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Understanding disease progression is crucial for detecting critical transitions and finding trigger
molecules, facilitating early diagnosis interventions. However, the high dimensionality of data and the
lack of aligned samples across disease stages have posed challenges in addressing these tasks. We
present a computational framework, Gaussian Graphical Optimal Transport (GGOT), for analyzing
disease progressions. The proposed GGOT uses Gaussian graphical models, incorporating protein
interaction networks, to characterize the data distributions at different disease stages. Then we use
population-level optimal transport to calculate the Wasserstein distances and transport between
stages, enabling us to detect critical transitions. By analyzing the per-molecule transport distance, we
quantify the importanceof eachmolecule and identify triggermolecules.Moreover,GGOTpredicts the
occurrence of critical transitions in unseen samples and visualizes the disease progression process.
We apply GGOT to the simulation dataset and six disease datasets with varying disease progression
rates to substantiate its effectiveness. Compared to existing methods, our proposed GGOT exhibits
superior performance in detecting critical transitions.

Disease progression is a dynamic process regulated by numerous
genes, involving transitions across different pathological stages,
which offers critical opportunities for early diagnosis and
intervention1,2. Extensive evidence suggests that sudden and cata-
strophic deterioration, known as critical transitions, occur during
progression, with the tipping point marking the threshold for an
abrupt and often irreversible shift from stability to disease3,4, and
some certain key genes or proteins play a crucial role in the critical
transitions. This phenomenon has been observed in diverse condi-
tions, including epileptic seizures5,6, asthma attacks7, and cancer
progression8. Prior to reaching the critical state, disease progression
is often gradual, and appropriate interventions can restore the system
to its normal state9,10. Identifying these transitions and key molecules
is vital for understanding disease mechanisms and developing tar-
geted therapies, as the critical state represents a critical window for
intervention before irreversible deterioration occurs11–13.

Detecting critical transitions remains a significant challenge. Before
reaching the tipping point, patients may appear stable with subtle changes
that can be obscured by biological noise, patient heterogeneity, sample
imbalances, and limited aligned samples9,10,12,14. As a result, critical transi-
tions can appear abrupt and are often hard to identify in advance.With the
development of high-throughput sequencing technology, gene expression
data provides an excellent and abundant source of information for inves-
tigating dynamic progression15,16. Existing approaches in detecting critical
transitions have explored various strategies. The critical transition has been
mathematically explored in theories4 that developed a comprehensive fra-
mework involving bifurcations, fast-slow systems, and stochastic dynamics
to understand and predict critical transitions in complex systems. The
methods3,11,14 explored the critical transitions in complex systems by iden-
tifying early-warning signals using critical slowing down, like changes in
variance, autocorrelation in system dynamics, demonstrating their applic-
ability across ecological, climatic, and financial systems. Dynamic network
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biomarker methods10,12 have enhanced transition detection by identifying
the dynamic changes in network structures and molecular interactions,
resulting in theoretical founded and implementable framework for detect-
ing key molecules, however may face limitations when applied to challen-
ging heterogeneous or acute diseases. Further works17–21 investigate the
sample-level tipping point detection based on landscape dynamic network
biomarker (LDNB)17, single-sample landscape entropy (SLE)18, sample
networkmodule biomarkers (SNMB)19, sample-perturbed network entropy
(SPNE)20, sample-specific causality network entropy (SCNE)21, and so on
for identifying the tipping point during disease progression. Thesemethods
have provided comprehensive approaches for analyzing disease progres-
sion.However, it still lacks a systematic approach that can effectively identify
global critical transition for various challenging datasets, while efficiently
investigating the local trigger factors, enhancing both visualization and
sample-level predictions in a principled framework.

In this work, we propose Gaussian Graphical Optimal Transport
(GGOT), a framework for detecting critical transitions and identifying
trigger molecules in disease progression. GGOT combines Gaussian Gra-
phical Models (GGM)22 and Optimal Transport (OT)23. The GGMmodels
gene interaction networks by capturing gene correlations under a Gaussian
distribution24, incorporating biological priors from protein-protein inter-
action (PPI) network25. Optimal Transport quantifies distributional shifts
between disease stages, each modeled as a Gaussian distribution using
GGM, allowing for identifications of tipping points as the stage with max-
imal Wasserstein distance. By integrating them, GGOT detects critical
tipping points while pinpointing key molecules driving the transitions,
enhancing both mechanistic insights and the clinical applicability of early
interventions.

Specifically, GGOTconstructs disease stages byGaussian distributions
based on GGM embedded with PPI, to reduce the influence of irrelevant
variables and enhance the interpretability of the model by considering the
actual biomolecular associations. Then GGOT uses the Wasserstein dis-
tance tomeasure the distance betweennormal and different disease stages at
the population level, which avoids inferring the inverse of the covariance
directly. This distance quantifies theminimum “effort” for transitions from
normal to disease stages, sensitive to gene component changes. Besides,
GGOT can identify trigger molecules by decomposing the global Wasser-
stein distance to local Wasserstein distances, enabling the analysis of bio-
markers, key pathways, and functions. Finally, GGOT predicts the
probabilities of disease states for unknown samples and visualizes the dis-
ease transport process.

We validate GGOT on simulation data and six real-world datasets
covering both chronic and acute diseases. Results demonstrate that GGOT
can effectively detect tipping points, identify biologically relevant trigger
molecules, and outperform existing methods in accuracy. For example, in
lung cancer, GGOT correctly identifies the critical transition at an inter-
mediate stage and highlights key molecules. In sepsis, We collect gene
expression data from patients. GGOT uncovers trigger molecules,
demonstrating its adaptability to acute disease dynamics. By addressing the
limitations of existing methods and providing a comprehensive framework
for disease progression analysis, GGOToffers a powerful tool for advancing
precision medicine and understanding critical transitions in complex bio-
logical systems.

Results
Overview of GGOT
Given temporal gene expression data fSigNi¼0 of the specific disease with
N+ 1 disease stages, where Si ¼ fg j

i g denotes the set of disease samples of
stage i. We assume ΩS = {0, 1,…, N} denotes all stages of the disease, with
i = 0 as the normal stage and i ≠ 0 as the following abnormal stages.
Dynamic progressions of diseases are characterized by multi-criticality,
instability, and high complexity (Fig. 1a). As the system approaches a tip-
ping point, it experiences significant instability resulting in increased var-
iance and covariance among interacting components. This phenomenon,
widely recognized in complex systems theory, manifests as a transient state

where gene expression distributions deviate from both the healthy baseline
and the subsequent disease steady state. This reflects a critical restructuring
of molecular interactions, where functional relationships among genes are
most perturbed at the tipping point among the various disease progression
stages. Given this instability, an effective method for detecting critical
transitions should move beyond simple modeling of changes in gene
expression levels and instead quantify broader global network alterations
and distributional shifts across the stages of disease progression. Along
with this motivation, in this work, we introduce a GGOT approach to
quantify the distributional distance from a healthy state to different disease
states as the measure, which alleviates the challenges caused by sample
imbalance and the lack of aligned samples, and it is a distribution-based
framework generally robust to data noise.

The proposed model GGOT has three features. First, we use the
Gaussian graphical model (Fig. 1b) embedded with domain prior knowl-
edge of PPI networks (Fig. 1c) to describe gene interaction networks and
model data distributions in different disease stages, relieving the sample
imbalance issue. Second, we model the corresponding optimal transport
processes from normal to abnormal stages by the direction of disease pro-
gressions (Fig. 1d) and calculate the corresponding global Wasserstein
distance to represent the minimum “effort” required to transition from
normal to abnormal stages (Fig. 1e), to detect critical transitions of diseases.
Last, we propose the local Wasserstein distance based on optimal transport
decomposition to identify trigger molecules during critical transitions,
determine biomarkers, and infer the mechanisms of disease exacerbation.
We further develop downstream analytical tools to investigate the interac-
tion relationships among molecules, predict whether an unknown sample
reaches tipping points, and describe the transport processes at different
stages of the disease (Fig. 1f). Our designs enable GGOT to detect critical
transitions significantly and identify key molecules.

According to Gaussian graphical optimal transport, we can detect
critical transitions in diseases by seeking the stage solving themaximization
problem

I ¼ argmax
i2ΩSnf0g

Gi;

where Gi ¼ GðνG0 ; νGi Þ; for i ¼ 1; 2; . . . ;N; is the Global Wasserstein
Distance (GWD) score from stage 0 to i determined by Eq. (9). Ti is the
corresponding optimal transport map, describing the transition process.
The GWD score is sensitive to compositional differences that induce global
changes in the graph structure. We further decompose the GWD score Gi

into the Local Wasserstein Distance (LWD) score Li of each specific gene
by Eq. (11), where Li(j) measures the interaction difference of gene j under
global effects. The difference in LWD scores reflects not only the changes in
interactions associated with gene j but also the global structural significance
of gene j (Supplementary Fig. 1). This characteristic helps to identify reg-
ulatory genes in key pathways, which is a significant advantage of our
method.

Indeed, GGOT quantifies the instability of the disease network, char-
acterized by changes in gene interactions, across different stages using the
Wasserstein distance metric (Eq. (9)). In our model, we focus on variations
in correlations of gene interaction patterns rather than differences in gene
mean expression. The covariance element at each disease stage encodes the
relational structure between genes, serving as a descriptor of the gene net-
work. The Wasserstein distance captures the global shift between disease
stage distributions relying on the covariance matrix, and measures the
structural changes in gene networks. Consequently, it provides a robust
measure of alterations in gene relationships during disease progression.
These changes effectively reflect the instability of disease states, intensifying
as the system approaches the tipping point.

To assess the effectiveness of the proposed method GGOT, we use a
simulation dataset and six real-world disease datasets. The simulation
dataset is generated using gene regulatory networks. The complex disease
datasets (Supplementary Fig. 2) are from GEO database and TCGA
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database, encompassingdiseaseswith varying rates of progression and levels
of severity (SupplementaryTable 4).Dimensionality reductionmethods can
not capture the state transition properties (Supplementary Fig. 3). The
detailed information of the datasets, such as description, pathologic stages,
and sample size are provided in Supplementary Section C. For each dataset,
GGOT detects disease critical transitions first and quantifies the transport
distances from normal to abnormal stages. Secondly, GGOT identifies
trigger molecules at tipping points and performs functional analysis and
survival analysis of identifiedmolecules to illustrate regulatorymechanisms
and biomarkers. GGOT then predicts the stage distributions of the

unknown sample, and determines whether the sample reaches the tipping
point. Finally, GGOT models the transport processes from normal to
abnormal stages of diseases by optimal transport mapping and dimen-
sionality reduction methods, such as PCA26 and T-SNE27. The results
visualize the global transport processes of stages distributions and the
molecule transport processes in disease progressions.

GGOT for simulation data validation
To validate GGOT, we employ a gene regulatory network in the form of
Michaelis-Menten or Hill with sixteen nodes to simulate the disease
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Fig. 1 | Overview of the GGOTmodel. a The critical transition phenomena always
exhibit in disease progressions. Disease progression stages can be categorized into
three states, i.e., normal, critical, and disease state, where the critical state indicates
the potential for irreversible deterioration of patients. b According to the patholo-
gical characteristics, the disease samples from different stages are collected for graph
modeling. The sample sizes vary typically for each stage. cThe GGOTmodel utilizes
prior knowledge from PPI networks and maximum likelihood estimation to
establish Gaussian graphical distributions, characterizing the disease state for each

stage. Distributions reflect dependencies between genes. d For a abnormal stage i, we
aim to model it with a function Ti that maps distribution from normal stage 0 to
abnormal stage i. In particular, we calculate Ti through the proposed Gaussian
optimal transport due to a lack of paired measurements. e Detecting tipping points
by Wasserstein distance between normal stage 0 and abnormal stage i. The critical
transition appears at the stage corresponding to themaximumWasserstein distance.
f Downstream analysis. We perform downstream validation analysis of the results,
including identifying trigger molecules, functional analysis, sample prediction, etc.
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progression18. Regulatory networks employing Michaelis-Menten or Hill
bifurcation are frequently utilized to depict the gene regulatory activities in
biological systems28,29. These networks are instrumental in detecting critical
transitions. The equation (Fig. 2a) employed in our study is detailed in
Supplementary SectionD. The critical signal of the network is controlled by
parameter q, with q = 0 as the bifurcationmarking the tipping point. Nodes
1–7 are trigger molecules, directly regulated by parameter q, while the
remaining nodes are irrelevant molecules, independent of parameter q.

Based on the variation of the parameter q from − 0.3 to 0.2, the simulation
dataset is generated to show the effectiveness of detection using GGOT
when the system approaches the tipping point.

In Fig. 2b, we demonstrate changes in the value of node 1 under
different parameter q settings and variations in different nodes under the
parameter q =− 0.3. It shows that parameter q controls the evolution of
node values. The GWD score is displayed in Fig. 2c. It can be seen that a
sudden increase of GWD scores near the bifurcation q = 0 indicates the
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Fig. 2 | GGOT for simulation data validation. a The numerical simulation is
conducted based on the graph with 16 nodes. The graph designed by the gene
regulatory network reflects the relationships between nodes. b Data summary of
nodes across varying conditions regulated by parameter q. The parameter q is the
governing factor for the regulatory network in Supplementary Equation (S1). The
left is the evolution of node 1 for different parameters q, and the right is the evolution
of different nodes for q =− 0.3. c The curve of GWD score. The sudden increase in
GWD scores heralds the coming of critical transition q = 0. dThe landscape of LWD

score. LWD scores reflect changes in single nodes within the system. The LWD
scores of certain nodes, termed trigger molecules, exhibit a sudden increase as they
approach the tipping point. e The changes of joint Gaussian distribution in nodes 2
and 15 between the normal stage (q =− 1) and other stages (−0.3 ≤ q ≤ 0.2). Optimal
transport can accurately calculate the changes in distributions of molecular synergy.
f The comparison of the distribution progression between trigger molecules and
other molecules at different q. Trigger molecules are more unstable than other
molecules when q = 0.

https://doi.org/10.1038/s42003-025-07995-z Article

Communications Biology |           (2025) 8:575 4

www.nature.com/commsbio


upcoming tipping point. When away from the tipping point, the GWD
scoresmaintain a low level. To exhibit the distinct dynamics of each node in
the systemand identify triggermolecules during progression,wepresent the
dynamics landscape of LWD scores in Fig. 2d. When the system is distant
from the tipping point, all LWD scores are smooth and at a low level. As the
system approaches the tipping point q = 0, the LWD scores of certain nodes
(1, 2, …, 7) increase drastically, called trigger molecules, while the others
remain low. It proves that GGOT can identify trigger molecules, and cor-
responding results are consistent with the nodes regulated by q. The dis-
tribution transport processes fromnormal to abnormal stages are illustrated
in Fig. 2e. The system distribution gradually diverges and fluctuatesmore as
it approaches the tipping point, and then returns to normal level as itmoves
away from the tippingpoint.We show the changes inmarginal distributions
of trigger molecules and other molecules in Fig. 2f. It indicates that the
variance of triggermolecules increases dramatically approaching the tipping
point. Through the simulation experiment, it is demonstrated thatGGOT is
reliable and accurate in detecting critical transitions and identifying trigger
molecules.

GGOT detects critical transitions in disease progression, unco-
vering the occurrence of irreversible changes
We apply GGOT to detect critical transitions for real-world datasets with
varying progression rates (Supplementary Table 4). GGOT can identify
patterns of the alterations in gene relationships during disease progression,
allowing for early detection of tipping points. We evaluate the effectiveness
of GGOT for detecting tipping points in chronic and acute progressive
diseases. The results of GSE48452, GSE2565, LUAD, and XJTUSepsis are
shown in Fig. 3a–d, and the results of COAD, GSE154918 are shown in
Supplementary Figs. 4a and 5a, respectively.

Non-alcoholic fatty liver disease (NAFLD) is a chronic progressive
non-critical disease that usually beginswith simple fatty liver (accumulation
of fat in the liver) andmayprogress to non-alcoholic steatohepatitis (NASH,
hepatocyte destruction, inflammation generation). GSE48452 consists of
four stages, i.e., control, healthy obese, steatosis, and NASH, to analyze
NAFLD. GGOT detects the tipping point of GSE48452 as the stage 2
“steatosis” (Fig. 3a). Before stage 2, liver damage is reversible, and normal
liver function can be restored if measures are taken. But after stage 2, the

GWD score for XJTUSepsisGWD score for LUAD

GWD score for GSE2565GWD score for GSE48452
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Fig. 3 | GGOT detects critical transitions in diseases with varying
progression rates. The curve of GWD scores in (a) GSE48452, (b) GSE2565, (c)
LUAD, and (d) XJTUSepsis to detect critical transitions. GWD scores directly reflect
critical changes in gene networks. The sharp increase in GWD scores suggests the
upcoming tipping point and the critical transitionmay occur. The stage closest to the
tipping point is called the pre-transition stage. Patients in the pre-transition stages

are very susceptible to deterioration. e The significant difference in patient survival
time before and after critical transitions (CT). Survival analysis for critical transi-
tions in (f) LUAD and (g) XJTUSepsis is performed to demonstrate the validity of
these critical transitions. The survival time of patients before critical transitions is
significantly longer than the time after critical transitions (p ≤ 0.0001).
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sudden decrease in lipid correlations between blood and liver indicates the
occurrence of an irreversible change30,31.

GSE2565 is employed to investigate the mechanism of lung injury,
comprising ten stages determined by the time of exposure to phosgene, i.e.,
control, 0h, 0.5h, 1h, 4h, 8h, 12h, 24h, 48h, 72h. Lung injury is an acute
progressive critical disease. GWD scores of GSE2565 demonstrate a sig-
nificant increase from stage 4 to stage 5, confirming that critical transition of
acute lung injury occurs at stage 5 (Fig. 3b). The disease undergoes sudden
deterioration after stage 5, with 50–60% of the mice succumbing in stage 6,
indicating the presence of irreversible changes beyond the tipping point.
This phenomenon is consistent with the results of detection32.

Lung adenocarcinoma (LUAD) and colon adenocarcinoma (COAD)
are chronic progressive non-critical diseases, with corresponding pathologic
stages. The tipping point of LUAD is detected in stage IIIB, signaling the
critical transition into the cancer metastasis stage (stage IV) of lung ade-
nocarcinoma (Fig. 3c). The tumor cells invadedistant tissues of other organs
at stage IV, usually called advanced ormetastatic cancer.After stage IIIB, the
disease state deteriorates in patients, and the survival rate of patients is
reduced. Critical transitions can significantly differentiate the disease states
of patients (Fig. 3e).Weevaluate a survival analysis of obtainedpatientswith
LUADand compare survival curves for samples before and after the tipping
point. The survival time of patients before stage IIIB is significantly longer
than patients after stage IIIB (Fig. 3f). The detection signifies that GGOT
serves as an early warning for cancer metastasis, and the result of COAD is
similar (Supplementary Fig. 4a).

Sepsis is an acute progressive critical disease, and the previous
methods can not capture progression transitions. We collect gene
expression data of sepsis from the First Affiliated Hospital of Xi’an
Jiaotong University, named XJTUSepsis, and group the patients based on
SOFA scores33 into eight stages. GGOT effectively identifies the critical
transition of sepsis at stage 5 (Fig. 3d). The SOFA score interval corre-
sponding to stage 5 is [12, 14] (Supplementary Table 5), after which
sepsis severely worsens, accompanied by the impact or failure of multiple
organs. The patients may rapidly transition from a stable, critically dis-
eased state to an extremely dangerous state. The corresponding survival
analysis also demonstrates the accuracy of the sepsis tipping point
(Fig. 3g). GSE154918 is another data about sepsis, and the GWD score
curve is shown in Supplementary Fig. 5a. All results demonstrate that
GGOT can recognize the warning signals at the early stage of the disease
state transition well, which can help doctors intervene early to achieve the
role of delaying disease progressions.

GGOT identifies trigger molecules to uncover the disease pro-
gression mechanisms
GGOTallows us to isolate the role of the single gene, named the LWDscore,
by decomposing the GWD score. The LWD scores for different diseases are
illustrated inFig. 4a–d, Supplementary Figs. 4b and5b. It is observed that the
LWD scores of specificmolecules increase dramatically near tipping points,
while the LWD scores of the others remain low throughout whole disease
progressions. The landscapes of LWD scores in chronic diseases exhibit
slower changes compared to those in acute diseases. The molecules with
high LWD scores at the tipping point stage are the graph components that
induce global structural changes, called the trigger molecules. These trigger
molecules are more likely to play a key role in disease progression.

We identify top 200 trigger molecules for different types of diseases in
Supplementary Table 1. In addition, we show changes in the interactions of
trigger molecules during disease progression (Fig. 4e–h, Supplementary
Figs. 4c and5c). InFig. 4e–h,we illustrate interaction relationship changesof
30 trigger molecules using PCC in four disease datasets. The interactions
between trigger molecules increase as they approach tipping points,
reflecting strong correlations among these trigger molecules. To further
validate the rationality of the selected trigger molecules, we perform func-
tional and survival analysis for trigger molecules of each dataset (Fig. 5).
Functional analysis can substantiate molecular feasibility and elucidate the
underlying mechanisms of diseases. Concurrently, survival analysis can

provide insights into the prognostic implications of these molecular
findings.

GSE48452 reveals that non-alcoholic fatty liver is through biological
processes of chemotaxis, leukocyte migration, etc (Fig. 5a). The molecular
function of the extracellular matrix structural constituent and the cellular
components of the collagen-containing extracellular matrix regulate the
development of nonalcoholic steatohepatitis. The major genes constituting
these processes are LAMA4, THBS1, ICAM1, the CXCL family, the CCL
family, and so on, emphasizing their integral involvement in the disease’s
pathogenesis.

GSE2565 suggests that lung injury is related to ameboidal-type cell
migration, cytoplasmic translation, etc (Fig. 5b). Specifically, cellular com-
ponents of the cytosolic ribosome and the molecular function of ubiquitin
protein ligase binding influence the development of phosgene lung injury.
Key genes implicated in this process include Anxa1, Calr, Hmox1, Jun,
members of the Rps family, etc.

LUAD indicates that lung adenocarcinoma is through biological
processes such as collagen-containing extracellular matrix, epithelial cell
proliferation, gland development, muscle tissue development, etc. The
molecular function of glycosaminoglycan binding regulates disease trajec-
tory in lung adenocarcinoma. The major gene clusters are MSLN, RGS20,
LAMA4, CXCL family, CCL family, etc (Fig. 5c). Notably, we purposely
chose MLSN and RGS20 as biomarkers to validate prognostic effects
(Fig. 5e).MSLN is a cell surface antigen associated with tumor invasion and
is highly expressed in a variety of cancers, acting as a cell adhesion protein.
MSLN plays an important role in lung carcinogenesis and epithelial-
mesenchymal transition34. Targeting MSLN is a potential CAR-T target for
many common solid tumors35.We findhigh expression ofMSLN suggests a
shortened survival time of patients (Fig. 5f). It has been shown that RGS20
enhances cell cohesion response, migration, invasion, and adhesion of
cancer cells36, exhibits corresponding oncogenic potential, and is an
important factor in the survival of malignant adenomas of the lung37. Sur-
vival analysis showed significantly longer survival time in patients with low
RGS20 expression (Fig. 5g).

XJTUSepsis demonstrates the disease progression in sepsis patients is
influencedby regulating biological processes such as chemotaxis, neutrophil
activation, response to lipopolysaccharide, response to molecules of bac-
terial origin, and secretory. Themain genes that activate these terms include
SRGN, S100A9, MMP9, CXCR4, CD177, and others (Fig. 5d). SRGN and
S100A9 have significant differences in distribution under different states
(Fig. 5h). The mortality rate of patients with high expression of SRGN and
S100A9 is significantly higher than that of the low expression group (Fig. 5i,
j). The secretion of SRGN is significantly increased in LPS-activated
immune cells38, and SRGN is the only intracellular protein identified to load
sulfated glycosaminoglycans. SRGN acts as a core protein covalently bound
to different types of glycosaminoglycans and regulates the immune status of
the body during different periods of disease development39,40. S100A9 in
sepsis is a calciumandzinc-bindingprotein, playing an important role in the
regulation of inflammatory processes and immune responses41. Ding and
Zhao et al. demonstrate that targeted inhibition of S100A9 can reduce
inflammatory responses and lung injury in sepsis42,43.

The results of COADandGSE154918 are illustrated in Supplementary
Figs. 4d and 5d. We show more detailed analysis results in Supplementary
Figs. 6 and 7. The results showGGOT can identify critical transition trigger
molecules as biomarkers and clarify the dynamic regulation control of
trigger molecules, even under the noise influence of complex clinical ther-
apeutic interventions.

GGOTpredicts sample stagedistributions, determiningpotential
stages of unknown samples
The Gaussian graphical model of each disease stage constructed by GGOT
contributes to a better understanding of disease gene interaction based on
real biomolecular association networks. This is crucial for predicting whe-
ther a single sample reaches tipping points. To make predictions on
unknown patients, we construct the disease stage distribution across the
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whole progressionusing Eq. (12). The stage distribution of patients provides
the most direct determination of the stage at which the patient may be
located. Considering the limited sample size, we use leave-one-out cross-
validation to calculate the accuracy rate of GGOT in predicting whether the
patient reaches the tipping point. It is worth noting that we are not pre-
dicting the stage that the sample is at, but predicting whether the state of the
sample crosses tipping points. We show the prediction results in Fig. 6a, b.
The numerical results are available in Supplementary Table 3. In all datasets
except COAD and GSE154918, the sample prediction accuracy surpasses

0.85, and the F1 score exceeds 0.9, demonstrating the advance of the pro-
posed GGOT.

We further illustrate the corresponding stage distributions of samples
before and after critical transitions to analyze patient states. (Fig. 6c–f,
Supplementary Figs. 4e and 5e). It is found that the prediction outcomes for
non-critical disease samples are better than those for critical disease, and
samples after the tipping point are prone to be mistakenly predicted as not
having reached the critical state, particularly in LUAD. Critical diseases
always exhibit greater complexity and the corresponding gene networks are
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Fig. 4 | GGOT identifies trigger molecules during disease progression, revealing
mechanisms of interaction relationship changes in trigger molecules. The land-
scape of smoothed LWD scores in (a) GSE48452, (b) GSE2565, (c) LUAD, and (d)
XJTUSepsis to identify trigger molecules. LWD scores increase dramatically
approaching the tipping point. The changes in LWD scores are mainly focused on
certain molecules, called trigger molecules. The trigger molecules regulate network
changes significantly and may play a greater role in disease progression. These
molecules can be identified using LWD scores proposed by GGOT. We mark the

trigger molecules near the critical point with boxes. Note that we illustrate inter-
action relationship changes of 30 trigger molecules in four disease datasets: (e)
GSE48452, (f) GSE2565, (g) LUAD, and (h) XJTUSepsis. The size and color of nodes
correspond to the respective scaled gene expression level, and the color of edges
indicates the scaled Pearson Correlation Coefficient (PCC). As the sample
approaches the tipping point, the associations between the trigger molecules gra-
dually increase. The blue boxes are used to emphasize the interactions at tipping
points.
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Fig. 5 | GGOT elucidates key pathways, biological processes, and prognosis in
disease progressions through functional and survival analysis of trigger mole-
cules. We perform GO and KEGG functional analysis for (a) GSE48452, (b)
GSE2565, (c) LUAD, and (d) XJTUSepsis. Different colored edges indicate different
functional relationships or biological processes, circles represent different genes, and

node size indicates enrichment abundance, showing the association of genes with
biological processes. Box line plots of (e) LUAD and (h) XJTUSepsis demonstrate
the changes in molecular expression. The blue and yellow boxes denote normal and
disease states. The survival analysis of (f) MSLN, (g) RGS20, (i) SRGN, and (j)
S100A9 is performed to assess significance and understand prognosis.
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more similar among different stages, which results in erroneous judgments
by GGOT. However, GGOT demonstrates the ability for individualized
diagnosis by determining if patients are experiencing irreversible transi-
tions, aiding in personalized diagnosis and treatment.

GGOT visualizes stage transport processes, assessing disease
progression directions
GGOT offers a different perspective for measuring the state of disease
progression, capable of accurately reflecting the phenomenon of disease
critical transitions. The transport map T from normal to abnormal stage
learned by GGOT allows us to describe the transport process of the disease
progression by usingGaussian graphical distribution. The transport process
of the disease is indispensable for understanding the disease progression
trajectory and irreversible changes. Here, we utilize principal component
analysis (PCA)26 to demonstrate the main transformation processes in the
stage distribution of different diseases (Fig. 7). The change in disease dis-
tribution is directly correlatedwith theGWDscore. Thedistribution ismore
concentrated away from tipping points, but gradually disperses as it
approaches the tipping point with the increasing GWD scores. It is

demonstrated the distribution transport process ofGSE48452 inFig. 7a, and
the stage state changes dramatically near tipping points. The transport
processes of GSE2565 show that the distribution of stage 5 is the farthest
from the normal stage (Fig. 7b), revealing that the system is on the verge of
collapse. The state of disease becomes worse at the next stage 6. The state of
LUAD is relatively stable before the critical transition, and difficult to
diagnose. After crossing the critical transition, it deteriorates significantly
with distribution changing rapidly (Fig. 7c). Sepsis progresses rapidly,
making it difficult to capture the changes in stages, while GGOT can
accurately describe the distribution changes in sepsis and detect that stage 5
is the tipping point (Fig. 7d). We also display the results of COAD and
GSE154918 in Supplementary Figs. 4f and 5f. The more detailed results
across the whole stages are shown in Supplementary Figs. 8 and 9. Mean-
while, we show distributions of trigger molecules in different stages to
illustrate the regulatory changes of individual molecules in disease pro-
gression (Supplementary Figs. 10 and 11). Combining the transport pro-
cesses of stage anddistribution changes of triggermolecules, wefind that the
magnitude of state transitions in acute progressive disease is higher than the
magnitude in chronic progressive diseases, which is consistent with disease

Sample prediction for GSE48452c

e Sample prediction for LUAD

Sample prediction for GSE2565

Sample prediction for XJTUSepsis

d

f

Prediction accuracya F1 scoreb

Fig. 6 | GGOT predicts whether an unknown sample reaches the tipping point.
a The unknown sample prediction accuracies of diseases with various progression
rates. b The F1 score of different disease prediction results. The results are evaluated
from an unbalanced perspective. We further show the predictions of disease stage
distribution for a single sample in (c) GSE48452, (d) GSE2565, (e) LUAD, and (f)
XJTUSepsis. We denote the tipping point boundary by dashed lines. The left half is

the prediction of samples before critical transitions using blue curves and the right
half is the predictions after critical transitions using red curves. Different curves
indicate the potential distribution of different samples, with stars representing
prediction results. GGOT effectively recognizes unknown samples that are
approaching the tipping point. The stage distribution of the sample is directly related
to the corresponding gene expression.
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progression rates. Different diseases exhibit diverse patterns of transitions
during progression processes, yet GGOT can capture the alterations and
detect tipping points in diseases effectively.

Comparison of GGOT with state-of-the-art methods
We compare GGOT with six existing methods17–21 for detecting critical
transitions. Allmethods use the same experimental setup and data inputs to
ensure fairness (Supplementary SectionE.1).We show the critical transition
detection results of six datasets in Supplementary Table 2 and the quanti-
tative comparison results inTable 1. Themethod of “Variance” as a baseline
is implementedby extending the approach inScheffer et al.11, by defining the
variance-basedmetric as VarðSiÞ ¼ 1

d

Pd
j¼1 Varðg j

iÞ � Varðg j
0Þ

� �
, where Si

is the i-th stage of the disease, gji denotes expression values of the j-th gene at
i-th stage. Thismethod successfully detects tippingpoints inLUAD,COAD,
andGSE154918, but fails in otherdatasets, as indicated byN/A, highlighting
its limitations in complex disease progression.

For other sample-level methods in Supplementary Table 2, the
detection results of GGOT in GSE48452, LUAD, COAD, and XJTUSepsis
are consistent with othermethods. InGSE2565, the results ofGGOTare the
same as these results of majority of methods, except LDNB. It should be
emphasized that except ”Variance" only GGOT detects the tipping point in
GSE154918, which demonstrates the effectiveness of GGOT in acute pro-
gressive critical disease. Somemethods fail to detect critical transitions. The
comparison ismeasured in three aspects: specific expression (CSI), certainty

d XJTUSepsis

LUADc

GSE48452a

GSE2565b

Tipping point

Tipping point

Tipping point

Tipping point

Fig. 7 | GGOT visualizes stage transport processes across disease progressions.
The visualizations of the optimal transport map from normal to different abnormal
stages using PCA embeddings, (a) GSE48452, (b) GSE2565, (c) LUAD, and (d)
XJTUSepsis. The blue curves denote the normal stage, and the orange curves denote

the abnormal stages. We focus on showcasing the changes near the tipping point.
The Gaussian distribution changes little when away from tipping points, but the
distribution changes dramatically near tipping points. These phenomena indicate
the instability of the critical state and the suddenness of the deterioration.
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(SEI), and statistical difference (p-value) for critical transitions in Table 1.
The results of LUAD, COAD, XJTUSepsis, and GSE48452 demonstrate
better values of CSI, SEI, and p-value in uncovering critical transitions
during disease progression, particularly in the cases of tumors and sepsis, as
shown in Supplementary Figs. 12 and 13. The superior performance of
GGOT is related to its characterization of theWasserstein distance, which is
based on modeling distributional changes. Moreover, GGOT can identify
structural differences more effectively when analyzing disease progression
(Supplementary Fig. 1). These results demonstrate that GGOT can reliably
detect critical transitions in diseases with varying progression rates com-
pared to existing methods.

Moreover, we conduct ablation study comparing GGOT with and
without PPI network in Supplementary Table 9. GGOT with PPI achieves
higher CSI scores, reflecting better identification of critical transitions. The
SEI (Shannon Entropy Index) is consistently lower with PPI integration,
indicating higher certainty in the detected tipping points. The p-values for
GGOTwith PPI are smaller in most cases except COAD, further validating
the effectiveness of integrating PPI network.

Discussion
In thiswork,weproposeGaussianGraphicalOptimalTransport (GGOT), a
framework to model disease progression states from unpaired and unba-
lanced patients. By adequately modeling the nature of the problem through
the lens of Gaussian graphical optimal transport, GGOT determines when
disease states reach tipping points, identifies trigger molecules in critical
transitions, predicts the sample stage distribution, and subsequently assists
in a better understanding of distribution transport processes and disease
functioning mechanisms. GGOT measures the disease progression
instability by introducingananalytic globalWassersteindistance as the early
warning signal. Previous methods rely on statistical characteristics, and can
only detect tipping points without describing the transport process of dis-
ease progression.Wemodel disease progression by using optimal transport
(OT) in terms of changing gene network dynamics. This is the OT-based
application for disease tipping point detection. GGOT combines data

information and knowledge of biomolecular association networks to shape
the true progression of the disease and understand the distribution of gene
expression data for diseases at different stages. Distribution-basedmodeling
makes GGOT more robust and stable, as evidenced by the strong perfor-
mance of GGOT compared with existing methods. GGOT consistently
performs well on various problems and different noisy datasets without the
need for parameter tuning.

GGOT can detect critical transitions of different types of diseases
without making strong assumptions about disease progressions. GGOT
embeds protein interaction networks based on the data to enhance infor-
mation characterization and remove noise. The GWD score as the early
warning signal is more sensitive to structural components in the graph that
cause global changes,whichmakes it a bettermeasure of keydifferences.We
confirm this advantage through experiments on diseases with different rates
of progression (Fig. 3) and comparison with existing methods (Table 1). In
particular, it performs well in high-noise acute sepsis, demonstrating its
effectiveness in acute progressive diseases.

GGOT identifies trigger molecules based on LWD scores, which
quantify the contribution of each gene to network changes. We depict the
landscape of the LWD score across disease stages, observing that certain
genes, identified as triggermolecules, exhibit a sharp increase inLWDscores
near the tipping point. Conversely, the LWD scores of other genes con-
sistently remain low, aligning with established findings regarding trigger
molecules (Fig. 4a–d). Besides, the correlation between trigger molecules
grows when closer to the tipping point (Fig. 4e–h). The results of functional
analysis and survival analysis further validate trigger molecule significance,
whose enriched gene pathways reveal key factors in the progression of the
corresponding diseases, while the survival analysis helps to discover bio-
markers and predict the survival of patients (Fig. 5).

We further analyze the probabilistic distribution over different stages
for a single unknown sample, which allows us to predict which stage the
sample is most likely to be in and to determine the severity of the patient’s
illness. GGOT is highly accurate in prediction as shown in Fig. 6, which is
significant to personal healthcare. We also describe the disease progression

Table 1 | Quantitative comparison of performance in different metrics

Datasets Metrics Variance11 LDNB17 SLE18 SNMB19 SPNE20 SCNE21 GGOT

GSE48452 CSI 1↑ N/A4 N/A 0.15748 0.16061 0.281615 0.09395 0.16524

SEI2↓ N/A N/A 1.09087 1.09394 1.07252 1.09722 1.09409

p-value3↓ N/A N/A 0.17900 0.09733 0.15692 0.08960 0.07761

GSE2565 CSI ↑ N/A 0.22357 0.47911 0.28408 0.43210 0.15788 0.18939

SEI ↓ N/A 2.17924 2.11621 2.17699 2.13279 2.19297 2.19156

p-value ↓ N/A 0.22946 0.00571 0.00534 0.01560 0.00619 0.00384

LUAD CSI ↑ 0.21340 0.05426 0.21778 0.14545 0.15100 0.08158 0.47884

SEI ↓ 1.93079 1.94511 1.93486 1.94201 1.93949 1.94441 1.89344

p-value ↓ 0.00414 0.00527 0.00251 0.00255 0.00347 0.00573 0.00004

XJTUSepsis CSI ↑ N/A 0.11477 0.42550 N/A 0.28093 N/A 0.43140

SEI ↓ N/A 1.94342 1.88894 N/A 1.92306 N/A 1.87734

p-value ↓ N/A 0.02017 0.01102 N/A 0.01763 N/A 0.00846

COAD CSI ↑ 0.49129 0.25943 0.46103 0.31335 0.48159 0.32634 0.58888

SEI ↓ 1.90264 1.93604 1.90655 1.92839 1.89853 1.92857 1.85142

p-value ↓ 0.01283 0.00136 0.00373 0.00740 0.00082 0.00498 0.00614

GSE154918 CSI ↑ 0.42389 N/A N/A N/A N/A N/A 0.43957

SEI ↓ 0.95335 N/A N/A N/A N/A N/A 0.92363

p-value ↓ 0.22129 N/A N/A N/A N/A N/A 0.22749
1CSI critical transition specific index, ascertains score-specific expression in disease stages.
2SEI Shannon entropy index, reflects the certainty of critical transitions.
3p-value, one sample t-test statistic, assesses the statistical difference of critical states.
4N/A indicates that the method can not detect critical transitions in the disease.
5Bold value indicates that the metric value performs best among the comparison methods.
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process by analyzing the optimal transport map (Fig. 7). The most sig-
nificant transition in stage distribution occurs when the disease state pro-
gressively approaches tipping points. The system is at the limit of change
and will undergo a critical transition. We also observe that the distribution
changes are associated with the rate of disease progression. Acute pro-
gressive diseases are typically characterized by more rapid changes in
distribution.

Disease progression is a complex and nonlinear physiologic process.
GGOT provides a generalized framework for federating data and prior
knowledge, and we can incorporate any relevant biomolecular association
networks in addition to PPI networks to improve the real-world significance
of themodel. In a word, the use of GGOT to detect tipping points in disease
provides a way for future work, including its use to improve understanding
of disease progression andmolecular regulatorymechanisms.GGOTmakes
contributions to the pathological analysis of diseases and individualized
precisionhealthcare.AlthoughGGOTis effective indetecting tippingpoints
of disease progression, we have not adequately modeled the continuous
process of disease change but rather treated it discretely, and not considered
the effects of mutations and subtypes as well, which is an area that can be
improved in the future.

Methods
The details of the theoretical background and related work can be found in
Supplementary Section A.

Gaussian graphical model
Gaussian graphical models22 are probabilistic graphical models, which can
represent the conditional dependenciesbetweenvariables throughGaussian
distributions44, e.g., the genetic associationnetworks24 formodeling relations
or dependencies of genetic factors. The Gaussian graphical model is con-
stituted by a graph structure coupled with a Gaussian distribution.

The random vector X 2 Rd follows the multivariate Gaussian dis-
tribution N ðμ;ΣÞ with mean vector μ 2 Rd and covariance matrix
Σ 2 Rd × d , where Σ is a symmetric positive semi-definite matrix. The
corresponding density function is

f μ;ΣðXÞ ¼ ð2πÞ�N=2ðdetΣÞ�1=2 exp � 1
2
ðX � μÞTΣ�1ðX � μÞ

� �
; ð1Þ

whereX 2 Rd , and d denotes the number of variables in X. In addition, we
denote a graph by G ¼ ðV; EÞ with V representing d variables in X and E
denoting the set of edges among these variables, and each edge indicates the
dependency between two variables.

The Gaussian graphical model is based on the multivariate Gaussian
distribution44, but utilizes the graph to depict the dependency among
variables in the multivariate Gaussian distribution of Eq. (1). A random
vectorX 2 Rd is said to satisfy theGaussian graphical modelwith graph G,
ifXhas amultivariateGaussian distributionN ðμ;ΣÞwithΣ−1(i, j) = 0 for all
(i, j)∉ E22. Obviously, graphG describes the sparsity pattern of the precision
matrixΣ−1. It shows that conditional independence relations in theGaussian
graphical model correspond to the missing edges in G.

Optimal transport
Optimal transport is a theory about distribution transport, whichplays a key
role in transcriptomic data analysis45,46. It introduces amathematically well-
characterized distance metric, i.e., Wasserstein distance, between distribu-
tions as well as provides a geometry-based approach to realize couplings
between two probability distributions23. This distance measure can be used
to analyze the stability of the system state, which is instructive for critical
transition warnings. Let ν1 and ν2 be two measures inRd , the Wasserstein
distance between ν1 and ν2

23 based on optimal transport is defined as

W2
2 ν1; ν2
� � ¼ inf

T]ν1¼ν2

Z
X
k x � TðxÞk2dν1ðxÞ; ð2Þ

where T is the optimal transport map corresponding to the smallest “cost”
on a metric spaceX , and T♯ν1 denotes the push-forward operation from ν1
to ν2. This formulation is non-convex and challenging to solve. However,
when ν1 and ν2 areGaussian distributions with zerosmean andΣ1 andΣ2 as
covariances, i.e.,

ν1 ¼ N ð0;Σ1Þ; ν2 ¼ N ð0;Σ2Þ; ð3Þ

the 2-Wasserstein distance can be written explicitly in terms of covariance
matrices as

W2
2 ν1; ν2
� � ¼ trace Σ1 þ Σ2 � 2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Σ1=2
1 Σ2Σ

1=2
1

q	 

; ð4Þ

and the optimal transportation map is TðxÞ ¼ Σ�1=2
1 ðΣ1=2

1 Σ2Σ
1=2
1 Þ1=2

Σ�1=2
1 ðxÞ.

The Wasserstein distance captures the distributional changes of the
measures, and it can model the changes in structural information of the
underlying graph represented by the covariance matrix. It is more sensitive
to graphical differences that lead to global changes, rather than the differ-
ences that have little influence on the graph changes47. It is known that the
gene regulatory network undergoes global changes before irreversible
deterioration of the disease occurs48. As a result, for the gene regulatory
network of a disease, this capability enables the discovery of critical tran-
sitions during the progression of the disease. TheWasserstein distance can
effectively identify differences in network components by comparing the
disease network to anormal network,which canbe used to detect the critical
transitions and identify the trigger molecules that contribute to the critical
abrupt mutation causing the disease. Moreover, the optimal transport map
T enables themovementof thedisease stage fromonegenegraph toanother,
which is important for predicting the gene graph of the next disease stage.
We can directly describe the complex progression of diseases by optimal
transport map.

The Gaussian graphical optimal transport model
Recent high-throughput technologies provide a more in-depth under-
standing of disease progression. However, these data are often unbalanced
in sample size across disease stages and lack temporal resolution and
alignment.Thedisease samples arenoisy, and cannotnecessarily provide all
the information about disease progression in individual patients. In the
following, we describe our approach, Gaussian Graphical Optimal Trans-
port (GGOT) model, that detects disease critical transitions by measuring
the difference between normal and abnormal stages using optimal trans-
port, and each stage of the disease is modeled as Gaussian graphical
distribution.

Constructing gene graph associated with PPI networks
The disease progression is regulated by gene interaction networks, with
different stages of the disease being determined by different gene interaction
networks. So we characterize the gene interaction network as a graph to
depict the disease stage. The variablesV, d, and E respectively denote the set
of genes, the number of genes, and the gene interactions in our problems.
The edge (i, j)∈ E implies that there is a regulatory relationship between
genes i and j. The graphs are described using the Gaussian graphical model.
Assuming that the gene network at a particular stage of the disease follows a
Gaussian distributionN ðμ;ΣÞ, we are given n independent and identically
distributed observationsX(1),…,X(n) fromN ðμ;ΣÞ. The corresponding log-
likelihood can be written as

‘ðμ;ΣÞ / � n
2
log detðΣÞ � 1

2

Xn
i¼1

XðiÞ � μ
� �T

Σ�1 XðiÞ � μ
� �

: ð5Þ

The unbiased estimate of (μ, Σ) is derived by μ̂ ¼ �X and
Σ̂ ¼ 1

n�1

Pn
i¼1 XðiÞ � �X

� �
XðiÞ � �X
� �T

, where �X ¼ 1
n

Pn
i¼1 X

ðiÞ. The μ
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reflects the mean gene expression levels at the current stage, and the Σ
characterizes the interactions between genes anddetermines the structure of
the graph. Specifically, The covariancematrix elementΣ(i, j) determines the
global correlation between gene i and gene j, with Σ(i, j) = 0 indicating that
gene i and j are globally independent. Meanwhile, the precision matrix
elements Σ−1(i, j) reflect the local correlation between genes i and j, where
Σ−1(i, j) = 0 signifies that genes i and j are locally independent after giving the
remaining genes.

According to the dynamic changes of diseases and the validation of
clinical information, we propose that the disease progresses through
N+ 1 stages, with ΩS = {0, 1, …, N} denoting the disease stage index set.
Given a temporal gene expression dataset fSigNi¼0 encompassing
N+ 1 stages for the disease, where Si represents the set of disease samples at
stage i containing ni samples, we assume that S0 corresponds to the sample
set of patients in the normal stage and the subsequent stages Si for i > 0 are
indicative of various abnormal stages. The size ni of stage Si varies with the
index i, and

PN
i¼0 ni ¼ D. The indexes in ΩS are ordered in increasing

stages indicating the different disease progression stages. Let g j
i 2 Rd

denote the sample j in stage i, Si ¼ fgjig
ni
j¼1, where d is the number of the

genes. Therefore, we adopt gjiðkÞ to represent the expression level of the gene
k in the sample j at the stage i.

In our setting, the patients in different stages are not required to
be aligned in identities across stages, which reduces the limitations
for data. We assume the critical transition of disease is more deter-
mined by the changes in regulatory relationships between genes
rather than the ones in the gene expression values. To eliminate the
expression variation effect of different stages of data and better focus
on the changes of edge relations of the gene network, we centralize
the data according to the stages, by subtracting the averaged gene
expression value for each gene in each stage. For each stage
Si, i = 0, 1, …, N, we define the centralized sample data ~gjiðkÞ of gene k
as

~g j
i ðkÞ ¼ g j

i ðkÞ �
1
ni

Xni
h¼1

ghi ðkÞ; ð6Þ

where
Pni

j¼1~g
j
i ¼ 0. Based on this, we define a Gaussian graphical modelGi

with d gene variables for Si. It is assumed that the graph is connected,
undirected, and edge-weighted. The edges characterize the interactions
between genes. The corresponding Gaussian distribution of the graph G is
νGi ¼ N ð0;ΣiÞ following the formulation of unbiased estimate, where ~Σi is
the sample covariance as

~Σi ¼
1

ni � 1

Xni
h¼1

ð~ghi Þð~ghi Þ
>
: ð7Þ

The sample covariance ~Σi describes the gene network at the current stage of
Si. The element ~Σiðj; kÞ estimates the correlation between genes j and k. The
magnitudeof j~Σiðj; kÞj reflects the strengthof the interactionbetweengenes i
and j.

Moreover, the interaction of genes can be described by protein-protein
interaction (PPI) networks, which contribute to analyzing the phenotype of
the disease. While PPIs are not direct proxies for gene regulatory interac-
tions, they provide valuable biological context by reflecting potential func-
tional relationships between genes. Gene regulatory interactions can occur
indirectly via proteins, metabolites, or other intermediates49. Proteins are
products of genes, and PPIs provide useful evidence for gene regulation. PPI
data have been effectively used in previous studies to enhance gene reg-
ulatory network inference50–52. For example, Yeger-Lotem et al. integrated
PPI and protein-DNA interactions to identify regulatory circuits and
composite network motifs50,51. Zuo et al. demonstrated that incorporating
PPI priors in Graphical Lasso models improved the robustness and biolo-
gical relevance of inferred networks53. Liu et al. successfully combined PPI
data and gene expression matrices to detect critical transitions in disease
progression18. Therefore, constructing suitable protein networks using

genetically related genes in complex diseases enables providing rational
hypotheses for experiments. We construct the corresponding disease PPI
global network, denotedasP, utilizing the STRINGdatabase25. The elements
of P(i, j)∈ [0, 1] denote the interaction confidence levels of gene i and gene j
by existing knowledge, with close to 1 indicating high confidence in a gene
pair’s interaction.We incorporate prior knowledge from the PPI network P
into the covariance matrix ~Σi as soft constraints to enhance its descriptive
ability for the real genenetwork, eliminating redundant relationshipswithin
the network as shown in Fig. 1c., and sparse results are shown in Supple-
mentary Table 8. The covariance matrix Σi for the Gaussian distribution of
the disease, based on the real biological significance, is defined as

Σi ¼ ~Σi � P; ð8Þ

where ⊙ is the Hadamard product of the matrix. We ensure that highly
confident gene interactions are prioritized while allowing flexibility for
weaker or unsupported interactions. TheΣiprovides a better approximation
to the true distribution of the corresponding disease stage by taking into
accountbothdata informationandbiological prior knowledge. Inbrief, each
gene edge will be assigned a corresponding confidence score. Gene pairs
without strong PPI evidence are not excluded but are assigned lower
weights. The integration of transcription regulation and protein-protein
interaction data provides a more comprehensive view of biological
networks, offering insights into functional relationships that may not be
apparent from gene expression data alone. Indeed, as multi-omics data
accumulate, integrating knowledge of large and heterogeneous data will
provide us with additional biological insights54.

Detecting critical transitions via optimal transport
To find an effective strategy for analyzing differences across various
disease stages, we build the optimal transport maps based on normal
(i = 0) and abnormal (i ≠ 0) stages. For each stage i ∈ΩS, we can
obtain a Gaussian graphical model Gi whose distribution is
νGi ¼ N ð0;ΣiÞ. We interpret graphs as key elements that drive the
probability distributions of genes in different stages. Instead of
comparing patients’ gene expressions, we concentrate on the gene
distributions in different stages, which are governed by the graphs.
Meanwhile, optimal transport can find the minimum distance
between normal and abnormal distributions. The disease state dis-
similarity between normal graph G0 and abnormal graphs Giði≠0Þ is
measured through the Wasserstein distance (Fig. 1d). It is defined as
the Global Wasserstein Distance (GWD) score G, i.e.,

Gi ¼ trace Σ0 þ Σi � 2
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Σ1=2
0 ΣiΣ

1=2
0

q	 

≜G νG0 ; νGi

� �
; ð9Þ

where Gi reflects the minimum “effort” required to recover from abnormal

state i to normal state. The corresponding optimal transport map Ti ¼
Σ�1=2
0 ðΣ1=2

0 ΣiΣ
1=2
0 Þ1=2Σ�1=2

0 denotes the push forward of νG0 to νGi . During
implementation, we regularize the covariancematrixΣ0 andΣi by replacing
negative eigenvalues with zero and adding them respectively by a scaled
identitymatrix (i.e.,Σ ¼ V maxðΛ; 0ÞVT þ λI withλ = 10−20) to ensure the
strictly positive definiteness of them. V, Λ represent the eigenvectors, and
diagonal eigenvaluematrix of the covariancematrix, andmaxðΛ; 0Þ outputs
the diagonal matrix with negative eigenvalues replaced by zero. The GWD
score captures the structural information of the entire graph under com-
parison, and it is highly sensitive to differences resulting in global changes in
comparison to directly comparing covariance. This allows it to precisely
analyze the most significant differences in networks across different disease
stages which is important for detecting the tipping point. Note that while
Gaussian graphical models (GGMs) typically rely on the precision matrix
Σ−1 to model the local conditional independencies between variables, the
Wasserstein distance in ourmodel, as defined inEq. (9), does not dependon
the precision matrix.
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The framework described above allows us to establish maps Ti from
normal (i = 0) to abnormal stages (i ≠ 0). The corresponding Gi reflects
differences during stage changes, which can serve as an early warning signal
for disease-critical transition. As the disease state approaches the tipping
point, the dissimilarity of the disease network increases, i.e., theGi enlarges.
The internal stability of the system deteriorates at the juncture. When far
from the tipping point, the dissimilarity of the disease network diminishes.
Hence, we detect the tipping point I∈ΩS of the complex disease as

I ¼ argmax
i2ΩSnf0g

Gi; ð10Þ

where the time point I reveals the time at which the disease reaches the
critical transition point, during which the gene interaction network of the
disease exhibits the maximum difference compared to the normal stage
(Fig. 1e). The variations in graph components, such as the increased gene
variance and the increased correlation between genes, lead to global changes
in the gene network. To further validate the effectiveness of ourmethod, we
perform survival analysis.

Identifying trigger molecules in transitions
Gaussian graphical model embedded with PPI network enables the gene
graph Gi to describe the gene interactions of the disease. However, Was-
sersteindistance only reflects thewhole differenceof complex interactions at
different disease stages. Identifying the key regulatory genes during the
critical transition period of disease occurrence is more crucial. Indeed, we
can decompose the Wasserstein distance into gene-based Local Wasser-
stein Distances (LWD) score L by considering the complex interaction of
individual genes with other genes.

The formulation of Wasserstein distance in Eq. (9) is mainly carried
out by the covariance, which is related to the corresponding graph structure.
The LWD score of stage i is defined as

Li ¼ diag Σ0 þ Σi � 2
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Σ1=2
0 ΣiΣ

1=2
0

q	 

; ð11Þ

where Li 2 Rd , indicating the whole of the interaction of each single gene.

We let Σ0;i ¼ 2
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Σ1=2
0 ΣiΣ

1=2
0

q
, where Σ0;i 2 Rd × d is a symmetric positive

definite square matrix. Supposing that σ0(j), σi(j), σ0,i(j) represent the j-th
diagonal element in Σ0, Σi, Σ0,i respectively, we rewrite the LWD score of
gene j at stage i as Li(j) = σ0(j)+ σi(j)− σ0,i(j), where Li(j) is the j-th element
of Li. The GWD score Gi can be decomposed as the sum of Li(j), i.e.,

Gi ¼
Pd

j¼1LiðjÞ, where Li(j) reflects the difference in distribution caused by
the gene j.

Considering the LWD score at tipping point I, the LI(j) denotes the
contribution degree of gene j to the critical transition phenomenon at the
tipping points. The significance of gene j is gauged by the magnitude of
∣LIðjÞ∣, serving as a criterion to identify triggermolecules. In light of this, we
can effectively identify trigger molecules by screening the top C molecules
with larger LWD scores that cause the critical transition of the disease. The
triggermolecules are used for thedownstreamanalysis,which aids indisease
diagnosis and gene therapy.

To further validate the regulatory mechanisms of the trigger
molecules, we perform the gene functional analysis. Gene functional
analysis is the process of categorizing genes according to gene prior
knowledge, i.e., genome annotation information. The functional
analysis including gene ontology and pathway enrichment was based
on GO database and KEGG database. Gene Ontology55,56 is a func-
tional database of the computational knowledge structure of genes,
including Biological Process (BP), Molecular Function (MF), and
Cellular Component (CC). GO annotation helps to understand the
biological function and significance of selected expressed genes.
KEGG Pathway Enrichment57, based on biological pathways, enables

the identification of the biochemical metabolic pathways and sig-
naling pathways involved in selected expressed genes.

Predicting sample distributions for early diagnosis
Determining whether a patient reaches the critical transition point of the
disease is crucial for early intervention. In addition to predicting tipping
points, ourmodel is capable of forecasting the stagedistributionofunknown
samples by parameterizingGaussian graphical distributions forN abnormal
stages. For a sample s 2 Rd with unknown stage, we define the probability
pi of this sample being in stage i as

piðsÞ ¼
νGi ðsÞPN
i¼1 ν

Gi ðsÞ ; ð12Þ

where νGi is the probability density function of the Gaussian graphical
distribution of stage i. The probability pi reflects the relative probability of
the sample potential stage i in the Euclidean spaceRd . Therefore, the true
stage Is that sample s belongs to is predicted as

Is ¼ argmax
i2ΩS

pi: ð13Þ

Stage Is is the period where the potential stage probability for sample s
reaches its maximum. It determines the predicted stage for the sample,
providing assessments of the disease severity and whether the tipping point
has been reached. Due to the limited number of samples, we employ leave-
one-out cross-validation for single sample stage prediction to assess the
effectiveness of our method. We reserve one data point from the available
dataset for prediction and train the model based on the remaining data.
After repeating the experiment for D times, we compute statistics on the
accuracy of the model predictions.

Visualizing disease transport processes across progressions
GGOT utilizes optimal transport to establish the distribution transforma-
tion from normal to abnormal stages of diseases. The transformation is
induced by changes in gene interactions. Because the number of genes
associated with the disease is extremely large, it is challenging to describe
stage change trajectories in diseases under high-dimensional gene data. The
optimal transport map Ti describes the transport process of the Gaussian
distribution fromνG0 toνGi .We can redefine transportmapsusingprincipal
components or triggermolecules to represent the global or local distribution
changes, as Ti is analytical. For the global transport process of disease, we
employ principal component analysis to retain the top two components in
gene samples. After data dimensionality reduction, the resulting covariance
matrix is Σ0 2 R2× 2. The corresponding low dimensional optimal trans-
portmapT 0

i from νG0 to νGi is represented by linear transformation.We can
look across the global progression of disease progression via T 0

i. As for the
trigger molecules stage changes, we consider the marginal distributionmGi

k;l
of gene pair (k, l). We findmGi

k;l is still following the Gaussian distribution

mGi
k;l ¼ N ð0;Mk;l

i Þ; whereMk;l
i ¼ Σiðk; kÞ Σiðk; lÞ

Σiðl; kÞ Σiðl; lÞ

	 

: ð14Þ

TheMk;l
i 2 R2 denotes the covariance of gene pair (k, l). The stage changes

in selected trigger molecules (k, l) can be accurately characterized byMk;l
i .

We analyze changes in the relationships between several genes through the
marginal distribution, unaffected by the influence of the global genes.

Model evaluation
In order to evaluate the capability of GGOT inmeasuring critical transition
behavior, we employ three metrics to determine if there are significant
differences between critical states and other states. We denote the warning
signal scores of different methods as G = (G1, G2, …, GN) and the stage of
tipping point as I, 2 ≤ I ≤N− 1, whereGi represents the score at stage i. We
apply the following three metrics to evaluate the performance for our
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research objectives. The numerical results of the model evaluations are
detailed in Table 1.

(a) CSI: Critical transition specific index (CSI) measures score-specific
expression in the stage of critical transition58. The CSI score is defined

as
PN

i¼1
1�ηið Þ

N�1 , where CSI ∈ [0, 1] is critical transition specific index

score. The value ηi ¼ Gi
maxðGÞ is the relative level of metric score in the i-

th stage, normalized by the maximal component value. The larger CSI
score indicates higher confidence in the existence of the stage with
higher warning signal scores than the other stages.

(b) SEI: Shannon entropy index (SEI) quantifies the certainty of critical
transitions based on observations59. The SEI score is defined as

�PN
i¼1 ηi logðηiÞ, where ηi ¼ GiPN

i¼1
Gi

. The smaller SEI score suggests

higher certainty of critical transition, indicating that the corresponding
detection method is more confident.

(c) p-value: One sample t-test statistic60 assesses whether the value GI

significantly deviates from the mean of the scores (G1,…, GI−1). The
corresponding statistic (p-value) from the t-distribution can assess the
statistical difference between critical stages and normal stages. We
compute the p-value according to the experimental setup of Zhong
et al.21. The smaller p-value indicates a more significant critical
transition.

Datasets and preprocessing
Weapply theGGOTmethod to six time-course or stage-course datasets, i.e.,
the lung adenocarcinoma (LUAD), the colon adenocarcinoma (COAD)
from TCGA database, the non-alcoholic fatty liver (GSE48452), the lung
injury (GSE2565), the sepsis (GSE154918) from GEO database, and our
collected dataset of sepsis patients from the First AffiliatedHospital of Xi’an
Jiaotong University. For all real-world datasets, we discard the probes
without corresponding NCBI Entrez gene symbols. Meanwhile, for each
gene symbol mapped by multiple probes, the maximum or average value is
employed as the gene expression. The procedures for selecting samples and
pre-processing data are as follows.
• Precise inclusion and exclusion criteria: We rigorously define the

study population using standardized diagnostic criteria to minimize
heterogeneity unrelated to the research objectives. For datasets from
the GEO database, we prioritize studies that adhere to uniform
experimental protocols, include comprehensive and well-defined
clinical annotations, and utilize consistent diagnostic frameworks to
ensuredata reliability. Fordatasets fromtheTCGAdatabase,we ensure
that unrelated factors, such as gender and smoking status, are balanced
across samples at each disease pathology stage (such as TCGA-LUAD,
see Supplementary Table 6).

• Normalization and preprocessing: All datasets undergo rigorous
batch correction (Combat61), normalization (TPM62), and outlier
removal.Additionally, non-expressed genes arefilteredout tominimize
technical noise and ensure the robustness of the subsequent analyses.

• IncorporationofPPIpriors:We integrate protein-protein interaction
(PPI) networks into theGaussianGraphicalModel (GGM) to focus on
biologically meaningful gene-gene interactions while reducing the
influence of noise and irrelevant connections. This approach ensures
that the resulting networks are biologically plausible and less
susceptible to confounding factors.

• Focusonpopulation-level transitions:Ourmethod analyzes systemic
changes in gene networks during disease progression, rather than
focusing on individual biomarkers. By calculating the Global Was-
serstein Distance (GWD, Eq. (9)), we quantify network-level
transitions to detect tipping points at a population level. This strategy
reduces the impact of individual outliers and ensures the detection of
global patterns.

• Biological validation of findings: To validate the relevance of the
identified tipping points, we performed functional enrichment analysis
(GO/KEGG) and survival analysis for key trigger molecules. These
analyses confirmed that the detected molecules and pathways are
strongly associatedwith disease progression, supporting the robustness
and biological significance of our findings.

By implementing these strategies of leveraging network-level analysis
and biological priors, we ensure that our method is robust to confounding
factors and capable of detecting global tippingpoints that represent systemic
network changes during disease progression.

We then pre-screen molecules for various datasets to reduce noise, as
shown in Supplementary Table 7. First, we screen suitable patient samples
based on clinical information and disease progression status. The screened
patients should conform to the progression direction of the disease. Second,
we define twoparameters r (expression rate) and h (high expression level) to
select highly expressed genes in samples. The gene k is chosen if the pro-
portionof sampleswith genek exhibiting an expression level higher thanh is
at least r. This approach effectively eliminates genes with low or no
expression in the samples, reducing the impact of irrelevant variables in the
experiment. Then, the protein-protein interaction networks for Homo
sapiens and Mus musculus are downloaded from STRING database25. We
integrate this information into the largest global gene graph Ph for the
respective species. Last, we map the genes from each dataset to the corre-
sponding global gene graph, representing gene interactions based on prior
knowledge for consequent analysis. When mapping the graph, we set the
threshold u of confidence level. The edges with gene confidence levels
greater than u are retained, and the genes corresponding to isolated nodes
will be removed.Additionally,we conduct differential gene analysis between
abnormal and normal groups to assist in selecting trigger molecules. The
involved parameters are available in Supplementary Section E.1.

While our GGOT method offers a robust approach for identi-
fying disease tipping points and corresponding triggering molecules
using global/local Wasserstein distance, we acknowledge that the
heterogeneity of disease is always a challenging factor. This can be
alleviated by stratified analysis and data quality control, however,
they are not the major focus of this work. Our major contribution lies
in the development of a framework to estimate critical transition
stages and assess the role of genes in disease progression. In the
current approach, each stage is modeled by a Gaussian distribution
without fully considering the heterogeneity. In the future work, we
will explore how to more precisely model disease stage distributions
considering data heterogeneity, potentially through techniques such
as Gaussian mixture model. Additionally, we plan to further inves-
tigate distributional shifts and refine the identification of trigger
molecules by integrating the Gaussian mixture modeling of each
disease stage into the optimal transport for better modeling data
heterogeneity in stages.

Inclusion and ethics statement
All authors contributed to the study design, data analysis, and
manuscript preparation. This study complies with ethical guidelines,
and ethical approval is obtained from the Medical Ethics Committee
of the First Affiliated Hospital of Xi’an Jiaotong University (Approval
No. XJTU1AF2021LSK-467). All participants involved in this study
provided written informed consent before their inclusion. Partici-
pants were informed about the purpose of the study, potential risks,
and their right to withdraw at any time without any consequences.
All ethical regulations relevant to human research participants were
followed.

The XJTUSepsis dataset is collected with authorization from the First
Affiliated Hospital of Xi’an Jiaotong University, ensuring compliance with
patient privacy regulations. Data-sharing policies will be updated in
accordance with future agreements.
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Statistics and reproducibility
This study analyzes disease progression using multiple gene expression
datasets. Data preprocessing steps, including batch effect correction
(Combat), normalization (TPM), and feature selection, are consistently
applied across all datasets to ensure comparability. Gaussian Graphical
Models (GGM) are constructed with embedded prior biological knowledge
fromprotein-protein interaction (PPI)networks.All analyses are conducted
using Python (Numpy, Scipy, Torch).

The study utilizes six independent datasets from publicly available
sources, including GEO and TCGA, with sample sizes detailed in Supple-
mentary Section C. Disease samples are stratified into different pathological
stages based on standardized clinical criteria. No samples are excluded
unless technical artifacts are detected.

Reproducibility is assessed by validating results across multiple
datasets and ensuring that tipping points and key regulatory molecules
are consistently identified. The GGOT framework is tested on both
simulated and real-world disease data, demonstrating its ability to detect
critical transitions under different conditions. All experiments are
repeated five times independently, and the results are consistent across
replicates.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The details of the simulation data are available in Supplementary SectionD.
Raw published data for the non-alcoholic fatty liver63, the lung injury32, the
sepsis64 are available from the Gene Expression Omnibus (GEO) under
accession codes GSE48452, GSE2565, GSE154918, respectively. The lung
adenocarcinoma and the colon adenocarcinoma datasets are from the
Cancer Genome Atlas Program (TCGA). Their original data are down-
loaded at the link https://portal.gdc.cancer.gov/projects/TCGA-LUAD and
https://portal.gdc.cancer.gov/projects/TCGA-COAD. The sources of the
above data are providedwith this paper. Theprocessingdata sets for all tasks
can be downloaded from https://github.com/huawenbo/GGOT. The
XJTUSepsis dataset at the First Affiliated Hospital of Xi’an Jiaotong Uni-
versity was collected with ethical approval and in compliance with patient
privacy regulations. Due to the clinical and research sensitivity of XJTU-
Sepsis and to ensure patient confidentiality, access to this dataset requires
authorization from the hospital. Please contact hwb0856@stu.xjtu.edu.cn to
ensure that its use is in accordancewith institutional policies and regulatory
requirements.

Code availability
TheGGOTmethod iswritten in Python anduses standard Python libraries,
for detecting critical transitions and identifying trigger molecules to
understand disease progression. The source code of our proposed GGOT is
available at https://github.com/huawenbo/GGOT.
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