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Abstract 

Patterning and morphogenesis in multicellular organisms require precise dynamic coordination 

between cellular behaviors and mechano-chemical signals. However, the mechanisms underlying 

the pathways that coordinate and integrate these signals into emergent cellular behaviors and tissue 

shapes remain poorly understood. Here, we present a cell-centered agent-based mathematical 

approach to shed light on the feedback mechanisms underlying tissue growth and pattern 

formation. The model includes cell size dynamics governed by both intercellular diffusible 

morphogen concentrations and mechanical stress between cells to control their spatial 

organization, and does not require the use of any superimposed lattice, increasing its applicability 

and performance. The results show how the precise integration of the feedback loop between 

cellular behaviors and mechano-chemical signaling is essential for the regulation of shape and 

spatial patterns across the tissue scale. Furthermore, the regulation of cellular dynamics by 

patterning processes, such as Turing activator-inhibitor systems, can drive the formation of 

emergent stable tissue shapes, which, in turn, specify the domain for morphogen patterning—

closing the self-regulated loop between tissue shape and morphogenetic signals. Overall, this study 

highlights the importance of the feedback loop between morphogen patterning and cellular 

behaviors in regulating tissue growth dynamics and stable shape formation. Moreover, this study 

establishes a framework for further experiments to understand the regulatory dynamics of whole-

body development and regeneration using high spatiotemporal resolution models. 
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Significance 

Tight coordination and interpretation of the multitude of signals at different biological scales are 

essential during the development of multicellular organisms to control their shape, size, and 

pattern. In this work, we investigated the leading role of the feedback between mechano-chemical 

signaling networks and tissue shape through cellular behaviors such as growth, proliferation, and 

apoptosis. The model explains the interdependence between tissue growth and pattern formation 

mechanisms in regulating the fundamental properties of morphogenesis. Overall, this study 

provides mechanistic insights into the regulatory feedback interactions between tissue 

morphogenesis and patterning dynamics. 

 

 

Keywords: Morphogenesis and patterning; Tissue growth dynamics; Emergent tissue shapes, 

Mechanochemical feedback; Multiscale modeling; Morphogenetic feedback loop; Computational 

morphogenesis; Agent-based modeling. 
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1. Introduction 

Patterning, cell growth, and differentiation are complex interconnected processes that drive the 

development of multicellular organisms. Crucially, they act at different scales to modulate cellular 

mechanisms (1), such as migration, proliferation, apoptosis, and division orientation (2). In 

addition, biochemical signaling is essential for establishing the graded distribution of morphogens, 

leading to the emergence of shapes and forms (3–5). While it is known that the coordination and 

dynamic synchronization of cellular behaviors regulate an organism’s size, shape, and function  

(6–8), the mechanistic understanding of the feedback regulation between signaling and tissue 

growth during development and regeneration remains unclear. 

The complex feedback loops between chemical signaling and mechanical cellular interactions 

regulate patterns and growth, and hence the emergence of shapes and forms. Dysregulation of this 

network may lead to abnormalities in tissue shape and function (12, 13). Several mechanisms have 

been studied to explain the emergence of tissue shapes from mechanical interactions, including 

cell-cell adhesion through extracellular matrix components   (14–16). In addition, repulsive forces 

due to the elastic properties of cells inhibit the deformation of cell morphology, which can also 

guide tissue patterning (17). Indeed, the interaction range between cells is a crucial factor for their 

spatial organization and the resulting tissue shape, including long distance cell-cell interactions 

essential for spreading epithelial cells (18). In addition to mechanical interactions, chemical signals 

acting as morphogens significantly contribute to the regulation of cell growth, proliferation, and 

death, which are necessary for proper tissue morphogenesis (19). For example, sonic hedgehog 

(Shh) is an essential driver of tissue morphogenesis, regulating properties such as patterning, 

proliferation, growth, and differentiation (20). Shh interacts with other gene regulators to form 

activator-inhibitor networks that control the development of many body structures, such as feather 

patterning (21), ruggae in the mammalian palate (22), and scutes in turtle shells (23). Therefore, 

the feedback between biochemical and mechanical signals plays a fundamental role in driving 

tissue morphogenesis by regulating cellular behavior (24, 25). However, owing to the complexity 

of these feedback loops and their emergent behaviors, understanding how cell mechanisms are 

regulated to produce precise and robust shapes and patterns at the tissue scale remains a challenge.  

To understand the feedback between cell behaviors, signaling, and emergent tissue growth, 

mathematical and computational approaches are fundamental for modeling cell-level phenomena 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 20, 2025. ; https://doi.org/10.1101/2025.02.16.638504doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.16.638504
http://creativecommons.org/licenses/by-nc/4.0/


- 5 - 

and explaining the resulting tissue-level forms to understand the feedback between cell behaviors, 

signaling, and emergent tissue growth (26, 27). Among them, approaches based on off-lattice, cell-

center models can simulate discrete cells with free tissue growth dynamics without limited spatial 

resolution, in contrast to continuous or agent-based approaches based on a fixed lattice (28–31). 

In this way, cell positions in these models are continuous in space, and the emergent high-

resolution tissue behaviors result from intercellular mechanical forces (32). However, integrating 

regulatory signaling pathways, including intercellular communication within growing tissues, is 

challenging because of the dynamics of cell proliferation and death, as well as the resulting tissue 

density and boundaries (33, 34). Off-lattice models can couple cellular and chemical submodels 

by simulating reaction-diffusion systems in superimposed meshes derived from cellular positions 

(35–38). However, extracellular tissue meshes are the most critical components of this modeling 

approach, as high-resolution spatial meshes are necessary to accurately simulate tissue growth 

dynamics. High-resolution meshes substantially increase the computational costs, especially when 

cells proliferate, die, or migrate. As a result of each of these processes, a recomputed tissue mesh 

is necessary, further increasing the computational costs and reducing the efficiency. The lattice 

structure can also introduce a significant challenge in developing dynamic feedback networks 

between cell- and tissue-level phenomena by coupling all regulatory inputs to reveal tissue 

morphogenetic and patterning processes. Thus, these challenges limit the scalability and 

applicability of lattice-based extracellular environment models for large-scale or long-term 

simulations and have led to increased interest in off-lattice modeling approaches for studying tissue 

growth. 

Here, we propose a lightweight mathematical and computational model of coupled cellular 

mechanics, signaling, and growth to study how their feedback loops can control tissue patterning 

and shape. The model is based on a lattice-free, agent-based framework that combines the roles of 

biochemical and mechanical signals at the cellular level to study the emergent properties at the 

tissue level. The mechanical submodel quantifies the physical and adhesive properties of cells and 

describes their coordinated movements and arrangements (7, 9, 39). The chemical signaling 

submodel describes the dynamics of both diffusive morphogens at the tissue level and the 

intracellular gene regulatory network at the cellular level (6, 22). Crucially, cells define both the 

intercellular space for gene regulatory mechanisms and the tissue space where intracellular signals 

diffuse, reducing the complexity and computational requirements of the model. We hypothesized 
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that cell size dynamics are influenced by two factors: the level of growth morphogen and the 

amount of mechanical stress caused by cell density. The results show how the dynamics of  growth 

morphogens play a critical role in regulating the shape and size of emergent tissues. We then 

extended the model with a Turing activator-inhibitor regulatory mechanism controlling cell growth 

dynamics, which can lead to different stable tissue shapes through the feedback mechanism 

between the tissue pattern and shape. Overall, the proposed framework provides a comprehensive 

understanding of morphogenesis through the feedback regulation between intracellular signals and 

the emergent tissue shapes through cell-level phenomena, such as motility, growth, division, 

degrowth, and death. 

2. Methods 

2.1. Cells 

We define a two-dimensional model of a tissue or whole organism made of a dynamic collection 

of cells, each considered a circular disc capable of migration, growth, division, and apoptosis. The 

disc center 𝑥௜ represents the position of cell 𝑖, and the disk radius 𝑟௜ defines its size. Therefore, a 

system of 𝑁 cells at a given time is defined as a set of points ሼ𝑥ଵ, 𝑥ଶ, … , 𝑥ேሽ and associated radii 

ሼ𝑟ଵ, 𝑟ଶ, … , 𝑟ேሽ, with 𝑥௜ ∈ 𝑅ଶ and 𝑟௜ ∈ 𝑅. The movement of each cell 𝑖 in the system is governed by 

Newton's law of motion, such as  

𝑚௜𝑥పሷ ൌ 𝐹௜ , ሺ1ሻ  

where 𝑚௜ is the cell mass and 𝐹௜ represents the sum of all forces acting on the cell.  

Each cell 𝑖 is subjected to a viscous force 𝐹௜
௩௜௦ and an interaction force 𝐹௜

௜௡௧, such that  

𝐹௜ ൌ 𝐹௜
௩௜௦ ൅ 𝐹௜

௜௡௧ . ሺ2ሻ  

The viscous force occurs in the opposite direction of motion and is due to the interaction of a cell 

with the extracellular matrix and media, such that  

𝐹௜
௩௜௦ ൌ െ𝜉𝑥పሶ , ሺ3ሻ 
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where 𝜉 is the viscous coefficient. Since the acceleration due to the inertial force is negligible 

compared to the effect of the viscous force in the cell microenvironment (40–42), the equation of 

motion becomes  

𝜉𝑥పሶ ൌ 𝐹௜
௜௡௧ . ሺ4ሻ  

We assume the interaction force 𝐹௜
௜௡௧ to be the sum of all pairwise interaction forces between cells 

and hence  

𝐹௜
௜௡௧ ൌ ෍ 𝐹௜௝

ே

௜ୀଵ,௝ஷ௜

, ሺ5ሻ  

where 𝐹௜௝ is the interaction force between cell 𝑖 and 𝑗. The pairwise interaction force is rotationally 

invariant and comprises attractive and repulsive components. An attractive component represents 

the adhesion between two cells, whereas the repulsive component opposes the deformation of cells 

owing to their elastic properties. Hence, we model the cell-cell interaction as a linear spring force 

together with a quadratic term that approximates the contact area between two cells (39) such that 

𝐹௜௝ ൌ ቊ𝜇൫𝑑௜௝ െ 𝑑௠௔௫൯
ଶ
൫𝑑௘௤ െ 𝑑௜௝൯ 𝑢௜௝ if 𝑑௜௝ ൑ 𝑑௠௔௫,

0 otherwise,
 ሺ6ሻ 

where 𝜇 is the cell interaction strength constant, 𝑑௜௝ is the distance between the two interacting 

cells defined as 𝑑௜௝ ൌ ‖𝑥௜ െ 𝑥௝‖, 𝑑௘௤ is the equilibrium distance defined as the sum of the radii of 

the two cells such that 𝑑௘௤ ൌ 𝑟௜ ൅ 𝑟௝,  𝑑௠௔௫ is the maximum interacting distance between cells, 

and 𝑢௜௝ is the unit vector defining the force direction as 𝑢௜௝ ൌ
௫ೕି௫೔
ௗ೔ೕ

.  

2.2. Morphogens 

Cells can express morphogens that diffuse into neighboring cells. The system of 𝑁 cells can 

express 𝐾 different morphogens, such as each cell 𝑖 contains a homogeneous concentration 𝑚௜௞ 

for each morphogen 𝑘, with 𝑚௜௞ ∈ 𝑅. The concentration dynamics of each morphogen is defined 

as  

𝑚ሶ ௜௞ ൌ 𝑅௜௞ ൅ 𝐷௜௞, ሺ7ሻ  
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where 𝑅௜௞ is the reaction term and 𝐷௜௞ is the diffusion term of morphogen 𝑘 in cell 𝑖. Intracellularly, 

morphogen 𝑘 concentration in cell 𝑖 changes due to production, degradation, and dilution, such as 

𝑅௜௞ ൌ 𝑄௜௞ െ 𝜆௞𝑚௜௞ െ 𝑔௜𝑚௜௞, ሺ8ሻ  

where 𝑄௜௞ is the production term that depends on the particular regulation modeled, 𝜆௞ is the decay 

constant, and 𝑔௜ is the growth rate of the cell. Morphogen diffusion occurs across neighboring cells 

and is approximated as a rate equation (43), such as 

𝐷௜௞ ൌ
𝛼௞
𝜋𝑟௜

ଶ ෍
𝑑௠௔௫ െ 𝑑௜௝
𝑑௠௔௫ െ 𝑑௘௤

൫𝑚௝௞ െ 𝑚௜௞൯,
௝ஷ௜

 ௗ೔ೕழௗ೘ೌೣ 

ሺ9ሻ  

where 𝛼௞ is the diffusion constant and 𝜋𝑟௜
ଶ represents the cell area. In this way, the effective 

diffusion coefficient becomes 𝛼௞ when two cells are at equilibrium distance 𝑑௘௤ of each other, but 

0 when they are at or beyond their maximum interaction distance 𝑑௠௔௫. 

2.3. Cell size dynamics 

A growth morphogen with concentrations 𝑚௜ଵ for each cell 𝑖 regulates cell size dynamics. 

Depending on the local concentration of the growth morphogen, cells can grow or degrow 

exponentially, which in turn can trigger their mitosis or apoptosis when their size is doubled or 

halved, respectively. Mitosis replaces the parent cell centered at 𝑥௜ with two overlapping daughter 

cells, each half the parent size and centered at 𝑥௜ േ ቆ1 െටଵ

ଶ
ቇ 𝑟௜𝑢௎, where 𝑢௎ is a unit vector with 

a uniform random direction, such that the daughter cells are maximally separated but within the 

area of the parent cell (Figure 1). Apoptosis removes the cell from the system. In addition, cell 

growth is modulated by the local cell density, which can inhibit cell growth due to crowding. Thus, 

the growth rate 𝑔௜ for cell 𝑖 is defined as 

𝑔௜ ൌ ൭ሺ𝑔௠௔௫ െ 𝑔௠௜௡ሻ
𝑚௜ଵ

௛

𝑘௛ ൅ 𝑚௜ଵ
௛ ൅ 𝑔௠௜௡൱ ቆ

𝑐௛

𝑐௛ ൅ 𝑛௜
௛ቇ , ሺ10ሻ  
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where 𝑔௠௔௫ and 𝑔௠௜௡ are the maximum and minimum cell growth rate constants, respectively, 

𝑚௜ଵ is the growth morphogen concentration in cell 𝑖, 𝑘 is the half-maximum concentration of the 

growth morphogen, ℎ is the Hill coefficient, 𝑛௜ is the number of neighbors of cell 𝑖 within distance 

𝑑௠௔௫, and 𝑐 is the half-maximum crowding inhibition. Then, the cell growth rate 𝑔௜ modulates the 

area 𝐴௜ of cell 𝑖 as   

𝐴పሶ ൌ 𝑔௜𝐴௜ . ሺ11ሻ  

For all simulations, we set 𝑔௠௔௫ ൌ 0.01 and 𝑔௠௜௡ ൌ െ0.01 so that the half-maximum 

concentration 𝑘 denotes the growth morphogen concentration at which the growth rate is zero. 

When the growth morphogen concentration is higher or lower than 𝑘, cells grow towards mitosis 

or shrink towards apoptosis, respectively. In addition, we set ℎ=8.  

2.4. Numerical methods 

The system of equations was implemented and solved with MATLAB (MathWorks, Inc.) using 

the standard Euler forward scheme with a sufficiently small time-step of 𝛥𝑡 ൌ 0.001. To optimize 

computational time, projection sorting (44) was implemented for determining cell neighbors.  

3. Results 

3.1. Whole-body modeling framework 

To study the feedback regulation between morphogens and shape in multicellular tissues and 

whole organisms, we present a modeling framework comprising off-lattice, agent-based cells that 

can migrate, grow, divide, and die as they are regulated by diffusive morphogens expressed by the 

cells (Figure 1). Cells interact with each other through attractive forces due to adhesion and 

repulsive forces due to deformation, which can produce stable tissue shape configurations. 

Crucially, morphogens can control cell growth rates and diffuse across cells but not externally 

outside the tissue, which allows the modeling of self-contained systems, such as an organ or whole 

organism. In this way, the cells in the system can form one or more independent tissues, each made 

of a set of interconnected cells where the morphogens can be expressed and diffuse within but not 

across the tissue boundary. In response to these morphogen concentrations, cells can grow or 

shrink, resulting in mitosis when the cell size is doubled or apoptosis when it is halved (45). The 
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feedback loop between the biochemical signals forming spatial patterns and the mechanical forces 

between cells gives rise to the overall emergent shape of the whole tissue or organism. 

 

Figure 1. Proposed modeling framework for the regulation of whole-body shape dynamics. A. The 

model includes multiple layers of regulation that form feedback loops and give rise to emergent morphogen 

patterning and tissue morphogenesis. B. Cell area duplication results in mitosis. C. Cell area halving results 

in apoptosis.  

3.2. Regulation of shape and size by a single morphogen-source cell 

We sought to test the proposed model with a simulation of shape regulation from a single point 

source and investigate how tissue size and shape are modulated by the different biological 

parameters. The initial state includes two cells: a source cell expressing the diffusible growth 

morphogen at a constant rate 𝑞 and a target cell (and its progeny) responding to the same 

morphogen. Hence, the production term 𝑄௜ଵ for each cell 𝑖 is defined as 

𝑄௜ଵ ൌ ቄ𝑞 if 𝑖 ൌ 1,
0 otherwise.

ሺ12ሻ 
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The morphogen expressed from the single source diffuses to neighboring cells and degrades at a 

constant rate (Equation 8). The source cell has a constant volume and does not divide or die. The 

target cell and its progeny can divide or die through apoptosis in response to their size, which is 

regulated by the growth morphogen (Equation 10). 

Figure 2A shows the tissue growth dynamic simulation as regulated by a single source cell (see 

Supplementary Video 1). The growth morphogen is expressed by the source cell (red) and diffuses 

through the cell population, creating a radial morphogen gradient. This gradient modulates the 

proliferative behavior of the cells, resulting in tissue growth in all directions, which then surrounds 

the source cell at the center. The system reaches a steady state, forming a circular shape, in which 

the growth morphogen has a maximum concentration at the center, in the source cell, and a 

minimal concentration at the tissue shape edge. This concentration gradient produces a differential 

growth rate in the population, where cells near the center grow and divide and those away from 

the center degrow and then die. At the steady state, the frequency of mitosis and apoptosis events 

balance out and the number of cells in the tissue becomes constant. Thus, a single source cell 

causes the population to converge to a steady state with a circular shape. 
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Figure 2. A single source cell secreting a growth morphogen produces a steady-state circular shape 

that is modulated by the morphogen properties. A. Tissue growth controlled by a diffusing growth 

morphogen (blue) expressed from a single source cell (red) results in a steady-state circular shape. 

Parameters as red lines in panels B-E. B. The total number of cells at steady state linearly depends on the 

morphogen production constant (𝑞). C. The morphogen diffusion constant (𝛼) has a weaker effect on the 
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total number of cells at the steady state. D. The morphogen degradation rate (𝜆) has an inverse effect 

compared to the production rate, albeit at a slower rate. E. The morphogen regulation threshold (𝑘) between 

growth and degrowth has a similar but inverse effect compared to the morphogen production rate. All 

parameter sets were simulated ten times. The plots show the average (line) and standard deviation (shaded 

area). Except where indicated, the parameters were 𝑞 ൌ 0.1, 𝛼 ൌ 10, 𝜆 ൌ 0.001, 𝑘 ൌ 0.1, and 𝑐 ൌ 6.  

 

We next studied the effect of the biological parameters on the cell and tissue emergent dynamics 

(Figure 2B-E). For each parameter set, ten simulations were performed—although the growth 

morphogen and cellular forces are deterministic, the cell division plane during mitosis is stochastic. 

All simulations resulted in a steady-state circular tissue shape, with the number of cells at steady 

state being modulated by the different biological parameters. The morphogen production constant 

linearly correlated with the number of cells (Figure 2B), whereas the morphogen degradation rate 

(Figure 2D) and regulation threshold (Figure 2E) were inversely correlated. Interestingly, the 

morphogen production constant and the regulation threshold had exactly opposite effects, since 

they both modulated the same regulatory dynamics (as modeled by a Hill function; see Equation 

10). Although the morphogen diffusion constant was positively correlated with the number of cells 

(Figure 2C), its effect was much lower. In addition to the number of cells at steady state, the 

morphogen degradation rate also affected the speed at which the steady state was reached (Figure 

2D), as a slower degradation rate results in slower equilibrium dynamics. All morphogen 

production and receptor parameters tested within a two-fold range resulted in a noticeable change 

in the number of cells at steady state. However, the morphogen diffusion coefficient only had a 

noticeable effect on the number of cells when changed by a 10-fold difference (Figure 2C). 

Furthermore, as the diffusion coefficient modulates the morphogen diffusion length, a higher 

diffusion coefficient results in a larger diffusion area where cells grow and divide, resulting in an 

increased number of cells and tissue size at steady state (Figure 2C, inset). Crucially, there exists 

a critical value of the diffusion coefficient above which tissue growth dynamics remain unchanged, 

as the negative feedback between the growth morphogen concentration and tissue size balances.  

In addition to morphogen parameters, the threshold of cell crowding inhibition modulates the 

dynamics of shape formation. Figure 3 shows the simulations of tissue growth with a single-source 

morphogen at different cell crowding inhibition thresholds. At a low inhibition threshold, growth 
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is reduced at low local cell densities, which results in differential tissue expansion at the border 

towards the direction of low cell density, and hence an irregular tissue shape (Figure 3A). In 

contrast, at high cell crowding thresholds, growth inhibition occurs only at high cell densities, 

resulting in more homogeneous growth across the tissue and a faster convergence to a steady-state 

circular shape (Figure 3B). In addition to affecting shape dynamics, higher cell crowding 

thresholds resulted in a larger number of cells at steady state because cell growth was inhibited at 

higher densities (Figure 3C). Overall, the cell crowding threshold plays a significant role in 

modulating tissue growth dynamics in terms of shape, size, and convergence speed (see 

Supplementary Video 2). 

 

Figure 3. The shape dynamics regulated by a single-source cell depend on the cell-crowding inhibition 

threshold. A. A low cell crowding inhibition threshold (𝑐 ൌ 3) inhibits growth at low local cell density, 

resulting in nonuniform cell proliferation that leads to irregular shapes. B. A high cell crowding inhibition 

threshold (𝑐 ൌ 12) inhibits growth only at high local cell density, resulting in a circular shape. C. The 

growth curves show how higher cell crowding inhibition thresholds result in a higher number of cells at 

steady state that are reached at shorter times. The inset shows the growth curve for a low cell crowding 

inhibition threshold (𝑐 ൌ 3), which requires a longer time to reach a steady state.  All parameter sets were 

simulated ten times. The plots show average (line) and standard deviation (shaded area). Remaining 

parameters: 𝑞 ൌ 0.1, 𝛼 ൌ 10, 𝜆 ൌ 0.001, 𝑘 ൌ 0.1. 

3.3. Regulation of shape and size by multiple morphogen-source cells 

Next, we sought to determine how the number of morphogen-source cells affects the steady-state 

shape of the tissue. Similar to the previous section, a single diffusible morphogen controls cell 
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growth; however, more than one non-dividing source cell can express it. Figure 4 shows the 

simulations of tissue growth with two, three, or four morphogen-source cells (red).  Because the 

growth morphogen concentration is higher near the source cells, higher proliferation rates occur 

in the cells surrounding the source cells. This higher proliferation, in turn, results in the separation 

of the source cells from each other until the growth morphogen diffuses to concentrations below 

its decay, which inhibits cell proliferation and promotes apoptosis. As the source cells acquire a 

stable distance from each other as the net cell proliferation and apoptosis balance, the resultant 

steady-state tissue shapes are not circular but can adopt elliptical, triangular, or star shapes 

depending on the concentration pattern of the growth morphogen modulated by the number of 

source cells (see also Supplementary Video 3). 

 

Figure 4. Multiple source cells secreting the same growth morphogen resulted in different steady-

state tissue shapes. Cell proliferation induced by the secretion of the growth morphogen results in the 

source cells (red) moving away from each other. This repulsive effect modulates the concentration levels 
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of the growth morphogen, resulting in oval (A), triangular (B), or star (C) steady-state tissue shapes under 

two, three, or four source-morphogen cells, respectively. To maintain the number of cells at steady state 

equal, the morphogen production constant was scaled accordingly: 𝑞 ൌ 0.05, 0.033, or 0.025 for two, three, 

or four source cells, respectively. Remaining parameters: 𝛼 ൌ 10, 𝜆 ൌ 0.001, 𝑘 ൌ 0.1, 𝑐 ൌ 6.      

3.4. Turing spots and stripes patterns in a growing tissue 

Morphogenesis and tissue patterning are not independent processes; rather, they act together 

through feedback loops to regulate gene expression, size, and shape in growing and differentiating 

tissues. Next, we studied the feedback process of gene regulation and tissue pattern, size, and shape 

using the proposed framework. First, we tested the capacity of the model to form spatial patterns 

of morphogen expression with a regulatory network based on a Turing mechanism, which is known 

to regulate many biological patterns and shapes  (46–48). As before, a diffusing growth morphogen 

with concentrations 𝑚௜ଵ modulates cell growth dynamics and is expressed by a single source cell. 

Additionally, all cells express two other morphogens with concentrations 𝑚௜ଶ and 𝑚௜ଷ, 

respectively, that interact and diffuse across neighboring cells based on Schnakenberg kinetics 

(49). Continuous reaction-diffusion systems modeled with Schnakenberg kinetics can produce 

spot or stripe patterns over a relatively large Turing parameter space compared to other Turing 

models. In this system, the first morphogen self-promotes its expression while inhibiting the 

expression of the second morphogen. Conversely, the second morphogen inhibits its own 

expression and promotes the expression of the first morphogen. In this way the production terms 

of the Turing morphogens are defined as  

𝑄௜ଶ ൌ 𝑞ଶ ൅ 𝛾 𝑚௜ଶ
ଶ 𝑚௜ଷ,

𝑄௜ଷ ൌ 𝑞ଷ െ 𝛾 𝑚௜ଶ
ଶ 𝑚௜ଷ,

ሺ13ሻ 

where 𝑞ଶ and 𝑞ଷ are the basal expression levels of each morphogen, and 𝛾 is a coupling constant. 

In addition, we introduce a scaling parameter 𝛬 in the Turing morphogens’ reaction term that can 

control the spatial scale of the periodic pattern, such as 

𝑅௜௞ ൌ 𝛬ሺ𝑄௜௞ െ 𝜆௞𝑚௜௞ െ 𝑔௜𝑚௜௞ሻ. ሺ14ሻ       

Figure 5 shows the simulations of the spatial patterning dynamics through time in a proliferating 

and growing tissue domain from a single source cell for the growth morphogen (see Supplementary 
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Video 4). As before, the growth morphogen from the single source cell modulates tissue growth 

dynamics, resulting in a stable circular shape. As all the cells implement the reaction-diffusion 

Turing mechanism, the proliferative tissue dynamically forms a spot pattern that, concomitant with 

the tissue shape, reaches a stable steady state. The wavelength of the system, that is, the distance 

between the spot centers, is modulated by the scaling parameter 𝛬, which also influences the spot 

size. A small scaling factor 𝛬 ൌ 0.1 results in a higher wavelength, leading to a single stable spot 

at the center of the tissue domain (Figure 5A). As the scaling factor 𝛬 is increased to 0.5, the 

wavelength and spot size decrease, resulting in three stable spots in the same tissue domain (Figure 

5B). A further increase in the scaling factor 𝛬 to 2.0 results in a higher number of smaller spots 

(Figure 5C). 

 

Figure 5. A growing tissue with a single growth morphogen source can produce stable Turing spot 

patterns at different wavelengths. A single source cell (red) secretes a diffusive growth morphogen, 
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resulting in a stable circular tissue shape. In addition, all cells include a genetic circuit implementing an 

activator-inhibitor Schnakenberg Turing mechanism that reacts and diffuses across the domain. The system 

can produce spot patterns across the growing tissue, reaching a stable, steady-state spatial configuration. 

(A-C) The scaling factor 𝛬 modulates the number and size of the spots. Blue-green indicates the 

concentration of the activator. Parameters: 𝑞ଵ ൌ 0.1, 𝑞ଶ ൌ 0.1, 𝑞ଷ ൌ 0.9,𝛼ଵ ൌ 10,𝛼ଶ ൌ 2, 𝛼ଷ ൌ 40, 𝜆ଵ ൌ

0.001, 𝜆ଶ ൌ 1.0, 𝜆ଷ ൌ 0.1, 𝛾 ൌ 1.0.  

 

In addition to spot patterns, a Turing mechanism can produce stripes in a continuous domain. To 

test the ability of the proposed model to produce stable stripe patterns in a growing tissue, the 

production term of the inhibitor morphogen was modified such that it is modulated by the activator 

morphogen, resulting in 

𝑄௜ଶ ൌ 𝑞ଶ െ ሺ𝑞ଷ ൅ 1ሻ𝑚௜ଶ ൅ 𝛾 𝑚௜ଶ
ଶ 𝑚௜ଷ,

𝑄௜ଷ ൌ 𝑞ଷ𝑚௜ଶ െ 𝛾 𝑚௜ଶ
ଶ 𝑚௜ଷ.

ሺ15ሻ 

Figure 6 shows the simulations through time of the modified Schnakenberg system in a 

proliferating and growing tissue domain from a single source cell for the growth morphogen (see 

Supplementary Video 5). As with the spot pattern, the growth morphogen signaling resulted in a 

stable circular shape, whereas the reaction-diffusion mechanism dynamically produced a stable 

stripe pattern. Similarly, the scaling parameter 𝛬 modulates the wavelength of the system—in this 

case, the distance between the stripes. Hence, at the steady-state, increasing values of the scaling 

parameter 𝛬 results in one, three, or multiple stripes (Figure 6A-C, respectively). Notably, the spot 

and stripe patterns do not form at high scaling parameter values (data not shown) because the 

system wavelength becomes smaller than the size of a single cell. Conversely, low values of the 

scaling parameter may require domain sizes larger than the tissue size; otherwise, the spot and 

stripe patterns do not form. These analyses demonstrate the versatility of the model for studying 

periodic pattern formation in dynamic tissue shapes. 
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Figure 6. Stable Turing stripe patterns at different wavelengths can also be formed in 

growing tissues with a single growth morphogen source. When the production term of the 

inhibitor is also modulated by the activator in the Schnakenberg Turing mechanism, the growing 

tissue with a single source cell (red) can produce stable stripe patterns instead of spot patterns (see 

Figure 5). (A-C) The scaling factor 𝛬 modulates the number and size of the stripes. Blue-green 

indicates activator concentration. Parameters: 𝑞ଵ ൌ 0.1, 𝑞ଶ ൌ 3, 𝑞ଷ ൌ 9,𝛼ଵ ൌ 10,𝛼ଶ ൌ 3, 𝛼ଷ ൌ

10, 𝜆ଵ ൌ 0.001, 𝜆ଶ ൌ 0, 𝜆ଷ ൌ 0, 𝛾 ൌ 1.0.  
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3.5. Tissue shape controlled by Turing mechanisms 

The coupling of gene expression patterning and growth to regulate the shape of a tissue or the 

whole body is a complex process that is not well understood. Genes such as sonic hedgehog (Shh) 

can act as both morphogens and mitogens to regulate vertebrate development, including patterning, 

proliferation, growth, and differentiation (20). Modeling the complex interplay between pattern 

formation, cell proliferation, and tissue  growth can provide mechanistic insights into these 

feedback regulatory processes (22, 34). To investigate the emergence of shapes through shape-

morphogen feedback mechanisms, we adapted the proposed Turing system to produce spatial 

patterns that act as morphogens controlling cell growth. In this way, there are no source cells 

expressing the growth morphogen; instead, all cells implement the activator-inhibitor system 

(Equation 13), whereas the activator acts as the growth morphogen and directly regulates cellular 

growth (Equation 10). 

Figure 7 shows different simulations of the Turing system regulating cellular growth dynamics, all 

resulting in different stable tissue shapes depending on the duration of the developmental period 

(see also Supplementary Video 6). The initial state included a single cell with equal activator-

inhibitor system concentrations. A low growth morphogen threshold 𝑘 ൌ 0.1 (Equation 10) 

induces cell growth and proliferation during development. As the tissue grows, the Turing system 

produces different spot patterns that, in turn, regulate cellular proliferation in a feedback loop. 

After the developmental period, the growth morphogen threshold is increased to 𝑘 ൌ 0.4, which 

reduces cell proliferation and leads to a steady-state Turing pattern and tissue shape. Figure 7A 

shows how a short developmental period results in a circular shape with a single Turing morphogen 

spot that regulates cell proliferation. The high concentration of this growth morphogen at the tissue 

center (green cells) results in a higher cell proliferation rate that balances with the higher apoptosis 

rate at the border (blue cells) due to the lower growth morphogen concentration. The proliferation 

at the center balances with the apoptosis at the border and results in a dynamically stable steady 

state forming a circular tissue shape. Hence, the circular stable spatial tissue configuration is driven 

by the feedback loop between the Turing pattern controlling cell proliferation and the resulting 

tissue shape, where the Turing pattern reacts and diffuses.  

Crucially, the length of the developmental period modulates the number of spots, and hence the 

resulting shape at the steady state (Figure 7 B-F). Longer developmental periods increase apoptosis 
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and, hence, the number of cells. Because the wavelength of the Turing system is constant, a larger 

number of spots develop in larger tissues, which in turn can produce different shapes. Figure 7 

shows simulations with increased developmental periods that lead to stable steady-state tissue 

patterns and shapes with one to seven spots. The shapes resulting from the different number of 

spots included circular, hourglass, triangular, and up to hexagonal for one, two, three, and seven 

spots, respectively. 
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Figure 7. The feedback between a Turing spot mechanism controlling cell proliferation and the 

resulting tissue growth can produce different stable shapes depending on the length of the 

developmental period.  (A-F) Simulation snapshots of tissue growth governed by the Schnakenberg 

activator-inhibitor kinetics. The Turing system drives both the spot spatial pattern and the resulting tissue 
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shape, as the activator morphogen regulates cell growth. A first period of development with high cell 

proliferation (growth morphogen threshold 𝑘 ൌ 0.1) causes an initial tissue growth, after which a stable 

dynamic shape is established owing to a lower cell proliferation (𝑘 ൌ 0.4)  The length of the developmental 

period dictates the number of spots developed and hence the final tissue shape. Parameters: 𝑞ଶ ൌ 0.1, 𝑞ଷ ൌ

0.9,𝛼ଶ ൌ 2, 𝛼ଷ ൌ 40, 𝜆ଶ ൌ 1.0, 𝜆ଷ ൌ 0.1, 𝛾 ൌ 1.0.  

 

In addition to spot patterns, the Schnakenberg system can produce stripe patterns (Figure 6), which 

can act as morphogen signals for cell proliferation. Figure 8 shows simulations of the stripe-

producing Schnakenberg system where the activator regulates cell growth (see also Supplementary 

Video 7). As before, the initial state included a single cell with equal morphogen concentrations. 

The simulation was divided into a developmental period with a low morphogen threshold (𝑘 ൌ

0.5) resulting in high cell proliferation, followed by a stable period with a high morphogen 

threshold (𝑘 ൌ 2.5) causing a balance between cell proliferation and apoptosis. Although the 

number of cells reached a steady state, the stripe pattern, in contrast to the spot pattern, did not 

result in a stable tissue shape. Because the activator stripes reach the edge of the tissue, cell 

proliferation is high in these locations, leading to shape instability and dynamic continuous 

reconfiguration of the stripe pattern. The overall size of the tissue is controlled by the length of the 

developmental period; yet, the resulting dynamic tissue shapes are similar. 
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Figure 8. A Schnakenberg stripe mechanism controlling cell proliferation results in dynamic tissue 

shapes. (A-C) Simulation snapshots of tissue growth governed by Schnakenberg activator-inhibitor 

kinetics driving the stripe spatial pattern and resulting tissue shape. During the development period (growth 

morphogen threshold 𝑘 ൌ 0.5)  the tissue grows, which is followed by a stable period (𝑘 ൌ 0.4) when cell 

proliferation and apoptosis are balanced. An increased developmental period results in larger tissue sizes; 

however, the tissue shape dynamically changes due to stripe-driven cell proliferation at the tissue border. 

Parameters: 𝑞ଶ ൌ 3, 𝑞ଷ ൌ 9,𝛼ଶ ൌ 3, 𝛼ଷ ൌ 10, 𝜆ଶ ൌ 0, 𝜆ଷ ൌ 0, 𝛾 ൌ 1.0.  

Although the stripe-forming Schnakenberg mechanism, which controls cell proliferation, produces 

globular tissue shapes (Figure 8), a stripe Turing system has the potential to produce a single 

elongated shape. For this, a single stripe with a high activator concentration at the midline and low 

concentration at the border could form a stable elongated shape. Hence, the high proliferation rate 

at the midline could balance the apoptosis at the border to form a stable filament shape. At the 

extreme of the stripes, a high concentration of the activator could induce stripe growth. We tested 

this hypothesis with a molecularly plausible Gierer-Meinhardt model of reaction-diffusion 

mechanisms (50–52)  defined as 
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𝑄௜ଶ ൌ 𝑞ଶ ൅  𝛾
𝑚௜ଵ
ଶ

𝑚௜ଶሺ1 ൅ 𝛿𝑚௜ଵ
ଶ ሻ

,

𝑄௜ଷ ൌ 𝑞ଶ ൅ 𝛾 𝑚௜ଵ
ଶ .

ሺ16ሻ 

where 𝑞ଵ and 𝑞ଶ are the basal expression levels of each morphogen, 𝛾 is a coupling constant, and 

𝛿 is the inverse of the production threshold for the activator. As before, a scaling parameter 𝛬 

controls the spatial scale of the periodic pattern (Equation 14). 

Figure 9 shows the simulations of the Gierer-Meinhardt model where the activator morphogen 

regulates cell growth (see also Supplementary Video 8). Starting with a single cell, the tissue 

proliferates isometrically until a stripe pattern forms. The high proliferation rate at the stripe 

midline is balanced with the high apoptosis rate at the lateral border, resulting in a filament shape 

(Figure 9B). The activator inducing a high proliferation rate is also high at the tip of the filament, 

which causes continuous growth of the filament. As the scaling factor Λ decreases to 0.05, both 

the wavelength and stripe size increase, resulting in wider stripes within the tissue domain (Figure 

9A). Conversely, increasing the scaling factor Λ to 0.5 leads to a higher number of thinner stripes, 

resulting in a more circular shape (Figure 9C).  
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Figure 9. A Gierer-Meinhardt stripe mechanism controlling cell proliferation results in growing 

filament tissue shapes. Simulation snapshots of tissue growth governed by Gierer-Meinhardt reaction-

diffusion kinetics driving the formation of a filament tissue shape formed by a single stripe. (A-C) The 

scaling factor Λ modulates the pattern and shape. Parameters: 𝑞ଶ ൌ 0, 𝑞ଷ ൌ 0,𝛼ଶ ൌ 0.1, 𝛼ଷ ൌ 2, 𝜆ଶ ൌ

1.2, 𝜆ଷ ൌ 1.0, 𝛾 ൌ 1.0, 𝛿 ൌ 0.4.   
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4. Discussion 

Here, we proposed a mathematical framework for morphogen-mediated tissue growth dynamics 

in two-dimensional space, which provides a novel approach to investigate the role of the feedback 

between mechano-chemical signaling pathways and tissue-level shapes. The model is based on 

mechano-chemical interactions that govern cellular behaviors to demonstrate how cell-level 

phenomena, such as growth, proliferation, and apoptosis, influence tissue-scale dynamics. 

Conversely, the overall tissue shape and size feedback into the regulation of morphogen patterns 

that can diffuse through the tissue formed by the cells, closing the loop between cellular behaviors 

and emergent shapes. The model also includes cell death and cell proliferation, which are essential 

for the formation of steady-state tissue configurations in terms of shape, size, and patterning. 

Crucially, the model does not require any superimposed lattice; yet, it can explain the formation 

of tissue patterning with an increase in performance and applicability.  

The proposed framework was employed to study tissue morphogenesis driven by specialized cells 

through the production of a morphogen regulating cell growth. The results show how different 

tissue shapes emerged depending on the number of source cells. For a single source cell, a stable 

circular tissue shape was formed at the steady state, whereas a stable elliptical tissue shape resulted 

from two source cells. As the number of source cells increased, the shape became increasingly 

complex. A parametric analysis of the single-source cell system revealed that the morphogen 

diffusion constant, degradation rate, and regulation threshold all play crucial roles in tissue growth 

dynamics and final shape size. Finally, the results showed that the time to reach steady state and 

stable tissue size are highly sensitive to the parameters that regulate the intracellular morphogen 

dynamics and their microenvironment. 

The model was then extended to investigate the underlying feedback mechanism between 

patterning and cellular behaviors and their role in the regulation of morphogenesis. First, we 

studied how the pattern dynamics of a Turing activator-inhibitor system can evolve concomitantly 

with tissue growth. The results showed how cell fate specification can emerge from an intracellular 

activator-inhibitor system as the pattern forms and scales with the overall tissue size. Both spot 

and stripe patterns can be observed depending on the regulatory interactions between morphogens 

in the Turing system. Crucially, closing the loop between cell growth dynamics and tissue 

patterning by regulating cell growth with a Turing morphogen results in self-organized stable 
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tissue shapes, providing important insights into the coupling between mechanochemical signals 

and tissue dynamics. These experiments showed how the threshold value of the growth  

morphogen significantly contributes to a stable morphological state. For example, in the spot 

pattern dynamics, various stable morphological states were observed depending on the switching 

time of the threshold value for the growth control morphogen. In contrast, the stripe pattern 

dynamics resulted in dynamic tissue shapes, including growing filaments, owing to the growing 

front at the tissue border.   

5. Conclusions 

The proposed framework linking cellular behaviors, patterning, and tissue shapes provides a robust 

theoretical basis for studying dynamic tissue morphogenesis and patterning. This work could be 

applied to understand the mechanisms driving specific biological processes during development 

and regeneration. Crucially, the proposed lightweight approach does not require a superimposed 

lattice to compute diffusion, which will facilitate its integration into machine learning algorithms 

that can infer models for particular patterns and shapes (53, 54). The predictive models can then 

be validated experimentally at the level of whole-body tissue phenotypes (55, 56) and gene 

expression patterns using whole-mount in situ hybridization assays (57). Overall, the analysis 

presented in this study provides evidence of the significant role of the regulatory feedback between 

morphogens and cell dynamics in controlling target tissue and whole-body shapes during 

morphogenesis, paving the way for new insights into tissue engineering and regenerative medicine. 
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