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The progression of complex diseases generally involves a pre-deterioration stage that occurs during the transition from a healthy
state to disease deterioration, at which a drastic and qualitative shift occurs. The development of an effective approach is urgently
needed to identify such a pre-deterioration stage or critical state just before disease deterioration, which allows the timely
implementation of appropriate measures to prevent a catastrophic transition. However, identifying the pre-deterioration stage is a
challenging taskin clinical medicine, especially when only a single sample is available for most patients, which is responsible for the
failure of most statistical methods. In this study, a novel computational method, called single-sample network module biomarkers
(sNMB), is presented to predict the pre-deterioration stage or critical point using only a single sample. Specifically, the proposed
single-sample index effectively quantifies the disturbance caused by a single sample against a group of given reference samples.
Our method successfully detected the early warning signal of the critical transitions when applied to both a numerical simulation
and four real datasets, including acute lung injury, stomach adenocarcinoma, esophageal carcinoma, and rectum adenocarcinoma.
In addition, it provides signaling biomarkers for further practical application, which helps to discover prognostic indicators and
reveal the underlying molecular mechanisms of disease progression.

Keywords: critical point, pre-deterioration stage, critical transition, dynamic network biomarker (DNB), single-sample network
module biomarkers (sSNMB)

Introduction itative state transition may occur (Chen et al., 2012; Liu et al.,

An abrupt switch to a contrasting state through a critical
transition occurs in many complex systems, such as ecosystems
(Beck et al.,, 2018; Chen et al.,, 2019), financial systems
(Drehmann and Juselius, 2014; Huang et al., 2017), climate
systems (Lenton, 2011), and infectious disease spreading
(Scarpino and Petri, 2019). Similarly, the progression of many
complex diseases is not always smooth but occasionally abrupt;
i.e.thereis a so-called critical point at which a sudden and qual-
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2021). Accordingly, regardless of specific differences in clinical
symptoms and biological processes, disease progression can be
roughly classified into three stages, i.e. a before-deterioration
stage, a pre-deterioration stage, and a deterioration stage
(Figure 1A). The before-deterioration stage is viewed as a
relatively healthy state with stability and high resilience. The
pre-deterioration stage refers to a critical transition before
switching to the onset or deterioration of symptoms and is
characterized by low resilience and high susceptibility. The
deterioration stage is another stable state with high resilience
after the catastrophic transition to the deterioration of the
disease. In contrast to the irreversible deterioration stage, the
pre-deterioration stage is sensitive to perturbation and is thus
usually considered to be reversible to the before-deterioration
stage by appropriate intervention strategies. However, many
complex diseases, such as cancers, are difficult to cure unless
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Figure 1 Schematicillustration for identifying the pre-deterioration stage based on the SNMB score. (A) The progression of complex diseases
is roughly divided into three stages, including a before-deterioration stage with high stability, an unstable pre-deterioration stage, and
another deterioration stage with high stability. The pre-deterioration stage is a critical state just before disease onset or deterioration and is
usually considered to be reversible to the before-deterioration stage through appropriate intervention, since it is sensitive to perturbation.
(B) The SNMB score is calculated based on a single case sample and is capable of quantifying the statistical disturbance yielded from the
single case sample against a group of given reference samples collected from a relatively healthy population. (C) The significant change in
sNMB signals the pre-deterioration stage; i.e. the SNMB score sharply increases when the system is close to the critical point.
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they are diagnosed at an early stage; i.e. missing the best time
for preemptive clinical interventions results in patients having
no choice but to undergo high-risk therapies. Unfortunately,
because many complex diseases cause few symptoms during
the early stages, the disease has already reached an advanced
stage when the pathological symptoms are easily diagnosed
clinically (Miller et al., 2019). Therefore, identifying the pre-
deterioration stage is of great significance for preventing or
delaying the occurrence of catastrophic deterioration. However,
it is challenging to accurately identify the tipping point or
pre-deterioration stage of complex diseases, because complex
biological systems exhibit relatively little state change before
approaching the catastrophic transition.

By exploiting the information of differential expression be-
tween the before-deterioration and pre-deterioration stages, tra-
ditional biomarkers mainly focused on distinguishing the de-
terioration stage rather than identifying the pre-deterioration
stage, which is similar to the before-deterioration stage in terms
of phenotype and gene expression. Recently, a novel concept
of the dynamic network biomarker (DNB) (Chen et al., 2012)
provided
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Figure 4 Identification of the critical transition of tumor distant metastasis in three cancers. (A-C) Identifying the critical transition for
STAD (A), ESCA (B), and READ (C). (D-F) Comparing survival curves between the before-transition stage and the after-transition stage in

STAD (D), ESCA (E), and READ (F).

Clearly, a notable change in the network structure occurs at
8 h, indicating an upcoming critical transition. These results
are consistent with the observation in the original experiment
(Figure 3D); i.e. the severe phosgene-induced acute lung injury
occurred around 12 h, and ~50%—-60% of deaths were observed
around 24 h (Sciuto et al., 2005).

Identifying the critical state for tumor diseases

To validate the effectiveness of the sNMB method in de-
tecting the early warning signal of the pre-deterioration stage
for tumor diseases, the proposed method was applied to
three tumor datasets (ESCA, READ, and STAD) from TCGA. The
tumor-adjacent samples that represent the relatively healthy
condition were viewed as reference samples, and then the
sNMB score of each tumor sample was calculated according
to the algorithm described in Materials and methods. At each
stage, the mean sNMB value was adopted to quantitatively
measure the pre-deterioration stage of tumor diseases. By anal-
ysis with the proposed method, the pre-deterioration stage was
identified in stage IlIB for ECSA, stage Ill for READ, and stage
1B for STAD (Figure 4A-C). To validate the identification of
the critical stage, prognostic analysis of before-transition and
after-transition samples was performed and compared through
Kaplan—Meier (log-rank) survival analysis (Figure 4D—F; Supple-
mentary Figure S2). Specifically, compared with the samples
from the after-transition stage, there was usually a higher life
expectancy for before-transition samples.

For ESCA, as shown in Figure 4A, a sudden increase in the
sNMB score was detected in stage IlIB, after which there existed
a tumor invading other adjacent structures, such as the aorta
and vertebral body, and distant metastasis occurred at stage IV
(Stahl et al., 2010). Figure 4D shows that there is a significant
difference (P=0.028) between the survival curves of the before-
transition samples and the after-transition samples. Clearly,
samples from stages I-11IB present significantly longer survival
periods than samples from stage IV. For the samples from only
two stages (stages IlIB and IV) around the critical stage, the
survival time of stage IIB samples was much longer than that
of stage IlIA samples (P = 0.0215; Supplementary Figure S3A).
In addition, there was a statistically non-significant difference
among the survival curves of samples from before the critical
stage (P = 0.295; Supplementary Figure S3B). In Figure 4B,
the peak of the SNMB value appears at stage IlIB, implying an
imminent critical transition of STAD after stage IlIB. References
show that stage IV is a severely deteriorated stage, in which
the tumor has spread to nearby tissues or metastasized to
other organs and ultimately causes distant metastasis (Kwon,
2011). Figure 4E shows that there is a significant difference
(P < 0.0001) between the survival periods of the two groups
of samples, i.e. samples from the before-transition stage
(stages IA-IlIB) and samples from the after-transition stage
(stage 1V)



Zhong et al., J. Mol. Cell Biol. (2022), 14(8), mjac052

survival curves among samples from the before-transition
period (stages IA-IlIA). For READ, as shown in Figure 4C,
the drastic transitions of the SNMB score appear in stage lll,
after which the tumor invades other parts of the human body
and distant metastasis occurs at stage IV (Jessup et al., 2011).
Figure 4F shows that there was a significant difference (P =
1le—04) between the survival curves of samples from stages
I-Ill and samples from stage IV. The before-transition samples
showed a significantly longer survival time than the after-
transition samples. For the samples solely from two stages
(stages lll and IV) around the critical state, the survival periods
of stage Ill samples were significantly longer than those of stage
IV samples (P = 0.0167; Supplementary Figure S3E). There
was no significant difference (P = 0.819; Supplementary Figure
S3F) in survival curves among samples before the critical stage
(stages I-ll). These results demonstrate that the SNMB score
can detect the early warning signals of a critical transition of
survival time, i.e. the critical transition associated with distant
metastasis at stage IV can be identified by the SNMB score.

Revealing the potential
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Figure 5 Functional analysis of common signaling genes in different tumor datasets. (A) Venn diagrams for the intersection of signaling
genes in three different cancers. There were 106 common signaling genes shared among the three datasets. (B) Dot plot of KEGG enrichment
analyses for 106 common signaling genes. (C) Dot plot of KEGG enrichment analyses for 1st-order DEG neighbors in the STAD dataset. (D) The
important common pathways are shared between common signaling genes and their 1st-order DEG neighbors. The common signaling genes
mapping into the pathway are depicted with red circles, while their 1st-order DEG neighbors mapping into the pathway are depicted with
blue circles. (E) For the TCGA-STAD dataset, the underlying signaling mechanisms involve both common signaling genes and their 1st-order
DEG neighbors.
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Figure 6 ‘Dark genes’ are sensitive to the SNMB score. (A—C) Kaplan—Meier (log-rank) survival analysis of local SNMB values and gene
expression for STAD (A), ESCA (B), and READ (C). The non-differential genes sensitive to the SNMB score are considered ‘dark genes’. The
dark genes perform well in prognosis and are strongly related to patient survival at the SNMB level but not at the gene expression level.

ESCA, and READ), the drastic transitions of the sSNMB score There are a few advantages to the SNMB method. First, com-
signal the pre-disease stage before distant metastasis in stage pared with traditional biomarkers that aim to diagnose the de-
IV. The successful detection of critical points for these biological terioration stage based on the differential information of gene

datasets validates the effectiveness of the sNMB approach in expression, the proposed method is capable of predicting the
identifying the criticality of complex diseases solely based on pre-deterioration stage based on the information of differen-
a single sample. tial networks among biomolecules. Second, against a group of

Page 9 of 12

€20z Aeniged zz uo 1senb Ad €1/6£699/2600€lW/g/ | /a1onle/qowl/woodno-olwspese//:sdjy Wwolj papeojumod



Zhong et al., J. Mol. Cell Biol. (2022), 14(8), mjac052

given reference samples, the SNMB method can identify the pre-

deterioration stage or critical point using only a single sample,

while the conventional DNB method requires multiple samples

at each time point to evaluate its three statistical indices. In

addition, the sSNMB method not only detects general early warn-

ing signals of critical transition into the deterioration.stage but

also provides sNMB signaling biomarkers that are involved in

key biological processes. Furthermore, by combining with dy-

namics prediction method (Chen[®t @l., 2020), it may help ttmodel-frersi0

identify the future critical states based on omics data. Third,

the sNMB method helps to reveal the dark genes, which are

non-differential in their expression but sensitive to SNMB and

perform well in prognosis.kinally,siteshould be noted that SNMB  model-freeDmodel-fre/CSOOcs700scn7/FicOn.O00TfOOD.00gs70000.00000000.0000Tm7[(0)]0T)7/GS00gs700g
m——— is ameodel-frmemethod, whimh impiesthattheshlB strategy

does not involve feature selection or model/parameter tr0Tc700Tc700]0T)7/GSO0gs7000h0000Tf70.0000000000.00000000.0(ba)0(sed)]OT)7/G!
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[Step 5] Calculating the SNMB score for the single sample at
time point t. The sSNMB score for the single sample is calcu-
lated based on a group of genes with the largest local SNMB

score, i.e.
1 N
=52, L @),

where the constant N is an adjustable parameter representing
the number of the top 5% of genes with the largest local SNMB
scores. I is applied to quantify the overall perturbation caused
by a single case sample.

According to the DNB theory, when the system approaches
the critical stage, the sub-network (local network) composed
of DNB molecules exhibits significant changes in terms of vari-
ance and correlation, thus resulting in significantly differential
information between the pre-deterioration stage and the before-
deterioration stage. Similar to previous studies (Zeng et al.,
2014a,b), such a sub-network is viewed as a module, which
can be utilized to detect the early warning signal of critical
transition. Therefore, the composite indicator /; would abruptly
increase when the system is near the tipping point, signaling an
upcoming critical transition.

Data processing and functional analysis

The proposed sNMB approach was applied to a numeri-
cal simulation and four real datasets, i.e. STAD, ESCA, and
READ datasets from TCGA database (http://cancergenome.nih.
gov) and an acute lung injury (GSE2565) dataset from the
GEO database (http://www.ncbi.nlm.nih.gov/geo/). The tumor
datasets are composed of both tumor and tumor-adjacent sam-
ples. The tumor samples are grouped into different stages ac-
cording to the stage information of TCGA, and the samples lack-
ing corresponding information are ignored. The cancer samples
were grouped into seven stages (stages IA, 1B, IC, lIA, IIB, llIA,
1B, and IV) for STAD, six stages (stages |, IB, IC, lIA, IIB, lIA, 1B,
and IV) for ESCA, and four stages (stages|, Il, IIl, and IV) for READ.
The details of the sampling conditions are given in Supplemen-
tary Table S1. The tumor-adjacent samples that represent the rel-
atively healthy condition are viewed as reference samples. Forall
these datasets, we discarded the probes without corresponding
NCBI Entrez gene symbols. For each gene mapped by multiple
probes, the average value was taken as its gene expression.

The analysis of pathways was performed with the KEGG
database (https://www.kegg.jp). The enrichment analysis was
performed by Metascape (Zhou et al., 2019) and the Cluster-
Profiler package (Yu et al., 2012). The functional results were
based on web service tools from the Gene Ontology Consor-
tium (http://geneontology.org) and client software from Ingenu-
ity Pathway Analysis (IPA, http://www.ingenuity.com/products/
ipa). The networks were visualized using Cytoscape.

Availability of data and materials

STAD, ESCA, and READ datasets are available from TCGA
database (http://cancergenome.nih.gov). Acute lung injury
dataset (GSE2565) is available from NCBlI GEO database
(http://www.ncbi.nlm.nih.gov/geo). The source code of the

algorithm is provided at https://github.com/zhongjiayuan/
sNMB_project.

Supplementary material
Supplementary material is available at Journal of Molecular
Cell Biology online.
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