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ABSTRACT

Complex disease progression typically involves sudden and non-linear transitions accompanied by

devastating effects. Uncovering such critical states or pre-disease stages and discovering dynamic network

biomarkers (signaling molecules) is vital for both comprehending disease progression and preventing or
delaying disease deterioration. However, the detection of critical points using high-dimensional limited
sample data or single-cell data proves notably challenging, as traditional statistical approaches often fail to
deliver accurate results. In this study, based on optimal transport theory and Gaussian graphical models, we

present an innovative computational framework, the sample-perturbed Gaussian graphical model
(sPGGM), designed to analyze disease progression and identify pre-disease stages at the specific
sample/cell level. Specifically, by employing population-level optimal transport and Gaussian graphical
models, the proposed sSPGGM effectively characterizes dynamic differences between the baseline

distribution and the perturbed distribution relative to the specific case sample, thus enabling the

identification of pre-disease stages and the discovery of signaling molecules during disease progression. The

reliability and effectiveness of our method is demonstrated by conducting a simulated dataset and evaluating
various data types, including four single-cell datasets, influenza infection data, and six distinct bulk tumour
datasets. In comparison with existing single-sample methods, our proposed method exhibits improved
capability in pinpointing critical point or pre-disease stages. Moreover, the effectiveness of computational

results is highlighted through the analysis of the functional roles of signaling molecules.

Keywords: critical point, optimal transport, dynamic network biomarker (DNB), pre-disease stage,

sample-perturbed Gaussian graphical model (sSPGGM)

INTRODUCTION

Disease progression is inherently dynamic and
prone to dramatic shifts over time, often triggered
by subtle internal or external disturbances, leading
to irreversible and severe consequences. Such a
process marked by abrupt critical shifts can typically
classified into three phases [1,2]: the normal stage,
pre-disease stage and disease stage (Fig. 1a). The
normal stage reflects a relatively healthy condition
in disease progression, where the system maintains
normality and exhibits high stability. The pre-
disease stage marks the critical threshold preceding
the appearance of disease symptoms [3,4]. That is,
as this critical point approaches, the patient often

experiences a catastrophic and irreversible tran-
sition, commonly resulting in deterioration. In
contrast to the reversible normal stage, the ir-
reversible deterioration of disease stage poses a
serious threat to the life and health of patients.
Therefore, grasping the dynamics of disease pro-
gression and unveiling the pre-disease stage plays a
key role in facilitating early disease intervention and
treatment [5,6]. However, the accurate detection
of the pre-deterioration stage or critical point for
complex diseases presents a considerable difficulty.
There show only minor changes in gene expression
patterns and clinical phenotypes between the nor-
mal stage and the pre-disease stage. Additionally,
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Figure 1. Schematic illustration of sample-perturbed Gaussian graphical model (sPGGM) for identifying pre-disease stages. (a) Disease progression can

be classified into three states: the normal stage, pre-disease stage and disease stage,

with the pre-disease stage representing a critical threshold just

before the onset of disease symptoms. (b) The baseline distribution is fitted from reference samples, whereas the perturbed distribution is derived from

mixed samples that combine a specific case sample with the reference group. (c) The

proposed sPGGM constructs candidate detection stages at the

single-sample level by utilizing a Gaussian graphical model embedded with prior knowledge of the PPI network and quantifies the distributional changes
between the baseline and perturbed distributions through the application of optimal transport theory. Then the SPGGM score is used to measure the
critical transitions of complex diseases, with a marked increase signaling the pre-disease stage. (d) In downstream analysis, we validate the results by
identifying signaling molecules, performing functional analyses, investigating potential molecular regulatory mechanisms, and so on.

challenges such as data noise, patient heterogeneity,
limited sample sizes, and model inaccuracies hinder
the reliable identification of critical transitions.

The identification of critical transitions in dis-
ease progression have increasingly gained attention
in recent studies. The computational approach,
grounded in flux theory of non-equilibrium dynam-
ical systems, has been devised to estimate various
properties of state transitions in the system [7].
Despite its robust theoretical foundation, the high
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computational complexity of this method makes it
challenging to use in large-scale, high-dimensional
biological systems [8]. Recently, a new concept of
dynamic network biomarkers (DNBs) has been
introduced to pinpoint key transitions in complex
biological systems [9,10]. Unlike conventional
biomarkers that solely assess static molecular ac-
tivity levels, DNBs can uncover the critical points
and potential molecular mechanisms of biological
processes. The application of the DNB theoretical
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framework has shown effectiveness in analyzing crit-
ical states of complex diseases like diabetes, cancer
and Alzheimer’s disease [11-15]. However, existing
DNB methods predominantly rely on multiple
samples to estimate statistical conditions [9], which
constrains their application in biological research
due to the challenge of collecting multi-sample
data from each time point in practical scenarios. In
addition, while these methods mainly aim to detect
early critical signals through traditional bulk omics
analysis, they still face robustness problem in noisy
and heterogeneous single-cell data. In summary,
previous methods are limited in their ability to ad-
dress specific issues in complex diseases and cannot
effectively handle challenges such as small sample
sizes, highly noisy data, and sample heterogeneity.
Therefore, our aim is to design a novel single-sample
approach that effectively overcomes these limita-
tions, allowing for the identification of pre-disease
stages and the prediction of the important molecules
driving disease progression.

Single-cell data has been proven to provide un-
precedented insights into the dynamic processes of
cellular systems [16,17]. In recent years, there has
been growing interest in characterizing transitions
at the single-cell level. For instance, methods like
MuTrans and QuanTC have been proposed to pre-
cisely dissect transition cells from single-cell data
[18,19]. BioTIP has been developed to detect criti-
cal transition signals from single-cell transcriptomes
[20]. Meanwhile, quantifying the critical properties
of complex biological systems from a distributional
perspective is gaining increasing attention. The mul-
tivariate distribution method has been used to de-
tect critical states during complex biological pro-
cesses [21]. The Gaussian distribution-based model
has been proposed to accurately identify critical
transitions in disease progression [22]. Addition-
ally, the Kullback-Leibler divergence index has been
employed to pinpoint the critical state of cancer
by capturing dynamic distributional changes [23].
Such integration of gene expression profiles with
distribution-based approaches is vital for more ef-
fectively characterizing the dynamic changes within
biological systems. In this research, inspired by pi-
oneer works, we propose a new and generalized
method called sample-perturbed Gaussian graphical
model (sPGGM) based on optimal transport the-
ory and Gaussian graphical models, to identify the
critical point or pre-disease stage and discover sig-
naling molecules during disease progression from a
sample-specific perspective. Specifically, to reduce ir-
relevant variables and improve actual biomolecular
associations, our proposed sSPGGM constructs can-
didate stages of detection at a single-sample level
using a Gaussian graphical model embedded with
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prior knowledge of the protein-protein interaction
network. Then, sSPGGM captures the distributional
changes between the baseline distribution (fitted
from reference samples) and the perturbed distri-
bution (fitted from mixed samples that combine a
specific case sample with reference group) through
optimal transport [24], and utilize the Wasserstein
distance to quantify the relative differences be-
tween various detection stages (Fig. 1b and c). The
critical properties of complex disease can be un-
veiled by sPGGM, with significant increases serv-
ing as a critical signal for disease prediction due
to its sensitivity to distribution shifts and ability
to measure the minimal ‘effort’ required to transi-
tion from the normal stage to the pre-disease stage.
To demonstrate the robustness and effectiveness of
sPGGM, we applied it to both simulated data and
various real-world disease datasets, including an in-
fluenza dataset, two single-cell datasets, and six can-
cer datasets from the TCGA database: colon adeno-
carcinoma (COAD), thyroid carcinoma (THCA),
kidney clear cell carcinoma (KIRC), uterine cor-
pus endometrial carcinoma (UCEC), kidney renal
papillary cell carcinoma (KIRP), and liver hepa-
tocellular carcinoma (LIHC). The results indicate
that the proposed sSPGGM effectively handles real-
world disease data, accurately detects pre-disease
stages across various disease categories, and iden-
tifies signaling molecules at critical points. More-
over, it exhibits a better performance in capturing
critical signals of complex diseases compared to
other existing single-sample detection approaches
[25-28]. In addition, we conducted functional
analysis on the signaling molecules identified by
sPGGM, uncovering potential molecular regulatory
mechanisms in disease progression and understand-
ing the biochemical basis of disease (Fig. 1d). In
brief, our sPGGM provides a new single-sample way
to identify the pre-disease state and discover sig-
naling molecules leading to potential disease, which
showcases exceptional effectiveness and robustness
for both bulk and single-cell data analyses, offer-
ing a novel perspective for personalized disease
prediction.

RESULTS

Performance of the sSPGGM based on
numerical simulation

To assess the validity of our proposed SPGGM, an
18-node modulated network is used to demonstrate
how the algorithm captures critical signals or tip-
ping points (Fig. 2a). Such a modulated network is
represented by a framework of stochastic differen-
tial equations based on Michaelis-Menten or Hill
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Figure 2. Performance assessment of the SPGGM based on numerical simulation. (a) The numerical simulation is performed
using an 18-node graph, constructed from a gene modulated network to depict the relationships between the nodes. (b) The
sPGGM curve reveals that a sharp increase in the sSPGGM score signals the impending critical transition. (c) The sPGGM
landscape shows that the scores for specific local networks with signaling molecules or DNBs exhibit a sharp increase as the
system approaches the tipping point. (d, e) The comparison of the multivariate Gaussian distributions for nodes 3 and 4 (DNBs)
versus nodes 16 and 17 (non-DNBs) is analyzed between the normal state (p = —0.3) and the critical point (p = —0.001).
(f-h) A comparison of the resilience performance between sPGGM and previous single-sample methods is provided.

dynamics, which is commonly used to analyze gene
regulation in biological processes, including tran-
scription, translation, and complex nonlinear inter-
actions [29,30]. The network’s critical signal is gov-
erned by the equation parameter p, where p =0
indicates the bifurcation marking the critical point
(refer to Section A of the Supplementary Informa-
tion for further details). Moreover nodes 1 to 7,
functioning as signaling molecules or DNBs, are di-
rectly influenced by the parameter p, while the other
nodes remain unaffected by p and act as irrelevant
molecules. Simulated data is generated by adjusting
the parameter p from —0.4 to 0.4, illustrating how ef-
fectively the sSPGGM uncovers the critical transition
near the bifurcation.

It can be seen from Fig. 2b that a notable rise in
the SPGGM score signals the impending critical state
as the system nears the bifurcation point (p = 0),
while the score remains stable and low when the sys-
tem is distant from the tipping point. Moreover, to
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reveal the specific dynamics of each node and pin-
point signaling molecules throughout the progres-
sion, we show the evolution of local sSPGGM land-
scapes across different nodes in Fig. 2c. As the sys-
tem is away from the tipping point, the sSPGGM score
for all local networks remains uniformly low, but a
notable spike in the SPGGM score occurs in spe-
cific local networks containing DNBs when near-
ing the critical point. Additionally, Fig. 2d and e
illustrates the transport of distributions from nor-
mal states to the critical point. As the system ap-
proaches the tipping point, the multivariate Gaus-
sian distribution of signaling molecules becomes
more divergent and fluctuates significantly, indicat-
ing a substantial rise in their variance. To demon-
strate the resilience of sSPGGM, we conducted a
comparative analysis of SPGGM and other exist-
ing single-sample methods on samples subjected to
varying levels of noise perturbation (Fig. 2f-h), high-
lighting our proposed method’s superior sensitivity
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and clarity in detecting critical signals. As the noise
level increases, our SPGGM method demonstrates
enhanced robustness and efficacy when subjected to
high noise levels (Fig. 2f-h and Fig. S1). The simu-
lation results show that the SPGGM effectively and
accurately detects critical transitions. Besides, our
proposed sSPGGM can pinpoint signaling molecules
and shed light on the key changes during system
progression.

Identifying pre-disease stages for
individual influenza infection

In this research, we utilized the sSPGGM to ana-
lyze the time-series dataset related to influenza in-
tection. This dataset consists of samples from 17 vol-
unteers infected with the Wisconsin/H3N2 virus via
intranasal administration, with gene expression data
collected at 16 time points over a 132-hour span
(—24 to 108 hours) (Fig. 3a). Among them, 9 vol-
unteers (subjects 1, S, 6, 7, 8, 10, 12, 13, and 15)
with severe influenza-like symptoms were classified
as the symptomatic group, while the remaining 8 vol-
unteers showing no clinical symptoms were catego-
rized as the asymptomatic group. For each partic-
ipant, the gene expression data from the first four
time points were considered as a reference group,
indicating their relatively healthy state. The sample-
specific SPGGM score (denoted as D; in Eq. (S35))
was calculated for each of 17 participants by the al-
gorithm detailed in the Materials and Methods sec-
tion. A rapid increase in the SPGGM score acts as an
early indicator of disease onset, particularly signaling
the moment when clinical symptoms begin to man-
ifest. Fig. 3b depicts the SPGGM score for all par-
ticipants across each time point. The symptomatic
group (indicated by red curves) show a marked in-
crease in the SPGGM score prior to the appearance
of symptoms, providing early signs of imminent crit-
ical transitions. In contrast, the asymptomatic group
(shown by blue curves) exhibit consistent sSPGGM
scores with no significant changes. Moreover, Fig. 3¢
depicts the sSPGGM score tailored for each of the
nine symptomatic participants, highlighting the pre-
disease stage that precedes the emergence of clini-
cal symptoms in each case. Consequently, the iden-
tification of the pre-disease stages for each partici-
pant validates the effectiveness of our sSPGGM from
a sample-specific viewpoint.

Identifying pre-disease stages for cancer pro-

gression

To determine how well the proposed SPGGM un-
veils pre-disease stages of cancer progression, we ap-
plied this method to six tumour datasets (COAD,
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THCA, KIRC, UCEC, KIRP, and LIHC) sourced
from the TCGA database. Using adjacent non-
tumour samples as the reference group, we deter-
mined the sample-specific sSPGGM score (as out-
lined in Eq. (S35)) for each individual case. The
mean sPGGM score at each stage was applied as
a quantitative indicator to evaluate the pre-disease
state. The analytical findings revealed that the pre-
disease stage was identified as stage II for THCA,
KIRC, and LIHC, stage III for KIRP, and stage IIB
for COAD and UCEC (Fig. 4a—f). In the COAD
dataset, a significant shift (P = 7.2E—9) in
the SPGGM score was observed around stage IIB
(Fig. 4a), signaling the onset of lymph node metas-
tasis at stages IIIA-IIIB [31]. For the THCA dataset,
it is seen from Fig. 4b that the sSPGGM score reaches
its highest point at stage I (P = S.4E — 4), indi-
cating an approaching critical shift. The literature re-
veals that stage III involves the sternothyroid mus-
cle or nearby thyroid-related soft tissues, along with
metastasis to regional lymph nodes [32]. When ap-
plied to the KIRC dataset, as illustrated in Fig. 4¢, a
notable increase (P = 5.4E — 62) in the sSPGGM
score from stages I to II points to a critical deteri-
oration event, that is, stage III is characterized by
a rapid escalation of lipid levels around the kidney
and tumour invasion into the renal vein [33]. In the
UCEC dataset, there is a substantial increase (P =
5.SE — 10) in the sSPGGM score between stages IIA
and 1IB (Fig. 4d), implying the occurrence of tu-
mour extension into surrounding tissues or metas-
tasis to lymph nodes after stage IIB [34]. For the
LIHC dataset, the sSPGGM score shows a sudden
rise (P = 3.9E — 2) during stage II (Fig. 4e), after
which direct invasion of nearby organs appears [35].
When applied to the KIRP dataset, the sSPGGM
score increased drastically before stage III (P =
2.1E — 7), signaling that distant metastasis generally
occurs at stage IV (Fig. 4f) [36]. Conversely, as de-
picted by the dark blue curve in Fig. 4a—f, the ex-
pression levels of highly expressed genes from spe-
cific samples does not effectively indicate a criti-
cal transition from the perspective of both accuracy
and signal significance. Furthermore, compared to
four other existing single-sample methods [25-28]
(see Table 1 and Figs $2-S4), our proposed sSPGGM
demonstrates improved performance in identifying
pre-disease stages throughout the progression of the
disease.

To verify the determined pre-disease state, we uti-
lized the Kaplan-Meier (log-rank) method to con-
duct a prognostic survival analysis on clinical sam-
ples taken from before and after the critical point. It
can be observed from Fig. 4g-1 that there shows a
significant difference in prognosis between patients
diagnosed before and after the critical stage, with
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Figure 3. Identification of pre-disease stages for influenza infection based on sPGGM. (a) A temporal chart detailing the
onset of influenza symptoms and the pre-disease stages determined by SPGGM for all participants. (b) The SPGGM curves for
all 17 subjects are shown, with the red curve representing the nine symptomatic participants and the blue curve depicting
the eight asymptomatic participants. (c) The curves for sample-specific SPGGM score of nine symptomatic individuals are
displayed, where the blue circle indicates the onset of influenza symptoms (as clinically observed), and the pink box marks
critical signals identified by sPGGM.




a 104 == Mean SPGGM
6.3
5
6 3
1%
o
Q.
X
@
®
5.7 S
(O]
54
| IIA 1B MA 1B Ic v
Stage
g 1 == Stage |-IB == Stage [lIA-IV
2
3075
©
Q
o
& 05
©
2
S0%| p-gE3
0
0 2 4 _ 6 8 10 12
Number at risk Time (year)
Stage I-I1B} 221 2 8
Stage A-V 174 1
0 10 12
d x104i Critical point
7.5 5 7
=¥ Mean sPGGM
===+ \ean expression
=== Maximum sPGGM /| c
5 ! °
= ! 2
9] H o
6 &
2 I &
w 1 Yy
25 : 5
1 O]
0 5
IA- 1B IC 1A B WA 1B IV
. Stage
J 1 == Stage |A-|IB == Stage IIIA-IV
2
3075
©
Qo
o
s 05
©
2
2025
H P=3.4E-6
0
0 2 4 6 8 10 12 14
Numberatrisk ~1ime (year)

Stage IA-IBy 357 145 56 21 7 1 1 1
Stage IIIA-IV{ 75256 10 5 2 2 1 1
0 2 4 6 8 10 12 14
Time (year)

p values below 0.05, indicating that those treated be-
fore critical transition have higher survival rates and
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can effectively signal the pre-disease states related to
survival time before disease deterioration, which fa-
cilitates prompt medical intervention and follow-up

care.
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Figure 4. |dentification of pre-disease stages for cancer progression based on sPGGM. The dynamic behavior of sSPGGM and gene expression was
evaluated across six tumour types: (a) COAD, (b) THCA, (c) KIRC, (d) UCEC, (e) LIHC, and (f) KIRP. The significant rise in the SPGGM score indicates an
upcoming critical transition before disease deterioration. Survival durations before and after the critical stage was analyzed for the following tumour
types: (g) COAD, (h) THCA, (i) KIRC, (j) UCEC, (k) LIHC, and (I) KIRP. Patients experience significantly longer survival times before reaching the critical
point compared to after it.

Functional analysis of the signaling molecules
involved in cancer progression
In addition to detecting the early pre-disease stages
of tumour progression, we also conduct a functional
analysis of signaling molecules (the top 5% of genes
exhibiting the highest SPGGM score) to gain in-

sights into their role in disease development. The
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Table 1. Comparison of the performance among different single-sample detection methods

Dataset sPGGM L-DNB SLE CPMI NIEE
COAD Stage IIB Stage I1IC Stage 1IB Stage 1IB Stage ITIIC
(P=72E-9) (P=9.6E-11) (P="7.7E-9) (P =4.5E-S5) (P =1.2E-50)
THCA Stage II Stage III Stage III Stage II1 None
(P=54E-4) (P=14E-2) (P=1.5E-2) (P=2.1E-4)
KIRC Stage 1T Stage II None Stage 111 Stage IV
(P=54E-62) (P=32E-2) (P=4.2E-2) (P=1.1E-13)
UCEC Stage IIB Stage IIB Stage IIB Stage 1IB Stage ITIA
(P=5.5E-10) (P = 6.5E-257) (P = 64E-4) (P = 6.8E-84) (P=32E-6)
LIHC Stage 1T None None Stage IV Stage III
(P=39E-2) (P=2.6E-2) (P=3.7E-57)
KIRP Stage II1 Stage II1 Stage III Stage II Stage 111
(P=21E-7) (P=19E-11) (P = 1.2E-308) (P =4.6E-2) (P=3.1E-3)
T-cell exhaustion Stage 5 Stage 7 Stage 7 Stage 5 None
(P=12E-129) (P=17E-2) (P=24E-2) (P=1.1E-2)
GABAergic D54 (P = 18E-2) None None None D125 (P = 4.7E-4)
interneurons

None: represents the inability to detect the critical signal.

transport map derived from the normal to abnor-
mal state via SPGGM enables us to describe the dis-
ease progression using Gaussian graphical distribu-
tions. In this study, we utilize principal component
analysis (PCA) [37] to demonstrate the main trans-
formation processes in the distribution of signaling
molecules at different stages of the disease. As illus-
trated in Fig. Sa—c, the distribution transport pro-
cess for three tumour datasets (LIHC, COAD and
UCEC) reveals that the distribution becomes more
concentrated as it moves away from critical points
and gradually disperses as it nears them. The tem-
poral evolution of the distribution transport pro-
cess across all stages is presented in Fig. SS. This in-
dicates that the sSPGGM effectively captures these
distribution state changes and identifies critical tran-
sitions across various diseases. Furthermore, func-
tional enrichment analysis of the identified signaling
molecules shows a significant enrichment in cancer-
related pathways, including oxidative phosphoryla-
tion [38], chemical carcinogenesis—reactive oxy-
gen species [39], and PI3K-Akt signaling pathway
[40] (Fig. Sd-f). An additional functional analysis
of both ‘dark molecule’ (non-differential genes sen-
sitive to the SPGGM score) and differentially ex-
pressed genes (DEGs) among signaling molecules is
given in Fig. S6. Additionally, we also discovered that
certain ‘dark molecules’ involved in cancer-related
pathways are essential for disease progression and
serve as effective prognostic indicators, not at the
gene expression level but at the sSPGGM score level
(Fig. Sg-1). Therefore, our sSPGGM-based method
can be viewed as a valuable complement to tra-
ditional differential expression analysis, helping to
identify new biomarkers, drug targets, and prog-
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nostic indicators from a network-level perspective
(since the SPGGM score is derived from network-
based computations) rather than focusing solely on
the gene level. Moreover, to enhance the validation
of ‘dark molecules’ as prognostic indicators, Figs S7
and S8 present a comparison of survival analysis
among the ‘dark molecule’, the top 5% most sig-
nificant DEGs, and randomly selected genes of the
same size. Besides, it can be seen from Fig. $j-1 that
key signaling molecules targeted by specific cancer-
related drugs can be identified based on the iG-
MDR database [41], which provides drug targets and
effective drugs for early therapeutic intervention in
patients with specific cancer.

Identifying pre-disease stages for complex
diseases at single-cell level

To gain deeper insights into the pre-disease stages
of complex diseases at the single-cell resolution,
we applied the proposed sSPGGM to two disease-
associated single-cell data: CD8+ T-cell exhaustion
dataset and GABAergic interneurons dataset. For
the CD8+ T-cell exhaustion dataset, the brown-
yellow curve in Fig. 6a indicates a marked increase
in the SPGGM score at stage S (P = 1.2E — 129),
signaling an early warning of the impending critical
transition for the cell subpopulation which began
to exhibit exhaustion characteristics thereafter [42].
When applied to the GABAergic interneurons
dataset, it is seen from Fig. 6b that the SPGGM score
demonstrates a significant rise from day 24 to day 54
(P = 1.8E — 2), after which there is a transition
from neurogenesis to gliogenesis, with certain genes
involved in astrocyte function [43]. In contrast, the
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Figure 5. Functional analysis of the signaling molecules implicated in cancer development. PCA-based visualizations of the optimal transport map
transitioning from the normal to abnormal states for three tumour types: (a) LIHC, (b) COAD, and (c) UCEC. The KEGG pathway enrichment analysis
of signaling molecules in three tumour types: (d) LIHC, (e) COAD, and (f) UCEC. The results demonstrate that signaling molecules are mainly enriched
in cancer-associated pathways. The survival analysis of ‘dark molecule’ (non-differential genes sensitive to the sSPGGM score) for three tumour types:
(g)LIHC, (h) COAD, and (i) UCEC. This survival analysis, based on the local sSPGGM score rather than gene expression values, proves effective in prognosis
and successfully distinguishes significant differences in survival times. The key signaling molecules targeted by specific cancer-related drugs identified

for three tumour types: (j) LIHC, (k) COAD, and (I) UCEC.

dark blue curve shown in Fig. 6a and b reveals that
the expression levels of highly expressed genes do
not adequately signify a critical transition in terms
of accuracy and signal significance. As illustrated in
Fig. S9A, for the T-cell exhaustion dataset, sSPGGM,
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MuTrans, and BioTIP detects the critical transition
with significant increases, with the SPGGM provid-
ing an earlier warning signal. When applied to the
GABAergic interneurons dataset, it is seen from Fig.
S9B that sSPGGM, MuTrans, QuanTC, and BioTIP
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Figure 6. Identifying pre-disease stages for complex diseases at the single-cell level. The dynamic behavior of SPGGM and gene expression analyzed
for (a) CD8+ T-cell exhaustion dataset and (b) GABAergic interneurons dataset. The cell clustering results based on t-distributed stochastic neighbor
embedding (t-SNE) of the signaling molecules for (c) CD8+ T-cell exhaustion dataset and (d) GABAergic interneuron dataset. (e) Gene ontology (GO)
analysis for functional enrichment indicated that the targeted signaling molecules are enriched in biological processes related to CD8+ T-cell exhaus-
tion. (f) Functional analysis using GSVA indicates that targeted signaling molecules have distinct roles in the progression of CD8+ T-cell exhaustion.
(g) The dynamic evolution of the regulatory network constructed from targeted signaling molecules and their neighboring differentially expressed genes
(DEGs) was explored during the CD8+ T-cell exhaustion process. (h) KEGG pathway enrichment analysis was carried out for the first-order DEGs. (i) The
functional analysis of targeted signaling molecules and first-order DEGs revealed the signaling mechanisms associated with the CD8+- T-cell exhaustion
in the PD-L1 expression and PD-1 checkpoint pathway in cancer. (j) Cellular communication between the pre-exhausted CD8+ T-cell subset (stage 5)
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based on the TCGA-COAD dataset.
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consistently indicate the critical state at day 54,
with the sPGGM showing the most statistically
significant signal. Moreover, the sPGGM is a
sample-perturbed critical point detection model,
meaning that it can detect critical signals at the spe-
cific sample/cell level when given a set of reference
samples. Therefore, the SPGGM has its own specific
advantages in analyzing critical states. At the iden-
tified critical state, the top 5% of genes showing the
highest local sSPGGM value were chosen as signaling
molecules for further analyses of functional roles
and biological processes. It is seen from Fig. 6c—d
that the cell clustering results based on signaling
molecules clearly differentiate the stages before and
after the critical transition, specifically around stage
S for the CD8+ T-cell exhaustion dataset and day
54 for the GABAergic interneurons dataset.

Transcription factors (TFs) have been shown
to play a pivotal role in regulating CD8+ T-cell
exhaustion in colorectal cancer (CRC) by control-
ling the expression of related target genes [44]. To
investigate the mechanism of signaling molecules,
we conducted an analysis to explore the functions of
signaling molecules regulated by upstream transcrip-
tion factors. In this study, 67% of signaling molecules
were found to be regulated by TFs (Fig. S10), sug-
gesting their potential role in mediating CD8+
T-cell exhaustion in CRC. Moreover, we performed
GO enrichment analysis on targeted signaling
molecules. As shown in Fig. 6e, they are signifi-
cantly enriched in biological processes associated
with CD8+ T-cell exhaustion, such as the immune
response-regulating signaling pathway, regulation
of T-cell activation, and regulation of leukocyte
cell-cell adhesion. Additionally, from a molecular
function standpoint, they are primarily enriched in
MHC protein complex binding, cytokine binding,
and T-cell receptor binding, with disruptions in
these functions directly impairing T-cell activation,
reducing anti-tumour immunity, and celebrating
T-cell exhaustion [45]. GSVA analysis of the tar-
geted signaling molecules was conducted to further
explore the dynamic changes in biological functions
and pathways throughout the CD8+ T-cell exhaus-
tion process [46]. As illustrated in Fig. 6f, the GSVA
score for pathways such as Pathways in cancer,
TGF-beta signaling pathway, ECM-receptor inter-
action, ERBB signaling pathway, and Regulation of
actin cytoskeleton exhibits an upward trend as the
exhaustion process advances. The upregulation of
these pathways may promote the formation of an
immunosuppressive microenvironment, thereby
inhibiting CD8+ T-cell function and ultimately
affecting the anti-tumour immune response.

To further uncover the molecular mechanisms
behind tumour progression at the network level,
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functional analysis was performed on the PPI
subnetworks of targeted signaling molecules, con-
structed from these molecules and their neighbor-
ing differentially expressed genes (DEGs) within the
PPI network. As illustrated in Fig. 6g, a distinct
shift in gene expression patterns within the networks
emerges after the pre-exhaustion stage, with signifi-
cant changes in the expression levels of targeted sig-
naling molecules and their first-order DEGs, under-
scoring the crucial role of these reversed genes in
CD8+ T-cell exhaustion. Moreover, the KEGG en-
richment analysis shows that they are significantly
enriched in cancer immunology-related pathways,
such as the antigen processing and presentation,
the PD-L1 expression and PD-1 checkpoint path-
way in cancer, and the T-cell receptor signaling path-
way (Fig. 6h). Notably, the PD-L1 expression and
PD-1 checkpoint pathway in cancer represents a
particularly significant immunological pathway re-
lated to CD8+ T-cell exhaustion. It is observed
that the upregulation of RELA, acting as a targeted
signaling molecule regulated by transcription fac-
tors (TFs), drives the high expression of PDCDI
and PTPN6/PTPNI1I (Fig. 6i), which may play a
critical role in CD8+4 T-cell exhaustion. Specifi-
cally, the upstream signaling molecule RELA can
promote the high expression of PDCDI (PD-1),
an inhibitory receptor crucial for CD8+ T-cell ex-
haustion [47]. PDCD1 subsequently drives the high
expression of PTPN6 and PTPN1I, which mainly
negatively regulate TCR signaling through dephos-
phorylation, leading to a reduction in T-cell activ-
ity [48]. The activation of PTPN6/PTPNII trig-
gers several key downstream signaling pathways:
first, PTPN6/PTPN11 inhibit T-cell proliferation by
activating BATF [49]. Second, they suppress the
expression of PRKCQ, which reduces the activa-
tion of the NF-« B signaling pathway, leading to de-
creased T-cell survival signals and increased apop-
tosis of T-cells [S0]. Additionally, they negatively
regulate TCR signaling by inducing low expression
of ZAP70, a critical molecule in T-cell receptor sig-
naling, thereby weakening TCR-mediated cell ac-
tivation [51]. Consequently, the low expression of
ZAP70 activates the high expression of LCP2 and
RHOA primarily involved in cytoskeletal remod-
elling and regulation. Its upregulation affects T-cell
migration and the formation of immune synapses
by modulating the cytoskeleton, thereby diminish-
ing T-cell activation and further promoting T-cell
apoptosis [52]. Thus, our findings suggest that the
upregulation of RELA drives the high expression of
key molecules such as PDCD1 and PTPN6/PTPN11
(Fig. S11), which may activate downstream signal-
ing pathways that mediate CD8+ T-cell exhaus-
tion. In terms of intercellular communication, the
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pre-exhausted CD8+ T-cell subset (stage 5) trans-
mits a robust exhaustion signal to the exhausted
CD8+ T-cell subset (stage 7), with CCLS_CCRS
and GZMA_F2R receptor-ligand interactions posi-
tively regulating this process (Fig. 6j), thereby pro-
moting CD8+ T-cell exhaustion. Additionally, the
prognosis analysis results indicate that high RELA
expression in tumour tissues is associated with poor
overall survival (Fig. 6k).

DISCUSSION

Identifying the pre-disease stages of complex dis-
eases is crucial for preventing or delaying disease
deterioration. However, traditional methods are
not well-suited to capture the dynamics of disease
progression and often fail to identify critical tran-
sitions in real biological datasets characterized by
high data noise, patient heterogeneity, and small
sample sizes. To address this challenge, based on our
recently proposed DNB theory [53], along with the
concepts of population-level optimal transport and
Gaussian graphical models [24], we present a robust
computational method called the sSPGGM, which
effectively reveals critical points or pre-disease
stages and identifies signaling molecules involved
in critical transitions from a sample-specific per-
spective. Our proposed SPGGM has been validated
with simulated data and applied to the analysis
of both scRNA-seq and bulk sequencing data
across various diseases, including four single-cell
datasets, influenza infection data, and six distinct
tumour datasets (COAD, THCA, KIRC, UCEC,
KIRP, and LIHC). The accurate prediction of pre-
disease stages for these complex diseases at the
specific sample/cell level highlights that our method
is a valuable tool for health assessment and person-
alized precision medicine. Additionally, the strong
performance of the sSPGGM in identifying disease-
related critical states was proven through compar-
isons with previous single-sample approaches on
both single-cell and bulk data.

The advantages of our proposed sSPGGM can
be briefly summarized as follows. First, being a
distribution-based model, the sSPGGM exhibits a
strong robustness and stability, as shown by its ef-
fective performance across bulk data of small sam-
ple sizes and high-noise single-cell data. Second, by
introducing Gaussian graphical optimal transport to
measure the dynamic differences between baseline
and sample-perturbed distributions, the sPGGM
outperforms existing single-sample methods in iden-
tifying pre-disease stages during disease progression.
Third, given a set of reference samples, the sSPGGM
not only identifies critical signals toward a deterio-
rated stage at the sample-specific level but also high-
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lights key signaling molecules associated with crucial
biological processes, offering significant advance-
ments in disease pathology analysis and personalized
precision medicine. In particular, the trend of the sig-
nal curve, i.e. a sudden increase as it approaches the
critical point, indicates that our proposed method
is effective when the sizes of the reference samples
fall within a specified range (Figs S12 and S13).
Fourth, unlike traditional techniques that rely on
differential equations for simulations, the sSPGGM
emphasizes data-driven insights by directly extract-
ing information from the data, without the need for
predefined parameters. Moreover, the sSPGGM can
demonstrate its scalability and effectiveness for ana-
lyzing large single-cell RN A-seq datasets (over 2 mil-
lion cells across five time points and 356,213 cells
from six age groups) (Fig. S14). However, a limita-
tion of the SPGGM is its reliance on undirected net-
works, which overlook causal relationships between
nodes, presenting a potential area for improvement
in our future research.

METHODS

Theoretical background

Disease progression frequently exhibits abrupt shifts
in temporal patterns and can be described as a time-
varying nonlinear process in the context of dynami-
cal systems, where a sudden state deterioration sig-
nifies a qualitative transition at a bifurcation point
[54]. The dynamic progression of diseases gener-
ally is defined by three states (see Fig. 1a): (i) a nor-
mal stage characterized by minimal fluctuation and
strong resilience; (ii) a pre-disease stage marked by
inherent instability and considerable complexity, in-
dicating a critical transition toward a disease dete-
rioration state; and (iii) a subsequent disease stage
associated with the onset or worsening of the dis-
ease. The key to detect pre-disease stages or critical
points lies in developing an index that quantitatively
measures dynamical changes in the state of disease
systems. However, the difficulty in distinguishing be-
tween the normal stage and the pre-disease stage be-
comes more evident when compared to the disease
state. Therefore, traditional statistical techniques
may struggle to differentiate the pre-disease stage.
Based on our recently proposed theoretical con-
cept of DNB [9,54], as the system nears a critical
point, a set of molecules (DNB variables) with
strong correlations and large fluctuations emerges,
signaling an impending critical state transition from
a network-level perspective. It is evident that the
state shift or phase of a system can be characterized
by a dynamic change in both the multivariate
distribution and molecular associations of DNB
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members. Therefore, by applying the Gaussian
graphical model and optimal transport theory, we
introduce the sSPGGM to detect critical signals that
mark the key transition from the normal stage to the
disease stage, which identifies the pre-disease stage
from a sample-specific perspective and addresses
challenges such as small sample sizes, high noise
levels, and sample heterogeneity. In our study, the
Gaussian graphical modelis defined by a graph struc-
ture paired with a Gaussian distribution, enabling the
graph to depict the dependencies among molecules
within the multivariate Gaussian distribution
[55-57]. A comprehensive description of the Gaus-
sian graphical model employed in our analysis is
introduced in Section N of the online Supplemen-
tary Information.

A quantitative approach to identify the
pre-disease stage based on the sSPGGM

Using a set of reference samples/cells obtained from
arelatively healthy condition, the proposed sSPGGM
was employed to identify the pre-disease stage or
critical state from a sample-specific/ cell-specific per-
spective. The details of this process are provided
in Section N within the online Supplementary
Information.

DATA AND CODE AVAILABILITY

Nine real datasets were employed in this study, which included the
influenza infection dataset (GSE30550), GABAergic interneu-
rons dataset (GSE93593) and CD8+ T-cell exhaustion dataset
(GSE108989) sourced from the GEO database (http://www.
ncbinlm.nih.gov/geo/), and COAD, THCA, KIRC, UCEC,
KIRP, and LIHC datasets obtained from the TCGA database
(http://cancergenome.nih.gov). The source code of the algo-
rithm and related data are available at https://github.com/
Junxian-Li-0/sPGGM_project.
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