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FIGURE 1 | The outline for identifying the SSI score based on HMM. (A) The progression of complex diseases is generally modeled as three states, i.e., a normal

state, a pre-disease state, and a disease state. The pre-disease state is immediately before the sudden deterioration, which is sensitive to treatment and reversible to
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state was viewed as a time-varying Markov process considering
its dynamical instability. Taking multiple normal samples as the
references or background, a differential network whose edges
carried the differential information before and after combing a
single sample with references, was obtained specific to the single
sample derived at a time point (Figure 1A). Then, under the
hypothesis that a time point t = T (T > 2) is the candidate
tipping point, a probabilistic score, namely single-sample-based
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FIGURE 2 | The algorithm of the single-sample-based HMM. The above flowchart shows how the algorithm works based on a series of single case samples.

Regarding a point t = T (T > 2) as a candidate tipping point, the sample series is divided into training part ranging from t = 1 to t = T−1, and testing part starting from

t = T. If a probabilistic score (single-sample-based inconsistency score, SSI score) increases significantly, then the candidate t = T is determined as the identified

tipping point, and the algorithm ends. Otherwise, if there is no significant change in SSI score, then t = T is classified as a time point belonging to the normal state,

and the algorithm continues with t = T+1 being a new candidate tipping point.

transition matrix at time point T−1 is

AT−1 =
(

aij
)

2×2

with

aij = P(sq = Pi|sq−1 = Pj), i, j ∈ { 0, 1}.

q − 1 ∈ {1, . . . ,T − 2}
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in the differential network due to the time-varying and
fluctuating dynamics of the system. Specifically, the algorithm
is guaranteed by the generic properties 2 and 3 listed in section
Theoretical Basis.

Data Accessing and Processing for Real
Datasets
Two gene expression profiling datasets including the time-
course dataset for influenza virus infection process (GSE30550)
downloaded from the NCBI GEO database (www.ncbi.nlm.nih.
gov/geo) and stage-course dataset for stomach adenocarcinoma
(STAD) from TCGA database (http://cancergenome.nih.gov).
For omics data (GSE30550), we discarded the probes without
corresponding NCBI Entrez gene symbol. After removing any
redundancy in dataset GSE30550, we obtained 11,451 molecules
through probe mapping. For each gene mapped by multiple
probes, the average value was employed as the gene expression.

When applied the algorithm to both two disease datasets, there
were two extra steps as follows.

First, the expression profiling information was mapped to
the protein-protein interaction networks from STRING (http://
stringw-db.org) (Szklarczyk et al., 2014) for Homo sapiens. In
such a network, the edges were filtered by the confidence level
with a threshold of 0.700. All the isolated nodes were discarded.
Then we choose the cutoff parameter d so that there are only
10% edges in the first differential network comparing with
original STRING network, that is, over 90% edges disappear
comparing with the original STRING network due to the generic
property that the network structure would remain stable during
the normal stage, and thus there are few edges in a differential
network based on samples generated from normal stage.

Second, the differential network was partitioned into local
networks to reduce computational complexity. Each local
network contained a center node and its first-order neighbors.
The local SSI score for each local network was calculated through
above algorithm. Given k local networks, then a weighted average
SSI score was derived as follows,

SSI =
n1SSI1 + n2SSI2 + . . . + nkSSIk

n1 + n2 + . . . + nk
,

Where ni denotes the number of nodes in the i-th local network
(I = 1, 2,. . . , k) and SSIi stands for the local SSI score of
this subnetwork.

The networks were visualized using Cytoscape (www.
cytoscape.org) and the functional analysis was based on
Ingenuity Pathway Analysis (IPA, http://www.ingenuity.co
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FIGURE 3 | The application of SSI score in numerical simulation. (A) The numerical simulation was based on a nine-node regulatory network. (B) The abrupt increase

of SSI score indicates the tipping point at P = 0. (C) From the dynamical changes of differential-edge distribut
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FIGURE 4 | The application of SSI score in STAD dataset. (A) The significant increase of SSI score indicates the tipping point at stage IIIA, before the deterioration into

distant metastasis at stage IV. (B) The average expression deviation between each single sample and the reference. (C) The dynamical evolution of the whole gene

regulatory network. The top 1% genes with the largest local SSI scores were arranged at the right-bottom corner.

injection, 0, 5, 12, 21, 29, 36, 45, 53, 60, 69, 77, 84, 93, 101,
and 108 h after the injection. At each time point, there was only
a single sample for each subject. By employing the proposed
method, we obtained the individual-specific SSI score for each
subject either in symptomatic or asymptomatic group.

The individual-specific SSI scores in Figure 5B demonstrated
that there were obvious signals provided by SSI score for all
symptomatic subjects (9 red curves), while there were few
significant changes in the SSI scores for asymptomatic subjects
(8 blue curves). The specific SSI scores for nine symptomatic
subjects were shown in Figure 5C. Clearly, the SSI score
indicated the pre-disease states (the state before the appearance
of clinical symptom) for each symptomatic individual, with 100%
accuracy. However, there was 25% false positive rate (Figure 5A).
To demonstrate the evolution of individual-specific differential
network, two sets of differential networks, respectively, for
two symptomatic subjects, i.e., subject 1 and subject 12, were
illustrated in Figure 6. Clearly, at the respective tipping point,
there were many differential edges arising just before the
emergence of clinic symptoms. At the tipping point of each
symptomatic subject, the top 1% genes with the largest local SSI
scores were regarded as a set of dynamical network biomarker,
which were selected for further functional analysis.

Based on IPA analysis, the common SSI-signaling genes
were highly related to functions annotation “Quantity of
lymphocytes” (P-value = 2.23E-11), “Inflammation” (P-value =
2.47E-10), “Viral Infection” (P-value = 1.06E-09), “Homeostasis

of leukocytes” (P-value = 1.14E-08). From KEGG enrichment
analysis, the common SSI-signaling genes were enriched in
Influenza A, and a variety of cellular pathways including PI3K-
Akt signaling pathway, MAPK signaling pathway, NF-kappa B
signaling pathway, etc. The functional analysis again validated
the effectiveness of SSI-signaling genes. A list of common SSI-
signaling genes for influenza infection was provided in Table S2.

DISCUSSION

Detecting the early-warning signal before a sudden deterioration
into a severe disease state is crucial to patients all over the
world. However, it is generally challenging to signal such critical
transition through only a single case sample, since the lack of
samples disables statistical indices and thus makes conventional
methods fail. In this work, we proposed a computational
method to identify the pre-disease state on the basis of a single
sample. Specifically, given a number of reference samples which
can be the normal samples of an individual (Figure 1A), the
proposed method can distinguish the abnormal single sample
by a differential-network-based HMM scheme. The proposed
method has been validated by both the numerical simulation
(Figure 3) and two real datasets (Figures 4, 5).

Comparing with the traditional methods which are mostly
based on the differential expression of observed biomolecules, the
proposed method aims at exploring the dynamic information of
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FIGURE 5 | The application of SSI score in influenza infection dataset. (A) The overall information of the 17 subjects in the influenza-infection challenge. (B) Line chart

of SSI score for all 17 subjects. The red curves are for symptomatic subjects, while the blue curves represent asymptomatic subjects. (C) The individual-specific SSI

scores for 9 symptomatic subjects. For each SSI curve, the star symbol represents the time point when SSI-score signal arises, the diamond symbol represents the

time point at which the initial flu symptoms appears.
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FIGURE 6 | The dynamical evolution of subject-specific networks. To illustrate the dynamical evolution of the differential network, the individual-specific networks of

two symptomatic subjects (subjects 1 and 12) were exhibited. (A) The individual-specific networks for subject 1. (B) The individual-specific networks for subject 12.

Clearly, at the identified tipping point of each subject, there were considerably more differential edges than that at other time point.

differential associations among biomolecules when a biological
system is in the vicinity of a tipping point. This method thus
possesses several obvious advantages. First, it works when only
a single case sample is available, which benefits the analysis in
personalized medicine. Second, it detects the pre-disease state
rather than a disease state, which may help to achieve early
diagnosis of some complex diseases. Third, it well-exhibits the
critical properties at a network level which may provide new
insights into catastrophic deterioration, such as the abnormally
arising differential associations.

Although the proposed method is merely a step toward the
identification of pre-disease state and the algorithm is expected
to be improved in both sensitive and accurate ways, following
the idea of personalized medicine, it provides a computational
way and achieves individual-specific analysis and prediction by
making use of only a single sample.
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