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SUMMARY
Cell-fate decisions involve coordinated genome-wide expression changes, typically leading to a limited num-
ber of phenotypes. Although often modeled as simple toggle switches, these rather simplistic representa-
tions often disregard the complexity of regulatory networks governing these changes. Here, we unravel
design principles underlying complex cell decision-making networks in multiple contexts. We show that
the emergent dynamics of these networks and corresponding transcriptomic data are consistently low-
dimensional, as quantified by the variance explained by principal component 1 (PC1). This low dimensionality
in phenotypic space arises from extensive feedback loops in these networks arranged to effectively enable
the formation of two teams of mutually inhibiting nodes. We use team strength as a metric to quantify these
feedback interactions and show its strong correlation with PC1 variance. Using artificial networks of varied
topologies, we also establish the conditions for generating canalized cell-fate landscapes, offering insights
into diverse binary cellular decision-making networks.
INTRODUCTION

Cellular decision-making is driven by the complex non-linear dy-

namics of underlying gene regulatory networks (GRNs). Despite

involving a large number of interacting components, these net-

works often enable only a limited number of phenotypes/cell

types.1,2 For example, in differentiation events, the cells move

from a high-entropy progenitor state to a low-entropy differenti-

ated phenotype.3 Such changes in entropy suggest a large-scale

modification of gene expression patterns during differentiation.

Another well-studied example of cellular decision-making is

epithelial-mesenchymal plasticity (EMP), a crucial process impli-

cated in development, regeneration, and cancer metastasis.4

Populations capable of undergoing EMP exhibit two major phe-

notypes: epithelial (E) and mesenchymal (M). The E and M phe-

notypes have mutually exclusive biochemical signatures, and

their master regulators inhibit each other,5–7 reminiscent of the

presence of a ‘‘toggle switch’’ between master regulators at

many developmental cell-fate bifurcation events.8 A minor frac-

tion of EMP populations also exhibit hybrid E/M phenotypes9–11;
these states have been implicated as major drivers of the meta-

static process.12 The hybrid E/M phenotypes have complex non-

uniform biochemical signatures as compared to the E and M
iScience 28, 111730, Febru
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phenotypes, making them hard to identify and therapeutically

target.13 Specifically, both progenitor phenotypes and the hybrid

E/M phenotypes lack the coherent expression profiles of differ-

entiated cell types and the E and M phenotypes, respectively.

In other words, these phenotypes exist in a higher dimensional

space than the E and M states, as the variation between E and

M states can be confined to the composite axis composed of

canonical epithelial and mesenchymal genes.14,15

A recent analysis of EMPmodels and other related GRNs sug-

gested that most of the variance in phenotypic space could be

determined by the first principal component (PC1) axis,16 sug-

gesting that many cell-fate decision systems, including those

of EMP, operate in a low-dimensional space. However, what un-

derlying network features allow for an abnormally high PC1 vari-

ance has been unclear. In our previous work,5 we demonstrated

a seemingly different phenomenon in diverse networks of EMP.

Despite their complexity, their repertoire of emergent steady

states is limited; thus, most of the phenotypic space converges

to epithelial or mesenchymal states. We demonstrated that this

convergence was a direct consequence of underlying network

topology. These networks comprised well-coordinated ‘‘teams’’

of nodes, such that the nodes belonging to the same team effec-

tively activate each other, while those across teams inhibited one
ary 21, 2025 ª 2024 The Author(s). Published by Elsevier Inc. 1
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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another. How connected (or not) the concepts of ‘‘teams’’ and

PC1 dominance remains elusive.

Here, we reconcile the observations related to PC1 variance

and the presence of ‘‘teams’’ of nodes as a design principle

underlying robust phenotypic landscapes. First, we demonstrate

this low dimensionality trait in RNA-sequencing data and show

that this behavior is specific to relevant genes forming ‘‘teams’’

but not for housekeeping genes. Next, we investigate GRNs

across several biological contexts, including EMP, small-cell

lung cancer (SCLC), and gonadal cell fate determination. Here,

we show that networks forming strong teams show a high PC1

variance, a property lost upon the weakening of teams by delet-

ing specific edges and/or swapping edges within the network.

The weaker the team strength, the more the number of principal

components are needed to explain the underlying variance and,

thus, the higher the dimensionality of phenotypic space. To

generalize our results further, we generated artificial team-based

networks of varying densities to highlight how underlying

network topology governs the team strength and, consequently,

the PC1 variance. We additionally establish the necessity of

teams’ structure to achieve PC1 stability, a feature of robustness

observed in transcriptomic data for functional genesets. Overall,

our results elucidate how the presence of well-coordinated

‘‘teams’’ of nodes in underlying networks leads to low dimen-

sionality of phenotypic space and concomitant cell-fate canali-

zation during decision-making.

RESULTS

Transcriptomic signatures of cell-fate decision systems
are stably low-dimensional
We started by analyzing bulk RNA-seq data from the Cancer Cell

Line Encyclopedia (CCLE)17 and the Adult Genotype-Tissue

Expression (GTEx) portal.18 While the GTEx data serves as a

representative of normal adult tissue, CCLE data represents

diseased tissue. In each case, we sourced genesets that capture

phenotypic heterogeneity resulting from a cell-fate decision sys-

tem. With the CCLE dataset, we used the small cell lung cancer

(SCLC) genesets capturing the neuroendocrine (NE)/non-neuro-

endocrine (non-NE) heterogeneity19,20 in conjunction with SCLC

cell line samples, and epithelial-mesenchymal plasticity (EMP)

geneset21 in conjunction with Breast cancer and non-SCLC

cell lines. With the GTEx dataset, we used the hallmark C8 gen-

esets fromMSigDB that distinguish different cell types.22,23 Spe-

cifically, we used the genesets for alveolar fibroblast and epithe-

lial signatures. Additionally, we utilized a geneset generated

using a machine learning tool called FUGUE which uses tran-
Figure 1. Low-dimensionality in bulk transcriptomic data

(A) (i) Pairwise correlation of expression for the 32 genes of SCLC network in the CC

the geneset-cell line combination in (i). (iii) Scatterplot of CCLE expression data o

sample.

(B) Same as A, but for CCLE non-SCLC cell lines for EMT signature.

(C) PC1 Variance against the number of genes replaced with housekeeping gene

samples with Alveolar fibrotic-epithelial signature obtained from MSigDB.

(D) Same as C, but for GTEx samples with (i) 50 gene SCLC signature and (ii) a r

(E) Boxplots depicting the comparison of (i) the number of genes replaced corres

half maximum of mean PC1 vs. number of genes replaced between the pooled b
scriptional and network features to generate tissue-relevant

genesets.24

The pairwise correlation matrix (correlation between gene

expression profiles across cell lines) showed a clear separation

of the gene sets into two ‘‘teams’’ in all expression levels for the

correspondingly appropriate gene lists - SCLC gene sets for

the SCLC cell lines (Figure 1A, i) and EMT gene sets for non-

SCLC cell lines (Figure 1B, i). Each ‘‘team’’ here is defined as

a set of genes that show a positive correlation within them-

selves and a negative correlation with genes that do not belong

to the team. Such a correlation pattern is characteristic of a

dominantly binary cell-fate decision system such as EMT,

where epithelial and mesenchymal phenotypes are much

more abundant than ‘‘hybrid’’ phenotypes. We then performed

principal component analysis (PCA) on these expression

matrices to see the extent to which it is possible to reduce

the dimensionality of the data. We provide a brief contextual

explanation of PCA to better understand the results and their

significance. The expression matrix should be considered an

n-dimensional dataset, where n is the number of genes in the

corresponding gene set. In other words, each sample/cell line

has n coordinates that uniquely define it. PCA transforms the

data dimensions from n gene expression vectors to n mutually

perpendicular vectors or axes. Each new axis is a unique linear

combination of the gene expression vectors. Importantly, the

first axis (PC1) is calculated to capture the maximum variance

in the data. PC1 also identifies the ideal classification of the

genes into two groups or teams, such that the genes of the

same group have similar expression patterns (e.g., positive cor-

relation, co-expression). In SCLC cell line data (Figure 1A, i),

based on the clustering of the genes in the correlation matrix,

it is clear that this classification should correspond to NE and

non-NE genes. The coefficients of the genes in the PC1 axis

reflect the team classification (Figure 1A, ii). As expected,

PC1 explained a significant part of the variance in the expres-

sion data (Figure 1A, iii). Similarly, we see high variance ex-

plained by PC1 in an EMT geneset in CCLE breast cancer

cell lines (Figure 1B), the alveolar fibrotic-epithelial geneset

(Figure S1A), and the FUGUE geneset (Figure S1B) in GTEx.

For both datasets, random genesets comprise protein-coding

genes had a much lower PC1 variance (Figure S1C), high-

lighting that high PC1 variance is a property unique to genesets

corresponding to active cell-fate decision systems in the data-

set. Similarly, for the whole genome, PC1 explains a higher

fraction of variance by its nature, but the difference in PC1

and PC2 variance is not significant, as is the case for the func-

tional genesets (Figures S2A and S2B). Furthermore, the SCLC
LE SCLC cell-line data. (ii). Coefficients of the first principal component axis for

n the PC 1 and 2 axes. The color bar represents the phenotypic score of each

s for (i) CCLE SCLC cell lines with SCLC gene signature, (ii) GTEx Lung tissue

andom gene signature.

ponding to half maximum PC1 and (ii) the difference in slopes before and after

iological genesets and housekeeping genes.
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signature capturing the neuroendocrine - non-neuroendocrine

cell fate switching is uniquely active in cancer tissue and corre-

spondingly has a low PC1 variance and low PC1/PC2 variance

ratio (Figures S2B).

We then studied the robustness of these PC1 results to

errors in the corresponding gene set. To do this, we asked

how the dimensionality of these datasets would change when

geneset components were increasingly replaced by irrelevant

genes, thereby forming a somewhat erroneous geneset. For a

geneset of length N, we replaced n genes at a time with a

set of housekeeping genes25 and calculated the principal com-

ponents for the new set of N genes. We repeat this exercise

100 times for each value of n. First, note that PC1 variance de-

creases with an increasing number of genes replaced with

housekeeping genes (Figure 1C), while the number of PC

axes required to explain 90% variance increases (Figure S1D).

Both the results suggest that the dimensionality of these data-

sets increases with increased error in the geneset composition.

Interestingly, the increase in dimensionality is minimal until

nearly 80% of the genes are replaced with housekeeping

genes. We refer to this phenomenon as PC1 stability. We found

PC1 stability for all the relevant geneset-dataset combinations,

as shown in Figure 1C. However, as a control, we studied the

SCLC geneset in normal tissue and found a very low PC1 vari-

ance and lack of PC1 stability in GTEx Lung tissue data

(Figures 1D, i and S1E, i). This behavior was recapitulated by

choosing a random set of protein-coding genes as well

(Figures 1D, ii and S1E, ii), suggesting that PC1 stability could

be a unique feature of transcription factors that are ‘‘functional’’

in the context of the dataset studied.

We quantified PC1 stability using two metrics, half

maximum (the number of genes needed to be swapped to

induce half of the maximum change in mean PC1 variance)

normalized against the maximum relative change in PC1 vari-

ance, and the Slope difference (difference in the rate of

change of mean PC1 variance with the number of genes re-

placed, see STAR Methods for details of calculation). The

half maximum and slope difference for the functional genesets

are much higher than that of random genesets (Figures 1E and

S1F). Overall, the PC1 stability suggests the presence of

strong control structures unique to functional sets of transcrip-

tion factors. We had previously identified the presence of

strong control structures in GRNs underlying cell-fate decision

networks, which were called ‘‘teams’’ of nodes.5 Boolean sim-

ulations of these mutually inhibiting teams resulted in a

bimodal phenotypic landscape resilient to dynamical and

structural perturbations. These networks also satisfy the prop-

erty of low frustration that was found to be underlying high

PC1 variance by Tripathi et al.16 Hence, we wanted to under-
Figure 2. Structural similarities between teams and PC1 axis

(A) The network diagram (i) and the influence matrix (ii) for the 22N 82E EMP netwo

expression levels across all parameter sets in RACIPE.

(B) (i) Scatterplot mapping the solutions generated from RACIPE on the axes of PC

network for each individual cluster seen in (i).

(C) The loadings of the nodes for each PC1 axis. The colors of the bars represen

(D) (i) Depiction of network randomization. (ii) Influence matrix of a random networ

to C (i) but for a random network. (v) Similar to D but for a random network.
stand the effect of teams on the dimensionality of the contin-

uous state space.

Teams of nodes in EMP network lead to low dimensional
steady state space
We started by analyzing a 22 node 82 edge (22N 82E) GRN un-

derlying EMP26 (Figure 2A, i). Each node in this network is either

a transcription factor or a micro-RNA. Each edge represents the

regulation (either transcriptional or post-transcriptional) of the

target node (gene) by the source node. These regulations can

be activating or inhibiting. As demonstrated in our previous

work, the influence matrix generated from this network (which

takes a weighted sum of direct and indirect interactions between

each node pair) can be effectively considered a higher-order tog-

gle switch consisting of two ‘‘teams’’ of nodes (Figure 2A, ii).5

Nodes belonging to the same team have a positive influence

within themselves and a negative influence on the nodes of the

other team. One team consists of the epithelial factors in the

network: miR101, miR141, miR200a, miR200b, miR200c, and

miR34a. The second team comprises mesenchymal transcrip-

tion factors: ZEB1/2, TWIST1/2, TGFb, SNAI1/2, GSC, and

FOXC2. The emergent phenotypes from this network exhibit

high expression from all the nodes of either one of the two teams,

while the nodes of the other team are strongly suppressed.5

Additionally, there are peripheral nodes (grey-colored nodes in

Figure 2A, i) in the network: signal nodes (miR9, miR205, and

miR30c) and output nodes (CDH1, TCF3, VIM, and KLF8). We

have previously shown that these peripheral nodes have no ma-

jor consequence on the phenotypic landscape resulting from this

network.

We simulated this network over many kinetic parameter sets

using the software tool RACIPE.26 RACIPE generates a system

of coupled Ordinary Differential Equations (ODEs) for a particular

topology of GRN. It then randomly samples values for each

parameter of the ODE system from a corresponding self-consis-

tently determined physiological range to generate an ensemble

of parameter sets (Table 1). RACIPE then simulates the ODEs

for each parameter set over multiple initial conditions to identify

the steady states. Despite the heterogeneity in the parameter

sets, the expression levels of the nodes of the network were

well correlated with each other. Notably, the team structure

seen in the influence matrix (obtained directly from the network

structure, without any simulations) was reflected in the pairwise

correlation matrix obtained from dynamical simulations, where

the epithelial nodes (such asmiR200b andmiR200c) are strongly

positively correlated with other epithelial nodes and negatively

with the mesenchymal nodes (such as ZEB1 and SNAIL) (Fig-

ure 2A, iii). Note that influence, unlike correlation, is a directional

quantity, making the influence matrix asymmetric. Despite this
rk. (iii) Correlation matrix depicting the pairwise correlations between the node

1 and PC2. (ii-iv) Heatmaps depicting the expression levels of the nodes of the

t the team identity of the nodes.

k. (iii) Correlation matrix generated for a random network. (iv) Scatterplot similar

iScience 28, 111730, February 21, 2025 5



Table 1. Parameter ranges used by RACIPE

Parameters Minimum Maximum

Production Rate (G) 1 100

Degradation Rate (k) 0.1 1

Fold Change (Inhibition l) 0.01 1

Fold Change (Activation l) 1 100

Hill Coefficient (n) 1 6

Threshold The ranges depend on the

in-degree - half functional rule
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distinction, we find that the influence matrix of the 22-node EMT

network strongly resembles the correlation matrix obtained from

simulations across a large range of parameter sets.

We then performed a principal component analysis (PCA)

over the collection of all steady states obtained for this network.

When the solutions are plotted along the first and second prin-

cipal component axes (PC1 and PC2, respectively), we found

that the steady states separated into 3 clusters (Figure 2B, i).

Analyzing the expression patterns of the steady states forming

these clusters revealed that the two most prominent clusters

were the epithelial and mesenchymal phenotypes. In contrast,

the smaller cluster showed a mixed expression of epithelial

(E) and mesenchymal (M) nodes and hence could be classified

as a hybrid (E/M) cluster (Figure 2B, ii-iv). Furthermore, we

observed that the PC1 axis was enough to distinguish between

the epithelial and mesenchymal steady states (Figure 2B, i).

Given our previous understanding of the connection between

teams of nodes and the emergent phenotypes, we hypothe-

sized that the two-team structure in the network could drive

the relative weights of node expressions that make up the

PC1 axis. To verify this hypothesis, we looked at the composi-

tion of the PC1 axis (using the node coefficients of PC1) and

compared it against the composition of teams (Figure 2C, nodes

belonging to different teams are colored differently). In line with

our hypothesis, we see that the PC1 contributions from nodes

belonging to different teams have opposite signs, and those

belonging to the same team have the same sign. Together,

these results support the hypothesis that team structure leads

to PC1 dominance, which explains most of the variance in

steady-state space.

An immediate implication of the above hypothesis would be

that in the absence of strong teams, the PC1 axis would no

longer be able to account for the majority of the variance in the

steady-state space. To test the validity of this implication, we

generated random networks by swapping many pairs of edges

in the network (Figure 2D, i)). We have previously shown that

such randomization can disrupt the team structure and thus

the stability and frequency of E,M, and H phenotypes (Figure 2D,

ii). We simulated each generated random network using RACIPE

and performed PCA on the steady-state values given by the sim-

ulations. Unlike the wild-type (WT) EMP network, in the random

networks, the PC1 and PC2 axes could not as well separate

the steady states into distinct clusters (Figures 2D, iii and 2D,

iv). We also found that the classification of the nodes based on

their PC1 coefficients did not match their teams’ classification

(Figure 2E, v). Therefore, twomutually inhibiting teams inWT net-
6 iScience 28, 111730, February 21, 2025
works appear necessary to enable low dimensionality in the

emergent phenotypic space.

We further calculated the stability of PC1 variance emergent

from the EMT network by replacing individual nodeswith random

expression vectors. We find that PC1 variance remains high till

>80% nodes (18 out of 22) are replaced with random expression

vectors (Figure 3A), similar to what we found for the transcrip-

tomic data. Therefore, two mutually inhibiting teams in WT net-

works appear necessary to enable low dimensionality in the

emergent phenotypic space.

Next, we compared the percentage variance explained along

the PC1 axis for WT networks against that of random networks.

This measure was much lower in random networks than in the

WT networks. In the WT network, PC1 alone explained nearly

90%of the variance, while the PC1 variance of random networks

was around 0.4 (Figure 3B, i). A scatterplot between the team

strength of the random and WT networks against the variance

explained by PC1 (Figure 3B, ii) revealed a saturating increase

of PC1 variancewith the team strength of randomnetworks, sug-

gesting that an increase in team strength can lead to a corre-

sponding increase in the variance explained by PC1. After a

team strength of about 0.25–0.3, the variance explained by

PC1 starts to saturate.

Next, we wanted to estimate the dimensionality of the steady-

state space emergent from these networks. More than 90% of

the variance in the phenotypic space of the EMP network is ex-

plained by the PC1 axis, making it effectively one-dimensional.16

We then asked how many principal components are necessary

for explaining 90% variance in random networks. While the WT

network only requires one principal component (PC1), the

random networks require a higher number of PCs, ranging

from 7 to 13 out of the 22 axes (Figure 3B, iii), demonstrating

the high-dimensionality of the phenotypic space of random net-

works as compared to the biological networks. The number of

PCs also showed a strong negative correlation with team

strength (Figure 3B, iv), showing that strong teams’ presence re-

duces the steady-state space’s dimensionality.

To further emphasize the role of the network topology, we

compared random networks generated from the WT over a

range of edge swaps. Swapping the edges changes the topolog-

ical features of the biological network. Themore swaps there are,

the greater the changes in the topology, which should be re-

flected in the emergent behavior. Indeed, we find that the PC1

variance decreases with an increasing number of swaps (Fig-

ure 3C) alongwith the team strength (color of boxes in Figure 3C).

Strong teams underlie the low-dimensionality of
phenotypic space in multiple contexts
Our observations establish that strong teams underly the PC1

dominance in the 22N 82E EMP network. We then asked if

the aforementioned results hold in other biological contexts.

We investigated three additional GRNs underlying cell fate

decisions: SCLC subtypes, pluripotency, and gonadal fate

determination (Figure S3A).19,27,28 The SCLC network has

been shown to regulate the phenotypic heterogeneity underly-

ing small-cell lung cancer, allowing the cells to switch between

neuroendocrine (NE) and non-neuroendocrine (non-NE) pheno-

types. The pluripotency network describes the differentiation of



Figure 3. Strong teams lead to a low-

dimensional steady-state space

(A) (i) Histogram depicting the variance explained

by PC1 for random networks. A vertical red line

represents the EMP network. (ii) Scatterplot

depicting the dependence of variance explained

by PC1 on the team strength. Each point is a

random network. The biological network has been

pointed out. The Spearman correlation coefficient,

r, is reported, with * indicating a p – value < 0.05.

(B) (i) Histogram depicting the number of PCs

required to explain 90% variance in random net-

works. A vertical red line represents the EMP

network. (ii) Boxplot depicting the dependence of

the number of PCs required to explain 90% of the

variance in steady states on the team strength.

The p-value for one-way ANOVA and the

Spearman correlation coefficient (r) have been

reported, with * indicating a p – value <0.05.

(C) PC1 variance as a function of the number of

swaps used to generate random networks.
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embryonic stem cells (hESCs). The network was constructed to

identify pathways to achieve induced pluripotent stem cells

(iPSCs). The gonadal fate determination network describes

the cell fate determination between Sertoli and granulosa cell

types, events in the early stages of the development of males

and females, respectively. These three networks display a

spectrum of characteristics. The pluripotency network has

hub genes (NANOG, SOX2, OCT4) with high out-degree (i.e.,

these nodes regulate multiple genes). SCLC and pluripotency

networks have relatively lower team strengths (0.25 and 0.2),

which puts them near the border of saturation in the PC1 vari-

ance vs. team strength plot in Figure 3B. The gonadal and

SCLC networks show a clear team structure in their influence

matrices (Figures 4A, i and 4A, ii). Such a team structure is rela-

tively harder to discern in the iPSC influence matrix (Figure 4A,

iii). However, our clustering-based method of identifying teams

allowed us to classify the nodes into two teams. This classifica-

tion agreed with the biological function of these molecules and

with the groups seen in the correlation matrix (Figure S3B). For

all three networks, the PC1 could separate the steady states

into clusters, defining clear phenotypes for all three networks
iSc
(Figure S4). The nodes of different teams

showed opposite signs in PC1 loading

(Figure S5A). This finding is particularly

noteworthy for the pluripotency network,

given its weak team strength.

These three networks demonstrated

PC1 stability similar to the EMP network

(Figures S5B and S5C). Upon randomiza-

tion, we observed a similar saturating in-

crease in PC1 variance with team

strength (Figure 4B), leading to a positive

correlation between PC1 variance and

team strength (Figure 4C). Correspond-

ingly, we observed a negative correlation

between the number of swaps in the

network and PC1 variance (Figures 4C
and S5D), further establishing that strong teams are sufficient

for low-dimensional phenotypic space. The random networks

also had lower PC1 variance as compared to their wild-type

counterparts, suggesting low dimensionality as a significant

condition imposed on the evolution of these networks.

Encouraged by the strong trends between team strength and

PC1 variance, we wanted to ask if the presence of teams and

team strength can more generally be used as a metric to predict

the effective dimensionality of a network (than just the four net-

works studied so far). While the random networks do capture a

wide range of PC1 variance and team strength values, they

may have topological features inherited from their corresponding

biological networks that are not captured by team strength but

affect the dimensionality. Hence, we decided to analyze a larger

cohort of networks from the cell collective database,29 which

contains networks of different sizes, densities, and biological

functions (e.g., cell fate decision, signaling, and metabolism).

We extracted the topologies of these networks, simulated

them using RACIPE, and estimated the dimensionality of the

emergent phenotypic space via PCA. Across 70 networks, we

found (as predicted) a significant positive correlation between
ience 28, 111730, February 21, 2025 7



Figure 4. Team structure leads to low-dimensionality of steady-state space in SCLC, iPSC, and gonadal cell-fate decision networks

(A) Influence matrices for (i) Gonadal, (ii) SCLC, and (iii) iPSC network.

(B) Scatterplot depicting the dependence of variance explained by PC1 on the team strength for (i) Gonadal, (ii) SCLC, and (iii) iPSC network. Each point is a

random network. The biological network has been pointed out. The Spearman correlation coefficient (r) is reported, with * indicating a p – value <0.05.

(C) Heatmap depicting the percentile of Biological networks for PC1 Variance, number of PC axes in random networks, and correlation strength between different

metrics analyzed here.

(D) Scatterplot of PC1 variance against team strength for networks from cell collective database. The Spearman correlation coefficient (r) is reported, with *

indicating a p – value <0.05.
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team strength and PC1 variance (Figure 4D). Interestingly, we

found that only a small percentage of networks (10%) in this

cohort have a large team strength and correspondingly high
8 iScience 28, 111730, February 21, 2025
PC1 Variance. Together, these results assert that strong teams

can regulate the dimensionality of the emergent phenotypic

space of regulatory networks in various contexts and establish
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the utility of team strength to predict the dimensionality of the

phenotypic space.

Strong teams provide robustness to low-dimensionality
against perturbations
Our random network analysis suggests that the team structure

in biological networks gives rise to low-dimensional phenotypic

space due to the strong phenotypic reinforcement provided by

the teams. Swapping edges reduces team strength by intro-

ducing inconsistent links such as inhibitions within teams and

activations across teams, thereby proposing team strength as

a metric to predict the emergent dimensionality of a network.

To further establish the causal relationship between team

strength and low dimensionality, we wanted to employ other

ways of weakening teams that would affect dimensionality

directly. Since teams are formed due to the strong interactions

within the network, we chose to disrupt teams by disconnecting

nodes from the network. This method maintains the consis-

tency of the edges, unlike randomization, while reducing the

density of the network ( E
N2) Biologically, disconnected nodes

can imply mutations or nodes erroneously included in the

network.

Briefly, we sampled n nodes at a time (n˛ [1, N]), disconnected

them by removing their incoming and outgoing edges, and add-

ing either a self-activation (SA) or self-inhibition (SI). We repeated

this exercise 100 times for each value of n. As expected, team

strength decreases with an increase in the number of discon-

nected nodes (Figure 5A, i). For the EMT 22 node network, the

PC1 variance showed a sigmoidal decline as the number of

disconnected nodes increased (Figure 5A, ii). The mean values

of the PC1 variance distributions of these networks showed a

sigmoidal decrease with an increasing number of nodes discon-

nected (Figure 5A, iii). Adding SI to the disconnected nodes leads

to a higher threshold value than adding SA. A possible explana-

tion could be the noise suppression characteristics of the self-in-

hibition motif, in contrast to the noise-amplifying behavior of the

self-activation motif. Thus, the self-activation-based curve can

represent the maximum resilience offered by the team structure

against erroneous inclusion of unrelated genes in genesets cor-

responding to cell-fate decision-making. Note that the number of

nodes at which the PC1 variance starts to decrease corresponds

to a mean team strength of around 0.3. A similar trend could also

be seen for the gonadal network: a decrease in the team strength

(Figure 5B, i), a sigmoidal decrease in the PC1 variance with an

increase in the number of nodes disconnected (Figures 5B, ii

and 5B, iii). Note that the PC1 variance remains unchanged for

a larger percentage of disconnected nodes in the Gonadal

network (6/19 = 32%) compared to the EMP network (4/22 =

19%). This contrast can be explained by the reduction rate of
Figure 5. Teams provide robustness to low-dimensionality against inte

(A) For the 22N EMT network, (i) Boxplot describing the change in PC1 Variance w

Mean ± sd PC1 variance against the number of nodes replaced with self-activatin

the number of nodes replaced. Fits to the sigmoidal curve are shown using blue

(B) Same as A but for the Gonadal cell-fate network.

(C) Influence matrices of the EMT senescence network before (i) and after (ii) add

(D) Correlation matrices of the EMT senescence network before (i) and after (ii) a

(E) Boxplots depicting PC1 stability of the (i) EMT senescence and (ii) combined
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team strengths in both cases. EMPnetwork sees amuch sharper

decrease in team strength against the number of nodes discon-

nected (Figure 5A, iii) compared to the Gonadal network (Fig-

ure 5B, iii). Together, these results support a causal relationship

between the team strength and the low dimensionality of the

phenotypic space.

Our results have dealt with GRNs underlying cell-fate decision

systems, networks that drive the decision between two fates.

However, each of these networks was focused on a specific bio-

logical system and did not necessarily depict the behavior of the

phenotypic space when these networks interact with the global

regulatory network of the corresponding organism.

Based on our results from Figures 4 and 5, we hypothesized

that even the networks with weak teams could exhibit a low-

dimensional phenotypic landscape when interacting with an

appropriate team structure in a more global context.

To this end, we identified a network that models the immortal-

ization of epithelial cells through the inhibition of senescence.30

This network has an edge density of 5%and has a set of negative

feedback loops involving p53 and p16 (Figure S6). The low den-

sity and negative feedback loops together lead to poor team

strength (0.06), and no clear team structure is visible either in

the influence matrix or in the correlation matrix generated by

simulating this network using RACIPE (Figures 5C, i and S6).

We calculated the PC1 variance for this network to be 50%. In

addition to having weak teams, this network has very limited

overlap with the high-team strength EMT network (22N 82E)

we analyzed in this manuscript. Based on our hypothesis, if the

low-team strength EMT-senescence network is combined (using

known interactions) with EMP nodes and edges from a strong-

team strength network, then the PC1 variance of the combined

network’s phenotypic space should increase.

The combined network with an edge density 4.5% (Figure S6)

shows a better resolution of teams in the influence matrix (Fig-

ure 5C, ii). We see the effect even more clearly in the correlation

matrix, with an increased size of positively correlated node

groups (red squares) and strengthened negative correlation

between teams (Figure 5D). While the combined network still

has a relatively weak team strength of 0.18, it has a PC1 variance

of 75% (Figure 5E). Surprisingly, no significant differences were

observed in the value of the half-max fraction of genes replaced

between the original and the combined network. It is important

to note that despite the low density of the network and the fact

that the size of the network with weak teams (43N 91E) was

larger than the 22N 82E EMT network, the combined network

achieves high PC1 variance just by having a part of the network

having strong teams. This analysis suggests that teams can

reduce the dimensionality emergent from the networks they

interact with globally. This may have significant implications for
rnal and external perturbations

ith the number of nodes replaced with self-activating disconnected nodes, (ii)

g (blue) and self-inhibiting (red) disconnected nodes, (iii) Team strength against

and red lines in (ii), and the corresponding parameters are reported in the plot.

ition of the strong teamed 22N 82E EMP network.

ddition of the strong teamed 22N 82E EMP network.

networks.



A B Figure 6. Artificial network analysis to vali-

date the generalizability of team strength

as a predictor of PC1 variance

(A) Schematic for generating artificial networks

with teams.

(B) (i) Boxplots depicting the change in team

strength as a function of the density of the artificial

networks. (ii) Scatterplot depicting the change in

PC1 Variance with team strength of artificial net-

works. (iii) Same as (ii), but with density. The error

bars in (ii) and (iii) represent mean ± standard

deviation.
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understanding how cell fate transitions such as EMT coordinate

with other physiological processes such as metabolism.31

Artificial networks reveal edge density as a key variable
affecting team strength and dimensionality
Our results have been obtained for biological networks, and ran-

domized networks have been generated therefrom. While these

networks feature mutually inhibiting teams of nodes and low

dimensionality of the emergent phenotypic space, topological

structures other than team structure (such as positive and nega-

tive feedback loops or degree distributions) may have a signifi-

cant role. Therefore, to further elucidate the causative connec-

tion between team structure and low dimensionality, we
iS
generated artificial networks of size 20

with pre-defined team structure and vary-

ing edge densities (Figure 6A). By pre-

defining the team structure, we ensure

that the edges between the nodes

belonging to the same team are only acti-

vating, while those between nodes

belonging to different teams are always

inhibiting. Each edge in the network has

an equal probability of being filled, and

the probability value determines the

network density. Since the influence be-

tween a pair of nodes is a weighted sum

of the paths running between them, we

hypothesized that by controlling the

edge density, we could control the typical

number of paths between nodes and,

hence, the team strength. This hypothesis

is supported by the biological networks

analyzed in this manuscript. The pluripo-

tency network with the lowest team

strength has an edge density of 4.5%

(123 connected node pairs out of 52*52

possible), whereas all other networks

have higher densities (20–30%). This low

density is visible in the influence matrix

of the pluripotency network, where a frac-

tion of the nodes have a very small frac-

tion of nodes influencing them (see the

columns in Figure 4A, iii). Note that these

nodes can still influence other nodes, ex-
plaining this network’s relatively dense correlation matrix

(Figures S3B, iii). As expected, the mean team strength in-

creases sigmoidally with density, with a threshold of 0.185

(18.5% edges filled, Figure 6B, i). Note that most change hap-

pens only under a density limit of 0.3 (30% edges filled), which

can serve as a cutoff on the density of binary cell-fate decision

networks. Indeed, the biological networks we have studied so

far, with SCLC being the densest, obey this limit.

We generated 50 networks at each density and calculated

their PC1 variance and the number of PC axes required to

explain 90% variance. The dependence of PC1 Variance on

team strength (Figure 6B, ii) had similar parameters for artificial

networks as that of biological and random networks, further
cience 28, 111730, February 21, 2025 11
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establishing the usefulness of team strength as a predictor of

dimensionality across contexts. The PC1 variance showed a

sigmoidal increase with the density, with a similar Hill coefficient

but hitting saturation earlier than that of team strength (Figure 6B,

iii). The number of PC1 axes required to explain 90% variance

also showed a sigmoidal decrease with increasing team strength

(Figure S7). Together, these results establish that the relationship

between team strength and dimensionality of the phenotypic

space is generalizable to a broad class of networks, further

emphasizing team strength as an important design principle

that exerts strong control over the emergent phenotypic space.

Teams are necessary for stable low dimensionality
So far, we have established that mutually inhibiting teams of no-

des, a topological feature observed across various contexts of

cell-fate decision systems, are sufficient for the emergence of

low-dimensionality in the phenotypic space. However, binary

cell fate decisions can also be performed using a toggle switch.

Therefore, we asked if teams are necessary for low-dimensional

phenotypic space. Tripathi et al. have shown that high PC1 vari-

ance is a characteristic feature of ‘‘low-frustration’’ networks.16

This study defined low frustration as a property of the steady

state space derived by simulating the network using an Ising

model formalism. The frustration of a steady state is calculated

as the fraction of frustrated edges in the network, and a frus-

trated edge, in turn, is defined as an edge with the opposite

sign as the product of the expression of the nodes connected

by the edge. For example, an activating edgewould be frustrated

if the nodes had opposite expressions (�1 and 1) in a given

steady state. Here, we have developed a more network-topol-

ogy-based understanding of PC1 variance and low dimension-

ality. We have shown that the presence of mutually inhibiting

teams is sufficient for robust low-dimensionality, with team

strength as a satisfactory metric to qualify the dimensionality of

a network structure. While networks with teams satisfy the con-

dition of low frustration,5 other network structures might also

exhibit low frustration.

Therefore, we constructed null models that can lead to binary

cell-fate decisions with varying structural features. Binary cell

fate decision systems are often modeled as toggle switches

(i.e., two transcription factors inhibiting the expression of each

other) that can give rise to two mutually exclusive phenotypes

(low-high and high-low). Furthermore, each phenotype is driven

by the coexpression of multiple genes. An intuitive way to

achieve this could be to have the nodes of the toggle switch

act as master regulators activating all the other genes in the cor-

responding phenotype, creating a ‘‘hub’’ (Figure 7A, i). We simu-

lated this network using RACIPE and estimated the PC1 proper-

ties of the emergent steady-state space.

We found that a hub network can indeed result in a correlation

matrix showing a clear separation between the two phenotypes

(Figure 7A, ii) and a high PC1 variance (72%), despite the hetero-

geneity in the parameter sets. We then simulated the gene

replacement experiment performed on transcriptomic data by

replacing the steady-state expression vectors of nodes with

those of unregulated nodes of randomly sampled production

and degradation rates. The hub network could not stabilize the

PC1 variance, showing a steady decrease in the mean PC1 vari-
12 iScience 28, 111730, February 21, 2025
ance with the number of nodes replaced (Figure 7A, iii). We

observed a steady increase in the number of PC axes required

to capture 90% variance in the data (Figure S8A, i). To reinforce

the phenotypes, we added activation edges within the nodes of

each phenotype, in addition to the hub (Figure 7B, i). While this

addition led to a small decrease in the PC1 variance, in the cor-

relation matrix (Figure 7B, ii), we see an increase in the correla-

tion of nodes within a phenotype but a reduction in the correla-

tion between the nodes across the phenotypes. In addition, we

found that the network now shows a stable PC1 variance

(Figures 7B, iii and S8A, ii). We further updated the network by

adding interactions in different directions (activations from

downstream nodes to the toggle switch nodes, inhibitions from

toggle switch to opposite phenotype, inhibitions between phe-

notypes). However, uniformly strong correlation and high and

stable PC1 variance were achieved only for networks with acti-

vation links within a phenotype and inhibitions across, i.e., mutu-

ally inhibiting teams (Figure 7C), as seen in biological networks.

Furthermore, we find that low dimensionality is independent of

the symmetry in team sizes in the network (Figure S8B). These

results thus establish that teams are necessary and sufficient

for robust low-dimensionality in the phenotypic space of a cell-

fate decision-making system.

DISCUSSION

Cell-fate decisions are ubiquitous in biological systems.

Cells dynamically change phenotypes in response to varying

biochemical and biomechanical signals. During the development

of an organism, starting from a totipotent stem cell, a sequence

of decision-making events plays out, often through binary

branching points, to facilitate cellular differentiation, which is

well-controlled in space and time.32 The robustness of deci-

sion-making is frequently observed in developmental contexts,

where phenotypes are sensitive only to a small set of specific

perturbations, a property known as canalization.33 Thus, it be-

comes imperative to understand how only a few phenotypes

are generated despite the size and complexity of GRNs underly-

ing such phenotypic changes. Recent studies have begun to

elucidate the design principles of underlying regulatory networks

from various biological contexts: canalization34 and giving rise to

relatively simple, low-dimensional dynamics.16

Our results suggest that low dimensionality in phenotypic

space is an emergent consequence of a latent structure in these

GRNs —the presence of ‘‘teams’’ of nodes where the members

within a team activate each other, and those across teams inhibit

one another, forming a higher-order toggle switch.

Studies dealing with cell-fate decisions often identify the pres-

ence of individual toggle switch motifs as the origin of a binary

decision.8 However, regulatory networks underlying such sys-

tems are often large and complex and consist of multiple toggle

switches. This strongly suggests a role for higher-order struc-

tural features in driving decision-making, an idea not presented

in those earlier works. We had previously identified mutually in-

hibiting teams of nodes in GRNs driving the phenotypic deci-

sions in EMP,5 SCLC,35 and melanoma.36 We had shown that

mutually inhibiting ‘‘teams’’ allow for binary cell-fate decisions,

much like a single toggle switch, while ensuring the robustness



Figure 7. Teams are necessary to achieve PC1 stability

(A) Correlation and PC1 stability analysis for a toggle switch between master regulators. Each master regulator activates multiple nodes corresponding to their

phenotype, forming a hub.

(B) Same as A, but for master regulators activating teams of nodes.

(C) Same as A, but for a network with mutually inhibiting teams.
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of the phenotypic space to a large set of perturbations to the

network structure (Figure 5).

We found that ‘‘teams’’ could lead tominimal frustration in bio-

logical networks. Recently, multiple biological networks were

found to be minimally frustrated and capable of enabling a

low-dimensional phenotypic space.16,37 Our results provide a

mechanistic understanding of these trends; we find that only in

networks with very high team strength is most of the variance

in the steady-state space (>90%) explained by PC1. By

comparing the behavior of WT biological networks with their

randomized counterparts, we establish that the stronger the
‘‘teams’’, the higher the variance percentage explained by

PC1. Thus, networks showing weak team strength have higher

dimensional dynamics in phenotypic space because it takes

many more PCs together to be able to recapitulate 90% vari-

ance. It is important to note that the team strength of a network

can serve as a strong predictor of the PC1 variance of the emer-

gent phenotypic space, as evidenced by the similarity of fit pa-

rameters across random networks sourced from WT networks

(Figures 3A, ii, 4B, and 5D exponents of x are close to 1).

This analysis is also strengthened by our calculations for two-

team artificial networks, where we show how team strength and
iScience 28, 111730, February 21, 2025 13
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PC1 variance increase sigmoidally as a function of the density of

edges in the network. By approximately 25% density, team

strength and PC1 variance both show largely saturating

behavior, suggesting that only one-fourth of edges connected

in a two-team topology may be sufficient to allow for low dimen-

sional dynamics in phenotypic space. Intriguingly, biological net-

works studied here show similar density values in terms of the

mean number of edges per node. Therefore, artificial networks

provide an amenable tool to derive generalizable design princi-

ples. Future directions include identifying how impurities in

network topology (i.e., members within a team inhibiting each

other and/or members across teams activating each other) or

how the presence of more than two teams (e.g., as expected

to be present in CD4+ T cell differentiation38) changes these

trends observed here. Overall, we establish that mutually inhibit-

ing two ‘‘teams’’ of nodes is a design principle underlying the low

dimensionality of phenotypic space often seen experimentally.

Importantly, we detected low dimensionality in corresponding

transcriptomic data of SCLC and EMT-associated gene sets in

CCLE datasets and lung tissue genesets in the GTEx dataset.

Low dimensionality is maintained despite replacing many genes

in the signatures with housekeeping genes, suggesting the pres-

ence of strong network topology features such as teams of no-

des underlying the control of coordinated expression levels.

We further showed through the simulations of the EMT-senes-

cence network30 that subnetworks with strong teams can control

the dimensionality of the larger networks they interact with. This

observation can potentially explain the retention of low-dimen-

sionality of transcriptomic data despite contaminating the gene

signatures with potentially unrelated genes.

As two mutually inhibiting teams lead to the emergence of

two robust phenotypes with mutually exclusive compositions,

it can be intuitive that the teams are sufficient for high PC1 vari-

ance. But are teams necessary? Our analysis reveals that

teams are not necessary for high PC1 variance and corre-

spondingly low dimensionality. However, teams are necessary

to obtain the PC1 stability feature observed in transcriptomic

data. We studied other potential network architectures that

can lead to stable binary cell-fate decisions and found that

these networks can indeed lead to a high PC1 variance and

low-dimensional phenotypic space. However, PC1 stability

was not achieved until we established team-like connections

within nodes of a particular phenotype. It is important to note

that in the hub network in Figure 7, the network toggle switch

can also represent a mutually inhibiting team structure. Thus,

another implication of the necessity of teams can be that genes

in transcriptomic data that show group behavior in correlation

may not be connected if they do not exhibit PC1 stability.

Thus, our results have the potential to contribute toward con-

structing GRNs from transcriptomic data corresponding to

cell-fate decision systems.

Our current analysis is largely limited to one axis of plasticity in

each context, e.g., epithelial-mesenchymal, Sertoli-granulosa,

and non-neuroendocrine/neuroendocrine cell fate determina-

tion. Cancer cells have been shown to exhibit multiple intercon-

nected axes of phenotypic transitions (e.g., EMP, drug resis-

tance, stemness, and metabolic plasticity).39–42 In most cases,

these interconnections are coherent, i.e., the larger network
14 iScience 28, 111730, February 21, 2025
can be resolved into two teams with each phenotype exclusively

belonging to only one of the two teams.43–46 Thus, for coherently

connected axes, the emergent phenotypic space remains low-

dimensional. However, while EMT networks may be enriched

for higher-order feedback loops such as teams,47 the cases of

incoherent connections, such as the EMT-senescence network

presented in Figure 5, can lead to interesting dynamics, including

oscillations.48,49 An important direction for the current study is

understanding the low-dimensional dynamics scale across

these incoherently connected axes of phenotypic heterogeneity

and how the team structure evolves under such interactions.

While such interactions can lead to interesting behaviors, such

as the reduction of dimensionality emergent from the senes-

cence network when coupled with an EMT network with strong

teams, our analysis asserts the need for a comprehensive map

of regulatory interactions for a better understanding of the dy-

namics of multiple axes of phenotypic plasticity.

A related direction of inquiry is the case of multi-fate systems.

Thedesignprinciples underlying the emergenceofmore than two

cell fates from a single decision point are not well understood.

One of the classic examples of multi-fate systems is the differen-

tiation of pluripotent stem cells into different specialized cells, a

process assumed to be driven by sequential activation of toggle

switches.8,50 Another example is the differentiation of T cells into

phenotypes with mutually exclusive molecular signatures, where

3- and 4-node mutually inhibiting networks have been proposed

as the possible core regulatory architecture.38 A similar architec-

ture ofmutually inhibiting transcription factors via the formationof

inactive heterodimers has been used to generate synthetic multi-

fate systems inmammalian cells.51 However, larger networks are

required to explain the stability of these phenotypes (such as the

two-team architecture, which allows two stable and robust phe-

notypes). Intuitively, such systems would give rise to multi-

dimensional phenotypic spaces, requiring more than one PC

axes to explain the variance. Analyzing the PC-robustness of

these multiple axes could potentially provide clues to the design

principles of the underlying GRNs.

Our analysis is limited to dimensions constructed as linear

combinations of genes involved in the GRNs. However, it must

be noted that biological interactions and emergent behavior

are non-linear. Our simulations account for the non-linearity of

the interactions by using sigmoidal functions to represent the

regulatory terms in the ODEs.26 We have shown here that the

effect of nonlinearity in regulation is masked in the emergent

phenotypic space in the presence of strong, mutually inhibiting

teams. However, assessing the dimensionality of networks

with weak teams, especially the random networks generated

from the WT networks and the cell-collective networks, perhaps

requires non-linear methods. Accounting for non-linear aspects

could allow us to identify additional design principles that can

govern the dimensionality of phenotypic space without strong

teams. Such an extension would also allow us to understand

incoherently interacting switches leading to high-dimensional

or cyclic phenotypic space48,49 and multi-fate decision systems.

Limitations of the study
Our current analysis focuses only on GRNs governing binary cell

fate determination events and, as a result, is concerned with only
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one axis of plasticity. However, it has been observed that these

decisions are often influenced and coupled with other pro-

grams.39–42 Understanding how these programs coordinate

and are coupled with respect to the teams framework needs to

be studied in detail. Through the developmental timescale, cells

have been shown to make a series of decisions that eventually

lead them to differentiate into a terminally differentiated pheno-

type.8,50 Many of these events are binary, but there are also

cases where cells can potentially differentiate into more than

two different cell types; in these cases, the current analysis of

two teams would not hold.38,51 Our analysis depends on PCA

to capture the variance and, hence, the dimensionality of the

data, which works very well for binary cell fate networks with

two distinct phenotypes. But, if the interactions between genes

are highly nonlinear and incoherent the study of steady states

would not be suitable as these types of interactions vary tempo-

rally (as opposed to invariant steady-state dynamics), capturing

such behaviors for studying coordination between genes in a

GRN would need more sophisticated methods.48,49
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METHOD DETAILS

Transcriptomic data analysis
We used the cancer cell-line expression data17 and normal tissue bulk RNA-seq data from GTEx18 to understand the dimensionality

of the transcriptomic data. For CCLE dataset, we obtained genesets that capture the phenotypic heterogeneity in cancerous sam-

ples: SCLC20,35 and EMP.21 For GTEx dataset, we used genesets that capture phenotypic heterogeneity of the Fibrotic-Epithelial axis

in lung (alveolar) tissue obtained fromMsigDBC8 collection22,23 and a functionally relevant geneset for lung tissue.24We first took the

appropriate subsets of the cell lines/samples (49 SCLC cell lines, non-SCLC (848) and breast cancer (62) cell lines from CCLE data;
Lung tissue samples from GTEx data). We divided each gene set into two parts corresponding to the two phenotypes of their cor-

responding axes (Epithelial- Mesenchymal for EMP, NE-nonNE for SCLC, and Fibrotic and Epithelial for Alveolar gene signatures).

For the signatures obtained fromMSigDB, we picked the top 100 genes based on absolute PC1 loading for further analysis. We took

further subsets of the data corresponding to the gene sets. We then performed pca analysis on these subset data.

For each subset of data, we calculated a phenotypic score using the formula:

score =

P
i˛P1ei

#P1
�

P
i˛P2ei

#P2

Where P1 and P2 are sets of genes corresponding to the two phenotypes in each axis, ei is the expression of gene i in the cell line of

interest, and #P1 is the number of genes in the set P1.

To perform the PC1 stability analysis, we replaced the expression of n (0% n%N) randomly sampled genes for each geneset with

n randomly selected housekeeping genes25 (where N is the number of genes in the geneset), generating a new expressionmatrix. We

generate 100 such matrices for each value of n, calculate the PC1 variance, and report the results in a boxplot.

RAndom CIrcuit PErturbaiton (RACIPE)
RACIPE26 is a tool that simulates GRNs in a continuous state space. Given a GRN, it constructs a system of Ordinary Differential

Equations representing the network. For a given node T and a set of input nodes Pi and Nj that activate and inhibit T respectively,

the corresponding differential equation takes the following form:

dT

dt
= GT �

Y
i

HS+
�
Pi;Pi

0
T ; nPi ;T ; lPi ;T

�
lPi ;T

�
Y
j

HS��Nj;Ni
0
T ; nNj ;T ; lNj ;T

� � kT � T

Here, T, Pi, and Nj represent the concentrations of the species. GT and kT denote the production and degradation rates, respec-

tively. Pi
0 is the threshold value of Pi concentration at which the non-linearity in the dynamics of T due to Pi is seen. n is termed as Hill-

coefficient and represents the extent of non-linearity in the regulation. l represents the fold change in the target node concentration
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upon over-expression of the regulating node. Finally, the functions HS+ and HS– are known as shifted hill functions and represent the

regulation of the target node by the regulatory node. The hill shift function takes the following form:

HS+=��B;B0
A;nB;A; lB;A

�
=

B0
A

nB;A

B0
A

nB;A+BnB;A
+ l � BnB;A

B0
A

nB;A+BnB;A

Note that, for high values of the regulatory node concentration, HS+/– approaches l.

For the model generated in this way, RACIPE randomly samples parameter sets from a pre-defined set of parameter ranges esti-

mated from BioNumbers.52 The ranges as reported by Huang et al.26 are given in Table 1.

RACIPE integrates the model frommultiple initial conditions at each parameter set and obtains steady states in the initial condition

space. The output, hence, comprises the collection of parameter sets and corresponding steady states obtained from themodel. For

the current analysis, we used a sample size of 10,000 for parameter sets and 100 for initial conditions. The parameters were sampled

via a uniform distribution and the ODE integration was carried out using Euler’s numerical integration method.

Processing RACIPE output
For a given network with n nodes, the steady-state expression levels of the nodes obtained from RACIPE were normalized in the

following way:

Ein = log2

�
Ei

fi

�

fi =
gi

ki

Where, for the ith node, Ein is the normalized expression level, Ei is the steady state expression level, fi is the normalization factor, and

gi and ki are production and degradation of the ith node corresponding to the current steady state. The collection of these normalized

steady states was used for PCA.

Network randomization
Network randomization is carried out by randomly swapping the edges in the network. Each iteration involves randomly selecting a

pair of edges and swapping their edge type (activation/inhibition). For each random network, we carry out 10 to 100 such iterations.

For each biological network, we generate 100 random networks.

Calculation of team strength
For each network, we first generate the adjacency matrix A = {–1, 0, 1}NXN, where N is the number of nodes in a network. Each cell of

the adjacency matrix represents an edge, with –1 for inhibition, 1 for activation, and 0 for no interaction. We then generate the influ-

ence matrix using the following formula:

Inf llmax =

Plmax

l = 1

Adjl

Adjllmax

lmax

where Adjmax is derived by setting all non-zero entries of the adjacencymatrix to 1, and the division is element-wise. We then take the

sign of the influence matrix, augment the transpose of the influence matrix with itself, and apply hierarchical clustering to identify the

two teams. We then calculate the team strength as follows:

TS =

P
k;l˛ f1;2g

jTklj

4

Where,

Tkl =

P
i˛Tk ;j˛Tl

Inf lij

nkl

; k; l˛ f1; 2g
Disconnecting nodes in biological networks
We generated networks with disconnected nodes by randomly selecting n nodes (0 % n % N) and removing all incoming and out-

going edges connected to these nodes. Since RACIPE cannot simulate disconnected nodes, we added self-activation and self-in-

hibition to these nodes.

For each n we generate 50 networks, representing 50 random choices of n nodes to be disconnected.

We then simulate each network in RACIPE and estimate the PC1 variance and number of PC axes.
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QUANTIFICATION AND STATISTICAL ANALYSIS

Spearman correlation coefficients were calculated using the cor.test function fromR4.1.53 The significance of correlation coefficients

is reported within the figure panels as c* where c represents the correlation coefficient and * represents p-value < 0.05. One-way

ANOVA test was performed using the function f_oneway from the scipy54 package in Python 3.8. The corresponding p-value is re-

ported within the figure. PCA analysis was performed using the prcomp function from R 4.1. The sigmoidal fits were performed using

the lm function from R 4.1. Linearized forms of the Hill function used are given below:

For increasing sigmoidal function:

ln

�
1

y+e1
� 1 + e2

�
= n � lnðKÞ � n � lnðx + e3Þ

For decreasing sigmoidal function:

ln

�
1

y+e1
� 1 + e2

�
= n � lnðx + e3Þ � n � lnðKÞ

where, ln is the natural logarithm, n is the Hill coefficient, and K is the half-max constant. e values are minor error terms of the order

10–5 added to avoid division by zero, and non-positive numbers inside logarithm functions.
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