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Description
Technical Field

[0001] The presentinvention relates to detection devices, methods, and programs for assisting detection of a precursor
to a state transition of a biological object to be measured, based on measured data of a plurality of factors obtained by
measurement on the biological object.

Background Art

[0002] It has been identified that a sudden change of a system state exists widely in ecosystems, climate systems,
and economics. Such a change often occurs at a critical threshold, or the so-called "tipping point", at which the system
shifts abruptly from one state to another. Evidence has been found suggesting that the similar phenomena existin clinical
medicine, that is, during the progression of many complex diseases, e.g., in chronical diseases such as cancer, the
deterioration is not necessarily smooth but abrupt (see, for example, non-patent documents 1 to 5). In other words, there
exists a sudden catastrophic shift during the process of gradual health deterioration that results in a drastic transition
from a healthy, stable state to a disease state. In order to describe the underlying dynamical mechanism of complex
diseases, their evolutions are often modeled as time-dependent nonlinear dynamical systems, in which the abrupt
deterioration is viewed as the phase transition at a bifurcation point, e.g., for cancer and, asthma attacks.

[0003] Figure 1 is a schemaitic illustration of the dynamical features of disease progression from a normal state to a
disease state through a pre-disease state. Portions (b), (c), and (d) of Figure 1 are graphs of a potential function
representing the stability of the aforementioned system during the progression process with the state variable on the
horizontal axis and the values of the potential function on the vertical axis.

(a) Deterioration progress of disease.

(b) The normal state is a steady state or a minimum of a potential function, representing a relatively healthy stage.
(c) The pre-disease state is situated immediately before the tipping point and is the limit of the normal state but with
a lower recovery rate from small perturbations. At this stage, the system is sensitive to external stimuli and still
reversible to the normal state when appropriately interfered with, but a small change in the parameters of the system
may suffice to drive the system into collapse, which often implies a large phase transition to the disease state.

(d) The disease state is the other stable state or a minimum of the potential function, where the disease has seriously
deteriorated and thus the system is usually irreversible to the normal state.

(e)-(g) The three states are schematically represented by a molecular network where the correlations and
deviations of different species are described by the thickness of edges and the colors of nodes respectively.

[0004] Therefore, if the pre-disease state is detected, and the patient is notified of his/her progression process being
in a transition to a disease state before the disease state actually arrives, it is likely that the patient can recover from the
pre-disease state to the normal state if appropriately treated.

[0005] In other words, if the tipping point (critical threshold) is detected, a state transition becomes predictable, which
enables an early diagnosis of a disease. However, in the case of complex diseases, it is notably hard to predict such
critical transitions for the following reasons.

[0006] First, because a pre-disease state is a limit of the normal state, the state of the system may show little apparent
change before the tipping point is reached. Thus, the diagnosis by traditional biomarkers and snapshot static measure-
ments may not be effective to distinguish those two states (Figs. Ib, c).

[0007] Second, despite considerable research efforts, no reliable disease model has been developed to accurately
detect the early-warning signals. In particular, deterioration processes may be considerably different even for the same
subtype of a disease, depending on individual variations, which makes model- based prediction methods fail for many
cases.

[0008] Third and most importantly, detecting the pre-disease state must be an individual-based prediction, however,
usually there are only a few of samples available for each individual, unlike many other complex systems that are
measured over a long term with a large number of samples.

[0009] To address these issues, the inventors of the present invention proposed a method of detecting a biomarker
candidate that serves as an early-warning signal indicating a pre-disease state that precedes a transition from a normal
state to a disease state (see non-patent document 7). The technique enables an early diagnosis of a disease by detecting
a dynamical network biomarker (DNB) that occurs immediately before a transition to a disease state.
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Venegas, J. G., et al., Nature, Nature Publishing Group, 2005, Vol. 434, pp. 777-782.

[0011] Non-patent Document 2: "Prediction of epileptic seizures: are nonlinear methods relevant” (U.K.), by McSharry,
P. E., Smith, L. A., and Tarassenko, L, Nature Medicine, Nature Publishing Group, 2003, Vol. 9, pp. 241-242.

[0012] Non-patent Document 3: "Transition models for change-point estimation in logistic regression" (U.S.A.), by
Roberto, P. B., Eliseo, G., and Josef, C., Statistics in Medicine, Wiley-Blackwell, 2003, Vol. 22, pp. 1141-1162.

[0013] Non-patent Document 4: "Hearing preservation after gamma knife stereotactic radiosurgery of vestibular
schwannoma" (U.S.A.), by Paek, S., et al., Cancer, Wiley-Blackwell, 2005, Vol. 1040, pp. 580-590.

[0014] Non-patent Document 5: "Pituitary Apoplexy" (U.S.A.), by Liu, J. K., Rovit, R. L., and Couldwell, W. T., Seminars
in neurosurgery, Thieme, 2001, Vol. 12, pp. 315-320.

[0015] Non-patent Document 6: "Bifurcation analysis on a hybrid systems model of intermittent hormonal therapy for
prostate cancer" (U.S.A.), by Tanaka, G., Tsumoto, K., Tsuji, S., and Aihara, K., Physical Review, American Physical
Society, 2008, Vol. 237, pp. 2616-2627.

[0016] Non-patent Document 7: "Detecting early-warning signals for sudden deterioration of complex diseases by
dynamical network biomarkers" by Luonan Chen, Rui Liu, Zhi-Ping Liu, Meiyi Li, and Kazuyuki Aihara, Scientific Reports,
March 29, 2012, the Internet (URL: http://www.natureasia.com/ja-jp/srep/abstracts/35129).

[0017] Non-patentDocument 8: "The early warning signal of complex diseases based on the network transition entropy"
by Rui Liu, Luonan Chen and Kazuyuki Aihara, in 2011 IEEE International Conference on SYSTEM BIOLOGY (ISB), 2
September 2011, pages 362-367, discloses that many evidences suggested that during the progression of complex
diseases, the deteriorations are generally not smooth but abrupt, which may cause a critical transition from one state to
another at a tipping point, corresponding to a bifurcation of the dynamical system for the underlying organism. A pre-
disease state is assumed to exist before reaching the tipping point between a normal state and a disease state. Since
the pre-disease state is defined as a limit of the normal state, which represents an early-warning signal of the disease,
it is crucial to identify such a state so that remedial actions can be executed to avoid the abrupt transition to the disease
state. The authors propose that an index called the network transition entropy (NTE) may serve as an early -warning
indicator for predicting the critical transition.

Summary of the Invention
Problems to be solved by the Invention

[0018] As mentioned earlier, there is a societal demand for propositions of various detection methods for a pre-disease
state that are effective to an early detection and treatment of a disease. The method for detecting a dynamical network
biomarker (DNB) shown in non-patent document 7 may not achieve high detection accuracy due to noise in gene and
other data obtained by measurement from biological samples. In addition, a huge amount of computation is needed to
sift through large amounts of high-throughput data to detect a DNB candidate that satisfies conditions to qualify as a DNB.
[0019] The present invention, conceived in view of these issues, assumes that the state changes of a targeted factor
and a connecting factor that dynamically connects directly to the targeted factor would form a local network entropy in
a transition state to detect a pre-disease state that precedes a transition to a disease state based on the local network
entropy. The present invention hence has an object to provide a device, method, and program capable of detecting a
pre-disease state by a new technique.

Solution to Problem

[0020] A detection device in accordance with the present invention, to achieve the object, is a detection device for
assisting detection of a precursor to a state transition of a biological object to be measured, based on measured data
of a plurality of factors obtained by measurement on the biological object, the device including: selection means for
selecting those factors for which the measured data shows a time-dependent change beyond a predetermined criterion;
microscopic calculation means for calculating, for each factor, a microscopic entropy as understood in statistical me-
chanics between that factor and every neighboring factor thereof in a network representative of dynamical coupling
among the factors obtained based on a correlation of the factors selected by the selection means; and detection means
for detecting a factor as a precursor to a state transition when the microscopic entropy calculated by the microscopic
calculation means shows a decrease beyond a predetermined detection criterion.

[0021] The detection device with these features is capable of assisting the detection of a precursor to a state transition
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of abiological object, based on microscopic entropy calculated based on statistical mechanics, in a network representative
of dynamical coupling among multiple factors (state of biological object).

[0022] The detection device further includes: choosing means for choosing, as a candidate for a biomarker, a factor
for which the microscopic entropy calculated by the microscopic calculation means shows a decrease beyond a prede-
termined choosing criterion, the biomarker being an index of a symptom of a biological object, wherein the detection
means detects a factor as a precursor to a state transition when the microscopic entropy for the factor chosen by the
choosing means shows a decrease beyond a predetermined detection criterion.

[0023] Thisarrangementnarrows down the factors to be calculated, thereby reducing interference by noise forimproved
detection accuracy. Computation is also decreased, which reduces process load and allows for increased calculation
speed.

[0024] The detection device further includes: macroscopic calculation means for statistically calculating a macroscopic
entropy based on the microscopic entropy calculated for each factor by the microscopic calculation means, the macro-
scopic entropy being a representative value for all the selected factors, wherein the detection means detects a factor
as a precursor to a state transition if the macroscopic entropy calculated by the macroscopic calculation means shows
a decrease beyond a first detection criterion and the microscopic entropy calculated by the microscopic calculation
means shows a decrease beyond a second detection criterion.

[0025] Thisarrangementenables macroscopic entropy-based detection of a state in which the entire systemis unstable.
[0026] The detection device further includes means for accessing a database that stores interactions among the
factors, wherein the microscopic calculation means includes means for deriving the network representative of dynamical
coupling among the factors based on the interactions among the factors stored in the database.

[0027] This arrangement enables a network to be built based on the relationship among the factors.

[0028] The detection device may be such that the microscopic calculation means calculates, for each factor, a micro-
scopic entropy based on a total sum of products of a probability of the measured data and a logarithm of the probability
based on a probability density function that represents a distribution of a state change in measured data for all the
neighboring factors.

[0029] This arrangement enables the entropy in the context of statistical mechanics and information theory to be used
as a network entropy.

[0030] The detection device may be such that the microscopic calculation means, for each factor, binarizes the meas-
ured data according to magnitude of a change relative to a threshold determined based on an earlier perturbation,
evaluates the probability density function assuming that the binarized measured data follows a multivariate normal
distribution, and calculates a probability of the measured data that follows a stationary distribution based on a transition
probability obtained by multiple integration of the evaluated probability density function.

[0031] This arrangement enables the network entropy to be calculated based on large changes of factors.

[0032] The detection device further includes difference verification means for verifying whether or not the measured
data for each factor has significantly changed with time, wherein the selection means selects a factor verified to have
significantly changed with time.

[0033] This arrangement enables selection of a factor that has shown noticeable changes.

[0034] The detection device may be such that the plurality of factors include a gene-related measured item, a protein-
related measured item, or a metabolite-related measured item.

[0035] When the factors are genes, proteins, or metabolites, this arrangement enables quantitative observations of
biological changes of a biological object.

[0036] A detection method in accordance with the present invention is a detection method using a detection device
for assisting detection of a precursor to a state transition of a biological object to be measured, based on measured data
of a plurality of factors obtained by measurement on the biological object, the detection device implementing: the selection
step of selecting those factors for which the measured data shows a time-dependent change beyond a predetermined
criterion; the microscopic calculation step of calculating, for each factor, a microscopic entropy as understood in statistical
mechanics between that factor and every neighboring factor thereof in a network representative of dynamical coupling
among the factors obtained based on a correlation of the factors selected by the selection means; and the detection
step of detecting a factor as a precursor to a state transition when the microscopic entropy calculated by the microscopic
calculation means shows a decrease beyond a predetermined detection criterion.

[0037] The detection method with these features is capable of assisting the detection of a precursor to a state transition
of abiological object, based on microscopic entropy calculated based on statistical mechanics, in a network representative
of dynamical coupling among multiple factors (state of biological object).

[0038] A detection program in accordance with the present invention is detection program for causing a computer to
assist detection of a precursor to a state transition of a biological object to be measured, based on measured data of a
plurality of factors obtained by measurement on the biological object, the computer implementing: the selection step of
selecting those factors for which the measured data shows a time-dependent change beyond a predetermined criterion;
the microscopic calculation step of calculating, for each factor, a microscopic entropy as understood in statistical me-
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chanics between that factor and every neighboring factor thereof in a network representative of dynamical coupling
among the factors obtained based on a correlation of the factors selected by the selection means; and the detection
step of detecting a factor as a precursor to a state transition when the microscopic entropy calculated by the microscopic
calculation means shows a decrease beyond a predetermined detection criterion.

[0039] When the detection program with these features is run on a computer, the computer operates as a detection
device. The detection program is therefore capable of assisting the detection of a precursor to a state transition of a
biological object, based on microscopic entropy calculated based on statistical mechanics, in a network representative
of dynamical coupling among multiple factors (state of biological object).

Advantageous Effects of the Invention

[0040] The presentinvention collects biological samples from a subject to be diagnosed and calculates a microscopic
entropy according to statistical mechanics for a network representative of dynamical coupling among multiple factors
(state of biological object) based on measured data of multiple factors obtained by measurement on the collected
biological samples. The present invention assists the detection of a precursor to a state transition of the biological object
based on the calculated time-dependent changes of the entropy. These arrangements produce excellent effects including
making a proposition of a new method of detecting a pre-disease state to realize an early detection and treatment of a
disease.

Brief Description of Drawings
[0041]

Figure 1 is a schemaitic illustration of a progression process of a disease.

Figure 2 is a table showing relationships between an SNE and a DNB.

Figure 3 is a schematic illustration of exemplary features of a DNB and an SNE in a progression process of a disease.
Figure 4 is a flow chart depicting an exemplary method for detecting a DNB in accordance with an embodiment.
Figure 5 is a flow chart depicting an exemplary selection process for differential biological molecules in accordance
with an embodiment.

Figure 6 is a flow chart depicting an exemplary SNE calculation process for a local network in accordance with an
embodiment.

Figure 7 is a flow chart depicting an exemplary selection process for a biomarker candidate in accordance with an
embodiment.

Figure 8 is a block diagram illustrating an exemplary structure of a detection device in accordance with the present
invention.

Figure 9 is a flow chart depicting an exemplary detection process for a state transition of a biological object using
a detection device in accordance with the present invention.

Description of Embodiments
Theoretical Foundation

[0042] The inventors of the present invention have constructed a mathematical model of the chronological progression
of a complex disease in accordance with bifurcation theory by using genomic high-throughput technology by which huge
data (e.g., thousands of sets of data) (i.e., high-dimensional data) can be obtained from a single sample, in order to
study deterioration progression mechanisms of a disease at molecular network level. The study has revealed the presence
of a dynamical network biomarker (DNB) with which an immediately preceding bifurcation (sudden deterioration) state
before a state transition can be detected in a pre-disease state. By using the dynamical network biomarker as an early-
warning signal in a pre-disease state, even a small number of samples enable an early diagnosis of a complex disease
without disease modeling.

[0043] Assume that the progression of a disease can be expressed by the dynamical system (hereinafter, "system
(1)") represented by Mathematical Expression (1) below. ("Mathematical Expression" will be abbreviated as "Ex.")

Z(k+1) = f(Z(k);P) ... Ex. (1)

[0044] InEx. (1), Z(k) = (z4(k), ..., z,(K)) represent observed data, i.e., concentrations of molecules (e.g., gene expres-
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sions, protein expressions, or metabolite expressions) at time k (k = 0,1,...), e.g., hours or days, which are the variables
describing the dynamical state of the system. P are parameters representing slowly changing factors, including genetic
factors (e.g., SNP (single nucleotide polymorphism) and CNV (copy number variation)) and epigenetic factors (e.g.,
methylation and acetylation), which drive the system from one state (or attractor) to another.

[0045] The normal and disease states are described by respective fixed point attractors of the state equation Z(k+1)
= f(Z(k);P). Since the progression process of a complex disease has very complex dynamical features, the function f is
a non-linear function of thousands of variables. Besides, the factors (parameters) P that drive system (1) are difficult to
identify. It is therefore very difficult to construct a system model for the normal and disease states for analysis.

[0046] System (1) has a fixed point that has properties (A1) to (A3):

[0047]

(A1) Z* is a fixed point of system (1) such that Z* = f(Z*;P).

(A2) There is a value Pc such that one or a pair of the complex conjugate eigenvalues of the Jacobian matrix,
of(Z;Pc) /1 0Z | Z = Z*, is equal to 1 in the modulus when P = Pc. Pc is a bifurcation threshold for the system.

(A3) When P = Pc, the eigenvalues of system (1) are not always equal to 1 in the modulus.

[0048] From these properties, the inventors have theoretically found that when system (1) approaches a critical tran-
sition point, specific features emerge: when system (1) approaches a critical transition point, there emerges a dominant
group (subnetwork) of some nodes of network (1) in which each node represents a different one of variables z,, ..., z,
of system (1). The dominant group that emerges near a critical transition point ideally has specific features (B1) to (B3).
[0049]

(B1) If both z; and zjare in the dominant group, then PCC(zi,zj) —>*1,
while SD(z;)) — » and SD(zj) — «;

(B2) If z; is in the dominant group, but z; is not, then

PCC(z;z) — 0,

while SD(z)) — « and SD(z)) approaches a bounded value;

(B3) If neither z; nor zj is in the dominant group, then

PCC(z;z) —»a, o € (-1,1),

while both SD(z;) and SD(zJ-) approach a bounded value.

[0050] PCC(zi,zj) is a Pearson’s correlation coefficient of zi with z;. SD(zi) and SD(zj) are standard deviations of zi and
zj respectively.

[0051] In other words, in network (1), the emerging dominant group with specific features (B1) to (B3) can be regarded
as an indicator that system (1) is in a critical transition state (pre-disease state). Therefore, a precursor to a critical
transition for system (1) can be detected by detecting the dominant group. In other words, the dominant group can be
regarded as an early-warning signal for a critical transition, that is, the pre-disease state that immediately precedes
deterioration of a disease. In this manner, the pre-disease state can be identified by detecting only the dominant group
which serves as an early-warning signal, without directly handling a mathematical model of system (1), no matter how
complex system (1) becomes and even if the driving parameter factor is unknown. The identifying of the pre-disease
state enables precautionary measures and an early treatment of a disease. As detailed in non-patent document 7, the
inventors refer to the dominant group that serves as an early-warning signal for a pre-disease state as a dynamical
network biomarker (hereinafter, abbreviated as a "DNB"). The DNB in non-patent document 7 is a network that, used
as a biomarker, represents a logical, dynamical association that generates an effective association only at a particular
timing.

[0052] As mentioned above, the DNB is a dominant group with a set of specific features (B1) to (B3), and when system
(1) is in a pre-disease state, emerges as a subnetwork of some of the nodes of network (1). If the nodes (z4, ..., z,) in
network (1) are the factors to be measured on biological molecules (e.g., genes, proteins, metabolites), the DNB is a
group (subnetwork) of factors related to some of the biological molecules that satisfy specific features (B1) to (B3).
[0053] A technique of detecting DNB candidates by directly using specific features (B1) to (B3) is already disclosed
in non-patent document 7. The technique detects, from a biological sample, a DNB that serves as a warning for a
transition to a disease state. Noise in measured data, however, will degrade the accuracy of the detection. In addition,
it is necessary to detect a DNB that satisfy conditions (B1) to (B3) in large amounts of measured data. These constraints
will lead to a huge amount of computation and poor efficiency of the detection.

[0054] To address these issues, the inventors suggest a method for detecting a pre-disease state by using a local
network entropy that is based on a transition state. The method is capable of accurate and efficient DNB detection. Next,
the method will be specifically described. The local network entropy described below is a microscopic entropy calculated
according to statistical mechanics by focusing on one of nodes in a network representative of a logical, dynamical
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association that generates an effective association only at a particular timing. In the present application, a macroscopic
entropy for the entire network is also calculated from local network entropies.

Local network entropy based on transition state

[0055] The dynamical behavior of system (1) mentioned above can be approximately represented by Ex. (2) when
system (1) is near a tipping point.

Z(t+1) = AP)Z(t) + &®) ... Ex. (2)

[0056] In Ex. (2), &(t) is a Gaussian noise, P is a parameter vector that controls the Jacobian matrix A for a non-linear
function f for system (1). Letting a change of Z be represented by Az(t) = z(t) - zj(t-1) fori= 1, 2, ..., n, conclusions (C1)
and (C2) below can be proved based on bifurcation theory and center manifold theory.

[0057]

(C1) When P is not in the vicinity of a critical transition point or a bifurcation point, the following holds.
For any node i and j including i = j, Az(t+T) is statistically independent of Az;(t) where i,j=1,2, ..., n.
(C2) When P approaches a critical transition point, the following holds.

[0058] If bothiand jare in the dominant group, or DNB members, then there is a strong correlation between Az(t+T)
and Azj(t);

[0059] If neither i nor j is in the dominant group, then Az;(t+T) is statistically independent of Az(t).

[0060] Based onconclusions (C1)and (C2)above, the inventors have focused on a transition state and found a method
of more accurately and efficiently detecting a DNB by using a local network entropy (hereinafter, referred to as an "SNE"
(state-transition-based local network entropy) where necessary). The following will describe the transition state-based
concept of SNE and the relationship between an SNE and a DNB.

Transition state

[0061] Let a transition state be represented by x;(t) that satisfies conditions given as Ex. (3) and (4) below for an
arbitrary variable z; at time t.

If |zi(t) — zit~1)| > d;, xi®) =1 ... Ex. (3)

If |zi(t) — zit—-1) | < d;, x;(t) =0 ... Ex. (4)

[0062] In Ex. (3) and (4), d; is a threshold by which to determine whether node i shows a large change at time t. A
"transition state" of system (1) at time t in the present invention is defined as X(t) = (x4(1), ..., X4(t)). Properties (D1) and
(D2) of a transition state are derived as below from the specific features of the DNB and conclusions (C1) and (C2)
described above.

[0063]

(D1) If both i and j are in the dominant group or DNB members, the correlation between the transition states x;(t+T)
and x;(t) increases drastically, and

piEt+D =1Ix50)=y) —» 1

p&:t+D =0lx;0)=y) - 0

where ye {0,1}, and p is a transition probability.
(D2) If neither i nor j is in the dominant group, or DNB members, then the transition state x(t+T) is statistically
independent of x;(t), and
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p&Eit+T) =vi | x;(t) = v5) = pGit+T) = vi) —a
where y;, yj € {0,1}, and a € (0,1).

[0064] If the system is in a normal state, the system can quickly recover from a perturbation. In a pre-disease state,
however, the system is sensitive even to a small perturbation. Therefore, the threshold d; needs to be specified so that
it can distinguish between a "small change" in a normal state and a "large change" in a pre-disease state. In this
embodiment, when the system is in a normal state (t = to), p(|z,(to)| > di) = o at node k, and each threshold d is specified
as in Ex. (5) below. It is judged whether or not there has occurred a large change, or a state transition, between the
preceding state z;(t-1) and the state z(t) for which the judgment is made, by using the thresholds d specified in Ex. (5).
In Ex. (5), iy, ip, ..., iy, represent m adjacent nodes linked to node i.

[Math. 1]

plz ) > d, [z, (6} > d, ol @) > d, )s 0+ < Ex.(5)

[0065] Each threshold d; is specified, for example, from samples collected in a normal state so that o = 0.5 for a
perturbation in the normal state.

Local network

[0066] If node iis linked with m nodes, that is, if node i has m adjacent nodes (iy, iy, ..., i), a local network is defined
as a network centered on node i. When this is the case, the transition state at time t of the local network centered on
node i is X(t) = (Xi(t), Xj1(1), ..., Xim(t)). Xi(t) will be denoted X(t) with "i" being omitted throughout the following for simple
and concise description of equations.

[0067] The links of each node i are specified based on interactions between nodes. For example, when a protein is
used as a node, information may be used that is recorded in a database, such as the PPI (protein-protein interaction)
representing interactions between proteins. These databases are obtainable from Web sites, for example, BioGrid
(www.thebiogrid.org), TRED (www.rulai.cshl.edu/cgi-bin/TRED/), KEGG (www.gnome.jp/kegg), and HPRD
(www.hprd.org). When a protein is used as a node, adjacent nodes, a local network including the adjacent nodes, and
an entire network are specified based on a database, such as the PPI representing interactions between proteins. When
another factor is used as a node, a database for that factor may be used.

[0068] Given the current state X(t) at time t for this local network, then at the next time point t+1 there is a total of 2m+1
possible state transitions (or possible transition states) for state X(t+1), each of which is a stochastic event thatis denoted,
respectively, as {A } =12 om+1, Where

.....

Ay ={Xi = Yo, Xi1 = Y1, .. Xim = Y/ ... Ex. (6)

with y4 € {0,1}, and 1 € {0, 1, 2, ..., m}
[0069] Therefore, the discrete stochastic process in the local network is given by Ex. (7).

{Xt+D}i=01.... = {X®), X(t+1), ..., X(t+), ...} ... Ex. (D)

with X(t+i) =A,, and u € {1, 2, ..., 2m+1},

[0070] In other words, when system (1) is during the normal stage or during the pre-disease stage, the discrete
stochastic process is a stochastic Markov process and defined or given by a Markov matrix P = (p,, ), which describes
the transition rates from state u to state v as in Ex. (8).

[Math. 2]

P t)=Pr(X(+1)=4,1X()=4,) - - -Bx(8)

where u,ve{1,2,...,2m*1},
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Z pu,v (t) = 1’

Pr : Discrete Stochastic Process.
Local network entropy

[0071] Assume that the state transition matrix for a local network is stationary and does not change over a particular
period. p, (t) is an element in row u and column v of the state transition matrix and denotes a transition probability
between two arbitrary possible states Au and Av. Therefore, the stochastic process denoted by Ex. (9) is a stationary
stochastic Markov process over a particular period (during the normal stage or during the pre-disease stage).

[Math. 3]

Stochastic Process {X (t)},em, a * * Ex.(9)

[0072] There is a stationary distribution © = (r4, ..., ©,™*1) that satisfies Ex. (10).
[Math. 4].

> mpuy=m,  * * *Ex.(10)

[0073] Using this stationary distribution, the local network entropy denoted by Ex. (11) can be defined.
[Math. 5]

H()=H(x)=-3 z,p,,logP,, - - -Bx(11)

wy

where, the subscript index "i" indicates the center node i of this local network, while X represents the state transition
process X(t), X(t+1), ..., X(t+T) of the local network. The local network entropy given by Ex. (11) is an extended concept
of microscopic entropy as understood in statistical mechanics.

[0074] The local network entropy will be referred to as the SNE throughout the following. As mentioned above, the
stochastic process X(t), X(t+1), ... is a stochastic Markov process during a particular period. Therefore, Ex. (12) is derived
from, for example, the properties of the Markov chains.

[Math. 6]

H,(z):H(x)::]Ti_];“n —;:H(X(t),X(t+1),...,X(t+T)) .« + +Ex.(12)

[0075] Therefore, the SNE is a conditional entropy and may be termed a state transition-dependent average transition
entropy. Hence, the SNE is denoted by Ex. (13).

Hi(t) = HX() | X(t-1)) = HX(t),X(t-1)) - HX(t-1)) ... Ex. (13)

[0076] The SNE has properties (E1) to (E3).

[0077] (E1) In a normal state (or a disease state), system (1) recovers from a small perturbation quickly because of
high resilience, i.e., X(t) and X(t-1) are almost independent.

[0078] It then follows that

HX®),X(t-1)) ~ HX(®)) + HX(t-1) >0
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[0079] Therefore,

Hi(t) ~ HX(t)

[0080] The SNE value does not decrease by large amounts.

[0081] (EZ2) By contrast, system (1) has difficulty recovering from a small perturbation in a pre-disease state because
of low resilience, i.e., X(t) and X(t-1) are strongly correlated.

[0082] It follows that

HX(®),X(t-1)) ~ HX(t-1))

[0083] Therefore,

Hit) =0

[0084] H(t) then drastically decreases.

[0085] (E3) The average value of the SNEs of local networks may be taken as the SNE of the entire network. In other
words, as shown in Ex. (14) below, H(t) denoting the SNE of an entire network of n nodes may be taken as the average
value of Hj(t) denoting the SNEs of local networks centered on the nodes.

[Math. 7]

H(z)z;lziﬂ,(z) -+ «Ex.(14)

[0086] The SNE of the entire network given in Ex. (14) is an extended concept of macroscopic entropy as understood
in statistical mechanics.

[0087] The relationship between the SNE defined as above and a DNB as another method of detecting a pre-disease
state will be described. The nodes in a network in the present application can be categorized into four types as below
according to DNB-related relationships between each node and the other nodes.

[0088]

* Type 1 (DNB core node): A DNB core node is a DNB node that is linked with DNB nodes only.

e Type 2 (DNB boundary node): A DNB boundary node is a DNB node that is linked with at least one non-DNB node.
e Type 3 (non-DNB core node): A non-DNB core node is a non-DNB node that is linked with at least one DNB node.
e  Type 4 (non-DNB boundary node): A non-DNB boundary node is a non-DNB node that has no links with DNB nodes.

[0089] Let HNor(X) represent the SNEs in the normal state and HPe(X) represent the SNEs in the pre-disease state.
Hnor(X) and HP'e(X) are given by Ex. (15) and (16) respectively.
[Math. 8]

H"™ (x)= —Z 7y Puy 10g Py, * * Ex.(15)

where
)2 (xl(t): 1) = PW( | Az, |2 di)= a,

P (5,(0)=0)=p™ (|8, |<d,)=1-a.
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H""(x):—Zx,‘,”"p,ﬁ’f log p? + + Ex.(16)

1,y
"y

where

p7{x,()=1)= p7*(l42,(1)|2 d, )1,

Pl (0=0)= 712, <) >0

[0090] Figure 2isatable showingrelationships betweenan SNE and a DNB. Figure 2 shows mathematical expressions,
as well as relationships between the SNE and DNB as proved from the generic properties of the DNB for each type in
association with the types of nodes, the state transitions for the center node, and the states of the local SNE when the
system is near a critical transition.

[0091] In Figure 2, B is a constant such that Be (0,1). Specifically, in a local network with a center node of type 1 (DNB
core node), the state transition for the center node is close to 1, and the SNE drastically decreases to 0; in a local network
with a center node of type 2 (DNB boundary node), the state transition for the center node is close to 1, and the SNE
decreases; in a local network with a center node of type 3 (non-DNB core node), the state transition for the center node
is close to the predetermined constant 8, and the SNE decreases; and in a local network with a center node of type 4
(non-DNB boundary node), the state transition for the center node is close to the predetermined constant 3, and the
SNE has no significant change.

[0092] Figure 3 is a schematic illustration of exemplary features of a DNB and an SNE in a progression process of a
disease. Figure 3 conceptually illustrates features of a DNB and an SNE in a progression process of a disease. Figure
3 shows a network of nodes z1 to z6 representing, for example, genes.

[0093] Portion (a) of Figure 3 shows a normal state, a pre-disease state, and a disease state, where the system can
be reversed from the pre-disease state to the normal state, but can hardly be reversed from the disease state to the
pre-disease state.

[0094] Portion (b) of Figure 3 shows nodes z1 to z6 (represented by circles) in the normal state. Specifically, it shows
the standard deviation (indicated by the density of oblique lines in the circle) of the nodes and correlation coefficients
between the nodes.

[0095] Portion (c) of Figure 3 shows nodes z1 to z6 in the pre-disease state, where the standard deviation of z1 to z3
is high (indicated by dense oblique lines in the circles), and the correlation coefficients between nodes z1 to z3 are high
(indicated by thick linking lines), but their correlation coefficients with the other nodes are low (indicated by thin linking
lines with the other nodes). Therefore, z1 to z3 (DNB members) become more prominent in the pre-disease state.
[0096] Portion (d) of Figure 3 shows nodes z1 to z6 in the disease state, where the standard deviation of nodes z1 to
z3 is slightly higher than in the normal state, but the correlation coefficients between nodes z1 to z6 are more or less
equal to each other.

[0097] Portion (e) of Figure 3 illustrates a diagnosis by means of a traditional biomarker and shows a traditional
biomarker index on its horizontal axis, such as the concentration of a specific protein: the concentration or like index
increases from left to right. As shown in (e), of Figure 3, the diagnosis by means of a traditional biomarker is not capable
of distinguishing clearly between the normal samples indicated by circles and the pre-disease samples indicated by
stars in the pre-disease state.

[0098] Portion (f) of Figure 3 shows, as an example, the samples in (e) of Figure 3 being relocated by using the SNE
as an index: the SNE decreases from left to right, giving an increasingly high level of warning. As shown in (f) of Figure
3, the normal samples indicated by circles are separated clearly from the pre-disease samples indicated by stars by
using the SNE. Therefore, the use of an SNE as an index enables detection of a pre-disease state.

[0099] Portion(g)of Figure 3 is a graphical representation of changes of the average SNE ofthe network in a progression
process of a disease, with time being plotted on the horizontal axis and SNE values being plotted on the vertical axis.
The SNE value is high in the normal and disease states, indicating that the system has a high level of robustness,
whereas the SNE value drastically decreases in the pre-disease state, indicating that the system has a low level of
robustness.
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Detection of pre-disease state by SNEs

[0100] As mentioned above, when the system approaches a state transition point, that is, when the system moves
into a pre-disease state, a dominant group of DNB nodes emerges, pushing the system from the normal state to the
disease state. If the SNEs of the local networks with their center nodes located at mutually different nodes i across the
entire network are calculated at each sampling time t using the relationship between SNEs and DNBs given in the table
of Figure 2, a node where the SNE value drastically decreases can be detected as a DNB node. Furthermore, the
average SNE across the entire network may be calculated from the calculated SNEs of the local networks. A drastic
decrease of the average SNE indicates that there exists many DNB nodes and that a dominant group of DNB nodes is
emerging, which enables ajudgment that the system is in a pre-disease state. In addition, as shown in the table of Figure
2, the SNE value does not increase at nodes of types 1 to 4. Therefore, if only those SNE values, of local networks, that
have decreased are used in the calculation of an average SNE across the entire network, noise is prevented from
interfering, possibly improving on detection accuracy. Besides, since the amount of computation is decreased, compu-
tation efficiency is improved.

Method for detecting DNB

[0101] Next, a concrete method of detecting a pre-disease state by means of SNEs according to the aforementioned
theories will be described. Figure 4 is a flow chart depicting an exemplary method for detecting a pre-disease state in
accordance with an embodiment. In the detection method in accordance with the present invention, it is first of all
necessary to obtain measured data by measurement on a biological object. More than 20,000 gene expressions can
be measured on one biological sample by a DNA chip or like high-throughput technology. For statistical analysis, in the
presentinvention, multiple biological samples are collected at different times from an object to be measured. Measurement
is then made on the collected biological samples, and the obtained measured data is aggregated for statistical data.
The method for detecting a DNB in accordance with the present invention, as illustrated in Figure 4, primarily involves
a process of obtaining high-throughput data (s1), a process of selecting differential biological molecules (s2), a process
of calculating the SNEs of local networks (s3), a process of selecting a biomarker candidate (s4), a process of calculating
an average SNE across the entire network (s5), and a detection process of determining and detecting whether or not
the system is in a pre-disease state (s6). Next will be described each of these processes in detail.

[0102] The process of obtaining high-throughput data in step s1 yields high-throughput physiological data, that is,
measured data (e.g., microarray data) on expressions of biological molecules, from each target sample (case sample)
and reference sample (control sample). A reference sample is, for example, a sample collected in advance from a patient
who will undergo a medical checkup or a sample collected first during the course of collection, and is used as a control
sample for the purpose of, for example, calibration of measuring instruments. A control sample is, although not essential,
useful to exclude error factors and improve measurement reliability.

[0103] The process of selecting differential biological molecules in step s2 selects biological molecules whose expres-
sions have noticeably changed. Figure 5 is a flow chart depicting an exemplary process of selecting differential biological
molecules in accordance with an embodiment. Figure 5 shows in detail the process of selecting differential biological
molecules in step s2 shown in Figure 4.

[0104] AsillustratedinFigure 5, first, let D1c denote statistical data obtained from the high-throughput data (expressions
of biological molecules) that in turn is obtained by measurement from n case samples and Dr denote data obtained by
measurement from control samples (s21). Next, the biological molecules D1c from the case samples are subjected to
a t-test to select biological molecules D2c whose expressions have noticeably changed in comparison to the high-
throughput data Dr obtained from the control samples (s22). T-test is given as an exemplary technique to select biological
molecules D2c whose expressions have noticeably changed in step s22; the technique is however by no means limited
in any particular manner. Another test technique, such as U-test, may be used. Tests by such a non-parametric technique
are especially effective when the population D1c does not follow a normal distribution. In addition, in t-tests, the signif-
icance level o may be set, for example, to 0.05, 0.01, or another appropriate value.

[0105] Next, multiple comparisons or multiple t-tests are corrected for the biological molecules D2¢ obtained from the
case samples using a FDR (false discovery rate) to select corrected case sample gene or protein data D3c (s23). Next,
Dc whose standard deviation SD has relatively drastically changed are selected, as differential biological molecules,
from the corrected case sample gene or protein data D3c by a two-fold change method (s24). The selected differential
biological molecules Dc not only have a noticeable difference from the biological molecules Dr obtained from the control
samples, but also greatly deviate from their own average value. In step s23, t-test is again not the only feasible testing
technique.

[0106] Next, the process of calculating the SNEs of local networks (step s3 in Figure 4) is carried out. Figure 6 is a
flow chart depicting an exemplary SNE calculation process for a local network in accordance with an embodiment. First,
the measured data on the differential biological molecules Dc selected in step s24 is normalized using Ex. (17) below
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(step s31). The data normalized by Ex. (17) is used in next and subsequent calculations.

A = (Dcase — mean (Ncontrol)) / SD (Ncontrol) ... Ex. (17)

where Dcase is measured data of, for example, gene or protein concentration, mean (Ncontrol) is an average value for
control samples, and SD (Ncontrol) is the standard deviation for the control samples.

[0107] Thelocal networks each with a center node denoting a biological molecule in the differential biological molecules
Dc selected in step s24 are derived using PPI or another similar database (step s32).

[0108] Asetofthresholdsd ={dy, ..., d\}is determined for the N selected center nodes (step s33). The set of thresholds
d determined for the nodes in step s33 is used in Ex. (3) and (4) to determine a transition state and is determined so
that o becomes equal to, for example, 0.5, where o is given by p(|z.(t1)| > dy) = a at node k for a sample collected at
time t4 (normal state) to a perturbation in the normal state.

[0109] The probability density function f defined in Ex. (18) is evaluated for each of the derived local networks (step
s34). The probability density function f, in step s34, is evaluated using data obtained by normalizing measured data and
then binarizing the normalized data with the set of thresholds d.

[Math. 9]

1 1 T -1
R s Tt G TG VNP V) R

[0110] Ex. (18) gives a probability density function f on an assumption that samples with k nodes follow a multivariate
normal distribution. In Ex. (18), Z = (z4, ..., Zy), and the average values for the local networks at time t are p () =
(q(tk), ..., wp(te)). In addition, 2w (t,) is a covariance matrix for the local networks. The probability density function f
defined in Ex. (18) is subjected to a multiple integration over different integration domains to calculate the transition
probability p,, (t,) for each local network at time tk as shown in Ex. (19) below (step s35).

[Math. 10]

Pive) ™ PI(X(tk)= 4, X(tk—l)= Au)
= Pr(X(t)= 4, X (t1)=4,)
Pr(X(s,..)=4,) .
ol vz i), ey, .,
[l @) ey

[0111] InEx.(19),Z=(z4, ...,ZN), Z7 = (27, ..., Z7N), Quand Qv are the integration domains respectively corresponding
to states Au and Av (absent typographical constrains, "Z~" should appear as Z with a "~" on top of it). The transition
probability p,, ,(t,) is determined in Ex. (19) by conditional multivariate normal distributions or Gaussian Kernel estimators.
Furthermore, the stationary distribution n,(t,) at time t, is calculated from the transition probability p,, ,(t) as in Ex. (20)
(step s36).
[Math. 11]

L+ +Ex.(19)

.Z”v(tk)pu,v(tk)=ﬂn(tk) e EX(ZO)

[0112] Next, the entropy H (t,) of each local network centered on anodei(i=1, ..., N) at time t, is calculated according
to Ex. (21) using the transition probability p, ,(t) and stationary distribution =,(t,) obtained by calculation (step s37).
[Math. 12]

Hi(tk)=—Z”v(tk)pn,v(tk)loglz.v(tk) v 'EX(21)

uy
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[0113] Next, a biomarker candidate is selected (step s4 in Figure 4). Figure 7 is a flow chart depicting an exemplary
selection process for a biomarker candidate in accordance with an embodiment. In the process of selecting a biomarker
candidate, which local networks have shown a drastic decrease to 0 in their SNE values is determined based on the
calculation in step s36 from a time-dependent change that occurs from time t-1 (normal state) to time t at which it is
determined whether or not the system is in a pre-disease state. The center nodes of these local networks are recorded
as DNB members (step s41). Furthermore, the SNEs of the local networks having shown a decrease in their SNE values
are recorded as members of the "SNE group” (step s42). The set of steps s41 and s42 chooses a factor as a biomarker
candidate that serves as anindex of a symptom of a biological object if the SNE of a local network for that factor decreases
beyond a predetermined choosing criterion. The center nodes (step s41) and the SNEs (step s42) are recorded in a
storage or memory unit of a detection device (described later in detail).

[0114] Next, the average SNE across the entire network is calculated (step s5 in Figure 4). In step s5, the average
SNE across the entire network is calculated from only the SNEs that are members of the SNE group recorded at each
predetermined time in step s42 according to Ex. (14). Use of only the SNEs that are members of the SNE group prevents
interference by noise, improving accuracy and reducing computation.

[0115] A detection process for a pre-disease state is then carried out (step s6 in Figure 4). Specifically, it is determined
whether or not in the SNEs of the entire network calculated at the predetermined times in step s5, there exists an SNE
whose value has drastically decreased beyond a predetermined detection criterion. If it is determined that there exists
an SNE whose value has drastically decreased in such a manner, it is determined, at the time when the SNE has
decreased, that the system is in a pre-disease state. In other words, it is detected that the system is in the pre-disease
state. On the other hand, if it is determined that there exists no SNE whose value has drastically decreased, in other
words, if the decrease does not exceed the predetermined detection criterion, it is determined that the system is not in
the pre-disease state. When there exists an SNE whose value has drastically decreased in the above manner, the
detection can assista medical diagnosis that the system is likely be in the pre-disease state and may be used to encourage
a checkup or other diagnosis.

Detection Device

[0116] The method of an SNE-based detection of a pre-disease state described in detail above is an embodiment of
the present invention and may be implemented on a computer-based detection device. Figure 8 is a block diagram
illustrating an exemplary structure of a detection device in accordance with the present invention. The detection device
1 in Figure 8 may be realized using a personal computer, a client computer connected to a server computer, or any
other kind of computer. The detection device 1 includes, for example, a control unit 10, a storage unit 11, a memory unit
12, an input unit 13, an output unit 14, an acquisition unit 15, and a communications unit 16.

[0117] The control unit 10 is composed of a CPU (central processing unit) and other circuitry and is a mechanism
controlling the whole detection device 1.

[0118] The storage unit 11 is a non-volatile auxiliary storage mechanism, such as a HDD (hard disk drive) or a like
magnetic storage mechanism or an SSD (solid state disk) or a like non-volatile semiconductor storage mechanism. The
storage unit 11 stores a detection program 11a in accordance with the present invention and other various programs
and data. The storage unit 11 also stores a relationship database 11b representing the relationship between the factors
used in the detection of a pre-disease state. The relationship database 11b may be a PPI or like database representing
protein-to-protein interactions (factor-to-factor relationships). The control unit 10 accesses the relationship database
11b for stored factor-to-factor relationships.

[0119] The memory unit 12 is a volatile, main memory mechanism, such as an SDRAM (synchronous dynamical
random access memory) or an SRAM (static random access memory).

[0120] The input unit 13 is an input mechanism including hardware (e.g., a keyboard and a mouse) and software (e.g.,
a driver).

[0121] The output unit 14 is an output mechanism including hardware (e.g., a monitor and a printer) and software
(e.g., a driver).

[0122] The acquisition unit 15 is a mechanism for external acquisition of various data: specifically, various hardware,
such as a LAN (local area network) port for acquiring data over an internal communications network (e.g., an LAN) or
a port for connection to a dedicated line (e.g., a parallel cable to be connected to measuring instruments) and software
(e.g., a driver).

[0123] The communications unit 16 may be a combination of hardware, such as a LAN port for acquiring data over
an external communications network (e.g., the Internet), and software (e.g., a driver). If the acquisition unit 15 is built
around a LAN port, the acquisition unit 15 and the communications unit 16 may be combined into a single unit. The
communications unit 16 is capable of acquiring information from the relationship database 16a stored in an external
storage device (e.g., a Web server connected over an external communications network). In other words, the control
unit 10 is capable of accessing the relationship database 16a for stored factor-to-factor relationships.
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[0124] By loading the detection program 11a stored in the storage unit 11 into the memory unit 12 and running the
detection program 11a under the control of the control unit 10, the computer implements various procedures stipulated
in the detection program 11a to function as the detection device 1 in accordance with the present invention. The storage
unit 11 and the memory unit 12, despite being separately provided for the sake of convenience, have similar functions
of storing various information: which of the mechanisms should store which information may be determined in a suitable
manner according to device specifications, usage, etc.

[0125] Figure 9 is a flow chart depicting an exemplary process of detecting a state transition of a biological object by
the detection device 1 in accordance with the present invention. The detection device 1 in accordance with the present
invention implements the aforementioned SNE-based detection process for a pre-disease state. The control unit 10 in
the detection device 1 acquires, through the acquisition unit 15, measured data on a plurality of factors obtained by
measurement on a biological object (Sc1). Step Sc1 corresponds to the process of obtaining high-throughput data
identified as step s1 in Figure 4. Note that although the term "factor" is used in this context to indicate that it is an object
for computer processing, the "factor" here refers to a gene-related measured item, a protein-related measured item, a
metabolite-related measured item, or another measured item that could be a node for a DNB.

[0126] The controlunit 10 verifies whether or noteach measured data set obtained for a factor has significantly changed
with time and selects differential biological molecules based on a result of the verification (Sc2). Step Sc2 corresponds
to the process of selecting differential biological molecules identified as step s2 in Figure 4.

[0127] Therefore, in step Sc2, the control unit 10 verifies significance based on a result of comparison of the measured
data for each factor and the reference data predetermined for each factor and each time series (Sc21) and selects a
factor that is verified to have significantly changed with time (Sc22). In other words, the steps shown in Figure 5 are
implemented in step Sc2. The data processed as reference data by the detection device 1 is control samples. For
example, the detection device 1 is set up to take samples that are obtained first as control samples to handle the samples
as reference data based on this setup.

[0128] The control unit 10 calculates the SNE of a local network for each selected factor, as a microscopic entropy as
understood in statistical mechanics between that factor and neighboring selected factors, in a network representative
of dynamical coupling between factors obtained based on a correlation of the time-dependent changes of the factors
(Sc3). Step Sc3 corresponds to the process of calculating the SNE of a local network identified as step s3 in Figure 4.
[0129] Therefore, in step Sc3, the control unit 10 accesses the relationship database 11b or 16a and derives a network
representative of dynamical coupling between factors based on the stored interactions between the factors (Sc31).
Furthermore, the control unit 10 binarizes the measured data for each factor according to the magnitude of a change
relative to the threshold that is determined based on earlier perturbations (Sc32), evaluates the probability density
function assuming that the binarized measured data follows a multivariate normal distribution (Sc33), and calculates the
probability of the measured data that follows a stationary distribution, based on the transition probability obtained by
multiple integration of the evaluated probability density function (Sc34). The control unit 10 calculates the SNE of a local
network for each factor and all its neighboring factors based on a total sum of the products of the probability of the
measured data and the logarithm of the probability (Sc35). The probability of the measured data is obtained from the
probability density function that represents a distribution of state changes of the measured data. In other words, the
computer implements the steps shown in Figure 6.

[0130] If the calculated decrease of the SNE of a local network is beyond a predetermined criterion, the control unit
10 identifies the factor that is the center of that local network as a biomarker candidate that could be an index of a
symptom of a biological object (Sc4). Step Sc4 corresponds to step s33 to step s34 in the SNE calculation process for
local networks identified as step s3 in Figure 4.

[0131] Therefore, step Sc4 involves the control unit 10 storing the factor that is the center of a local network as a DNB
member into the storage unit 11 or the memory unit 12 when the value of the SNE of the local network has drastically
decreased to 0 (Sc41) and storing the SNE, of the local network, whose value has decreased as a member of the "SNE
group" into the storage unit 11 or the memory unit 12 (Sc42).

[0132] The control unit 10 statistically calculates, as the SNE for the entire network, a macroscopic entropy which
gives a value representative of all the selected factors based on the SNEs each calculated as the microscopic entropy
for a different factor (Sc5). Step Scb corresponds to the step identified as step s4 in Figure 4 where the average SNE
across the entire network is calculated according to Ex. (14) above.

[0133] The control unit 10 detects a pre-disease state as a precursor to a symptom change based on the factors stored
in step Sc41 and the SNEs stored in step Sc42 (Sc6). Step Sc6 corresponds to the process identified as step s6 in
Figure 4 where it is determined whether or not the system is in a pre-disease state.

[0134] Therefore, step Sc6 involves the following procedures: the control unit 10 determines whether or not in the
SNEs of the entire network calculated at the predetermined times in step Sc4, there exists an SNE whose value has
drastically decreased; if it is determined that there exists an SNE whose value has drastically decreased, it is determined,
at the time when the SNE has decreased, that the system is in a pre-disease state; on the other hand, if it is determined
that there exists no SNE whose value has drastically decreased, it is determined that the system is not in a pre-disease
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state.

[0135] The control unit 10 then outputs results of the detection and determination from the output unit 14 before ending
the process. A physician can thus determine if there is a need for a further checkup, diagnosis, consultation, treatment,
or any other action based on the detection result output. The patient can learn of his/her own physical condition from
the detection result output.

[0136] The embodiments above disclose only a few of numerous possible examples of the present invention and may
be altered in a suitable manner in accordance with the type of disease, detection target, and other various factors.
Especially, various measured data may be used as the factors provided that the measured data is information obtained
by measurement on a biological object. The measured data is by no means limited to the aforementioned gene-, protein-,
or metabolite-related measured data and may be, for example, various quantified conditions of body parts obtained
based on images of the interior of the body obtained by a CT scanner and other measuring instruments.

Reference Signs List

[0137]

1

Detection device

10 Control unit

11 Storage unit

11a  Detection program
11b  Relationship database
12 Memory unit

13 Input unit

14 Output unit

15 Acquisition unit

16 Communications unit
16a  Relationship database
Claims

1. Adetection device (1) for assisting detection of a precursor to a state transition of a biological object to be measured,

based on measured data of a plurality of factors obtained by measurement on the biological object, said device
comprising:

selection means for selecting those factors for which the measured data shows a time-dependent change
beyond a predetermined criterion; characterized in that said device further comprises:

microscopic calculation means for calculating, for each factor, a microscopic entropy as understood in statistical
mechanics between that factor and every neighboring factor thereof in a network representative of dynamical
coupling among the factors obtained based on a correlation of the factors selected by the selection means; and
detection means for detecting a factor as a precursor to a state transition when the microscopic entropy calculated
by the microscopic calculation means shows a decrease beyond a predetermined detection criterion.

The detection device (1) as set forth in claim 1, further comprising choosing means for choosing, as a candidate for
a biomarker, a factor for which the microscopic entropy calculated by the microscopic calculation means shows a
decrease beyond a predetermined choosing criterion, the biomarker being an index of a symptom of a biological
object, wherein

the detection means detects a factor as a precursor to a state transition when the microscopic entropy for the
factor chosen by the choosing means shows a decrease beyond a predetermined detection criterion.

The detection device (1) as setforth in claim 1 or 2, further comprising macroscopic calculation means for statistically
calculating a macroscopic entropy based on the microscopic entropy calculated for each factor by the microscopic
calculation means, the macroscopic entropy being a representative value for all the selected factors, wherein

the detection means detects a factor as a precursor to a state transition when the macroscopic entropy calculated

by the macroscopic calculation means shows a decrease beyond a first detection criterion and also the micro-
scopic entropy calculated by the microscopic calculation means shows a decrease beyond a second detection
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criterion.

The detection device (1) as set forth in any one of claims 1 to 3, further comprising means for accessing a database
that stores interactions among the factors, wherein

the microscopic calculation means includes means for deriving the network representative of dynamical coupling
among the factors based on the interactions among the factors stored in the database.

The detection device (1) as set forth in any one of claims 1 to 4, wherein the microscopic calculation means calculates,
for each factor, a microscopic entropy based on a total sum of products of a probability of the measured data and
a logarithm of the probability based on a probability density function that represents a distribution of a state change
in measured data for all the neighboring factors.

The detection device (1) as set forth in claim 5, wherein the microscopic calculation means, for each factor, binarizes
the measured data according to magnitude of a change relative to a threshold determined based on an earlier
perturbation, evaluates the probability density function assuming that the binarized measured data follows a multi-
variate normal distribution, and calculates a probability of the measured data that follows a stationary distribution
based on a transition probability obtained by multiple integration of the evaluated probability density function.

The detection device (1) as set forth in any one of claims 1 to 6, further comprising difference verification means for
verifying whether or not the measured data for each factor has significantly changed with time, wherein the selection
means selects a factor verified to have significantly changed with time.

The detection device (1) as set forth in any one of claims 1 to 7, wherein the plurality of factors include a gene-
related measured item, a protein-related measured item, or a metabolite-related measured item.

A detection method using a detection device (1) for assisting detection of a precursor to a state transition of a
biological object to be measured, based on measured data of a plurality of factors obtained by measurement on the
biological object, said the detection device (1) implementing:

the selection step of selecting those factors for which the measured data shows a time-dependent change
beyond a predetermined criterion;

the microscopic calculation step of calculating, for each factor, a microscopic entropy as understood in statistical
mechanics between that factor and every neighboring factor thereof in a network representative of dynamical
coupling among the factors obtained based on a correlation of the factors selected by the selection means; and
the detection step of detecting afactor as a precursor to a state transition when the microscopic entropy calculated
by the microscopic calculation means shows a decrease beyond a predetermined detection criterion.

10. Adetection program (11a) for causing a computer to assist detection of a precursor to a state transition of a biological

object to be measured, based on measured data of a plurality of factors obtained by measurement on the biological
object, said computer implementing:

the selection step of selecting those factors for which the measured data shows a time-dependent change
beyond a predetermined criterion;

the microscopic calculation step of calculating, for each factor, a microscopic entropy as understood in statistical
mechanics between that factor and every neighboring factor thereof in a network representative of dynamical
coupling among the factors obtained based on a correlation of the factors selected by the selection means; and
the detection step of detecting afactor as a precursor to a state transition when the microscopic entropy calculated
by the microscopic calculation means shows a decrease beyond a predetermined detection criterion.

Patentanspriiche

Detektionsvorrichtung (1) zum Unterstlitzen der Erfassung einer Vorstufe zu einem Zustandsiibergang eines zu
messenden biologischen Objektes, basierend auf gemessenen Daten von einer Mehrzahl an Faktoren, die durch
Messung an dem biologischen Objekt erhalten wurden, wobei die Vorrichtung (1) umfasst:

Auswahlmittel zum Auswahlen derjenigen Faktoren, fir welche die gemessenen Daten eine zeitabhangige
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Anderung iiber ein vorgegebenes Kriterium hinaus zeigen;
dadurch gekennzeichnet, dass die Vorrichtung ferner umfasst:

mikroskopische Berechnungsmittel zum Berechnen einer mikroskopischen Entropie wie in der statistischen
Mechanik aufgefasst, fir jeden Faktor zwischen diesem Faktor und jedem hierzu benachbarten Faktor in
einem Netzwerk, das reprasentativ ist fiir eine dynamische Kopplung zwischen den Faktoren, die basierend
auf einer Korrelation der Faktoren erhalten werden, die durch das Auswahlmittel ausgewahlt sind; und
Detektionsmittel zum Erfassen eines Faktors als eine Vorstufe zu einem Zustandslibergang, wenn die
mikroskopische Entropie, die durch das mikroskopische Berechnungsmittel berechnet wird, eine Abnahme
Uber ein vorbestimmtes Erfassungskriterium hinaus zeigt.

Detektionsvorrichtung (1) nach Anspruch 1, ferner umfassend Auswahlmittel zum Auswahlen, als einen Kandidaten
fur einen Biomarker, eines Faktors, flir welchen die mikroskopische Entropie, die durch das mikroskopische Be-
rechnungsmittel berechnet wird, eine Abnahme Uber ein vorbestimmtes Auswahlkriterium hinaus zeigt, und der
Biomarker ein Hinweis fiir ein Merkmal eines biologischen Objekts ist, wobei

das Detektionsmittel einen Faktor als eine Vorstufe zu einem Zustandsiibergang erfasst, wenn die mikroskopische
Entropie fir den Faktor, der durch das AuswahImittel ausgewahlt ist, eine Abnahme Uber ein vorbestimmtes Erfas-
sungskriterium hinaus zeigt.

Detektionsvorrichtung (1) nach Anspruch 1 oder 2, ferner umfassend makroskopische Berechnungsmittel zum
statistischen Berechnen einer makroskopischen Entropie basierend auf der mikroskopischen Entropie, die fir jeden
Faktor durch das mikroskopische Berechnungsmittel berechnet ist, und die makroskopische Entropie ein reprasen-
tativer Wert fir samtliche ausgewahlte Faktoren ist, wobei das Detektionsmittel einen Faktor als eine Vorstufe zu
einem Zustandsiibergang ermittelt, wenn die makroskopische Entropie, die durch das makroskopische Berech-
nungsmittel berechnet wird, eine Abnahme Uber ein erstes Erfassungskriterium hinaus zeigt, und auch die mikro-
skopische Entropie, die durch das mikroskopische Berechnungsmittel berechnet wird, eine Abnahme tber ein zwei-
tes Erfassungskriterium hinaus zeigt.

Detektionsvorrichtung (1) nach einem der Anspriiche 1 bis 3, ferner umfassend Mittel zum Zugreifen auf eine
Datenbank, die Wechselwirkungen zwischen den Faktoren speichert, wobei das mikroskopische Berechnungsmittel
Mittel zum Ableiten des Netzwerkes enthélt, welches basierend auf den Wechselwirkungen zwischen den in der
Datenbank gespeicherten Faktoren reprasentativ ist fiir eine dynamische Kopplung zwischen den Faktoren.

Detektionsvorrichtung (1) nach einem der Anspriche 1 bis 4, wobei das mikroskopische Berechnungsmittel fur
jeden Faktor eine mikroskopische Entropie berechnet, basierend auf einer Gesamtsumme von Produkten einer
Wahrscheinlichkeit der gemessenen Daten und einem Logarithmus der Wahrscheinlichkeit basierend auf einer
Wahrscheinlichkeitsdichtefunktion, die eine Verteilung einer Zustandsanderung der gemessenen Daten fir alle
benachbarten Faktoren darstellt.

Detektionsvorrichtung (1) nach Anspruch 5, wobei das mikroskopische Berechnungsmittel fir jeden Faktor, die
gemessenen Daten binarisiert entsprechend der GréRe einer Anderung bezogen auf einen Schwellenwert, der
basierend auf einer frilheren Stérung ermittelt wurde, die Wahrscheinlichkeitsdichtefunktion unter der Annahme
bewertet, dass die binérisierten gemessenen Daten einer multivariaten Normalverteilung folgen, und eine Wahr-
scheinlichkeit der gemessenen Daten, die einer stationdren Verteilung folgen, basierend auf einer Ubergangswahr-
scheinlichkeit, die durch eine mehrfache Integration der bewerteten Wahrscheinlichkeitsdichtefunktion erhalten wird,
berechnet.

Detektionsvorrichtung (1) nach einem der Anspriiche 1 bis 6, ferner umfassend Differenzverifikationsmittel zum
Verifizieren, ob sich die gemessenen Daten fir jeden Faktor signifikant mit der Zeit verandert haben oder nicht,
wobei das Auswahlmittel einen Faktor auswahlt, von dem Uberprift ist, dass er sich signifikant mit der Zeit verandert
hat.

Detektionsvorrichtung (1) nach einem der Anspriiche 1 bis 7, wobei die Mehrzahl von Faktoren ein auf ein Gen
bezogenes gemessenes Element, ein auf ein Protein bezogenes gemessenes Element oder ein auf einen Metabo-

liten bezogenes gemessenes Element beinhalten.

Detektionsverfahren unter Verwendung einer Detektionsvorrichtung (1) zum Unterstiitzen einer Erfassung einer
Vorstufe zu einem Zustandslibergang eines zu messenden biologischen Objekts, basierend auf gemessenen Daten
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von einer Mehrzahl von Faktoren, die durch Messung an dem biologischen Objekt erhalten sind, und die Detekti-
onsvorrichtung (1) ausfihrt:

den Auswabhlschritt des Auswahlens derjenigen Faktoren, fir die die gemessenen Daten eine zeitabhangige
Anderung iiber ein vorbestimmtes Kriterium hinaus zeigen;

den mikroskopischen Berechnungsschritt des Berechnens einer mikroskopischen Entropie wie in der statisti-
schen Mechanik aufgefasst, flr jeden Faktor zwischen diesem Faktor und jedem hierzu benachbarten Faktor
in einem Netzwerk, das reprasentativ ist fiir eine dynamische Kopplung zwischen den Faktoren, die basierend
auf einer Korrelation der durch das AuswahImittel ausgewahlten Faktoren erhalten sind; und

dem Erfassungsschritt des Erfassens eines Faktors als eine Vorstufe zu einem Zustandsiibergang, wenn die
mikroskopische Entropie, die durch das mikroskopische Berechnungsmittel berechnet ist, eine Abnahme Uber
ein vorbestimmtes Erfassungskriterium hinaus zeigt.

10. Detektionsprogramm (11a um zu bewirken, dass ein Computer die Erfassung einer Vorstufe zu einem Zustandsu-

bergang eines zu messenden biologischen Objektes unterstiitzt, basierend auf gemessenen Daten von einer Mehr-
zahl von Faktoren, die durch Messung an dem biologischen Objekt erhalten sind, wobei der Computer ausfiihrt:

den Auswabhlschritt des Auswahlens derjenigen Faktoren fir die die gemessenen Daten eine zeitabhangige
Anderung iiber ein vorbestimmtes Kriterium hinaus zeigen;

den mikroskopischen Berechnungsschritt des Berechnens, fir jeden Faktor, einer mikroskopischen Entropie
wie in der statistischen Mechanik aufgefasst, zwischen diesem Faktor und jedem dazu benachbarten Faktor in
einem Netzwerk, das reprasentativ ist fur die dynamische Kopplung zwischen den Faktoren, die basierend auf
einer Korrelation der durch das Auswahlmittel ausgewahlten Faktoren erhalten sind; und

dem Erfassungsschritt des Erfassens eines Faktors als einer Vorstufe zu einem Zustandsiibergang, wenn die
mikroskopische Entropie, die durch das mikroskopische Berechnungsmittel berechnet ist, eine Abnahme ber
ein vorbestimmtes Erfassungskriterium hinaus zeigt.

Revendications

Dispositif de détection (1) pour assister la détection d’'un précurseur a une transition d’état d’un objet biologique a
mesurer sur la base des données mesurées d’une pluralité de facteurs obtenus par la mesure de I'objet biologique,
ledit dispositif (1) comprenant:

un moyen de sélection pour sélectionner ces facteurs pour lesquels les données mesurées présentent une
modification dépendante du temps au-dela d’un critére prédéterminé;
charactérisé en ce que le dispositive comprend en outre:

un moyen microscopique de calculation pour calculer pour chaque facteur une entropie microscopique
comprise en la mécanique statistique entre cet facteur et chaque facteur voisin de celui-ci dans un réseau
qui est représentatif d'un couplage dynamique entre les coefficients déterminés surla base d’'une corrélation
entre les facteurs sélectionnés par le moyen de sélection; et

un moyen de détection destiné a détecter un facteur comme un précurseur a une transition d’état lorsque
I'entropie microscopique calculée par le moyen microscopique de calculation présente une diminution au-
dela d’un critére de détection prédéterminé.

Dispositif de détection (1) selon la revendication 1, comprenant en outre un moyen de choix pour choisir comme
un candidat d’'un biomarqueur un facteur dont I'entropie microscopique calculée par le moyen microscopique de
calculation présente une diminution au-dela d’un critére de choix prédéterminé, le biomarqueur étant un indice d’'un
symptdme d’un objet biologique, dans lequel

le moyen de détection détecte un facteur comme un précurseur a une transition d’état lorsque I'entropie microsco-
pique pour le facteur choisi par le moyen de choix présente une diminution au-dela d’un critére de détection préde-
terminé.

Dispositif de détection (1) selonlarevendication 1 ou 2, comprenant en outre un moyen macroscopique de calculation
pour calculer statistiquement une entropie macroscopique sur la base de I'entropie microscopique calculée pour
chaque facteur par le moyen microscopique de calculation, 'entropie macroscopique étant une valeur représentative
pour tous les facteurs choisis, dans lequel le moyen de détection détecte un facteur comme un précurseur a une
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transition d’état lorsque I'entropie macroscopique calculée par le moyen macroscopique de calculation présente
une diminution au-dela d’'un premier critére de détection et en outre I'entropie microscopique calculée par le moyen
microscopique de calculation présente une diminution au-dela d’'un second critére de détection.

Dispositif de détection (1) selon I'une quelconque des revendications 1 a 3, comprenant en outre un moyen pour
accéder a une base de données qui stocke des interactions entre les facteurs, dans lequel le moyen microscopique
de calculation comprend un moyen pour dériver le réseau représentative de couplage dynamique entre les facteurs
sur la base des interactions entre les facteurs stockés dans la base de données.

Dispositif de détection (1) selon I'une quelconque des revendications 1 a 4, dans lequel le moyen microscopique
de calculation calcule pour chaque facteur une entropie microscopique sur la base d’'une somme totale des produits
de la probabilité des données mesurées et d’un logarithme de la probabilité basée sur une fonction de la densité
des probabilités représentant une distribution d’'une modification d’état des données mesurées pour tous les facteurs
voisins.

Dispositif de détection (1) selon la revendication 5, dans lequel le moyen microscopique de calculation binarise pour
chaque facteur les données mesurées en conséquence a I'ampleur d’'une modification en relation a une valeur limite
déterminée sur la base d’une perturbation précédemment, évalue la fonction de densité de probabilité en supposant
que les données mesurées binarisées suivent une distribution normale multivariable, et calcule la probabilité des
données mesurées qui suit une distribution stationnaire basée sur une probabilité de transition obtenue par une
intégration multiple de la fonction de densité de probabilité évaluée.

Dispositif de détection (1) selon I'une quelconque des revendications 1 a 6, comprenant en outre un moyen de
vérification d’'une différence pour vérifier si oui ou non les données mesurées pour chaque facteur ont changées
sensiblement avec le temps, dans lequel le moyen de sélection sélectionne un facteur vérifié d’avoir changé signi-
ficant avec le temps.

Dispositif de détection (1) selon I'une quelconque des revendications 1 a 7, dans lequel la pluralité de facteurs
comprend un élément mesuré lié au géne, un élément mesuré lié aux protéines, ou un élément mesuré lié au
métabolite.

Procédé de détection au moyen d’un dispositif (1) de détection pour assister la détection d’un précurseur a une
transition d’état d’'un objet biologique a mesurer sur la base des données mesurées d’une pluralité de facteurs
obtenus par la mesure de I'objet biologique, ledit dispositif de détection (1) comprenant:

I'étape de sélection pour sélectionner ces facteurs pour lesquels les données mesurées preséntent une modi-
fication dépendante du temps au-dela d’un critére prédéterminé;

I'étape de calculation microscopique pour calculer pour chaque facteur, une entropie microscopique comprise
en la mécanique statistique entre ce facteur et chaque facteur voisin de celui-ci dans un réseau représentatif
d’'un couplage dynamique entre les facteurs obtenues sur la base d’une corrélation des facteurs sélectionnés
par le moyen de sélection; et

I'étape de détection pour détecter un facteur comme un précurseur a une transition d’état lorsque I'entropie
microscopique calculée par le moyen microscopique de calculation presénte une diminution au-dela d’un critére
de détection prédéterminé.

10. Programme de détection (11a) destiné a entrainer un ordinateur pour assister la détection d’un précurseur a une

transition d’état d’'un objet biologique a mesurer sur la base des données mesurées d’'une pluralité de facteurs
obtenus par la mesure de I'objet biologique, ledit ordinateur mettant en oeuvre:

I'étape de sélection pour sélectionner ces facteurs pour lesquels les données mesurées preséntent une modi-
fication dépendante du temps au-dela d’un critére prédéterminé;

I'étape de calculation microscopique pour calculer pour chaque facteur une entropie microscopique comprise
en la mécanique statistique entre ce facteur et chaque facteur voisin de celui-ci dans un réseau représentatif
d’'un couplage dynamique entre les facteurs obtenus sur la base d’'une corrélation des facteurs sélectionnés
par le moyen de sélection; et

I'étape de détection pour détecter un facteur comme un précurseur a une transition d’état lorsque I'entropie
microscopique calculée par le moyen de calculation microscopique presénte une diminution au-dela d’un critére
de détection prédéterminé.
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Figure 2
Type Node State transition for the center node SNE for local netwok *
1 DNB CP(Tz(t) — z(t-1) [ > d)— 1 Decreases drastically to 0
2 DNB PClz(t) — 2(t-1) | > d )= 1 Decreases
3 non DNB | P(|z(t) — z(t-1)1 > d)—B Decreases
4 non DNB | P(lz(t) — z(t-1)1 > d)—p Has no significant change

22




EP 2913 770 B1

L aRS aseaslp-al
‘s aseasig F oo
e~

 aJe}8 jeLLION

aNs

(29001
OO O OO ) —

\l@ll O,\\*rl.“lvll
XX

X

-~

J3ylewolq [RuolIpel

A
el

¥ © _ooo.nm*
OOO

(8)
'@‘ (P) @
elep elep . elep
© JuswaInseayy  JuawaInseayy Juawansealy
ﬁ d)e)s aseasiq q ~8|QISIanaL]] h ﬂﬁw aseasip-ald E m_eemim h ]8]S |elION w
A uolssaifiold aseasi( B ©®

¢ 8In31y

23



Figure 4

EP 2913 770 B1

(_ Start )

Y

—— 81

Acquire high-throughput data

v

Select differential biological molecules

—— 82

'

Calculate SNEs of local networks

—— 83

'

Select a biomarker candidate

—— 54

'

Calculate the SNES of local network

—— 85

'

Detect pre-disease state

— S6

I
C End )

24



Figure 5

EP 2913 770 B1

Selection of differentfal biologidal molecules

'

Let Dic denote statistical data obtained by
measurement from n case samples based on
high-throughput data and let Dr denote data obtained
from control samples.

—— 821

I

Carry out t-test on Dic to select data D2c showing
noticeable changes in expressions in comparison with

high-throughput data Dr obtained from control samples.

~— s22

I

‘Correct D2c using false discovery rate FDR to select
data D3c

—— 823

y

Select differential biological molecules Dc whose
standard deviation SD shows relatively drastic changes
from D3c by statistic technique

—— 824

s
( “"Return - )

25



Figure 6

EP 2913 770 B1

Calculation of local network SNEs

)

Normalize measurement data

—— 831

'

Derive local networks

—— 832

'

Determine threshold for each node

t— 833

'

Evaluate probability density
function for each local network

—— 834

'

" Calculate transition probability for

each local network

—— 835

'

Calculate stationary distribution
for each local network

‘f\/sSé

'

Calculate SNE for each' focal
network

—— 337' |

:
C Return j

26



Figure 7

EP 2913 770 B1

Selection of biomarker qandidate

'

Store, as DNB member, center node of local
network for which SNE value has decreased

— s41

'

Store, as SNE member, the SNE of local

— 542

network whose value has decreased

I
( Return | )

27



EP 2913 770 B1

Figure 8
1
Detection device
Controluit 10
11
Storage unit hputunit  F~— 13

Detection program  {H— 112

Output unt  —— 14

Relationship database (+—11b

1< - Acquisition unit | —— 15

Memory unit |

Communications unit }—— 16

—

Relationship
database

16a

28



EP 2913 770 B1

Detect pre-disease state

‘'
( End )

Figure 9
Detection device 1
-
(st )
Acquire measurement data on }
multiple factors !
1 .
| - Sc2 |
Select differential biological [ _ | -
molecules
Calculate SNE of local network | _ .
for each factor
Identify factor at center as biomarker
candidate if decrease of SNE is beyond |<———
criterion L
|
: |
I 805 |
Calculate SNE for entire network Y
-

29

L

Verify significance based on result of
comparison of data on each factor and
reference data,

y

Select significant factor

/_'z

Calculate network representative of -
factor-to-factor dynamical coupling

v

Binarize measurement data based on
threshold for each factor |

v =

Evaluate probability density function

v ~

Calculate probébility of measurement
data following stationary distribution

v o

Calculate SNE of local network

-

Sc?21

= Sc22

Sc3l

Sc32

3033

Sc34.

Sc35

Sc4l

Store, as DNB member, factor of local
network whose value has decreased,.

1 ~Sc42

Store, as SN‘E member, local area
network whose SNE value has decreased




EP 2913 770 B1
REFERENCES CITED IN THE DESCRIPTION
This list of references cited by the applicant is for the reader’s convenience only. It does not form part of the European

patent document. Even though great care has been taken in compiling the references, errors or omissions cannot be
excluded and the EPO disclaims all liability in this regard.

Non-patent literature cited in the description

Self-organized patchiness in asthma as a prelude to
catastrophic shifts” (U.K.). VENEGAS, J. G. et al.
Nature. Nature Publishing Group, 2005, vol. 434,
777-782[0010]

Prediction of epileptic seizures: are nonlinear meth-
ods relevant” (U.K.). MCSHARRY, P. E. ; SMITH, L.
A.; TARASSENKO, L. Nature Medicine. Nature
Publishing Group, 2003, vol. 9, 241-242 [0011]
Transition models for change-point estimation in lo-
gistic regression” (U.S.A.). ROBERTO, P. B. ; ELI-
SEO, G.; JOSEF, C. Statistics in Medicine. Wi-
ley-Blackwell, 2003, vol. 22, 1141-1162 [0012]
Hearing preservation after gamma knife stereotactic
radiosurgery of vestibular schwannoma” (U.S.A.).
PAEK, S. et al. Cancer. Wiley-Blackwell, 2005, vol.
1040, 580-590 [0013]

Pituitary Apoplexy” (U.S.A.). LIU, J. K. ; ROVIT, R.
L. ; COULDWELL, W. T. Seminars in neurosurgery.
Thieme, 2001, vol. 12, 315-320 [0014]

30

Bifurcation analysis on a hybrid systems model of
intermittent hormonal therapy for prostate cancer”
(U.S.A)). TANAKA, G. ; TSUMOTO, K. ; TSUJ|, S.;
AIHARA, K. Physical Review. American Physical So-
ciety, 2008, vol. 237, 2616-2627 [0015]

LUONAN CHEN ; RUI LIU ; ZHI-PING LIU ; MEIYI
Ll ; KAZUYUKI AIHARA. Detecting early-warning
signals for sudden deterioration of complex diseases
by dynamical network biomarkers. Scientific Reports,
29 March 2012, http://www.natureas-
ia.com/ja-jp/srep/abstracts/35129 [0016]

RUI LIU ; LUONAN CHEN ; KAZUYUKI AIHARA.
The early warning signal of complex diseases based
on the network transition entropy. IEEE International
Conference on SYSTEM BIOLOGY (ISB), 02 Sep-
tember 2011, 362-367 [0017]



(57190 18 (% FAR) A (i)
B (E R A ()

HAT R E (TR AGE)

FRI& B A

KRN

RIEHE(F)

S\EReERR

BEG®)

RERRE T —FpRN %
RSN BERSHET HEFRSH KN RR RS, #TUTERE
RESEYNKEXNER , EARSHNELEENSBERENT
B(s1) , EFEREYD FHERE (s2) |, ITEIEBRBMEHSNE ‘
(s3) , EREYIRICRENSE (s4) , ITTEBIWEH FHSNER
N (s5) , ARBENRMNREREERIRES (s6)

RUEE NG EMRNER  XFET RGN EMERRSEROFTFS

EP2913770B1 KI(nE)A
EP2013849648 RiEHR
M ATBUE AR ZE R AR IR

H AR Z R AR IR

H AR ZHRARIRXHA

AIHARA KAZUYUKI
CHEN LUONAN
LIU RUI

AIHARA, KAZUYUKI
CHEN, LUONAN
LIU, RUI

GO06F19/24 A61B5/00 G06Q50/24 G16H10/60

A61B5/7264 G16B5/00 G16H10/40 G16H50/20 G06Q50/24 G16H50/30 G16H10/60

HINKELMANN , KLAUS

2012233886 2012-10-23 JP

EP2913770A1
EP2913770A4

Espacenet

B, FENERF A SEERBENETR ’ \
1

2016-11-09

2013-10-15

patsnap

I



https://share-analytics.zhihuiya.com/view/0cddc972-99c7-48b9-a7d0-83e3bbd0e273
https://worldwide.espacenet.com/patent/search/family/050544535/publication/EP2913770B1?q=EP2913770B1

