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Abstract

As we move towards more sustainable and resilient materials, new opportunities for harness-

ing the next generation of biological materials will arise. Materials composed of living organisms
have great potential in fulfilling this role as a self-healing, lightweight and sustainable structural
material. Recent advances in 3D-printing using fungi-inoculated hydrogels opens the potential

of additive manufacturing with fungi into optimized shapes. However, while this technique of
3D-printing fungi has great potential in a wide range of engineering applications, computational
models do not yet exist to precisely engineer the strength of structures made from this material.
Here we create a computational modeling scheme for 3D-printed mycelium structures, linking
the growth of fungi to stiffness. We first model the growth of fungi through a diffusion model. We
then convert the resultant density values into local stiffness, creating a computational representa-
tion of the varying elemental stiffness as a function of local mycelial density. We implement two
Bayesian optimization-based topology optimization schemes to maximize the strength of cuboid
3D-printed structures while minimizing the input material cost. One maximizes the material spe-
cific stiffness while the other applies a constrained scheme for identifying a minimized mass for a
target design stiffness. Both show a distinct tradeoff in print mass to stiffness, with results validated
experimentally. These new insights provide important next steps in the effective harnessing of this
class of emergent material, as well as its larger adoption for engineering applications.

1. Introduction

As we move toward building the cities and infrastruc-
tures of the future, the adoption of new paradigms
for smart, adaptable, and environmentally conscious
building materials is critical to addressing the press-
ing challenges of sustainability and resilience in mod-
ern society [1]. One particularly promising class of
materials for this purpose is engineered living materi-
als (ELMs); materials composed of living cells. These
materials are especially compelling due to their inher-
ent capabilities to self-propagate, regenerate, and
dynamically adapt to their environment [2-5].

The functionality of ELMs spans from microscale
cellular behaviors to macroscale structural responses,
yielding materials that are not only innately respon-
sive but also hierarchically organized [6]. This added
dimension of functionality introduces a complex

© 2026 The Author(s). Published by IOP Publishing Ltd

design landscape, wherein the behavior of materials
can be tuned from the cellular level up to the macro-
scopic scale [7].

A compelling subclass within ELMs is those com-
prised of fungal cells. Fungal organisms form a
branching network of hyphae that interweave into a
mycelium structure which is a fibrous network that
serves as the primary structural component of the
fungal body [8, 9]. In recent years, mycelium-based
materials have garnered significant interest due to
their potential applications as a morphable structural
material, in electrical conductivity and signaling, and
with responsiveness to external stimuli [10-12].

However, to engineer and design fungi-based
materials, precise additive manufacturing tools have
emerged as a route for development, where a custom-
designed substrate acts as a scaffold for living cells to
grow out of, creating a composite structure composed
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of substrate and mycelium. These tools allow for
the creation of metamaterials whose internal archi-
tectures can now be voxel-specifically designed and
spatially tuned. In the context of engineered liv-
ing systems, this flexibility allows for unprecedented
design freedom, extending to shape, porosity, and
microstructural function [13]. With porosity stem-
ming both from the ELM microstructure and the
printed scaffold, those materials offer remarkable
strength-to-weight properties and tunable poros-
ity, enabling applications ranging from enhanced
surface-area exchange to improved matrix adhesion
or biofilm integration [14-17].

Gantenbein et al [18], developed Ganoderma
lucidum—inoculated hydrogels that were 3D printed
into lattice architectures to facilitate simultaneous
colonization of the gel and bridging across air
gaps. They demonstrated that nutrient concentra-
tion (via malt extract content) and hydrogel rheol-
ogy modifiers strongly influence fungal exploration
vs. exploitation balance, i.e. whether the mycelium
spreads broadly or densifies local pathways. Their
system relied on agar-based hydrogel matrices with
rheological tuning to maintain printability, humid-
ity control during incubation to support fungal
growth, and open-architecture lattice designs that
allow hyphae to traverse void spaces effectively. By
combining these chemical and physical controls with
geometric design, they produced living materials that
self-repair, regenerate, and adapt to damage, serving
as a direct experimental basis for the computational
design framework developed here.

In this process, the printed hydrogel geometry
defines the macroscopic scaffold, while the subse-
quent fungal colonization generates a secondary level
of porosity at the microscale. This dual form of
organization, with geometry imposed by printing
and microstructure emerging from biological growth,
naturally yields a hierarchical porous material. The
resulting system couples physical design freedom with
biologically driven variability, enabling tunable per-
formance from the perspective of the macroscale
that directly impacts the microstructure development
of the material. This approach enables first-of-its-
kind control over the geometry of fungal structures,
opening doors to a wide range of engineering appli-
cations such as functional living skins for robots,
graded porosity in composites, and bio-signaling
pathways embedded in fungal networks [19-21].
Leveraging the geometric and topological freedom
of 3D printing, fungal structures can be shaped into
diverse patterns and forms tailored to their intended
functionalities.

Despite the promise of this technique, a key lim-
itation remains, which is the prediction of shape
and performance for a given living hydrogel struc-
ture. While models do exist for predicting the growth
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and saturation of fungal networks, they do not
directly translate fungal growth into a metric of mate-
rial performance [22-24]. At present, 3D printing
of fungal materials remains at a proof-of-concept
stage. While early demonstrations highlight their
potential for lightweight and sustainable structures,
the absence of a robust parametric understanding
of fungal behavior prevents effective optimization.
This limitation arises primarily from the coupling
between biological growth dynamics and print geom-
etry, which are difficult to quantify within a uni-
fied design framework. This gap hinders the effi-
cient design of structural forms, particularly when
strength-to-weight ratio is a critical consideration.
Efficient material use is a fundamental goal in additive
manufacturing, especially when sustainability and
minimal environmental impact are central concerns
(25, 26].

Further complicating the design challenge is the
structure of the fungi-inoculated hydrogel. While the
hydrogel matrix constitutes the bulk of the material’s
mass, the mycelium network functions as the primary
load-bearing component. Thus, the primary design
technique for this method is inherently indirect, as
the relevant structure is grown from the printed com-
ponent. Furthermore, the interplay between the engi-
neered hydrogel scaffold and the biologically grown
mycelial network is key in applications requiring high
stiffness at low mass where optimizing material distri-
bution for high properties at low weight is paramount
(27, 28].

To address this indirect coupling between the
designed and the grown components, topology opti-
mization emerges as an essential framework for
exploring structural efficiency within biologically
based materials. Traditional topology optimization
approaches such as variable-density formulations
and the solid isotropic material with penalization
technique can produce highly intricate architectures
across a broad design space suitable for additive
manufacturing. However, these continuous methods
fail to incorporate microscale biological phenomena,
such as fungal growth dynamics, and are compu-
tationally expensive due to their large number of
degrees of freedom [29-32].

The structural optimization of hierarchical
porous living materials therefore remains a largely
unsolved problem. Their formation processes are not
only time-dependent and condition-sensitive but also
governed by coupled biological, chemical, and phys-
ical interactions. Microstructural evolution is influ-
enced by factors such as ink rheology, particle interac-
tions, and nutrient gradients, resulting in morpholo-
gies that are difficult to parametrize or predict within
standard optimization frameworks. Consequently,
defining geometric descriptors suitable for contin-
uous optimization is challenging, and high-fidelity
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Figure 1. (A) Comparison of the computational representation of a mycelium hydrogel print to a physical print. (B) Ilustration
of the unit cell scheme for the prints, with periodic boundary conditions on the unit cell. (C) The general computational frame-
work of this study, with a Bayesian optimization scheme linked to a generalized simulation framework. For our Bayesian opti-
mization pipeline, a stopping criterion is triggered if the calculated specific stiffness -y does not improve by 0.5% over the last 50
iterations. A hard stopping criterion is also implemented after 1000 iterations. (D) Experimental set up for verifying compression
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simulations often demand multiscale nonlinear finite
element (FE) analyses that are computationally inten-
sive and reliant on high-performance computing
resources.

Parametric design models provide a natural
bridge between the stochastic nature of biological
growth and the deterministic frameworks of topology
optimization. By simplifying the design space into a
limited set of physically interpretable parameters for
unit cells, an approach common for the design of
periodic metamaterials, computational costs are dras-
tically reduced while maintaining relevance to fab-
rication constraints [33]. Bayesian optimization has
proven successful in efficiently navigating complex,
low-dimensional design spaces such as those found
in hyperparameter tuning and parametric structural
optimization. However, its potential to optimize bio-
logically driven geometries such as the print spacing
of 3D-printed fungal hydrogels has not yet been real-
ized due to its reliance on explicit parametrization
[34]. This gap highlights a critical opportunity: to
develop an optimization framework that couples bio-
logical growth models with parametric topology opti-
mization, thereby enabling the systematic design of
lightweight, living materials.

We introduce a computational framework that
couples fungal growth modeling with parametric
topology optimization to address this challenge.
Specifically, we developed a model that captures the

growth dynamics and mechanical performance of
3D-printed mycelium hydrogels, allowing the inte-
gration of biological processes into an engineering
optimization pipeline. We implement a Bayesian
optimization scheme to identify optimal print-
spacing topologies within a constrained, physically
interpretable design space. This approach bridges the
gap between biology-driven material formation and
computational structural optimization, advancing
both the theoretical and practical toolkit for design-
ing hierarchical ELMs.

2. Computational design

The goal of this project is to optimize the print topol-
ogy of a 3D-printed fungal hydrogel and the resulting
mycelial network with respect to performance under
uniaxial compression, as illustrated in figures 1(A)
and (B). The structures are printed as cuboids com-
posed of filamentary hydrogel strands arranged in
a lattice pattern, which allows the printed layers to
stack directly on top of one another while maintain-
ing mechanical stability and consistent layer adhesion
during printing and incubation. This configuration
ensures that each successive layer is physically sup-
ported by the one beneath it, preventing collapse or
deformation of the hydrogel during fabrication and
early growth.
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Compared to a uniformly distributed filament
design, the lattice arrangement also enables con-
trolled variation in the spacing between filaments,
a key parameter influencing both fungal coloniza-
tion and local stiffness. By varying this spacing, we
can tune the degree of porosity and the overall load-
bearing performance of the resulting mycelial net-
work. Due to the regularity of loading and geometric
symmetry of these cuboids, the optimization problem
can therefore be reduced to the study of a single peri-
odic unit cell, as illustrated in figure 1(B). This strat-
egy significantly alleviates the computational burden
by constraining the design domain, allowing for faster
iterative FE simulations and a more tractable search
space for topology optimization.

The design of each unit cell is governed by
two independent geometric parameters: g, the gap
between the parallel hydrogel print lines, and h, the
lateral overhang on both sides of each line. This
parametrization enables a tunable degree of spacing
heterogeneity where the special case of h=$% cor-
responds to uniformly spaced print lines. Meshes
for the unit cell designs were created parametrically
using the open source meshing software GMSH [35].
Opposite faces of the unit cells were assigned to be
periodic nodes, and all elements were generated as
Tet4 elements. The meshes were set to have a mini-
mum element size of 0.01 mm and a maximum ele-
ment size €,y relative to the thickness of the hydro-
gel filament ¢ (€, = min (0.3,8/2)). Elements were
refined along curvature points by 10 elements per
2p, with 0.1 mm of z-axis padding for nodal align-
ment along the top and bottom faces. FE simulations
of uniaxial compression on the unit cell were run
using the MOOSE framework [36] to reproduce the
hyperelastic behaviour of the experimental mechan-
ical tests, both from the literature and recreated in
the lab. Mesh convergence reporting can be found in
the supplementary material figure S4. For fabrication,
these unit cells are tessellated evenly in 3D to gener-
ate full-scale printed cuboids for mechanical testing.
This approach minimizes printing flaws by ensuring
a regular, self-supporting lattice structure, while also
providing samples of sufficient size for accurate com-
pression testing. Moreover, the use of tessellated unit
cells reflects the behavior of realistic metamaterials,
which are typically composed of repeating periodic
elements. It also reduces boundary effects that would
otherwise dominate in small or isolated samples, as
the periodic arrangement enables a more representa-
tive measurement of bulk material properties.

2.1. Modeling the material behavior of mycelial
hydrogels

Confocal imaging data, visible in figures 2(A) and
(B), and dry biomass data from previously pub-
lished experimental work [18], visible in figure 2(C)
were used to characterize and calibrate both the
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growth model of the mycelium as well as the three
parameter Yeoh hyperelastic model for material stiff-
ness. In this previous study, grayscale intensities
from confocal images of fungi mycelium growing
between two hydrogels were quantified over a five-
day growth period and interpreted as indicators for
fungal biomass accumulation. By looking at this data,
we can qualitatively characterize the function used for
mycelial growth, starting with a comparison of a 1D
case and extrapolating to 3D. At the cellular scale, fun-
gal growth occurs through the extension of individual
hyphae; however, these hyphae rapidly aggregate into
larger mycelial sheets that form the macroscale mate-
rial. In an environment of constant nutrient concen-
tration, this expansion proceeds as a diffusive front
originating from the hydrogel filaments and propa-
gates outward through the surrounding void space
[37]. As established in mathematical biology litera-
ture, while discrete models are required to resolve
cellular-level branching and anastomosis, the aggre-
gate dynamics of mycelial network expansion at the
colony scale are effectively captured using contin-
uum reaction-diffusion frameworks [38]. As the front
advances, adjacent growth regions merge, bridging
the gaps between printed lines and effectively cement-
ing the overall structure. Growth continues until the
fungus either occupies the available voids or reaches
its natural limit due to distance from the nutrient
source (the hydrogel surface).

Given this behavior, the bulk evolution of the
material can be sufficiently captured by modeling
fungal growth as a diffusive process. Accordingly,
the growth profile was represented computationally
using a constant-coefficient diffusion equation to
describe the net spread of mycelial biomass from
the hydrogel boundary into the uncolonized regions.
While micromodels that resolve cellular-level branch-
ing and chemotaxis can offer greater precision, the
aggregate dynamics of mycelial expansion are effec-
tively diffusive at the mesoscale and are thus well rep-
resented by this simplified formulation. Furthermore,
the approach of solving a partial differential equation
(PDE) allows for generalization from any 1D sys-
tem to a 3D system, allowing for fungi growth to be
applied to all manner of arbitrary geometries. This
eliminates some computational difficulties with func-
tional methods based on distance, as there is no ambi-
guity on overlapping nodes. Thus, this growth profile
was modeled computationally as follows:

Ip(x,1)

_ 2
=0 — DV (x,1) (1)

where the extent of the diffusion was tuned to experi-
mental growth data and not allowed to reach full sat-
uration. Here, p represents the local mycelial density,
x the spatial position vector, ¢ time, and D the effective
diffusion coefficient. Two tests were used to calibrate
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Figure 2. (A) A cartoon of confocal image grayscale values of fungi growth between two hydrogels, which were used to charac-
terize the growth of fungi from a hydrogel substrate thanks to data from Gantenbein et al [18]. Diffusion front density values
from solving equation (1) on a rectangular domain, overlaid on the calculated grayscale values of the confocal imaging. (B)
Comparison of Gantenbein et al fungi biomass values vs simulation diffusion mass density as a function of print line gap. The
computational density values were scaled linearly by a scaling coefficient of 4.639 with a diffusion coefficient of 0.04. (C) A sim-
ilar comparison to literature values, in this case stiffness as a function of line gap. The computational stiffness values were scaled
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the model, 2D grayscale calibration and 3D biomass
calibration.

In Gantenbein et al, two mycelium-inoculated
hydrogel lines were tagged with fluorescent dye and
placed between two rectangular slides [18]. The
mycelium was allowed to grow for 5 d, where the den-
sity of fungal cells was quantified via laser confocal
microscopy, giving insight to the relative density of
fungal cells over time. For our model, we overlay the
density profile over time from the literature against
the density profile our model calculates in figure 2(B),
giving us a starting point for tuning our diffusion
coefficient and qualitatively validating our choice of
a diffusion PDE to upscale into 3D.

To match the 1D grayscale tests, a rectangular
grid was simulated with Dirichlet boundary condi-
tions on the left and right side and zero flux at the
top and bottom. Dirichlet boundary conditions of
0.3 were chosen to match the average grayscale val-
ues right at the edge of the hydrogel, when normal-
izing the image grayscale values between [0, 1] due
to the uniformly fluorescent surface of the hydro-
gel having much higher grayscale values than even
the densest parts of the fungal network immediately

on the hydrogel surface. We enforce a 1D condition
on our diffusion problem by setting no flux across
the top and bottom boundary, allowing diffusion to
occur only from one hydrogel face to another for a
direct comparison with grayscale values. This setup
served as a surrogate for the fungal growth profile
observed in optical experiments. By comparing sim-
ulated fungal density distributions against the exper-
imental grayscale data, as seen in figure 2(A), we
gain qualitative insight into the correct shape of our
growth model as well as a relative starting point for
the diffusion coefficient scaling relative to the time
step size. We then apply these insights to the 3D case
of fungi growth from the surface of a hydrogel in a
printed grid, albeit with direct quantitative scaling of
the diffusion coefficient due to its sensitivity to time
step and boundary conditions, allowing us to fully
tune our biomass accumulation.

For the 3D biomass calibration, a full unit cell
simulation was compared to empirical measurements
of dry biomass as a function of print line gap
for cuboids printed with uniformly spaced lines.
Owing to the periodicity of the system, the dif-
fusion equation was solved over only one of the
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3D unit cells with the hydrogel surface as a fixed
boundary of relative density p,(9€2, ) = 1, with p, =
Z—:, the ratio of the local density p* to the max-
imum void density p,. Periodic boundary condi-
tions were applied t the x and y-plane sides as
follows:

pr(0,8) = pr (I, 1) =0
Pr (07t> —Pr (W7 t) =0
Pr (Oa t) — Pr (hv t) =0 (2)

where the unit cell was bounded from 0 to / length, w
width, and & height, and the boundary vectors as seen
in figure 1(B):

I 0 0
I=]0|,w=|w | ,h=]| 0 |. (3)
0 0 h

These periodic boundary conditions also served to
correct for boundary effects, which are especially
present at the sharp edges of the computational
unit cell. Boundary conditions were enforced on two
levels, the mesh-level and the solver-level. At the
mesh level, periodic boundary conditions are set on
all three axis face pairs (left/right, front/back, and
bottom/top) using 4 x 4 affine translation matri-
ces. Curve-level periodicity is pre-registered first to
avoid seam-vertex matching failures on curved fila-
ment surfaces. At the solver-level, MOOSE’s periodic
boundary system automatically searches for matching
nodes for primary and secondary boundary pairs via
a translation vector. Biomass values were integrated
across the domain and normalized by line spacing g to
compute percent biomass, which was linearly scaled
to fit experimental results. The diffusion coefficient
was tuned by minimizing the root mean square error
(RMSE) between simulation and experimental values
via the Python library SciPy’s optimization package.
This minimization was solved using the Broyden—
Fletcher—Goldfarb—Shanno algorithm, solving for

(4)

where p; are the literature biomass values for a given
line spacing indexed at i, p; are the simulated biomass
values, and # are the number of literature observa-
tions. This tuning process resulted in an optimal dif-
fusion coefficient of 0.04 mm? d~! with the agree-
ment of the biomass growth values demonstrated in
figure 2(B). To empirically validate the relationship
between print spacing and hyphal colonization pre-
dicted by our diffusion model, brightfield microscopy
was used to visually confirm active mycelial bridg-
ing across the void spaces (see supplementary figure
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S2). This biological bridging directly corroborates the
assignment of load-bearing capabilities to colonized
regions within our FE model.

2.2. Linking biomass to structural stiffness

To relate mycelial density to mechanical properties,
we drew from established models of cellular foams
linking material properties to density [39]. These
materials exhibit a power—law relationship as seen in
the Gibson—Ashby model between density and stiff-
ness of the form:

E=ap¥ (5)

where E is the material stiffness, p the local mycelial
density, « a linear scaling factor, and ¢ an exponent
describing the scaling behavior of the material.

Mechanically, the mycelium acts as a fibrous,
percolating network in which load transfer occurs
through the bending and stretching of interconnected
hyphae. This structure bears conceptual similarity
to open-cell foams and fiber-reinforced porous scaf-
folds, where mechanical performance depends pri-
marily on the local density and connectivity of the
network rather than the precise orientation of indi-
vidual filaments. Directly modeling this architecture
would require resolving thousands of branching fila-
ments and their contact interactions, a computation-
ally prohibitive task that is difficult to parameterize
from experimental imaging data.

Therefore, the foam-based constitutive law pro-
vides a tractable mesoscale approximation that cap-
tures the dominant dependence of stiffness on
biomass density. This formulation was implemented
at the element level to assign spatially varying stiff-
ness throughout the unit cell, consistent with the dif-
fused fungal density field obtained in the previous
step. Only the mycelium-filled regions were treated as
structural, as the hydrogel matrix contributes negligi-
ble stiffness and is therefore numerically represented
as voids [36].

To adapt the power scaling of stiffness seen
in equation (5) to the nonlinear Yeoh hyperelastic
model, we first start with the fundamental Yeoh strain
energy density formulation:

3
W:Zci0(11—3)1+§(1—1)2 (6)
i=1

where Cjy are empirically derived material constants,
I, is the first invariant of the isochoric right Cauchy—
Green deformation tensor, K is the initial bulk modu-
lus, and J is the elastic volume ratio. To map the mate-
rial constants to relative density p;, we define Cj (pr)
in the spirit of Gibson—Ashby as

Cio (pr) = C]iJOase (pr)w . (7)
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With C%¢ defined as an empirical scaling factor. With
a three-term model, Cjy controls the linear regime
of the curve, Cyy controls the quadratic hardening of
the material under compression, and Cjq corresponds
with cubic densification. To accurately represent the
physical rigidity percolation threshold of the random
fibrous network, a step-function cutoff was applied to
the higher-order terms. Regions with a relative den-
sity below the critical connectivity threshold lack suf-
ficient hyphal entanglement to undergo physical den-
sification. Activating higher-order invariants in these
highly compliant, fictitious void regions is known to
induce severe numerical instability and artificial stift-
ening under large strains [39]. A connectivity thresh-
old p. 0f 0.01 was found to address numerical stability
issues while adding negligible stiffness to our model.
Thus, our localized parameters are defined as:

Cio (pr) = Coas¢(p,)"

_ LS ifpe >

Cao (pr) —{ 0 ifpr < pe - (8)
Cbase rd’ i . > 0,
Cso(pr):{ G (pr) 52 <£

To vary bulk modulus by elemental stiffness, we start
with the relationship between bulk modulus K, initial
shear modulus p, and Poisson’s ratio v:

_ iu +v) )
(1-2v)

The consistency condition for the Yeoh model defines

1= 2Cig (pr). Assuming a Poisson’s ratio of 0.1, con-

sistent with open-cell biological foams [40], we sim-

plify the relationship between K and p; as:

34((113;))] ~ 1.833Cyo (pr) .

(10)

K(pr) = Cio (pr) {

This allows us to maintain the physical compressibil-
ity of an open-cell foam regardless of fungal density.

Uniaxial compression simulations were per-
formed by assigning the top boundary of the unit
cell a constant displacement of 0.01¢ (mm s~!), then
fixing the z displacement of the bottom face. A single
bottom node is also pinned in the x and y direc-
tion to eliminate rigid-body motion without over-
constraining shear. Finally, periodic displacement
conditions were assigned to the opposite side faces.
Additionally, a frictionless contact penalty of 10° was
applied to the hydrogel surface. Through this study,
we aim to recreate the relationship between line gap
and 25% compressive strain stiffness Gantenbein
et al used as a benchmark for comparing the rela-
tive strength of spaced hydrogels [18]. Instantaneous
stiffness was measured for computational samples
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by calculating the slope of the secant line for data-
points immediately before and after the 25% strain
target. In effect, we are homogenizing the local ele-
mental stiffness to the macroscopic stiffness of the
entire unit cell, which is then calibrated experimen-
tally. Coefficients ¢, Cig, Cy, C3p and a numer-
ical fitting parameter 3 were optimized by mini-
mizing, in the same manner as the diffusion val-
ues, the RMSE between simulation predictions and
mechanical test results at the end-of-growth stage
for physical samples, demonstrated in figure 2(C).
This resulted in a linear scaling coefficient o = 0.744,
Cio=1e"% Cy=15e"Y Cjp=2¢e"", and an
exponential factor ¢ = 8 at a mean RMSE of 1.3845
kPa. While the scaling « value represents the relative
intrinsic modulus of a fully dense, completely satu-
rated mycelial volume and likely accounts for errors
in the diffusive density values, the low Cjy values cor-
respond with the unit scaling of empirical materials
at the low kPa stiffness range for a model designed
around loads on the scale of MPa. Furthermore, the
greater contribution of Cy and Cj is attributed to
the extremely soft, non-linear nature of the material
even at initial loading.

While classical Gibson—Ashby open-cell foams
typically exhibit a density-stiffness exponent near
1 = 2, our hyperelastic calibration required a much
larger exponent. This deviation is physically consis-
tent with the mechanics of highly irregular, random
networks, such as aerogels, which routinely exhibit
scaling exponents well above classical bounds due
to incomplete connectivity and the presence of non-
load-bearing ‘dangling’ structures [39]. The macro-
scopic stiffness of fibrous networks is likely governed
by a rigidity percolation threshold: load transfer only
occurs once a critical biological density is achieved,
as the presence of mycelium fibers does not guaran-
tee they are dense enough to interlock. Because the
phenomenological power—law implemented in our
model from equation (5) does not explicitly sub-
tract this critical threshold, the apparent scaling expo-
nent () must naturally inflate. The high exponent
acts as a mathematical surrogate for rigidity perco-
lation, correctly driving the mechanical contribution
of sub-critical, unbridged diffused densities to near
zero [41].

The close alignment between the computational
predictions and experimental outcomes, particularly
regarding fungal growth modeled via diffusive front,
suggests that the macroscale behavior of mycelial
colonization and overall biomass generation can be
effectively approximated using a simple and com-
putationally inexpensive partial differential equation.
These findings indicate that fungal biomass accumu-
lation over time can be accurately modeled without
the need for detailed and complex, resource-intensive
microscale simulations. This serves to greatly simplify
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predictive calculations related to growth rate and
material deposition with minimal parametrization.

However, modeling the mechanical response
under compression presents more challenges. While
the diffusion-based model provides a reasonable
approximation of biomass distribution, it does not
capture the morphological complexity of fungal
growth. Fungal mycelia exhibit a fibrous, branch-
ing architecture that is highly hierarchical, with
microscale entanglement and orientation influenc-
ing macroscale mechanical properties. The isotropic
and scalar nature of the diffusion model overlooks
these directional and structural nuances, which may
limit its effectiveness in predicting stiffness or failure
modes in real-world applications despite the model’s
strong applicability for this case. For the purposes of
this study, these limitations are not applicable and are
only raised for future studies.

Together, these calibrated parameters form a
consistent link between biological growth, spatially
resolved material distribution, and macroscopic
mechanical performance. This calibrated model pro-
vides a foundation for topology optimization efforts
via a scaled computational framework, allowing us to
explore strength-to-weight tradeoffs across a discrete
design space of printable geometries.

3. Optimization of printed structures

To optimize the structural efficiency of the mycelium-
based hydrogel structures, we employed a Bayesian
optimization framework using the BoTorch package
[42] which is a Python library built on Gaussian
process (GP) modeling. This method is particu-
larly well-suited for optimization problems with low-
dimensional, expensive-to-evaluate design spaces,
which is particularly relevant for the constrained unit
cell topology problem defined here.

Thanks to the reduced complexity of the unit cell
design space characterized by just two primary geo-
metric parameters x = (g,h) with g (line gap) and
h (overhang), normalized to a rescaled domain of
Q = [0,1)%, the typically intensive task of topology
optimization becomes much more computationally
tractable. Bayesian optimization iteratively explores
this space by modeling the objective functions with
a GP, then using an acquisition function to bal-
ance exploitation of known optima with exploration
of uncertain regions. For our study, the expected
improvement (EI) acquisition function was chosen to
guide the optimization, with the schematic of the pro-
cess illustrated in figure 1(C).

Restricting the design space of the topology opti-
mization problem to a unit-cell-based design space
significantly improves the computational efficiency of
our problem. Bayesian optimization, when applied
to this discretized space, enabled rapid identification
of optimal design configurations without the need
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for full-field FE simulations. This approach is espe-
cially useful in exploratory phases or when varying
critical material parameters, such as ink composition
or initial fungal density. The reduced computational
burden opens the possibility for iterative prototyping
and real-time feedback in future smart manufactur-
ing pipelines.

The optimization framework targets two related
but distinct objectives: maximizing the specific stiftf-
ness and minimizing the mass for a target stiffness.
These objectives were selected to balance mechan-
ical performance and material efficiency, reflecting
the core engineering trade-off underlying sustain-
able additive manufacturing. High specific stiffness
is a critical property for lightweight structural com-
ponents, particularly in aerospace and architectural
applications, where maximizing load-bearing capac-
ity while minimizing material usage directly trans-
lates to reduced environmental impact and improved
structural efficiency. Conversely, minimizing mass for
a given stiffness provides insight into the material
distribution strategies that achieve equivalent perfor-
mance with lower resource consumption. Both tar-
gets represent design objectives consistent with those
of the larger aerospace industry.

3.1. Maximizing specific stiffness

Defined as the ratio of unit cell stiffness E(x) to the
total mass M (x) of the unit cell, the specific stiff-
ness -y is a common metric for mechanical material
efficiency. This optimization objective can be repre-
sented as

maxy = E(x) (11)

)
0<p Punit cell

where the unit cell density is derived from the total

mass of hydrogel and fungi within the unit cell vol-

ume Vynit cell»

Mfungi (x) + Mhydrogel (x)
Viunit cell .

Punit cell = ( 12)
Given empirical evidence showing that mycelial
biomass constitutes only ~4% of the total mass of the
structure [18], we assume Mgyngi < Miydrogel - Under
this approximation, the optimization function sim-
plifies to:

E (x) Vunit cell

maxy = ——————. (13)
0<p Mhydrogel (x)

3.2. Minimizing mass for a target stiffness

A second optimization condition seeks to minimize
the mass of the printed structure while maintaining
a target range of stiffness values. In this formulation,
the objective becomes:

Q
minM(x):/de. (14)

0<p
0
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A conditional constraint was applied to the optimiza-
tion loop to restrict valid solutions to those achiev-
ing a specified stiffness tolerance. This conditional
optimization was achieved following the framework
described in the work of Eriksson and Poloczek [43]
regarding scalable constrained Bayesian optimiza-
tion. To design our optimization, equation (14) was
subjected to the constraints ¢; (x) and ¢, (x)

Enin < E(x) < Enax
¢1(x) = Emin — E(x) 0. (15)
(%) =E(x) — Emax <0

In each Bayesian optimization iteration, three GP
models are fitted: GPy for the objective function f(x),
GP,, for the lower-bound stiffness constraint, and
GP,, for the upper-bound stiffness constraint, assum-
ing independent priors and posteriors across outputs.
All GPs follow an ARD RBF kernel. Although we may
see some uncertainty at the areas of step disconti-
nuities for unit cells, this is a product of our prag-
matic choice to enforce whole unit cells. The hyper-
parameters for our kernels were fit by maximizing the
marginal log likelihood (MLL), using the L-BFGS-B
minimization scheme. The fitting of hyperparame-
ters was performed after every Bayesian optimization
loop, where they were optimized by maximizing the
sum of the individual MLLs. Our optimization loop
started with 20 initial samples.

Like with standard Bayesian Optimization,
our constrained optimization model chooses sam-
pling points via an acquisition function trading
off exploitation and exploration. In our case, we
use g-Log El, a variant of the standard EI acquisi-
tion function that computes a batched smoothed
log-improvement over the function. For the con-
strained EI objective, the objective « (X) for data X is
defined as

] .
ty (X) ~= E Imp(f(X);f*)’Hrf<—C’(m>
j=1
(16)

where 7) is a sigmoid sharpness parameter, f(x) is the

new measured value, and f* (x) is the known best

value. This formulation penalizes the improvement

Imp (f(X);f*) by the weighted product of the con-
5(X)

straint functions, seen in szl o (_T) IfckO0

(the point is considered strongly feasible by the con-
straints), the point is likely to be chosen. In our
design, for each loop 512 samples were assessed before
a new sample was simulated. To maximize the EI,
SciPy’s L-BFGS-B optimizer was used, with 20 restarts
from 1024 Sobol samples.

In both cases, a maximum of 1000 iterations were
run per optimization campaign with an additional
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stopping criterion of 0.5% relative improvement over
a 50-iteration window. These experiments were per-
formed in triplicate, with convergence being achieved
before the 50 iterations threshold.

For the specific stiffness optimization scheme, the
resulting specific stiffness values exhibited maxima
at parameter combinations of g=0.81 and h = 0.56,
aligning closely with the trends observed in experi-
mental testing from previous literature [18]. These
findings support the consistency of the simulation
framework in capturing biologically driven mate-
rial behavior, and are visualized in figures 3(A)—(D),
demonstrating the full pathway of the minimization
of the specific stiffness of the material.

Because the density of the material directly influ-
ences the specific stiffness outcome, the print den-
sity was fixed according to experimentally validated
values for the hydrogel formulation. This constraint
ensures the results remain physically realizable within
the tested fabrication process.

When the optimization objective was shifted
toward minimizing mass while achieving a target
stiffness, multiple viable topologies emerged, as seen
in figure 3(C). Among these, specific designs with
reduced hydrogel usage were identified as optimal
through the same Bayesian framework. As expected,
a general inverse correlation was observed between
print mass and print spacing. Larger values of g and
h reduced the quantity of hydrogel required, thereby
decreasing the overall mass of the structure. This
trend is consistent with the hydrogel being the dom-
inant contributor to mass, given that mycelial dry
biomass accounts for only a small fraction (~4%) of
total print weight.

However, due to the parametric nature of the unit
cell approach and the constraint of full-cell tessella-
tion to fill a 25 mm cubic print volume, the final
print mass field displayed a jagged response surface.
This effect was especially pronounced for smaller unit
cells, where variations in integer tessellation count
introduced abrupt shifts in total material volume.
The inability to use fractional unit cells led to slight
oversizing or under sizing relative to the target print
dimensions, producing local discontinuities in the
mass optimization surface.

Through the compression simulations, a clear
global trend emerged: as both spacing parame-
ters g and h increased, total print mass decreased.
Meanwhile, the optimal specific stiffness was found
near intermediate values around g= 0.81 mm and
h = 0.56 mm suggesting a balance between structural
efficiency and material conservation in the selected
designs at least within a relatively limited design
window.

Analysis of the optimization results reveals that
the highest compressive stiffness corresponds to
designs with relatively small gaps between hydrogel
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print lines. Designs with excessively sparse line spac-
ing lacked sufficient hydrogel substrate for effec-
tive mycelial scaffold formation, resulting in weaker
mechanical performance despite a reduction in mass.
Conversely, denser prints allowed for more complete
mycelial colonization and stronger lattice structures
but incurred a higher material cost. In addition, too
small a line gap does not provide enough of a void
for the fungi to grow into, reducing cementation.
The topology optimization framework consistently
favored slightly denser structures, demonstrating a
tradeoff in which modest increases in material usage
yield substantial gains in stiffness and reliability.

This insight reveals a fundamental challenge
in the application of 3D-printed fungal materials:
mycelial scaffolds require a significant volume of
hydrogel to develop structural integrity. Although
post-processing techniques such as freeze-drying can
be used to remove excess hydrogel and reduce final
weight while maintaining form, such methods also
kill the living fungus, negating one of the core advan-
tages of ELMs, namely, self-healing and environmen-
tal adaptivity [44].

Despite the simplifications inherent in the model,
the unit cell approach proved to be a computationally
efficient and physically consistent strategy for approx-
imating structural behavior under uniaxial compres-
sion. The method provided accurate results for nor-
mal loading conditions and enabled efficient explo-
ration of the design space. However, the same unit cell

simplification is unlikely to hold for bending or tor-
sional loading scenarios, where the force distribution
would interact with more anisotropic microstructural
features.

4. Experimental verification and
mechanical testing

To validate the optimized topologies, we fabricated
and tested physical samples using a direct ink writing
(DIW) bioprinting process. The mycelium hydrogel
ink was prepared using a formulation modeled after
that reported by Gantenbein et al [18].

4.1. Materials

The following chemicals were purchased and used
as received: Gibco™ Bacto Malt Extract (Fisher
Scientific), peptone (Merck Sigma), calcium chloride
anhydrous (Merck Sigma), sodium alginate (Merck
Sigma), agar—agar (Carl Roth), and x-Carrageenan
(Merck Sigma). A cellulose-based thickener (MCG,
Vivapur MCG 811 P) was provided by JRS Pharma.
The fungal species Ganoderma lucidum (strain num-
ber M9726) was purchased from Mycelia NV.

4.2. Mycelium cultivation
Mycelium for bioinks is prepared in a two-stage pro-
cess. The fungus is grown on malt extract agar (MEA)

10
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plates to prevent and visually assess for contamina-
tion throughout the experiment. MEA plates were
inoculated, incubated at 27 °C for 7 d, and stored
at 4 °C for up to 21 d. Two rectangles (5 mm x
10 mm) are cut from the MEA and added to a ster-
ile Erlenmeyer flask with a cotton stopper containing
150 mL of malt extract broth. The flask is vigorously
shaken to loosen the hyphal tips and incubated for
7 d at 27 °C, shaken at 160 rpm. The ‘seed’ inoculum
is washed three times from the broth into 25 mL of
sterile DI water in 50 ml Falcon tubes. The pellets are
vortexed for one minute to break them into smaller
hyphal fragments for reseeding, and they are stored
at4°Cupto21d.

4.3. Mycelium bioink preparation
Mycelium-inoculated bioinks were formulated in DI
water containing 10 wt% malt extract, 0.5 wt% pep-
tone, 3.0 wt% cellulose-based thickener, 1.5 wt% «-
carrageenan, and 1.5 wt% agar, following [18]. The
malt extract and peptone were dispersed into DI
water, mixed with a liquid frother attached to a hand
rotary tool (Proxxon, No 28 505-11) at 5,000 rpm for
305, and heated to ~60 °C. The cellulose-based thick-
ener was added and mixed for 30 s, and allowed to rest
for 10 min to allow the cellulose to swell. The remain-
ing additives were mixed individually for 30 s, yield-
ing a paste-like mixture. The bioink was sterilized via
autoclave (Hirayama HG-50), at 121 °C for 20 min.
As the ink cooled from 50 °C to room temperature,
it was mixed for 30-60 s every 5 min under sterile
conditions in a biosafety cabinet (Herasafe). This step
forms microgranules during agar setting, which are
important for the rheology of the DIW bioink. Seed
mycelium grown in liquid culture was harvested as
outlined above, and 1 ml of fragments (for every 50 ml
of ink) was mixed into the bioink. Roughly 20 ml of
bioink was added to 20 ml syringes and degassed via
centrifugation at 1690 g for one minute. The bioink
was typically used immediately for DIW or stored,
sealed at 4 °C, when not in use, to inhibit mycelium
growth before printing.

4.4. DIW

DIW in this work was prepared on a modified
Ultimaker 2+ desktop 3D printer as described in
Amani et al [45]. Designed patterns were prepared
via fullcontrol, with printing and travel speeds set to
15 and 30 mm s™!, respectively, and a layer height
of 0.84 mm for a nozzle diameter of 0.84 mm. The
prints were incubated in sterile boxes at 27 °C for 15 d.
Five distinct print topologies were selected for empir-
ical testing, covering both the bounds of the design
space and the predicted optima from Bayesian opti-
mization (g = 0.66, h = 0.33; ¢ = 3.66, h = 1.83;
g =13.66, h =0.33), as well as the full field design opti-
mum and a midpoint design at g = 1.23, h = 0.68.
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These topologies varied in their g and h parameters.
Each design was printed in triplicate. Because our
computational framework optimizes for the terminal,
fully colonized state of the material, mechanical test-
ing was focused exclusively on this 15 d end-point.
Macroscopic time-course imaging of the grid struc-
tures (supplementary figure S1) illustrates the tempo-
ral evolution of the fungal network, visually confirm-
ing that bulk colonization plateaus after this period
of incubation. To ensure that the observed structural
integrity was driven by mycelial biomass accumula-
tion rather than hydrogel desiccation or shrinkage, all
physical samples were incubated in a controlled envi-
ronment at ~80% relative humidity.

4.5. Mechanical testing

After incubation, samples were weighed to calcu-
late their specific stiffness values. Mechanical prop-
erties were evaluated via compression testing using
a Zwick Roell UTS with a 100 N load cell at a con-
stant displacement rate of 5 mm min~! as seen in
the configuration shown in figure 1(d). Each sam-
ple was compressed at a constant displacement rate
of 5 mm min~! [46]. Compressive stiffness was
quantified by calculating the slope of the force-
displacement curve between 24% and 26% strain,
following the instantaneous stiffness calibration val-
ues from Gantenbein et al [18]. The experimental
testing confirmed the validity of the computational
optimization framework. Specifically, the topology
configurations predicted to yield maximum spe-
cific stiffness were successfully replicated in physi-
cal prints. Each of the five candidate designs (three
from the borders of the design space and two from
the optimization-predicted optima) was fabricated
and tested in triplicate, as seen in figure 4(A). These
specimens displayed a hyperelastic material response
typical of soft matter biological materials, as seen in
figure 4(B). When testing the extrema print designs
(g=0.66and h=0.33,¢g=3.66 and h = 1.83) against
the optimal print design (g = 0.81, h = 0.56), we
find that this print has a consistently higher stiffness
through the entire loading path.

Mechanical testing results aligned closely with
simulation predictions, with simulated stress val-
ues for each design falling within the calibration
range used during model development, shown in
figure 4(C). This agreement validates both the fun-
gal growth model and the material property scaling
functions employed in the FE simulations, though it is
important to acknowledge inter-strain variability will
likely require re-calibration for mechanical data. Even
within species, mycelium have shown differences in
growth kinetics under equivalent conditions [44].

Consistently, the simulation agreement with the
experimental curves both in the literature and in our
tests tended to diverge past the 30% strain point,
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and also in designs with rather large line gaps, such
as those past 2.25 mm. This is likely due to our
decision to omit the modeling of the soft hydro-
gel within the mycelium matrix. Past 30% strain,
the fungi has completely compressed, and the hydro-
gel begins to significantly buckle and then burst, as
noted in Gantenbein et al [18]. The additional com-
pliance of the hydrogel structure likely causes an
under-stiffening of the material, offsetting the expo-
nential densification modeled in the Yeoh model. On
the other end, at low strains, there is a consistent
divergence at large line gaps, as seen in figure 2(C).
Partially, this is due to the mycelium not sufficiently
colonizing large gaps to reach the stiffness percola-
tion threshold, as seen in supplementary figure S2,
where the only measurable stiffness is in the hydro-
gel compacting itself. This also explains why the stift-
ness noticeably plateaus past this point. The hydro-
gel also visibly slumps at larger line gaps, as in sup-
plementary figure S5, indicating buckling or filament
bending is the real failure mode at these designs,
well before fungi compression and densification can
occur.

5. Conclusions

We develop a FE-based computational framework
to approximate the growth behavior and mechani-
cal performance of 3D-printed mycelium hydrogel
structures. Leveraging this model, we implemented a
hierarchical topology optimization scheme that cou-
ples fungal growth dynamics with structural perfor-
mance prediction, enabling data-driven optimization
of bio-fabricated geometries. This represents one of
the first demonstrations of integrating a living growth
model within an optimization framework tradition-
ally reserved for synthetic materials.

Our results demonstrate that diffusion-based
models serve as effective macroscale approximations
for mycelial growth, providing quantitatively reliable

estimates of biomass distribution and corresponding
stiffness evolution. Through this coupling, we
revealed how biological growth parameters and geo-
metric design interact hierarchically: from microscale
hyphal diffusion to macroscale structural response.
Notably, the optimization yielded non-intuitive
design configurations in which moderate filament
spacing produced superior specific stiffness, under-
scoring the importance of considering both biological
and structural factors in tandem. It is important to
note that fungal growth kinetics are highly organism
and strain-specific. The phenomenological scaling
parameters D, «, ¢, developed in this study are not
universal constants, but rather strain-specific inputs.
By utilizing standard physical growth characteriza-
tions, this calibration-to-simulation framework can
be readily adapted to other fungal species or strains,
enhancing its generalizability as a design tool for
diverse ELMs.

Beyond the immediate computational insights,
this work highlights the potential of hierarchical
design principles for the next generation of ELMs.
By linking the self-organizing properties of biological
systems with formal optimization methods, we estab-
lish a new paradigm for biohybrid material design:
one where growth and geometry co-evolve toward
structural efficiency.

While the diffusion-based formulation simpli-
fies the morphogenetic complexity of mycelium net-
works, the present framework demonstrates that
even reduced-order biological models can success-
fully guide functional design at larger scales. Future
developments should extend this approach to more
complex loading regimes (e.g. bending, torsion, cyclic
loading) and incorporate true multiscale constitu-
tive models to capture the anisotropic mechanics of
fibrous fungal networks.

Ultimately, this study advances the field by show-
ing that hierarchical topology optimization can serve
as a bridge between living biological growth and com-
putational material design; transforming 3D-printed
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fungal hydrogels from proof-of-concept biomateri-
als into systematically engineered, high-performance
structures.
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