-item mutation
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site pattern data 103 is generated (step S303b).

[0083] Formula 1
RD; (x, x ) = max{||x — x®||, llx — x'II}

[0084] Formula 2

k
LRD; (x) = (%z RD, (x ), x))
i=1

-1

[0085] Formula 3

£3E, LRD, (x©)
LRD, (x)

LOF, (x) =

[0086] FIG. 4 is an example display screen of the multi-item mutation site pattern data 103
generated by the computer 2, which is displayed by the user terminal 3 for a new coronavirus
variant. As shown in FIG. 4, the multi-item mutation site pattern data 103 generated by the
computer 2 is displayed as the mutation site pattern, for example, a heatmap which is a type of
visualized graph expressing the individual values of two-dimensional data by using colors and
shades after a known new coronavirus variant such as a Delta variant is categorized and an

unknown new coronavirus variant is detected.

[0087] Thus, it is possible to categorize known genetic mutation and detect unknown genetic
mutation, but it is difficult to demonstrate the basis for the reason why the learning model 10 is
so determined. As the result, the result presented by the learning model 10 is hardly trusted and

utilized.

[0088] Then, the diagnostic unit 203 of the computer 2 generates a two-dimensional scatter
diagram visualized from data distribution by using MDS from the multi-item mutation site
pattern data 103 and from the learning data for the learning model 10, as diagnostic data 104
(step S304).

[0089] The method of visualizing data distribution by using MDS is explained in detail below,
12
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using a new coronavirus variant as an example.

[0090] Since the output value of the multi-item simultaneous measurement data 101 is
n-dimensional data, each case is distributed as a single point in an n-dimensional space. If the
n-dimensional data can be dimensionally reduced to two-dimensional data (or three-dimensional
data), the dimensional data can be displayed in a scatter diagram, allowing the user to intuitively
determine which known mutation the test data is close to or whether the test data is unknown
mutation. Thus, the basis for determination of the result presented by the learning model 10 can
be used. Then, dimensional aggregation is performed by using MDS. MDS configures a new axis

in the following procedure.
[0091] First, the distance matrix dj;, which is made up of the Euclidean distances between the
input 1 and the input j, is determined, and then the transformation matrix Zj;, by which the origin

moves to become the center of gravity of n input data, is determined (Formula 4).

[0092] Formula 4
2 2 ¥ y)
t) 2 Y ¢ n . n : . n2

[0093] Next, a new coordinate point is determined as coordinate values on the axes given by the

~
|
[u—y
—
|
o
-
[
[uny
S,
|
—

eigenvector of the matrix Z;j. MDS is a linear transformation that maintains the Euclidean
distance between data so that the relative positional relationship of each case in an n-dimensional

space can be interpreted to be reproduced in a two-dimensional space.

[0094] The learning data is used to determine a conversion equation for dimensional reduction
of n-dimensional data to two-dimensional data, and the conversion equation is then applied to the
test data to determine the position of the test data in a two-dimensional space. Since the output
value of the multi-item simultaneous measurement data 101 is represented as a barcode pattern,
for example, as (1,0) or (0,1), each case is distributed along an axis in a linear independent

relationship in an n-dimensional space.

[0095] Since MDS is a method of determining two new axes by means of eigenvectors in an

orthonormal relationship in a way that maintains the Euclidean distance for each case, the key to
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the present disclosure is that MDS is a dimensional reduction method that takes into account the

mathematical properties of the barcode pattern of the multi-item simultaneous measurement data

101.

[0096] In addition, in t-distributed Stochastic Neighbor Embedding, (t-SNE), which is
frequently used as a dimensional reduction method, a new axis is formed each time when new
test data is entered, so that learning and testing cannot be performed separately. Thus, MDS,
which can add the distribution of test data over two-dimensional distribution of fixed known

mutation, is considered to be superior to t-SNE.

[0097] FIG. 5 is an example display screen of the diagnostic data 104 generated by the
computer 2, which is displayed by the user terminal 3 for a new coronavirus variant. As shown in
FIG. 5, the diagnostic data 104 generated by the computer 2, which is generated in a
two-dimensional scatter diagram, as diagnostic data from the multi-item mutation site pattern
data 103 after a known new coronavirus variant such as a Delta valiant, etc., is categorized and
after an unknown new coronavirus variant is detected, can visually demonstrate the validity of

the multi-item mutation site pattern data 103 generated based on the learning model.

[0098] The above is the high-precision diagnostic process.

[0099] Such a high-precision diagnostic process can provide a high-precision diagnostic system
using multi-item simultaneous measurement data from multi-item simultaneous gene-related test
for highly accurately categorizing known genetic mutation and unknown genetic mutation,
analyzing and visualizing the categorized result, and visually demonstrating the base for

determination.

[0100] The high-precision diagnostic system 1 is useful as a diagnostic test not only for the
above-mentioned new coronavirus variant but also for other diseases, for example, by detecting

genetic mutation in a cancer cell or by detecting a specific protein.

[0101] Diagnosis by detection of genetic mutation in cancer cell

[0102] The system can be used as an Al system to suggest optimal treatment for cancer. In

recent years, genetic abnormalities related to cancer growth have been revealed one after another.
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Currently, after testing for genetic mutation in a cancer cell, treatment with a molecularly
targeted drug which can be expected to have a significant effect is administered if the conditions
are right. For example, EGFR genetic mutation, ALK fusion genes, HER2 genetic mutation,
MET genetic mutation, ROS1 fusion genes, BRAF genetic mutation, RET fusion genes, and
RAS genetic mutation are known as genetic abnormalities related to lung adenocarcinoma.
Genomic medicine, in which genetic mutation in a cancer cell is combined with a molecularly
targeted drug, is used for diagnosis and treatment. For example, if there is only EGFR genetic

mutation, the molecularly targeted drug gefitinib is likely to be dramatically effective.

[0103] The result of a test for the presence or the absence of genetic mutation in a cancer cell
can be thought in the same way as the output of the panel pattern in the present disclosure.
Therefore, by analyzing information on the presence or the absence of genetic mutation in a
cancer cell by using the same algorithm as the present disclosure, it is possible to select an
effective molecularly targeted drug and to construct and use an Al system to suggest optimal
treatment. It is also possible to predict that the case will not respond to a molecularly targeted

drug if the result of the test is different from a known pattern.

[0104] Detection of specific protein

[0105] Data such as the Bio-Plex™ Suspension Array System, which uses the bind of 100
different color-coded beads that specifically conjugate to different proteins, provides multi-item
information of up to 100 different biological components (e.g., proteins, nucleic acids) in the
same way as multi-item simultaneous measurement data of a new coronavirus variant. The
method of the present disclosure is expected to be useful in the diagnosis of inflammatory
condition by utilizing multi-item data on an inflammatory cytokine, which can be acquired by

using a panel of the inflammatory cytokine.

[0106] The embodiments of the present disclosure are described above, but the present
disclosure is not limited to these embodiments. The effects described in the embodiments of the
present disclosure are only a list of the most suitable effects arising from the present disclosure,
and the effects of the present disclosure are not limited to those described in the embodiments of

the present disclosure.

[0107] Description of reference numerals

15



[0108] 1: High-precision diagnostic system, 2: Computer, 3: User terminal, 4: Network
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WHAT IS CLAIMED IS:

1. A high-precision determination system using multi-item simultaneous measurement data for
detecting and visualizing a known sample and an unknown sample, comprising:

an acquisition unit that acquires at least multi-item simultaneous measurement data on an
unknown sample and multi-item simultaneous measurement data on a known sample;

a categorizing unit that analyzes and quantifies similarity between the acquired multi-item
simultaneous measurement data on the unknown sample and the acquired multi-item
simultaneous measurement data on the known sample, categorizes an unknown sample that
differs from a known sample in tendency, and generates categorization data;

a determination unit that dimensionally compresses the generated categorization data and
generates a two-dimensional scatter diagram as determination data;

a storage unit that stores at least the multi-item simultaneous measurement data on the
unknown sample, the multi-item simultaneous measurement data on the known sample, the
categorization data, and the determination data; and

a provisioning unit that provides at least the stored data.

2. The high-precision determination system according to claim 1, wherein the categorizing unit
analyzes and quantifies similarity between the acquired multi-item simultaneous measurement
data of the unknown sample and the acquired multi-item simultaneous measurement data of the
known sample by using the k-nearest neighbor method (k-Nearest Neighbor, kNN), categorizes
an unknown sample that differs from the known sample in tendency by using the local outlier
factor (LOF) method, and the determination unit generates a two-dimensional scatter diagram as
determination data from the categorization data by using the Multi-Dimensional Scaling (MDS)

method.

3. The high-precision determination system according to claim 1 or 2, wherein the multi-item
simultaneous measurement data is data related to a nucleic acid sequence obtained from the

unknown sample and the known sample.

4. The high-precision determination system according to claim 1 or 2, wherein a known new

coronavirus variant and an unknown new coronavirus variant are determined.

5. The high-precision determination system according to claim 3, wherein the unknown sample
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and the known sample are cancer cells.

6. The high-precision determination system according to claim 1 or 2, wherein the multi-item
simultaneous measurement data is data indicating a measured abundance of a specific protein for

determining clinical condition.

7. The high-precision determination system according to claim 1, further comprising:

a learning model generation unit that generates a learning model that improves
categorization accuracy by recognizing one or more quantified items as one or more patterns;
and

a pattern data generation unit that generates pattern data from the categorization data based
on the learning model, wherein

the storage unit stores at least the pattern data and the learning model, and the providing

unit provides at least the pattern data.

8. The high-precision determination method executed by a computer that uses multi-item
simultaneous measurement data for detecting and visualizing a known sample and an unknown
sample, comprising the steps of:

acquiring at least multi-item simultaneous measurement data on an unknown sample and
multi-item simultaneous measurement data on a known sample;

analyzing and quantifying similarity between the acquired multi-item simultaneous
measurement data on the unknown sample and the acquired multi-item simultaneous
measurement data on the known sample, categorizing an unknown sample that differs from a
known sample in tendency, and generating categorization data;

dimensionally compressing the generated categorization data and generating a
two-dimensional scatter diagram as determination data;

storing at least the multi-item simultaneous measurement data on the unknown sample, the
multi-item simultaneous measurement data on the known sample, the categorization data, and
the determination data; and

providing at least the stored data.

9. A program causing a computer that uses multi-item simultaneous measurement data for
detecting and visualizing a known sample and an unknown sample to execute the steps of:

acquiring at least multi-item simultaneous measurement data on an unknown sample and

18



10

multi-item simultaneous measurement data on a known sample;

analyzing and quantifying similarity between the acquired multi-item simultaneous
measurement data on the unknown sample and the acquired multi-item simultaneous
measurement data on the known sample, categorizing an unknown sample that differs from a
known sample in tendency, and generating categorization data;

dimensionally compressing the generated categorization data and generating a
two-dimensional scatter diagram as determination data;

storing at least the multi-item simultaneous measurement data on the unknown sample, the
multi-item simultaneous measurement data on the known sample, the categorization data, and
the determination data; and

providing at least the stored data.
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