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Supplementary Methods 21 
 22 
Method S1. Robustness of random sampling 23 
In order to determine the appropriate size of initial state population, we measured and compared 24 
all average node activities while increasing the number of randomly sampled initial states from 25 
100 to 1,000,000. Finally, we determined 100,000 initial states to be adequate since such initial 26 
population showed very small (±0.00005%) deviation over twenty repetitions.  27 
 28 
Method S2. Attractor landscape analysis 29 
An attractor with a large basin size can be characterized as a robust and dominant state within 30 
the attractor landscape. With this, we determined the activities of each node by averaging their 31 
values in the attractor states, weighted by the corresponding basin sizes. For instance, if each 32 
of [𝑥 , 𝑥 , 𝑥 , 𝑥 , 𝑥 ] = [1,1,1,1,1] and [0,0,0,0,0] is an attractor having a half of the attractor 33 
basin, the values of all nodes are computed as [0.5,0.5,0.5,0.5,0.5 (=1*0.5 + 0*0.5)] in a 34 
network model with five nodes and 2  states of the attractor landscape. Such averaged activity 35 
of each node can represent the gene expression level or protein activity. 36 
 37 
Method S3. Qualitative individual input-output relationship 38 
We qualitatively investigated individual input-output relationship (1). For this, we repeated 39 
simulations 1,000 times under a given input condition that varies depending on the intensity of 40 
TGF-β (i.e., changing the ratio of its ON state) from 0% to 100%. For each simulation, to find 41 
out robust changes, we counted the averaged ratio of ON state over the last 300-time steps 42 
(simulation window) of the entire simulation time steps, which were sufficient to converge to 43 
a steady state. In the simulation, if the input level is 30%, this means that the input node has 44 
30% ON state and 70% OFF state during the simulation. In this way, we increased the intensity 45 
of input node from 0% to 100% by 1% interval and then measured the output node activities 46 
by averaging their states on each condition. 47 
 48 
Method S4. Perturbation analysis 49 
The nominal network (without any perturbation) can describe all phenotypes including 50 
epithelial, hybrid, and mesenchymal phenotypes. Since cancer cells can represent distinct EMT 51 
molecular features depending on their genomic heterogeneities (2), we applied mutation effects 52 
to the network model. According to the mutation profile from the Catalogue of Somatic 53 
Mutations in Cancer (COSMIC) (3), A549 cells have p53 wild-type and Ras mutant, which can 54 
be modeled by fixing Ras to ON. Then we showed that the A549 network dominantly 55 
represents hybrid phenotype as discussed in other studies (4, 5) and validated this observation 56 
by confirming the co-expression of E-cad and ZEB1, which are known to be decreased (6) and 57 
increased (7), respectively, when cells undergo EMT (Supplementary Fig. S2). With this, to 58 
mimic our A549 experimental model, all of our main simulation results were obtained by 59 
reflecting such context. In the same way, we conducted additional perturbation analysis by 60 
reflecting the mutation profile of A427 cells (Supplementary Table S4 and Fig. S7). 61 
 62 
Method S5. Analysis of network dynamics 63 
Boolean network model is a simple dynamic model used to describe complex biological 64 
behaviors. A Boolean variable is binary, 𝑥 ∈ 0,1 , and its state (𝒙  consists of 𝑥  with 𝑛 65 
nodes within a network model. Each state is updated according to its logic rule in discrete time 66 
steps, 𝑡. The updated state at the next time step, 𝑡 1, is determined by the state of 𝑘 inputs 67 
at the time, 𝑡, with the transition function, 𝑓; 𝒙 𝑓 𝑥 , 𝑥 , … , 𝑥 . The logic rule can be 68 
defined as a truth table, 𝐹 ≡ 𝑓 , 𝑓 , … , 𝑓 , with  2  combinatory states of 𝑘 inputs.  69 
 70 
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By applying Ising configuration to Boolean modeling framework (8), we computed frustration 71 
for the states of Boolean network (9). The network model is a collection of regulatory edge 72 
information that described the relationship between two nodes as either activating or inhibition, 73 
as shown in Fig. 1A. The regulatory edge information can be summarized as an adjacency 74 
matrix 𝐴 (𝑛 𝑛 , a square matrix such that its element 𝐴  is 1 or -1 according to the given 75 
sign if an edge exists and 0 if there is no edge. According to the generalized definition of 76 
frustration for Boolean models provided by (9), we computed regulatory relationship matrix, 77 
𝐽 (𝑛 𝑛 . We confirmed that all regulatory relationships (𝐽), adopted by complex Boolean 78 
logics, have the same sign information with 𝐴, when we computed the frustration for the state 79 
in our network model. After 𝑥  is replaced by ‘-1’ instead of ‘0’ to represent the OFF state, 80 
the frustrated edge is characterized as frustrated if 𝐹 𝑥  = -𝐽 𝑥 𝑥 >0 (9). 81 
 82 
5.1. frustration of a steady state 83 
Network stability is inversely related to the notion of frustration, thus a network primarily 84 
composed of highly frustrated attractor is highly unstable (10). Among the possible attractors, 85 
a major attractor with the largest basin size is considered as the most biologically meaningful 86 
state (11). With this, we computed the frustration of a major attractor x as a representative 87 
network stability measure, following an equation of ∑ 𝐹 𝑥,  (9). 88 
 89 
5.2. molecular state ambiguity 90 
Network stability can vary depending on external or internal perturbation. When a certain 91 
perturbation induces a network state to be less stable than before, it implies that such network 92 
state has many ambiguous node states not determining a definite cellular phenotype. From the 93 
above equation describing frustration, the ratio of frustrated edges is highly correlated to the 94 
frustration, thus, we hypothesized that the number and/or combination of frustrated edges on a 95 
given node may indicate how influential the node is to overall network stability as defined by 96 
frustration. As a consequence, we inferred that nodes having much frustrated edges are more 97 
likely to cause less stable network states. We defined such node to have ‘molecular state 98 
ambiguity’ and computed this quantitative measure for each node by counting potentially 99 
frustrated edges for each node as follows: 100 
A truth table describes all possible output values of a node according to given input values 101 
based on its Boolean function. Thus, it contains all possible relationship between two nodes. 102 
However, it is not guaranteed that such relationship is at the steady state because the occurrence 103 
of input combinations may have different probabilities depending on the interactions between 104 
converged sub-states according to their network dynamics or biological causalities (12). For 105 
simplicity without prior knowledge of network dynamics, however, we assumed that all input 106 
combinations have the same probability (under uniform distribution). From a (modified) truth 107 
table, 𝐹∗ ≡ 𝑓 , 𝑓 , … , 𝑓  after fixing the activity of 𝑚  node sets to OFF or ON 108 
according to the direction of each perturbation or genetic mutation, we counted the number of 109 
operators which the value of 𝑥  and 𝑥  are contradictory with its regulatory relationship (i.e., 110 
frustrated). We assumed that all possible combinations have additive influences on the 111 
regulated node (𝑥 ) and simply computed the frustration influence of each edge as 𝐹 ′ 𝑥112 
∑ ∈ ∗, ∈  

| ∗|
≅ 𝐹 𝑥 . 𝐹 ′ 𝑥  is ranged [-1, +1] where an edge is potentially 113 

frustrated (or unfrustrated) when 𝐹 𝑥 𝐹 𝑥  +1 (or -1, respectively). We defined 114 
frustration in-influence, 𝑟 𝑥 , as the sum of 𝐹 ′ 𝑥  for all node k that has an incoming 115 

edge to the node j, divided by the in-degree of node j: 𝑟 𝑥
∑

∗    
. 116 

Frustration out-influence, 𝑟 𝑥 , is defined as the sum of 𝐹 𝑥  for all node l that has an 117 
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outgoing edge from the node j, divided by the out-degree of node j: 𝑟 𝑥118 
∑ .

∗    
. Since 𝐹 ′ 𝑥  and 𝐹 ′ 𝑥  are the same, we can easily compute for 119 

𝑟 𝑥  and 𝑟 𝑥  by gathering all frustration influence of edges within the network. 120 
∆𝑟 𝑥  (or ∆𝑟 𝑥  is computed as the difference of 𝑟 𝑥  (or 𝑟 𝑥  between the 121 
states after inducing specific perturbations and the states before the perturbation. Then we 122 
defined molecular state ambiguity for each node, ∆𝑟 ∆𝑟 𝑥 , by summing normalized 123 
frustration in-influence and normalized frustration out-influence. We further demonstrated the 124 
computation process in detail using an example network in Supplementary Fig. S1, and 125 
publicly deposited our codes in github (https://github.com/namheee/rEMT). 126 
 127 

 128 
Supplementary Fig. S1. The molecular state ambiguity of each node 129 
(A and B) If node 𝑥  (marked in red) is fixed by a mutation or perturbation in the example 130 
network shown in (A), we can describe the regulatory relationship of node 𝑥  (marked in 131 
orange circle) as illustrated in (B). Each edge is characterized as frustrated if the value of 𝑥  132 
and 𝑥  are contradictory with its regulatory relationship. (C) A modified truth table when the 133 
perturbation or mutation effect is applied. 𝐹∗ 𝑥 𝑓 , 𝑓 , 𝑓 , 𝑓  with the fixed node 𝑥  is 134 
shown on the right panel. Each relationship between two nodes can be characterized as 135 
(potentially) frustrated or unfrustrated. To quantitatively summarize this frustration influence 136 
from the truth table under uniform distribution, the frustration influence of an edge is computed 137 

by averaging frustrated value of an edge. For example, 𝐹 ′ 𝑥 0, 138 

which implies that the edge between 𝑥  and 𝑥  has equal chance to be frustrated or 139 

unfrustrated. Whereas, 𝐹 ′ 𝑥 1 implies that the edge between 140 

𝑥  and 𝑥  is always unfrustrated under such condition. Following these calculation, 141 
frustration in-influence or frustration out-influence of the node 𝑥  is computed as 𝑟 𝑥  = 142 

 

∗
 or 𝑟 𝑥  = 

∗
 , respectively. (D) After applying the 143 

above steps to all nodes, the frustration in-influence, the frustration out-influence, and their 144 



 5

sum (molecular state ambiguity) for each node are obtained accordingly, under the assumption 145 
that all values are 0 before the perturbation. 146 
 147 
Method S6. Analysis of regulatory dynamics with edge function representation 148 
To visualize the regulatory dynamics, we computed average node activities and binarized their 149 
values. From the network with the binarized values, each edge function can be characterized 150 
as frustrated or unfrustrated as described in Supplementary Fig. S4. With this edge function 151 
representation and binarized node activities, we can approximate the averaged cellular state. 152 
To unravel a subnetwork or FBLs that is mainly involved in phenotype transition under 153 
perturbation, the subnetwork was extracted from the network based on their unfrustrated 154 
regulatory signals from perturbed node(s) to phenotype node(s). To simplify the subnetwork, 155 
some nodes are merged using the information of corresponding signaling pathway from 156 
Supplementary Table S1. 157 
 158 
Method S7. Survival analysis 159 
Among the patient samples obtained from TCGA's Pan-Cancer Atlas 2018 (13), we used lung 160 
cancers in the LUAD and LUSC samples. All data sets were downloaded from cbioportal.org. 161 
The p53 status was marked as ‘mutant’ if a sample has the mutation. Using normalized mRNA 162 
expression levels, each sample representing the relative difference between CDH1 and ZEB1 163 
in the upper quarter of the samples was defined as epithelial group. In the same way, each 164 
sample representing the relative expression level of individual genes (EPCAM, MYC, THY1, 165 
TWIST1, and SNAI1) in the upper (or lower) quarter of the samples was defined as a group with 166 
high (or low) molecular signature (Supplementary Fig. S5B). In addition, when we annotated 167 
the group using two genes, we computed each relative expression level of TWIST1 or EPCAM, 168 
individually. Then each sample in the high (or low) group for both signatures simultaneously 169 
was defined as a group with high (or low) molecular signature. We confirmed that their 170 
expression levels are significantly different between high and low molecular signatures. We 171 
calculated the disease-free survival probability for those with high TWIST1 and EPCAM and 172 
those with low TWIST1 and EPCAM. Patients with wild-type p53 and low TWIST1 and EPCAM 173 
had a significantly higher survival rate than those in the high TWIST1 and EPCAM (p53 wild-174 
type: P = 0.042) (Supplementary Fig. S5C). Kaplan-Meier curves for disease-free survival of 175 
the patients were plotted, and p-values (P) were computed by log-rank test for the significance 176 
of survival probability between groups. We used ‘lifelines.KaplanMeierFitter’ function in 177 
Python. The analyses with other signatures were done following the same procedure as the 178 
above. 179 
 180 
Method S8. Analysis of cellular response to chemotherapy 181 
The Cell Model Passports database (14) provides detailed cancer cell line models with 182 
associated genetic profiles. We removed cell lines of normal and unknown tissue status and 183 
used 23 cancer cell lines to acquire enough samples. All gene expression data were normalized 184 
by robust z-score transformation. The p53 status was marked as ‘mutant’ if it has mutation or 185 
downregulated expression of p53. The annotation for the epithelial group and group with high 186 
or low molecular signature was done following the same procedure as described in 187 
Supplementary Method S7. Drug sensitivity data was obtained from the GDSC project (release 188 
1 and 2) (15), and we used IC50 z-score of 5-Fluorouracil, Oxaliplatin, Doxorubicin, and 189 
Irinotecan. In p53 wild-type cell lines, the subgroup with high expression of both TWIST1 and 190 
EPCAM showed a significantly higher IC50 z-score to chemotherapy, 5-FU (P = 0.048) and 191 
OX (P < 0.001) (Supplementary Fig. S5D). We did not find consistent results with DOX or 192 
CPT-11; however, the lack of statistically significant differences might relate to the small 193 
number of samples or variation across cancer types (Supplementary Fig. S5D). p-values (P) 194 
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were computed by the Wilcoxon rank sum test (Mann-Whitney U-test) for the significance of 195 
the drug sensitivity between groups. 196 
 197 
Method S9. Reagents and antibodies 198 
Nutlin-3a, Doxorubicin, 5-FU, Crystal violet solution, dimethyl sulfoxide (DMSO), and 199 
paraformaldehyde (PFA) were obtained from Sigma-Aldrich (Saint Louis, MO, USA). TGF-β 200 
(Peprotech, Cranbury, NJ, USA), and U0126 (MEK1/2 inhibitor, APExBIO, Boston, MA, 201 
USA) were used. Antibodies against E-Cadherin (sc-21791), p53 (sc-126), SMAD4 (sc-7966), 202 
ZEB1 (sc-515797), mouse IgG (sc-2025), and rabbit IgG (#sc-2027) were purchased from 203 
Santa Cruz Biotechnology (Santa Cruz, CA, USA). Antibodies against ERK1/2 (#9102), 204 
phospho-ERK1/2 (#9106), phospho-MEK1/2 (#9121), and MYC (#13987) were purchased 205 
from Cell Signaling Technology (Beverly, MA, USA). The rabbit polyclonal anti-GAPDH 206 
antibody was a generous gift from Dr. Ki-Sun Kwon (Korea Research Institute of Bioscience 207 
and Biotechnology, Daejeon, Korea).  208 
 209 
Method S10. Virus production and establishment of stable cell lines 210 
For lentivirus production, HEK293T cells were transfected with the plasmid encoding shRNA 211 
targeting SMAD4, or ERK1 and ERK2 in pLKO.1 (Sigma-Aldrich) and packaging mix (pLP1, 212 
pLP2, and pLP/VSVG) using Lipofectamine (Thermofisher scientific, Waltham, MA) 213 
according to the manufacturer’s instructions. After 60 h of transfection, viral supernatants were 214 
harvested by centrifugation, filtered through a 0.22-μm filters (surfactant-free cellulose acetate, 215 
Sartorius, Goettingen, Germany), supplemented with 4 μg/ml polybrene (Sigma-Aldrich), and 216 
then used to infect A549 cells. Infected cells were selected with puromycin (1 mg/ml) (Sigma-217 
Aldrich). Retrovirus-mediated short hairpin RNA (shRNA) was purchased from Sigma-218 
Aldrich.  219 

 220 
Method S11. Total RNA extraction and quantitative real-time (qRT-)PCR 221 
Total RNA was extracted from cultured cells using RNA-spinTM (iNtRON, Republic of Korea) 222 
following manufacturer’s protocol. RNA was reverse-transcribed using Diastar RTase (Solgent, 223 
Daejeon, Korea). RT-PCR analysis was performed using the PCR system (Veriti 96well 224 
Thermal Cycler, Applied Biosystems, Waltham, MA, USA), and qRT-PCR analysis was 225 
performed using the QuantStudio 5 real-time PCR system (Applied Biosystems, Foster city, 226 
CA) with a 20 µL reaction volume containing cDNA, primers, and SYBR Master Mix (Genet 227 
Bio, Daejeon, Korea). Relative fold changes were calculated using 2-∆∆Ct, and ACTIN or 228 
GAPDH was used for normalization. Amplification primers are provided in Supplementary 229 
Table S5.  230 
 231 
Method S12. Cristal violet assay 232 
Cells were seeded at 4 × 103 cells/well. The next day, cells were treated with the indicated 233 
drugs. Cells were incubated for 5 days after drug addition; plates were rinsed with PBS, fixed, 234 
and then stained with 0.5% (w/v) crystal violet (Sigma-Aldrich) for 30 min at room temperature. 235 
Plates were rinsed with tap water, dried, and photographed the next day.  236 
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Supplemental Texts 237 
 238 
Text S1. Detailed descriptions of network construction 239 
We have collected all relevant literature and constructed a network model to elucidate TGF-β 240 
driven EMT. However, there are too many signaling pathways that are involved in this process 241 
to all be integrated into our network model. Thus, we have determined major pathways for 242 
EMT by analyzing datasets for cancer cell lines. We used preprocessed gene expression data 243 
from ‘The Cell Model Passports’ database as described in Supplementary Method S8. We 244 
averaged the gene expressions of EMT markers from various studies on EMT signatures (4, 245 
16-18). We then independently annotated the EMT phenotypes based on each differential EMT 246 
signature for each cell line. Next, we selected 145 epithelial cell lines and 100 mesenchymal 247 
cell lines with the same phenotypes in at least three or more different EMT signatures. To select 248 
significant pathways for EMT, we performed a comparison analysis by calculating pathway 249 
scores across epithelial and mesenchymal cell lines using ‘PROGENy’ (19). For each sample, 250 
we used progeny() function with the top=100 parameter set. We used simple linear models to 251 
identify changes in pathway activity between epithelial and mesenchymal groups. Finally, top-252 
ranked pathways were selected based on the (–log(p-value) (more than 7), Wald statistic) which 253 
include TGF-β (26.16, 12.16), Hypoxia (14.36, 8.38), p53 (8.23, -6.04), TNF-α (7.86, 5.88), 254 
EGFR (7.43, 5.69), and NFKB (7.20, 5.58). 255 

Note that, to validate our network model under simplified experimental condition, we excluded 256 
EGFR, Hypoxia, and TNF-α stimuli and focused on major dynamics induced by TGF-β, a 257 
primary inducer of EMT (20). With this, to reconstruct a minimal network model which 258 
includes only essential components needed to represent EMT, many pathways such as p53, 259 
NFKB, Wnt, SHH, and NOTCH were included in our network in a simple way. For instance, 260 
GLI protein is one of the major transcription factors in the SHH signaling pathway (21). We 261 
also included the MAPK and PI3K-Akt signaling pathways with their commonly shared 262 
molecules. Here, GRB2SOS (GRB2, SOS) is a mediator for activating the Ras-ERK or PI3K-263 
Akt signaling pathway upon RTK stimulation with TGF-β activation. In addition, TAK1 is 264 
another mediator to connect with p38 or NFKB signaling pathway after TGF-β exposure. As a 265 
result, the included signaling pathways and their representative nodes within our network 266 
model are as follows: 267 

 TGF-β signaling pathway; TGF-β, SMAD2/3, SMAD4 268 
 NOTCH signaling pathway; NOTCH 269 
 SHH signaling pathway; GLI 270 
 MAPK signaling pathway; Ras-ERK (Ras, Raf, MEK, ERK), p38 (p38, AP-1) 271 
 PI3K-Akt signaling pathway; PI3K, Akt (AKT) 272 
 Wnt/β-catenin signaling pathway; GSK-3 DestComplex, β-catenin_nuclear 273 
 NFKB signaling pathway; IKK-α (IKK), NF-κB (NFKB) 274 
 p53 signaling pathway; Mdm2, p53 275 

To note, we could define the desired epithelial state in contrast to the undesired mesenchymal 276 
state. This was further supported by the evidence from previous studies (22, 23). The desired 277 
node activities of the above signaling molecules are included in Supplementary Table S1. 278 

E-cadherin (E-cad) and ZEB1 are common phenotypic markers of EMT. Many studies showed 279 
that E-cad (encoded by CDH1), ZEB1, and vimentin (encoded by VIM) are reliable EMT 280 
phenotype markers in many cancers (17, 24). ZEB1 is a key component of the TF network that 281 
controls EMT and is a pivotal determinant of cell fate such as cell differentiation, survival, and 282 
motility, and finally contributes to drug resistance (7, 25). ZEB1 is also associated with the p53 283 
pathway which has a significant role to restrict epithelial cell plasticity. The wild-type p53 can 284 
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inhibit the expression of ZEB1 by activating the microRNAs such as miR-34 and miR-200, 285 
and thereby suppresses EMT and maintenance of stem cell properties (26, 27). Additionally, 286 
ZEB1 has a strong correlation with the expression of VIM, and some evidence suggested that 287 
ZEB1 may indirectly up-regulate the expression of VIM (28). We have further confirmed that 288 
the expressions of VIM and CDH2 (encoding N-cadherin, another mesenchymal marker) are 289 
similar to the ZEB1 expression (Supplementary Fig. S5E and S6A). We also included other 290 
EMT markers to elucidate various EMT states including epithelial, hybrid, mesenchymal 291 
phenotypes, and drug sensitivity. Based on the literature and our own experimental evidence, 292 
we have included key EMT-inducing transcriptional factors, Snail and Twist1, and microRNA 293 
families, miR-34 and miR-200, in our network model to represent EMT phenotypes (22, 29, 294 
30).  295 

Since there are many cancer stemness-related nodes across various cancers, we identified the 296 
candidate nodes by analyzing the aforementioned gene expression data for cancer cell lines. 297 
Differential expressed genes (DEGs) analysis was performed using ‘DESeq2’, a R package 298 
(adj.p-value < 0.01), and we filtered the top-ranked stem-cell related genes based on the 299 
literature (31). As a result, Thy-1 (log2FoldChange = 4.93, adj.p-value <10 ) was the most 300 
significantly expressed gene in the mesenchymal phenotype, and EpCAM (log2FoldChange = 301 
-6.13, adj.p-value <10 ) was a representative gene for the epithelial phenotype. 302 

Thy-1 is a marker for cancer stem cells including lung, breast, and liver cancers. Significantly, 303 
there are many connections between Thy-1 and other regulatory stemness modules such as 304 
Oct4, Sox2, and Nanog (32-35), and their interactions ultimately increase the properties of stem 305 
cells. In addition, a recent study showed that co-expression of Thy-1 and CD44 is a better 306 
prognostic marker for cancer stem-cell properties in lung cancer (36). Furthermore, Thy-1 307 
regulates tumor dissemination and invasion with the EMT process (37). Together, Thy-1 can 308 
be a representative marker for mesenchymal and stem cell-like phenotype. 309 

EpCAM is expressed in epithelial cells of various cancers and plays an important role in cell-310 
cell adhesion maintaining epithelial integrity. In the early state of EMT, the cells lose the 311 
EpCAM expression. Thus, EpCAM can be an epithelial marker as described from other studies 312 
(38, 39). However, in the scope of our study, driving rEMT requires epithelial phenotype with 313 
chemosensitivity, because the EMT process significantly contributes to acquire 314 
chemoresistance (40, 41). From the results in Fig. 4, we hypothesized that EpCAM could be a 315 
potential marker for drug resistance. According to recent studies (42-44), upregulation of 316 
EpCAM can induce malignant and stem cell-like phenotypes. Furthermore, downregulation of 317 
EpCAM promoted chemosensitizing effects (related to therapeutic resistance) in breast, 318 
prostate, and ovarian cancers (45). Together, EpCAM can be a marker for both epithelial and 319 
stem cell-like phenotypes, thus we defined its desired state as ON state for rEMT, and OFF 320 
state for chemosensitive rEMT in our study. 321 

Although c-Myc (MYC) was not included in the top-ranked stem markers through the above 322 
analysis, we additionally contained this node in our network model. This is because MYC acts 323 
as a stem cell regulator during EMT. MYC is highly involved in activating the EMT-TFs such 324 
as Snail, Twist1, and ZEB1 (46, 47), and single overexpression of MYC can drive cells to 325 
mesenchymal state (48). Furthermore, a recent study suggested that the activity of MYC is 326 
frequently observed in intermediate EMT states along with the expression levels of VIM (49). 327 
Thus, we selected MYC as a representative marker of stem-cell properties at the hybrid and 328 
mesenchymal EMT states. 329 
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In summary, we chose the above markers to represent the epithelial features (E-cad, miR-200, 330 
miR-34, EpCAM) and the mesenchymal and stemness features (ZEB1, Snail, Twist1, c-Myc, 331 
Thy-1, EpCAM) in our network model.  332 
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Text S2. Boolean logic reconstruction and validation 333 
Starting from our network structure, we can construct the Boolean logics that govern the EMT 334 
process in cancer. We first assumed that most regulators in the logic are regulating 335 
independently, so their logics were constructed with OR operators. On the other hand, when 336 
there was related experimental evidence for the operating principles between regulators in the 337 
context of TGF-β exposure, some regulators were constructed with AND operators. In addition, 338 
we have chosen a Ras mutated lung adenocarcinoma cell line (A549) and performed the 339 
experiments to understand EMT process in cancer. By integrating the experimental evidence, 340 
we reconstructed our Boolean logics and validated whether each logic can reproduce numerous 341 
experimentally observed behaviors shown in Fig. 1B, Supplementary Table S4, and 342 
Supplementary Text S3. Detailed explanation of each Boolean logic is as follows: 343 

NOTCH, 
SHH, and 
Wnt 
signaling 
pathways:  
 

Here, we only considered TGF-β dependent NOTCH (indicative of NOTCH 
signaling) and GLI activation (indicative of SHH signaling) during EMT 
changes (50, 51). We also assumed that Wnt signaling pathway is upregulated 
through many shared crosstalks when TGF-β is stimulated. After β-catenin acts 
a nuclear response, β-catenin binds to TCF/LEF-1 transcriptional regulators to 
activate the transcription of target genes (as in the result of the Wnt 
stimulation). At that time, destruction complex (APC, AXIN2, and GSK-3β), 
which has a major role to inhibit β-catenin activity (52), is not working. 
Together, we only included TGF-β dependent β-catenin activation (indicative 
of Wnt signaling) without considering all individual nodes of the Wnt signaling 
pathway. 

MAPK 
and 
PI3K-Akt 
signaling 
pathways: 

We included negative feedback loops (FBLs) of MAPK signaling, but TGF-β-
induced activation of Ras-ERK pathway was more preferentially reproduced in 
our model. We constructed their logics to indicate these phenomena: TGF-β-
mediated activation of the Ras-ERK pathway has a direct role in p38 MAPK 
activation, because SMAD4 mediated activation of p38 can increase the 
expression of AP-1 (53); Twist1 can activate the transcription factor AP-1 (c-
Jun and JunB) linking ERK (54); p53 can downregulate Akt via interaction 
with PTEN; the low activity of p53 accelerates EMT by activating the PI3K-
Akt signaling pathway. 

Snail: MiR-34 has a significant role to inhibit the expressions of Snail (30) and ZEB1 
(55). We constructed the logic to indicate that when miR-34 activity is not 
activated, TGF-β-induced SMAD4 activation can directly regulate the activity 
of Snail (56). Then other crosstalks between GLI, β-catenin, AP-1, and NFKB 
signaling pathways were constructed with OR operators.  

ZEB1: We included miR-200 as a core-regulator for ZEB1 (29), and the relationships 
between other pathways are considered independently. 

E-cad: ZEB1 is another phenotypic marker for representing various EMT states in our 
model. If the logic is constructed with OR operator, when ZEB1 is OFF, 
regardless of other regulators, E-cad only has ON state. To remove such 
dependency, we have modified its logic using AND operator and validated it 
by our simulations and experiments according to the perturbations (Fig. 1B and 
Fig. 2D). 

MYC: The logic is constructed depending on the miR-34 or p53, because each node 
can regulate the expression level of MYC directly or indirectly (57). We also 
included the ERK, EpCAM, β-catenin (nuclear), and SMAD4 according to 
experimental evidence that they transcriptionally regulate the activity of MYC 
(58). 
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  344 

EpCAM: We constructed its logic to indicate these phenomena: TGF-β substantially 
decreases expression level of EpCAM through SMAD4, ZEB1, or β-catenin; 
the expression of EpCAM is repressed by p53 (59) or activated by AP-1 (60). 
We showed the dynamical change of EpCAM expression and validated it by 
our simulations and experiments according to the perturbations (Fig. 1B, Fig. 
4, and Fig. 6C).  

Thy-1: There is not much evidence of direct relationship between Thy-1 and other 
molecules within our model. Thus, based on the published experimental 
evidence, some indirect connections between Thy-1 and other regulatory 
stemness modules such as Oct4, Sox2, and Nanog, have been allowed (32-35). 
Further relationships between these molecules have been validated by our 
simulations and experiments (Fig. 4 and Fig. 6C). 
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Text S3. Comparison with published mathematical models of EMT  345 
As EMT is considered as a significant process for cancer metastasis and drug resistance, many 346 
studies have developed mathematical models such as ordinary differential equation (ODE) or 347 
Boolean model to computationally elucidate EMT phenotypes. One group has developed 348 
ternary chimera switch (TCS) model that only contains well-known core regulators of EMT, 349 
including ZEB mRNA, SNAIL protein, miR-34, and miR-200 (61, 62). They revealed that 350 
activated SNAIL/miR-34 feedback loop (FBL) solely leads to monostable state functioning as 351 
a noise-buffering integrator. Whereas, ZEB/miR-200 FBL and self-activation of ZEB induced 352 
tristable (epithelial, hybrid, and mesenchymal) states. In addition, another group has developed 353 
cascading bistable switches (CBS) model (63) that is similar to the TCS model but contains an 354 
autocrine TGF-β/ZEB/miR-200 FBL without self-activation of ZEB. They showed that 355 
SNAIL/miR-34 FBL causes the transition from epithelial to hybrid state with a weak signal, 356 
whereas, TGF-β/ZEB/miR-200 FBL causes the transition from hybrid to mesenchymal state 357 
and remains in the mesenchymal state as long as sufficient input signal is provided.  358 

Although these ODE models have commonly described the EMT process with similar structure, 359 
a difference has been observed in that repression of ZEB makes strong epithelial phenotype in 360 
TCS model in comparison to CBS model. Our network model presented similar results that 361 
knockdown of ZEB1 with activated Twist1 does not drive epithelial phenotype but hybrid 362 
phenotype, as shown in the CBS model. Since the ODE and Boolean models cannot be 363 
compared directly, we compared the average node activities (Materials and Methods). By 364 
analysing the averaged node activities in SNAIL/miR-34 and ZEB/miR-200 FBLs, we 365 
exhibited that mesenchymal phenotypes are dominant when both FBLs are sequentially 366 
activated. 367 

Moreover, TCS model has been extended to describe hybrid EMT phenotypes and stemness. 368 
Some models have included phenotypic stability factors (PSFs), including OVOL, GRHL2, 369 
and miR-145, that can stabilize hybrid phenotype (64). However, their detailed functions are 370 
beyond the scope of our study. One of the models has focused on coupled FBLs between OCT4, 371 
LIN28/let-7, and miR-200/ZEB (48). They defined tristable states in the same way using LIN28 372 
and let-8 corresponding to ZEB and miR-200, respectively, because miR-200 directly inhibits 373 
LIN28. They showed that the tendency of stemness was consistent with a hybrid phenotype, 374 
but stemness window is not restricted in hybrid phenotypes (i.e., epithelial cells can show stem-375 
cell property). This observation is similar to our results that epithelial states can be classified 376 
as chemoresistant and chemosensitive (Fig. 5).  377 

Other Boolean model, Steinway et al.’s model, has been constructed to represent TGF-β-driven 378 
EMT process in hepatocellular carcinoma (HCC) with 70 nodes and 135 edges (65). They 379 
showed that TGF-β drives EMT in HCC with cooperatively activated SHH and Wnt pathways 380 
and defined EMT phenotype using a single-node (E-cad) activity. Although our model is 381 
smaller than Steinway et al.’s model, it preserves in a compressed way the major signaling 382 
pathways such as TGF-β, Wnt/β-catenin, SHH, MAPK included in the Steinway et al.’s model, 383 
and their crosstalks and FBLs (65, 66). Furthermore, from comparison analyses of nodes and 384 
pathways across epithelial and mesenchymal cell lines (detailed methods are included in 385 
Supplementary Text S1), we have included other pathways, including p53 and p38/AP-1, to 386 
better represent EMT characteristics (26, 27). Finally, we reconstructed the minimal network 387 
model which includes only essential components needed to represent EMT and 388 
chemosensitivity. With our network model, we found that the simulation results can reproduce 389 
experimentally observed dynamical behaviors during the EMT process as shown in Fig. 1B 390 
and Supplementary Table S4.  391 



 13

Attractor landscape of Steinway et al.’s model (65, 67) has been further analyzed to explain 392 
the EMT spectrum including hybrid states. This model solely described hybrid properties 393 
through the combination of several markers from the simulation results as follows: intermediate 394 
epithelial is defined as SHH=AKT=WNT=OFF & MEK=ERK=SNAI1=E-cad=ON; 395 
intermediate mesenchymal is defined as SHH=AKT=WNT=E-cad=OFF & 396 
MEK=ERK=SNAI1=ON. In our study, defining phenotype is significant to achieve complete 397 
rEMT which is defined as the recovery of molecular markers as well as drug sensitivity. For 398 
this reason, we examined nine nodes within our network model that are functionally associated 399 
with the epithelial, mesenchymal, and stemness features (E-cad, miR-200, miR-34, EpCAM, 400 
ZEB1, Snail, Twist1, c-Myc, Thy-1). Despite the differences between the markers, our 401 
predictions were similar to those of the results from the Steinway et al.’s model as described 402 
in Supplementary Table S4. Our simulation results of ZEB1 knockout or miR-200 403 
overexpression recapitulate the results of Steinway et al. (65). Moreover, we could classify the 404 
epithelial subtypes as chemoresistant and chemosensitive, using the above markers such as 405 
EpCAM and Twist1, and identify the effective targets for rEMT with chemosensitivity as 406 
shown in Fig. 6.  407 
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Text S4. Detailed explanation of core positive feedback loops  408 
Many studies have sought to clarify the impact of miR-34/Snail (30) and miR-200/ZEB1 (68) 409 
feedback loops (FBLs) at the network level through ODE and Boolean models. Both ODE 410 
models, CBS and TCS models, have explained that it is possible to ensure an irreversible 411 
mesenchymal state when these FBLs have the definite values for the mesenchymal state. Since 412 
the ODE and Boolean models cannot be compared directly, we compared the averaged node 413 
activities of SNAIL/miR-34 and ZEB/miR-200 when the EMT phenotypes were changed. As 414 
a result, we could represent that co-activating these FBLs are essential to reach the 415 
mesenchymal phenotype as indicated from CBS model (Supplementary Table S4). We also 416 
showed that the extremely epithelial or mesenchymal state is not allowed when these FBLs do 417 
not behave with their structural connections as described in Fig. 3. We studied their functional 418 
roles during the induction of rEMT from an extremely mesenchymal state in-depth. For 419 
example, upon ZEB1 knockdown in the presence of TGF-β, the function of these FBLs was 420 
involved in driving hybrid phenotypes with low activity of E-cad. 421 

Our results recapitulate the importance of the FBL consisting of SMAD/MAPK crosstalk to 422 
the EMT process first reported by Steinway et al. (65). In particular, we revealed that 423 
interlinked FBLs, Snail/Twist1/AP-1 and SMAD4/ERK, are involved in determining an 424 
epithelial state and chemosensitivity. In details, Snail acts cooperatively with Twist1 by 425 
increasing its protein or expression (69), and Twist1 can modulate the AP-1 transcriptional 426 
activity (54). Moreover, it has been suggested that Twist1-p38/ERK FBL is involved in 427 
maintenance of EMT (70), and p38-AP-1 axis can induce the expression of Snail or its stability 428 
(71). It has also been reported that AP-1 activation may regulate the activation of Snail via an 429 
alternative pathway, including ERK or p38, and subsequently contribute to EMT progression 430 
and stem-cell properties (72, 73). Lastly, as discussed in Maheshwari et al. (66), we could 431 
indicate that both SMAD and ERK should be controlled to change their node activities to OFF 432 
states. Together, we found that chemosensitive epithelial state is induced when SMAD4 and 433 
ERKs are inhibited simultaneously as shown in Fig. 5F.   434 
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Text S5. Attractor landscape analysis with synchronous and asynchronous update 435 
schemes 436 

There are different update schemes for analyzing steady state dynamics in Boolean network 437 
(11). Under asynchronous update scheme, only single node update is allowed per one transition, 438 
whereas, under synchronous update scheme, all nodes are updated simultaneously per one 439 
transition. Mixed updating (synchronous and asynchronous) can be allowed depending on the 440 
updating condition, and probabilistic or stochastic updating can cause time delay for each node 441 
individually. Asynchronous or probabilistic update with different time delays for each node 442 
can better represent biological phenomena. However, if sufficient experimental data are not 443 
available, introducing different time delays would not be able to guarantee reproducing real 444 
biological phenomena (11). For example, the process where all upstream nodes must have 445 
certain values at once to update downstream genes may not occur under the asynchronous 446 
update. Furthermore, it has been reported that analyzing network dynamics under the 447 
synchronous update may be more appropriate for evaluating the robustness of a system (74).  448 

To more quantitatively verify whether the synchronous update we used is reasonable for 449 
understanding biological behaviors, we performed the same simulations under different update 450 
schemes and computed their cosine similarities and differences between the averaged node 451 
activities. We found the attractors by random walk simulation under the mixed update scheme 452 
and repeated with 100 random initial conditions. Both synchronous and asynchronous state 453 
transition graphs were allowed since there was insufficient data available to consider respective 454 
updating time per transition. Although this approach is not guaranteed to determine all 455 
attractors due to its randomness, it was assumed that repeatedly occurring states would 456 
converge to states with large basin sizes. For this, we used 457 
‘pyboolnet.find_attractor_state_by_randomwalk_and_ctl’ function in Python.  458 

First, we were able to show that point attractors remain the same regardless of the update 459 
schemes, as reported by a previous study (75). Next, the average node activities were calculated 460 
using the same procedure as described in the Materials and Methods section. We then computed 461 
cosine similarity and an averaged node-difference which is calculated by the 1–difference 462 
between averaged activities of nine nodes described in Supplementary Table 1. In both TGF-463 
β-OFF and -ON conditions in the presence of Ras mutation, all cosine similarities converged 464 
to 1, which is indicative of high similarity. Although the averaged node-difference was slightly 465 
different, it also showed high similarity between the results from other update schemes. The 466 
averaged node-difference in TGF-β-OFF and -ON conditions, was 0.95± 0.04 (mean±SD) and 467 
1, respectively. To compare these measures at the perturbed-network, we performed 468 
perturbation analysis following the same procedure. In the TGF-β-OFF and -ON conditions, 469 
cosine similarity between the state vectors was 0.990±0.005 and 0.999±0.001, and their 470 
averaged node-difference was 0.913±0.04 and 0.996±0.01, respectively. This result showed a 471 
slight difference, but it was considered to be an acceptable similarity since their means were 472 
higher than 0.9 and their SD were less than 0.05. Together, we found that averaged node 473 
activities of attractor states do not have any significant difference depending on the update 474 
schemes.  475 



 16

Supplementary References 476 
 477 
1. Helikar T, Konvalina J, Heidel J, Rogers JA. Emergent decision-making in biological 478 
signal transduction networks. Proc Natl Acad Sci U S A. 2008;105(6):1913-8. 479 
2. Schliekelman MJ, Taguchi A, Zhu J, Dai X, Rodriguez J, Celiktas M, et al. Molecular 480 
portraits of epithelial, mesenchymal, and hybrid States in lung adenocarcinoma and their 481 
relevance to survival. Cancer Res. 2015;75(9):1789-800. 482 
3. Tate JG, Bamford S, Jubb HC, Sondka Z, Beare DM, Bindal N, et al. COSMIC: the 483 
Catalogue Of Somatic Mutations In Cancer. Nucleic Acids Res. 2019;47(D1):D941-D7. 484 
4. Huang RY, Wong MK, Tan TZ, Kuay KT, Ng AH, Chung VY, et al. An EMT 485 
spectrum defines an anoikis-resistant and spheroidogenic intermediate mesenchymal state that 486 
is sensitive to e-cadherin restoration by a src-kinase inhibitor, saracatinib (AZD0530). Cell 487 
Death Dis. 2013;4:e915. 488 
5. Karacosta LG, Anchang B, Ignatiadis N, Kimmey SC, Benson JA, Shrager JB, et al. 489 
Mapping lung cancer epithelial-mesenchymal transition states and trajectories with single-cell 490 
resolution. Nat Commun. 2019;10(1):5587. 491 
6. Xu J, Lamouille S, Derynck R. TGF-beta-induced epithelial to mesenchymal transition. 492 
Cell Res. 2009;19(2):156-72. 493 
7. Caramel J, Ligier M, Puisieux A. Pleiotropic Roles for ZEB1 in Cancer. Cancer Res. 494 
2018;78(1):30-5. 495 
8. De las Cuevas G, Cubitt TS. Simple universal models capture all classical spin physics. 496 
Science. 2016;351(6278):1180-3. 497 
9. Tripathi S, Kessler DA, Levine H. Biological Networks Regulating Cell Fate Choice 498 
Are Minimally Frustrated. Phys Rev Lett. 2020;125(8):088101. 499 
10. Demongeot J, Jelassi M, Hazgui H, Ben Miled S, Bellamine Ben Saoud N, Taramasco 500 
C. Biological Networks Entropies: Examples in Neural Memory Networks, Genetic Regulation 501 
Networks and Social Epidemic Networks. Entropy (Basel). 2018;20(1). 502 
11. Schwab JD, Kuhlwein SD, Ikonomi N, Kuhl M, Kestler HA. Concepts in Boolean 503 
network modeling: What do they all mean? Comput Struct Biotechnol J. 2020;18:571-82. 504 
12. Gates AJ, Brattig Correia R, Wang X, Rocha LM. The effective graph reveals 505 
redundancy, canalization, and control pathways in biochemical regulation and signaling. Proc 506 
Natl Acad Sci U S A. 2021;118(12). 507 
13. Hoadley KA, Yau C, Hinoue T, Wolf DM, Lazar AJ, Drill E, et al. Cell-of-origin 508 
patterns dominate the molecular classification of 10,000 tumors from 33 types of cancer. Cell. 509 
2018;173(2):291-304. e6. 510 
14. van der Meer D, Barthorpe S, Yang W, Lightfoot H, Hall C, Gilbert J, et al. Cell Model 511 
Passports-a hub for clinical, genetic and functional datasets of preclinical cancer models. 512 
Nucleic Acids Res. 2019;47(D1):D923-D9. 513 
15. Yang W, Soares J, Greninger P, Edelman EJ, Lightfoot H, Forbes S, et al. Genomics 514 
of Drug Sensitivity in Cancer (GDSC): a resource for therapeutic biomarker discovery in 515 
cancer cells. Nucleic Acids Res. 2013;41(Database issue):D955-61. 516 
16. Byers LA, Diao L, Wang J, Saintigny P, Girard L, Peyton M, et al. An epithelial-517 
mesenchymal transition gene signature predicts resistance to EGFR and PI3K inhibitors and 518 
identifies Axl as a therapeutic target for overcoming EGFR inhibitor resistance. Clin Cancer 519 
Res. 2013;19(1):279-90. 520 
17. Groger CJ, Grubinger M, Waldhor T, Vierlinger K, Mikulits W. Meta-analysis of gene 521 
expression signatures defining the epithelial to mesenchymal transition during cancer 522 
progression. PLoS One. 2012;7(12):e51136. 523 



 17

18. Kohn KW, Zeeberg BM, Reinhold WC, Pommier Y. Gene expression correlations in 524 
human cancer cell lines define molecular interaction networks for epithelial phenotype. PLoS 525 
One. 2014;9(6):e99269. 526 
19. Schubert M, Klinger B, Klunemann M, Sieber A, Uhlitz F, Sauer S, et al. Perturbation-527 
response genes reveal signaling footprints in cancer gene expression. Nat Commun. 528 
2018;9(1):20. 529 
20. Lamouille S, Xu J, Derynck R. Molecular mechanisms of epithelial-mesenchymal 530 
transition. Nat Rev Mol Cell Biol. 2014;15(3):178-96. 531 
21. Pietrobono S, Gagliardi S, Stecca B. Non-canonical Hedgehog Signaling Pathway in 532 
Cancer: Activation of GLI Transcription Factors Beyond Smoothened. Front Genet. 533 
2019;10:556. 534 
22. Gonzalez DM, Medici D. Signaling mechanisms of the epithelial-mesenchymal 535 
transition. Sci Signal. 2014;7(344):re8. 536 
23. Davies M, Robinson M, Smith E, Huntley S, Prime S, Paterson I. Induction of an 537 
epithelial to mesenchymal transition in human immortal and malignant keratinocytes by TGF-538 
beta1 involves MAPK, Smad and AP-1 signalling pathways. J Cell Biochem. 2005;95(5):918-539 
31. 540 
24. Vannier C, Mock K, Brabletz T, Driever W. Zeb1 regulates E-cadherin and Epcam 541 
(epithelial cell adhesion molecule) expression to control cell behavior in early zebrafish 542 
development. J Biol Chem. 2013;288(26):18643-59. 543 
25. Krebs AM, Mitschke J, Lasierra Losada M, Schmalhofer O, Boerries M, Busch H, et 544 
al. The EMT-activator Zeb1 is a key factor for cell plasticity and promotes metastasis in 545 
pancreatic cancer. Nat Cell Biol. 2017;19(5):518-29. 546 
26. Chang CJ, Chao CH, Xia W, Yang JY, Xiong Y, Li CW, et al. p53 regulates epithelial-547 
mesenchymal transition and stem cell properties through modulating miRNAs. Nat Cell Biol. 548 
2011;13(3):317-23. 549 
27. Mani SA, Guo W, Liao MJ, Eaton EN, Ayyanan A, Zhou AY, et al. The epithelial-550 
mesenchymal transition generates cells with properties of stem cells. Cell. 2008;133(4):704-551 
15. 552 
28. Takeyama Y, Sato M, Horio M, Hase T, Yoshida K, Yokoyama T, et al. Knockdown 553 
of ZEB1, a master epithelial-to-mesenchymal transition (EMT) gene, suppresses anchorage-554 
independent cell growth of lung cancer cells. Cancer Lett. 2010;296(2):216-24. 555 
29. Park SM, Gaur AB, Lengyel E, Peter ME. The miR-200 family determines the 556 
epithelial phenotype of cancer cells by targeting the E-cadherin repressors ZEB1 and ZEB2. 557 
Genes Dev. 2008;22(7):894-907. 558 
30. Siemens H, Jackstadt R, Hunten S, Kaller M, Menssen A, Gotz U, et al. miR-34 and 559 
SNAIL form a double-negative feedback loop to regulate epithelial-mesenchymal transitions. 560 
Cell Cycle. 2011;10(24):4256-71. 561 
31. Zhao W, Li Y, Zhang X. Stemness-Related Markers in Cancer. Cancer Transl Med. 562 
2017;3(3):87-95. 563 
32. Schaefer T, Steiner R, Lengerke C. SOX2 and p53 Expression Control Converges in 564 
PI3K/AKT Signaling with Versatile Implications for Stemness and Cancer. Int J Mol Sci. 565 
2020;21(14). 566 
33. Lin Y, Yang Y, Li W, Chen Q, Li J, Pan X, et al. Reciprocal regulation of Akt and 567 
Oct4 promotes the self-renewal and survival of embryonal carcinoma cells. Mol Cell. 568 
2012;48(4):627-40. 569 
34. Yan X, Luo H, Zhou X, Zhu B, Wang Y, Bian X. Identification of CD90 as a marker 570 
for lung cancer stem cells in A549 and H446 cell lines. Oncol Rep. 2013;30(6):2733-40. 571 
35. Ghatak D, Das Ghosh D, Roychoudhury S. Cancer Stemness: p53 at the Wheel. Front 572 
Oncol. 2020;10:604124. 573 



 18

36. Zhou HM, Zhang JG, Zhang X, Li Q. Targeting cancer stem cells for reversing therapy 574 
resistance: mechanism, signaling, and prospective agents. Signal Transduct Target Ther. 575 
2021;6(1):62. 576 
37. Sauzay C, Voutetakis K, Chatziioannou A, Chevet E, Avril T. CD90/Thy-1, a Cancer-577 
Associated Cell Surface Signaling Molecule. Front Cell Dev Biol. 2019;7:66. 578 
38. Deshmukh AP, Vasaikar SV, Tomczak K, Tripathi S, den Hollander P, Arslan E, et al. 579 
Identification of EMT signaling cross-talk and gene regulatory networks by single-cell RNA 580 
sequencing. Proc Natl Acad Sci U S A. 2021;118(19). 581 
39. Pastushenko I, Blanpain C. EMT Transition States during Tumor Progression and 582 
Metastasis. Trends Cell Biol. 2019;29(3):212-26. 583 
40. Fischer KR, Durrans A, Lee S, Sheng J, Li F, Wong ST, et al. Epithelial-to-584 
mesenchymal transition is not required for lung metastasis but contributes to chemoresistance. 585 
Nature. 2015;527(7579):472-6. 586 
41. Zheng X, Carstens JL, Kim J, Scheible M, Kaye J, Sugimoto H, et al. Epithelial-to-587 
mesenchymal transition is dispensable for metastasis but induces chemoresistance in pancreatic 588 
cancer. Nature. 2015;527(7579):525-30. 589 
42. Schnell U, Cirulli V, Giepmans BN. EpCAM: structure and function in health and 590 
disease. Biochim Biophys Acta. 2013;1828(8):1989-2001. 591 
43. Osta WA, Chen Y, Mikhitarian K, Mitas M, Salem M, Hannun YA, et al. EpCAM is 592 
overexpressed in breast cancer and is a potential target for breast cancer gene therapy. Cancer 593 
Res. 2004;64(16):5818-24. 594 
44. Munz M, Baeuerle PA, Gires O. The emerging role of EpCAM in cancer and stem cell 595 
signaling. Cancer Res. 2009;69(14):5627-9. 596 
45. Richter CE, Cocco E, Bellone S, Silasi DA, Ruttinger D, Azodi M, et al. High-grade, 597 
chemotherapy-resistant ovarian carcinomas overexpress epithelial cell adhesion molecule 598 
(EpCAM) and are highly sensitive to immunotherapy with MT201, a fully human monoclonal 599 
anti-EpCAM antibody. Am J Obstet Gynecol. 2010;203(6):582 e1-7. 600 
46. Smith AP, Verrecchia A, Faga G, Doni M, Perna D, Martinato F, et al. A positive role 601 
for Myc in TGFbeta-induced Snail transcription and epithelial-to-mesenchymal transition. 602 
Oncogene. 2009;28(3):422-30. 603 
47. Meskyte EM, Keskas S, Ciribilli Y. MYC as a Multifaceted Regulator of Tumor 604 
Microenvironment Leading to Metastasis. Int J Mol Sci. 2020;21(20). 605 
48. Jolly MK, Huang B, Lu M, Mani SA, Levine H, Ben-Jacob E. Towards elucidating the 606 
connection between epithelial-mesenchymal transitions and stemness. J R Soc Interface. 607 
2014;11(101):20140962. 608 
49. van Dijk D, Sharma R, Nainys J, Yim K, Kathail P, Carr AJ, et al. Recovering Gene 609 
Interactions from Single-Cell Data Using Data Diffusion. Cell. 2018;174(3):716-29 e27. 610 
50. Zavadil J, Cermak L, Soto-Nieves N, Bottinger EP. Integration of TGF-beta/Smad and 611 
Jagged1/Notch signalling in epithelial-to-mesenchymal transition. EMBO J. 2004;23(5):1155-612 
65. 613 
51. Javelaud D, Alexaki VI, Dennler S, Mohammad KS, Guise TA, Mauviel A. TGF-614 
beta/SMAD/GLI2 signaling axis in cancer progression and metastasis. Cancer Res. 615 
2011;71(17):5606-10. 616 
52. Liu C, Li Y, Semenov M, Han C, Baeg GH, Tan Y, et al. Control of beta-catenin 617 
phosphorylation/degradation by a dual-kinase mechanism. Cell. 2002;108(6):837-47. 618 
53. Liberati NT, Datto MB, Frederick JP, Shen X, Wong C, Rougier-Chapman EM, et al. 619 
Smads bind directly to the Jun family of AP-1 transcription factors. Proc Natl Acad Sci U S A. 620 
1999;96(9):4844-9. 621 



 19

54. Nam EH, Lee Y, Moon B, Lee JW, Kim S. Twist1 and AP-1 cooperatively upregulate 622 
integrin alpha5 expression to induce invasion and the epithelial-mesenchymal transition. 623 
Carcinogenesis. 2015;36(3):327-37. 624 
55. Ahn YH, Gibbons DL, Chakravarti D, Creighton CJ, Rizvi ZH, Adams HP, et al. ZEB1 625 
drives prometastatic actin cytoskeletal remodeling by downregulating miR-34a expression. J 626 
Clin Invest. 2012;122(9):3170-83. 627 
56. Peinado H, Quintanilla M, Cano A. Transforming growth factor beta-1 induces snail 628 
transcription factor in epithelial cell lines: mechanisms for epithelial mesenchymal transitions. 629 
J Biol Chem. 2003;278(23):21113-23. 630 
57. Yamamura S, Saini S, Majid S, Hirata H, Ueno K, Deng G, et al. MicroRNA-34a 631 
modulates c-Myc transcriptional complexes to suppress malignancy in human prostate cancer 632 
cells. PLoS One. 2012;7(1):e29722. 633 
58. Yagi K, Furuhashi M, Aoki H, Goto D, Kuwano H, Sugamura K, et al. c-myc is a 634 
downstream target of the Smad pathway. J Biol Chem. 2002;277(1):854-61. 635 
59. Sankpal NV, Willman MW, Fleming TP, Mayfield JD, Gillanders WE. Transcriptional 636 
repression of epithelial cell adhesion molecule contributes to p53 control of breast cancer 637 
invasion. Cancer Res. 2009;69(3):753-7. 638 
60. Gao J, Yan Q, Wang J, Liu S, Yang X. Epithelial-to-mesenchymal transition induced 639 
by TGF-beta1 is mediated by AP1-dependent EpCAM expression in MCF-7 cells. J Cell 640 
Physiol. 2015;230(4):775-82. 641 
61. Lu M, Jolly MK, Levine H, Onuchic JN, Ben-Jacob E. MicroRNA-based regulation 642 
of epithelial-hybrid-mesenchymal fate determination. Proc Natl Acad Sci U S A. 643 
2013;110(45):18144-9. 644 
62. Lu M, Jolly MK, Onuchic J, Ben-Jacob E. Toward decoding the principles of cancer 645 
metastasis circuits. Cancer Res. 2014;74(17):4574-87. 646 
63. Zhang J, Tian XJ, Zhang H, Teng Y, Li R, Bai F, et al. TGF-beta-induced epithelial-647 
to-mesenchymal transition proceeds through stepwise activation of multiple feedback loops. 648 
Sci Signal. 2014;7(345):ra91. 649 
64. Jolly MK, Tripathi SC, Jia D, Mooney SM, Celiktas M, Hanash SM, et al. Stability of 650 
the hybrid epithelial/mesenchymal phenotype. Oncotarget. 2016;7(19):27067-84. 651 
65. Steinway SN, Zanudo JG, Ding W, Rountree CB, Feith DJ, Loughran TP, Jr., et al. 652 
Network modeling of TGFbeta signaling in hepatocellular carcinoma epithelial-to-653 
mesenchymal transition reveals joint sonic hedgehog and Wnt pathway activation. Cancer Res. 654 
2014;74(21):5963-77. 655 
66. Maheshwari P, Albert R. A framework to find the logic backbone of a biological 656 
network. BMC Syst Biol. 2017;11(1):122. 657 
67. Steinway SN, Zanudo JGT, Michel PJ, Feith DJ, Loughran TP, Albert R. 658 
Combinatorial interventions inhibit TGFbeta-driven epithelial-to-mesenchymal transition and 659 
support hybrid cellular phenotypes. NPJ Syst Biol Appl. 2015;1:15014. 660 
68. Burk U, Schubert J, Wellner U, Schmalhofer O, Vincan E, Spaderna S, et al. A 661 
reciprocal repression between ZEB1 and members of the miR-200 family promotes EMT and 662 
invasion in cancer cells. EMBO Rep. 2008;9(6):582-9. 663 
69. Dave N, Guaita-Esteruelas S, Gutarra S, Frias A, Beltran M, Peiro S, et al. Functional 664 
cooperation between Snail1 and twist in the regulation of ZEB1 expression during epithelial to 665 
mesenchymal transition. J Biol Chem. 2011;286(14):12024-32. 666 
70. Tran DD, Corsa CA, Biswas H, Aft RL, Longmore GD. Temporal and spatial 667 
cooperation of Snail1 and Twist1 during epithelial-mesenchymal transition predicts for human 668 
breast cancer recurrence. Mol Cancer Res. 2011;9(12):1644-57. 669 



 20

71. Ryu KJ, Park SM, Park SH, Kim IK, Han H, Kim HJ, et al. p38 Stabilizes Snail by 670 
Suppressing DYRK2-Mediated Phosphorylation That Is Required for GSK3beta-betaTrCP-671 
Induced Snail Degradation. Cancer Res. 2019;79(16):4135-48. 672 
72. Li Y, Liu Y, Xu Y, Voorhees JJ, Fisher GJ. UV irradiation induces Snail expression 673 
by AP-1 dependent mechanism in human skin keratinocytes. J Dermatol Sci. 2010;60(2):105-674 
13. 675 
73. Kudaravalli S, den Hollander P, Mani SA. Role of p38 MAP kinase in cancer stem 676 
cells and metastasis. Oncogene. 2022;41(23):3177-85. 677 
74. Bornholdt S. Boolean network models of cellular regulation: prospects and limitations. 678 
J R Soc Interface. 2008;5 Suppl 1:S85-94. 679 
75. Gershenson C. Classification of random Boolean networks. arXiv preprint cs/0208001. 680 
2002.  681 



 21

Supplementary Table S1. Detailed node information in the EMT network model 682 

Index Simulation node 
Node name  
(protein) 

Node name 
(mRNA) 

Gene symbol Related signaling pathway 
Epithelial 
(desired) 

Mesenchymal 
(undesired) 

1 TGFb TGF-β - TGFB1 Input OFF ON 

2 TGFBR TGF-βR - TGFBR1, TGFBR2 TGF-β signaling pathway OFF ON 

3 NOTCH NOTCH - 
NOTCH1, DLL1,  
JAG1, JAG2 NOTCH signaling pathway OFF ON 

4 GLI GLI GLI GLI1, GLI2 
TGF-β signaling pathway,  
SHH signaling pathway 

OFF ON 

5 SMAD23 SMAD2/3 
SMAD2,  
SMAD3 

SMAD2, SMAD3 TGF-β signaling pathway OFF ON 

6 SMAD4 SMAD4 SMAD4 SMAD4 TGF-β signaling pathway OFF ON 

7 GRB2SOS GRB2SOS GRB2, SOS1 GRB2, SOS MAPK signaling pathway OFF ON 

8 TAK1 TAK1 MAP3K7 MAP3K7 
MAPK signaling pathway, 
TGF-β signaling pathway 

OFF ON 

9 RAS Ras KRAS KRAS MAPK signaling pathway OFF ON 
10 RAF Raf RAF1 RAF1 MAPK signaling pathway OFF ON 

11 MEK MEK 
MEK1, 
MEK2 

MAP2K2 (MEK2), 
MAP2K1 (MEK1) 

MAPK signaling pathway OFF ON 

12 ERK ERK 
ERK1, 
ERK2 

MAPK1 (ERK2),  
MAPK3 (ERK1) 

MAPK signaling pathway OFF ON 

13 PI3K PI3K PIK3CA 
PIK3CA, PIK3CB,  
PIK3CG 

PI3K-Akt signaling pathway OFF ON 

14 AKT Akt AKT AKT1, AKT2 PI3K-Akt signaling pathway OFF ON 

15 
GSK-3  
DestComplex 

GSK-3 in the 
destruction complex 
(APC,  
AXIN2, GSK-3β) 

- 
APC, AXIN2,  
GSK3B 

Wnt/β-catenin signaling  
pathway 

ON OFF 

16 bcatenin β-catenin_nuclear CTNNB1 
CTNNB1, TCF4,  
LEF1 

Wnt/β-catenin signaling  
pathway 

OFF ON 

17 IKK IKK-α IKK1 
IKBKB, IKBKA,  
IKKA 

NFKB signaling pathway OFF ON 

18 NFKB NF-κB 
NFKB1, 
NFKB2 

NFKB1, NFKB2 NFKB signaling pathway OFF ON 

19 p38 p38 
MAPK1, 
MAPK14 

MAPK11, MAPK14 MAPK signaling pathway OFF ON 

20 AP1 AP-1 - 
JUN, JUND, JUNB, 
MAPK3, JNK1 

MAPK signaling pathway OFF ON 

21 MDM2 Mdm2 MDM2 MDM2 p53 signaling pathway OFF ON 
22 p53 p53 TP53 TP53 p53 signaling pathway ON OFF 
23 Snail Snail SNAI1 SNAI1 Mesenchymal marker OFF ON 
24 Twist1 Twist1 TWIST1 TWIST1 Mesenchymal marker OFF ON 
25 ZEB1 ZEB1 ZEB1 ZEB1 *Mesenchymal marker OFF ON 
26 miR34 miR-34 MIR34 MIR34A Epithelial marker ON OFF 

27 miR200 miR-200 MIR200 
MIR200A,  
MIR200B, MIR200C 

Epithelial marker ON OFF 

28 Ecadherin E-cadherin CDH1 CDH1 *Epithelial marker ON OFF 
29 MYC c-Myc MYC MYC Stemness marker OFF ON 
30 EpCAM EpCAM EPCAM EPCAM, CD326 Stemness marker ON/OFF OFF 
31 THY1 Thy-1 THY1 THY1, CD90 Stemness marker OFF ON 

* denotes a phenotype marker 

  683 
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Supplementary Table S2. Boolean logic equations for the EMT network model 684 

Index Simulation node Node name (protein) Logic 

1 TGFb TGF-β Input 

2 TGFBR TGF-βR TGFb 

3 NOTCH NOTCH TGFb&!miR34 | TGFb&bcatenin 

4 GLI GLI TGFBR&bcatenin | SMAD4&TGFBR 

5 SMAD23 SMAD2/3 TGFBR | NOTCH 

6 SMAD4 SMAD4 TGFBR | SMAD23 | ERK 

7 GRB2SOS GRB2SOS TGFBR 

8 TAK1 TAK1 TGFBR 

9 RAS Ras GRB2SOS 

10 RAF Raf RAS&TGFBR | !ERK&RAS 

11 MEK MEK RAF | !ERK 

12 ERK ERK MEK&bcatenin&p53 | MEK&TGFBR | MEK&SMAD4 

13 PI3K PI3K RAS&!p53 | GRB2SOS&RAS 

14 AKT Akt SMAD4&!p53 | PI3K | NOTCH 

15 GSK3_DestComplex GSK-3_DestComplex !AKT&!GLI&!bcatenin | !ERK&!bcatenin 

16 bcatenin β-catenin_nuclear !GSK3_DestComplex&RAS | ERK&!GSK3_DestComplex 

17 IKK IKK-α AKT&TAK1 

18 NFKB NF-κB NOTCH | IKK 

19 p38 p38 RAS&TAK1 

20 AP1 AP-1 SMAD4&p38 | Twist1&ERK 

21 MDM2 Mdm2 p53 | SMAD4 

22 p53 p53 !MDM2 

23 Snail Snail 
GLI&bcatenin&!miR34 | GLI&NFKB&!miR34 | 
AP1&bcatenin&!miR34 | AP1&NFKB&!miR34 | SMAD4&!miR34 | 
SMAD4&TGFBR 

24 Twist1 Twist1 !p53 | Snail | ERK 

25 ZEB1 ZEB1 bcatenin&!miR200 | Snail&!miR200 | ERK&!miR200 

26 miR34 miR-34 !ZEB1&p53 | !TGFBR&!ZEB1 | !Snail&p53 | ERK&!Snail 

27 miR200 miR-200 !ZEB1&p53 | !TGFb&p53 | !Snail&p53 

28 Ecadherin E-cadherin !Twist1&!ZEB1 | !Snail 

29 MYC c-Myc 
ERK&EpCAM&!miR34 | bcatenin&!p53 | !SMAD4&!miR34 | 
ERK&!p53 

30 EpCAM EpCAM 
!ZEB1&bcatenin&!p53 | AP1&!ZEB1&!p53 | !SMAD4&!p53 | 
AP1&!SMAD4 | AP1&!ERK 

31 THY1 Thy-1 bcatenin&!p53 | AKT&!p53 | Snail 
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Supplementary Table S3. Relevant literature for the individual input-output 686 
relationships in the model  687 

Input Output PMID 

TGF-β GLI 21862631 

TGF-β NOTCH 14976548 

TGF-β TAK1 21701805 

TGF-β SMAD2/3, SMAD4 20495575 

TGF-β GRB2SOS 22204556 

TGF-β PI3K 28676490 

TGF-β Raf 15548370 

TGF-β ERK 17673906 

TGF-β Snail 12665527 

TGF-β E-cad 18318443 

  688 
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Supplementary Table S4. Validation of the model by comparing to experimentally 689 
observed dynamical behavior 690 

Description Ref. (PMID) Simulation results 

EMT in cancer cells     

A549 cells having KRAS mutant and p53 
wildtype showed hybrid and 
mesenchymal phenotypes (our experiment 
model). 

24201814, 
31811131 

Our simulation showed co-expression of E-cad 
and ZEB1. 

A427 and A549 cells have similar 
mutation profiles and showed similar 
EMT phenotypic patterns. 

35008182 
Our simulation showed co-expression of E-cad 
and ZEB1. 

TGF-β signaling initiates the formation of 
SMAD complex (upregulates the 
activities of SMAD2/3 and SMAD4). 

20495575 

Our simulation showed 100% SMAD2/3 and 
SMAD4 activities. In addition, in the presence 
of TGF-β signal, we were able to show that the 
activities of all nodes are consistent with that of 
the nodes at the mesenchymal phenotype as 
described in Supplementary Table S1. 

Constitutive Snail activation induces 
EMT. 

21317430 
Our simulation showed 0% E-cad activity and 
75% ZEB1 activity. 

Snail initiates the repression of E-cadherin 
expression, and ZEB is required for the 
complete mesenchymal state.  

23972859, 
20706219 

Our simulation showed 0% E-cad activity and 
75% ZEB1 activity when Snail OE, and finally 
showed 100% ZEB1 activity after ZEB1 OE 
simultaneously. 

Targeting EMT in cancer     

Knockdown of SMAD4 in a cancer cell 
line (Colo-TRS4) had no notable effect on 
TGF-β-induced EMT. 

16135802 

We were able to show 83% E-cad activity and 
34% ZEB1 activity. Our prediction was similar 
to that more perturbation was necessary to 
sufficiently inhibit ZEB1. 

Upon SNAI1 inhibition, mesenchymal 
feature (e.g. migration rate) appeared 
relatively decreased but did not reach 
significance. No changes in the 
expression of VIM were observed. 

28529599 

The activity of E-cad significantly increased 
(100% E-cad activity), but no significant effect 
on the activity of ZEB1 was observed (50% 
ZEB1 activity). 

Both SMAD4 and GRB2SOS knockout 
appeared fully suppressed EMT. 

28725463 We were able to show 95% E-cad activity. 

Both SMAD4 and NOTCH knockout 
appeared fully suppressed EMT. 

28725463, 
14976548 

We were able to show 87% E-cad activity. 

Both SMAD4 and RAS knockout 
appeared fully suppressed EMT. 

28725463 We were able to show 97% E-cad activity. 

Simultaneous knockout of β-catenin, 
Snail, and RAS showed 100% E-
cadherin activity (simulation). 

29867523 We were able to show 100% E-cad activity. 
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Supplementary Table S5. Primer sequences for the quantitative PCR 692 

Target Forward (5’ → 3’) Reverse (5’ → 3’) 

SMAD4 CAGCCTCCCATTTCCAATCATCC GATCTCCTCCAGAAGGGTCCAC 

GRHL2 GTGCCTTAGGCCTGTTGGAT TTCTCTTGAAGGGGGAACGC 

CDH2 GTCAGCTGTCGGTGACAAAGC GATCAAGTCCAGCTGCCACTGTGA 

ZEB1 AGCAGTGAAAGAGAAGGGAATG TGACAGCAGTGTCTTGTTGTTG 

MYC GTCAAGAGGCGAACACACAAC TTGGACGGACAGGATGTATGC 

CDH1 GAAGATTGCACCGGTCGACAAAGGACA GCAGCTGATGGGAGGAATAACCCAGTC 

TWIST1 TCGGACAAGCTGAGCAAGATT GCAGCTTGCCATCTTGGAGT 

SNAI1 GCTGCTACAAGGCCATGT CGGACTCTTGGTGCTTGT 

THY1 GAAGGTCCTCTACTTATCCGCC TGATGCCCTCACACTTGACCAG 

VIM CCAGGCAAAGCAGGAGTC CGAAGGTGACGAGCCATT 

-Actin AGAGCTACGAGCTGCCTGAC AGCACTGTGTTGGCGTACAG 

GAPDH TGATGACATCAAGAAGGTGGTGAAG TCCTTGGAGGCCATGTGGGCCAT 

693 
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Supplementary Fig. S1. The molecular state ambiguity of each node 694 
Supplementary Fig. S1 is placed just below Method S5 to explain Method S5 in detail. 695 
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 696 
 697 

Supplementary Fig. S2. EMT induction through TGF- 698 
(A and B) A549 cells were treated with TGF- (5 ng/mL). Western blots for E-cad and ZEB1 699 
are shown with -actinin as a loading control in (A). Transcript analysis by qRT-PCR in (B) 700 
(n = 3, mean ± SD).  701 
(C) Qualitative input-output simulation results of all nodes. Qualitative simulation was 702 
performed by varying the intensity of TGF- node from 0 % to 100 % presented on the x-axis. 703 
Each node activity calculated as an average ON ratio is displayed on the y-axis. 704 

705 
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 706 
Supplementary Fig. S3. Single-node perturbation analysis 707 
(A) Average node activity profiles of phenotype markers and rEMT score from simulations 708 
depending on TGF- signal. Perturbation type is denoted by (-) or (+), representing KO or OE, 709 
respectively. 710 
(B) The effect of SMAD4 knockdown for each TGF- condition. We made a stable SMAD4 711 
knockdown (shSMAD4) cell line. Western blots for indicated protein abundance. -actinin 712 
was used as a loading control.  713 
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 714 
Supplementary Fig. S4. Analysis of regulatory dynamics with edge function 715 
representation and node activities 716 
(A) The network represents the binarized expression levels (high (=1); upper than 0.5, low (=0); 717 
lower than 0.5). From that representation, each edge function can be characterized as frustrated 718 
or unfrustrated according to the definition of frustrated edge. An edge that is unfrustrated in 719 
the state is marked according to its regulation color (red pointed arrows; unfrustrated activation 720 
edge, blue blunted arrows; unfrustrated inhibition edge); frustrated edges are grey. 721 
(B) A subnetwork is extracted from the network based on their unfrustrated regulatory signals 722 
from perturbed node(s). To simplify the subnetwork, some nodes can be merged using the 723 
information of corresponding signaling pathway from Supplementary Table S1.  724 
(C) A subnetwork is extracted from the subnetwork of (B) based on their unfrustrated 725 
regulatory signals from perturbed node(s) to phenotype node(s).  726 
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 727 
Supplementary Fig. S5. The effect of p53 activation and SMAD4 knockdown on 728 
sensitivity of cells against other chemotherapy 729 
(A) The effect of p53 activation and SMAD4 knockdown on sensitivity of cells to 730 
chemotherapy in the absence or presence of TGF-. Cell viability was analyzed by IncuCyte 731 
over time after treatment with the indicated drugs. Quantitative data are presented by means ± 732 
SD (n = 3, mean ± SD).  733 



 31

(B) Kaplan-Meier curves for disease-free survival (DFS). We performed Kaplan-Meier 734 
analysis of survival curves for patients with p53 wild-type lung cancers with high and low 735 
expression of individual genes (EPCAM, MYC, THY1, TWIST1, and SNAI1). 736 
(C) Kaplan-Meier curves for DFS on the patients with p53 wild-type lung cancers between 737 
high and low expression of TWIST1 and EPCAM. Each box plot illustrates relative mRNA 738 
expression levels of the indicated marker genes. N represents the number of patients observed, 739 
and P were computed by log-rank test.  740 
(D) Cellular response to chemotherapy in p53 wild-type cell lines. High expression of 741 
molecular signatures (TWIST1 and EPCAM) is represented as ‘_H’ (red), and low expression 742 
of molecular signatures is represented as ‘_L’ (blue). N represents the number of cell lines 743 
observed, and P were computed by Wilcoxon rank-sum test.  744 
(E) The effect of p53 activation and SMAD4 knockdown on gene expression in the presence 745 
of TGF-β. Transcript analysis by qRT-PCR is presented relative to that in the scramble shRNA 746 
condition. Scramble shRNA, Scr or shScr; SMAD4 shRNA, shS4; Vehicle, Veh; 5-747 
Fluorouracil, 5-FU; Oxaliplatin, OX; Irinotecan, CPT-11; Doxorubicin, DOX; wild-type, wt; 748 
mutant, mt.  749 
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 750 
Supplementary Fig. S6. Sensitivity to other chemotherapy of A549 cells with p53 751 
activation and SMAD4 and ERKs knockdown 752 
(A) The effect of p53 activation and SMAD4 and ERK knockdown on gene expression in the 753 
presence of TGF-β. Transcript analysis by qRT-PCR is presented relative to that in the 754 
scramble shRNA condition.  755 
(B) Cell viability to chemotherapy in cells with p53 activation and SMAD4 and ERKs 756 
knockdown. A549 cells with the indicated knockdown constructs were treated with indicated 757 
drugs for 5 days. Cell viability was analyzed by IncuCyte. Quantitative data are presented by 758 
means ± SD of three biological replicates in the upper panel. Representative images of crystal 759 
violet staining are shown in the lower panel. Scramble shRNA, Scr or shScr; SMAD4 shRNA, 760 
shS4; shERK1/2, shERKs; Vehicle, Veh; Nutlin-3a, N3a; Oxaliplatin, OX; Irinotecan, CPT-761 
11.   762 
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 763 
Supplementary Fig. S7. Perturbation analysis and combination effect of SMAD4 and 764 
ERK inhibition with p53 activation to achieve chemosensitive rEMT in A427 cells 765 
(A) Relative stability of the core-circuit for each perturbation under TGF-β-ON condition. We 766 
performed perturbation analysis for rEMT by reflecting the mutation profile of A427 cell line. 767 
The z-axis corresponds to the sum of ∆𝑟  of the nodes in the core-circuit from the results in 768 
Fig. 5F. A dashed red circle encapsulates the simulation result with ERK KO along with p53 769 
OE and SMAD4 KO.  770 
(B) The results were ranked by chemosensitive rEMT score combined with ∆𝑟  of the core-771 
circuit.  772 
(C) Western blots for the abundance of the indicated proteins in A427 cells. GAPDH was used 773 
as a loading control. p53 activation and SMAD4 knockdown cells were treated with MEK 774 
inhibitor (U0126) in the absence or presence of TGF-β for 48 h.  775 
(D) Cell viability to chemotherapy in cells with activation of p53 along with SMAD4 and ERKs 776 
inhibition. A427 cells with the SMAD4 knockdown were treated with indicated drug for 5 days. 777 
Cell viability was analyzed by IncuCyte. Quantitative data are presented by means ± SD of 778 
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three biological replicates in the left panel. Representative images of crystal violet staining are 779 
shown in the right panel. *: P  0.05, **: P  0.01 (Student’s t test). Scramble shRNA, Scr; 780 
SMAD4 shRNA, shS4; MEK inhibitor, MEK_i; Vehicle, Veh; Nutlin-3a, N3a; 5-Fluorouracil, 781 
5-FU.   782 
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Supplementary Data S1. Detailed information of the EMT network model (a separate file). 783 
Detailed information for each regulation between nodes in the EMT regulatory network with 784 
supporting evidence. 785 
 786 
Supplementary Data S2. Simulation results using our EMT network model (a separate file). 787 
Simulation results after combinatorial perturbations. 788 


