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A. [bookmark: _Toc138407646][bookmark: _Toc156641171]The details of numerical simulation
To verify the robustness of MIWE method in the numerical simulation dataset, we use a regulatory network with 10 genes (Fig. S1) to detect the critical state. These types of gene molecular regulatory networks are often used to study transcription and translation [1-3], and various nonlinear biological processes [4-6]in gene regulation.
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Fig. S1. A model of a ten-molecular network. The edges represent positive or negative regulations among nodes.  
Ten differential equations in following Eq. (S1) represent the gene regulation of ten genes in the network. In the network, gene regulation is represented in a Michaelis-Menten form with the degradation rates, which are linearly proportional to the concentrations of the corresponding genes.
            (S1)
where  is a scalar control parameter and  are Gaussian noises with zero means and covariances .  represent the concentrations of mRNA-. In Eq.(S1), there is the degradation rates of mRNAs  The stable equilibrium point of the differential equations Eq.(S1) is . The differential equations Eq.(S1) can be transformed into the difference equations  using the Euler scheme [7] with a short time interval . i.e.,
  (S2)
It is clear that  is the vector of  at the time instant . The Jacobian matrix of Eq.(S2) can be defined as , where
                                                          (S3)
With 

[bookmark: OLE_LINK4]From Eq.(S3), by taking , we can obtain ten distinct eigenvalues with the largest eigenvalue →1 when →0. Therefore, the equilibrium point  is stable when  and  is a bifurcation point, at which the system undergoes a critical transition. We aim to detect early-warning signals that indicate the critical transition as a control parameter  approaches a bifurcation point 0. According to MIWE method, for each simulation trial, we use the 29 samples generated when the control parameter  is far away from the bifurcation point  = 0 as the reference samples. Then in each simulation trial, based on the single sample  derived for each parameter value , calculating the MIWE score according to the MIWE method is shown in Figure 2B of the main text, which accurately represents the warning signal before the imminent critical transition at p= -0.0001.

B. [bookmark: _Hlk138367305][bookmark: _Toc138407647][bookmark: _Toc156641172]Changes in local MIWE values for each gene in four real datasets 
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Fig. S2. The landscape of local MIWE. The values illustrates the dynamic evolution of network entropy in a global view for (a) MEF-to-neuron, (b) mESC to MP, (c) COAD, and (d) THCA, respectively.

C. [bookmark: _Toc138407648][bookmark: _Toc156641173]Functional annotation of TFs associated with embryonic differentiation from GSE79578 data
We select the top 20 TFs of regulatory signaling genes in GSE79578 data for analysis. The role of some TFs in cell differentiation and proliferation are shown in Table S1.
Table S1. Annotations of partial TFs functions of GSE79578
	Gene
	Location
	Family
	Relation with embryonic differentiation progression

	POU5F1
	cytosol
	POU transcription factor
	POU5F1 is a transcription factor and master regulator of cell pluripotency with indispensable roles in early embryo development and cell lineage specification [8].

	PRDM14
	nucleus
	class V-like SAM-binding methyltransferase superfamily
	PRDM14 plays important roles in primordial germ cell specification and embryonic stem cell pluripotency [9].

	BRF2
	nucleus
	TFIIB
	BRF2 activation contributes to cell growth and proliferation [10].

	KLF10
	nucleus
	Sp1 C2H2-type zinc-finger protein
	KLF10 inhibited cell proliferation, cell cycle progression and promoted apoptosis in vitro and in vivo [11].

	E2F6
	nucleus
	E2F/DP
	E2F6 is a member of the E2F family of TFs that control cell proliferation and cell fate [12].

	CTCF
	nucleus
	CTCF zinc-finger protein
	CTCF is required for cell cycle regulation, embryonic development and formation of various adult cell types [13].




D. [bookmark: _Toc138407649][bookmark: _Toc156641174]Dynamic evolution of PPIs for two TCGA cancers: COAD, THCA
[image: ]
Fig. S3. Dynamic PPI change. The dynamic evolution of PPIs constructed by signaling genes of (a) COAD and (b) THCA.
E. [bookmark: _Toc138407650]
F. [bookmark: _Toc156641175]The Kaplan-Meier survival analysis of two cancer datasets
We use Kaplan-Meier survival analysis to verify the prediction results of the algorithm, and Log-Rank is used to test the significance of the survival curve. P value less than 0.05 indicated that the difference is statistically significant, and the survival time of patients diagnosed before the critical stage is longer than that of patients diagnosed after the critical stage.
In this study, survival analysis was applied to two kinds of cancer: COAD and THCA, shown in Fig. S4 as follows. There was no significant difference in the survival curve after the critical period (Fig. S4b,d), but the survival time of the samples before the transition period was much longer than that of the samples after the transition period. The earlier the disease was detected, the longer the survival time, and the higher the possibility of cure. These results show that our approach can effectively detect early warning signs during the progression of the disease that seriously affect the survival time of patients.
[image: 图表

描述已自动生成]
Fig S4. Prognostic survival analysis. (a) The survival curve of critical stage (II) of COAD vs that of the next stage of critical point (III) of COAD in survival analysis. (b) The survival curve of critical stage (III) of COAD vs that of the next stage of critical point (IV) of COAD in survival analysis. (c) The survival curve of critical stage (II) of THCA vs that of the next stage of critical point (III) of THCA in survival analysis. (d) The survival curve of critical stage (III) of THCA vs that of the next stage of critical point (IV) of THCA in survival analysis.
G. [bookmark: _Toc156641176]Leave-one-out cross validation
[bookmark: _Hlk156638133]We carry out leave-one-out cross validation by identifying DNBs for mESC to MP (GSE79578). The procedure is as follows: 
[bookmark: _Hlk156401324](1) For mESC to MP, leaving a case sample , =1, 2, ……N out, we use the remaining N-1 case samples for identifying the DNBs based on the MIWE, and then calculated its MIWE score at each stage, i.e., , =1, 2, ……N, where N represents the number of case samples.
(2) By using the identified DNBs, we carry out the validation for the excluded sample  based on the MIWE. Finally, the average MIWE with the leave-one-out cross validation was obtained by .
As shown in Fig S5, where red curves represent the average MIWE of the identified DNBs with all samples, and the green curves represent the average MIWE of the identified DNBs with leave-one-out cross validation. It can be seen that the average MIWE curves with leave-one-out cross validation have the same trends to those of the DNBs with all samples, which validates the effectiveness of the detected critical state.
[image: ]
Fig S5. Cross validation results for mESC to MP. The red curves represent the average MIWE of the identified DNBs with all samples, and the green curves represent the average MIWE of the identified DNBs with leave-one-out cross validation.
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