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Abstract
Turing patterns provide a classical mechanism for understanding self-organisation in reaction-diffusion systems.
In one spatial dimension, a critical domain size is derivable, which defines the bifurcation point for patterning,
meaning that domain lengths must be larger than a specified critical size for patterns to exist. In this work, using
geometric spectral theory, we establish the existence of a critical domain size for Dirichlet boundary conditions
in arbitrary dimensions, whereas for Neumann boundary conditions such a critical size cannot be guaranteed even
for convex domains when measured by volume or surface area. Nevertheless, analysis of convex domains suggests
that alternative measures of domain size may still yield a well-defined Turing bifurcation threshold. Furthermore,
using parallelograms as analytically tractable test cases, we investigate the bifurcation structure of Turing patterns,
focusing on the limit of reducing the shape from two-dimensional to pseudo-one-dimensional. Through linear sta-
bility analysis, numerical calculation of Laplacian eigenvalues and using recent results on analytical bounds, we
demonstrate that there is no unique critical length for patterning to occur, rather, the length depends on how the
dimension reduction takes place. These findings are supported by numerical simulations of the full nonlinear sys-
tem, which confirm the analytical predictions. Our results challenge the traditional assumption of a unique threshold
for pattern onset, highlighting the fundamental role of domain geometry in the interpretation and modelling of bio-
logical pattern formation. This work emphasises the need for careful geometric consideration in both theoretical
and experimental studies using reaction-diffusion frameworks.

1. Introduction

Decades of mathematical, biological, chemical and now engineering research have been founded on
Alan Turing’s original insight that diffusion, when coupled with specific local reaction kinetics, can
destabilise a homogeneous steady state and give rise to spatially heterogeneous patterns [26, 36, 56,
60, 71]. Due to their ability to model diverse phenomena, reaction-diffusion models have been invoked
in applications as varied as producing pigmentation patterns in animal coats [7, 27, 44], predicting
crime hotspots [57] and understanding vegetation density [75]. Recent years have seen a proliferation of
studies that seek to ground Turing patterning models in measurable molecular mechanisms, including the
identification of candidate morphogens and their associated gene regulatory networks [21, 38]. Despite
this progress, direct experimental validation of Turing’s theory at the molecular or cellular level remains
challenging [72].

One key weakness is that whilst we try to build on top of Turing systems [3, 29, 54, 63], we often
miss that there is still fundamental work to be done to understand how dimension, domain shape and
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boundary conditions influence their pattern-forming ability. Previous work has demonstrated how the
bifurcation structure of a Turing pattern depends on the geometry of the domain in which it is solved [28,
39, 66, 69]. In this work, we examine how the ability of a reaction-diffusion system to pattern is affected
by dimension, shape and boundary conditions. This question is addressed via bifurcation analysis with
respect to a suitable measure of domain size, with parallelograms as illustrative test cases. Furthermore,
to demonstrate the aforementioned effects and provide further insight, we are interested in applying
recently proven results [35] that allow us to bound the critical size for a Turing pattern to appear on
parallelograms. Specifically, we want to understand what happens to the Turing bifurcation structure as
we reduce a two-dimensional domain to a pseudo-one-dimensional domain in different ways.

A particularly influential demonstration of this sensitivity was provided by Bunow et al. [9], who
examined reaction–diffusion instabilities on domains modelling Drosophila imaginal discs. Using lin-
ear analysis and nonlinear simulations, they showed that the ordering, structure and even qualitative
appearance of emergent patterns depend strongly on the precise geometry of the domain. Small geo-
metric deformations, which were within the realms of biological variation, were sufficient to reorder
eigenmodes, eliminate expected nodal lines or generate entirely different nonlinear patterns. Their study
highlighted that apparent agreement between theory and biology on idealised domains [23] can break
down rapidly once anatomically realistic shapes are considered.

The question of dimension reduction is also central to multiscale reaction-diffusion modelling, where
descriptions posed at different resolutions are coupled [16]. For example, suppose we are interested in
modelling a population whose size varies across orders of magnitude. Where the number of agents
is low their dynamics may be formulated using Brownian dynamics. However, such individual level
descriptions would be inefficient for simulating regions where the agent copy number is large and, so,
continuum field descriptions are better suited [22].

In such hybrid frameworks, the choice of effective dimension and the way thin or highly anisotropic
geometric features are represented is not merely a computational convenience, the coupling introduces
implicit interfaces, overlap regions and effective boundary conditions that can alter the macroscopic
dynamics one is trying to reproduce [16]. Many biological settings, in particular, are intrinsically mixed-
dimensional, with reactions and diffusion occurring on lower-dimensional manifolds such as membranes
coupled to transport in the surrounding bulk, so that geometry and dimension reduction are built into
the model structure itself [19, 30].

Classical asymptotic work has long highlighted that widely separated length and time scales can
yield qualitatively different spatiotemporal regimes, with finite-domain effects and boundary constraints
playing a decisive role in what is observed [50]. Our results therefore provide a complementary, analysis-
led perspective for characterising when a one-dimensional reduction of a two-dimensional domain can
be expected to preserve the correct Turing instability threshold and when it can fundamentally change
it, informing both model reduction and the design of reliable multiscale coupling strategies.

We formulate and analyse a reaction-diffusion system on a parallelogram, providing three degrees of
freedom (two side lengths and the interior angle). For tractable geometries [41], we are able to use linear
stability analysis to explicitly calculate the critical conditions for pattern onset. However, for general
parallelograms, we will have to use numerically extracted evidence in conjunction with formulated upper
bounds [35, 61]. Critically, we will demonstrate that the bifurcation patterning size of the geometry in
the one-dimensional limit is not unique. Rather, we reveal a continuous band of geometries for which
the system can sustain patterns, contrary to standard one-dimensional analysis [44]. Our results are
illustrated with numerical simulations, which confirm that the range of lengths predicted by theory
matches the pattern-forming behaviour observed in the full nonlinear system.

Our findings have two important consequences. First, they highlight a previously overlooked source
of non-uniqueness in the bifurcation structure, challenging the assumption that the one-dimensional
limit is always well-defined and unique. Second, they reinforce the need for careful constraint of Turing
models intended for biological application, since both experimental interpretation and model selection
depend crucially on geometric details that are often treated as incidental. The interplay of domain geom-
etry, boundary conditions and reaction kinetics is shown to produce a far richer set of behaviours than
previously assumed.
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2. General perspective on the bifurcation due to the domain size: the role of boundary
conditions, shape and dimension

Let us begin with a general question regarding pattern formation: is there a critical domain size below
which spatial self-organisation cannot occur? In other words, is there always a bifurcation point if the
domain size is considered as a bifurcation parameter? In one dimension, the situation is straightforward
and has already been addressed in a general context [25]. However, in higher dimensions, the answer is
not so clear cut and depends on the dimension, geometry, boundary conditions and what we mean by
‘size’. We first consider an infinite domain and then incorporate boundary conditions through a class of
Robin boundary conditions, of which the usual Dirichlet and Neumann conditions are special cases.

Consider two morphogens, φ and ψ , that diffuse and interact in an infinite n-dimensional space. The
dynamics of φ and ψ are defined by a pair of coupled reaction-diffusion equations,

∂φ

∂t
= ∇2φ + f (φ,ψ), (1)

∂ψ

∂t
= D∇2ψ + g(φ,ψ), (2)

where ∇2 is the n-dimensional Laplacian. We implicitly assume that the space has been rescaled so that
the diffusion rate of φ is one. This assumption is not essential and the following results still hold without
it, but it allows us to reduce the number of parameters. On the infinite domain, we do not need to specify
boundary conditions beyond requiring that the solutions remain bounded everywhere.

Since we seek Turing instabilities, we assume that there is a stable homogeneous stationary solution
(HSS), which can be driven unstable in the presence of diffusion [44]. The standard Turing analysis
proceeds by linearising around this steady state and using spatial trigonometric perturbations that satisfy
the boundary conditions [36]. This leads to the conclusion that only a bounded interval of wave modes
can destabilise.

It should be noted that Turing’s stability condition for a HSS in the absence of diffusion is equivalent
to the requirement of a critical domain size below which no instability occurs, but this equivalence
holds only under Neumann boundary conditions [25]. For Dirichlet and Robin boundary conditions, the
stability of the HSS must be imposed as an additional condition, since the zero eigenvalue is fixed, does
not vary with the domain size and is not part of the spectrum.

As we are first considering the case of no boundary conditions, we perturb the steady state using a
general complex Fourier mode of the form

exp (λt + iμx), (3)
where i is the imaginary unit. This leads to a continuous spectrum of wave modes μ that satisfies the
dispersion relation [36]

0 = det
(
λI +μ2D − J

)
, (4)

where J is the Jacobian matrix of first-order derivatives of f and g, evaluated at the steady state and D
is the diffusion matrix with 1 and D on the diagonal. A generic form of this dispersion curve is shown
in Figure 1, and a full derivation can be found in Section 6.

From this perspective, the dispersion relation (ignoring transient effects due to nonnormality [24])
links the temporal evolution, through the growth rate λ, with the chosen spatial wave mode, treated
as a positive parameter μ. In particular, the dispersion curve, �(λ(μ)), is independent of the spatial
dimension considered and boundary information. Critically, only values of μ ∈ [μ−,μ+] for which
�(λ(μ))> 0 correspond to unstable wave modes (see Figure 1).

Suppose we now consider a finite domain � with boundary ∂� on which we define Robin boundary
conditions. The spectrum becomes (for a sufficiently regular domain) a discrete set of wave modes ki,
which satisfy

−∇2γ = k2
i γ in �, αγ + ∂γ

∂n
= 0 at ∂�. (5)
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Figure 1. The dispersion curve of reaction-diffusion system equations (1) and (2) with Schnakenberg
kinetics (18) and (19) and D = 10 in one spatial dimension. The first non-trivial eigenvalue k1(L) of the
transport operator for the finite one-dimensional domain of length L is highlighted as a blue circle and is
calculated explicitly for L = 1, resulting in no pattern formation despite the reaction-diffusion parameter
values being well within Turing space. The red circle represents μ+ = 1/

√
2 ≈ 0.7071, which is the

larger solution of equation (4), which assumes an infinite spatial domain. As domain size is increased,
k1(L) decreases as k1(L) ∝ L−2 and hence there is a critical domain size for which k1(L) =μ+, the spatial
patterning bifurcation point when the domain size, L, is treated as a bifurcation parameter.

Let us first focus on a one-dimensional problem, hence without loss of generality �= (0, L). The spec-
trum for Robin boundary conditions can be calculated directly, and in one dimension, one can observe
that the eigenvalues of the Laplacian decrease monotonically with the domain size for both boundary
conditions. In particular, as the domain size increases, the lowest eigenvalue decreases as k1(L) ∝ L−2

[25], and, thus, there is a critical domain size at which the lowest eigenvalue reaches the critical value
k1 =μ+. For larger values of L, a spatial pattern in (φ,ψ) can form [68]. Therefore, if we consider
Turing’s diffusion-driven instability, the existence of a critical size Lc follows.

This viewpoint allows the infinite space dispersion curve (which depends only on the reaction kinet-
ics and diffusion coefficients) to be fixed. Information about the pure point spectrum of the Laplacian
(which varies due to having a finite domain and boundary conditions) and the transport operator can
then be compared with the infinite space dispersion curve. In higher dimensions, the situation is more
complex.

2.1. Dirichlet Laplacian

For Dirichlet boundary conditions, the existence of a critical domain size in arbitrary dimension can still
be established using geometric spectral theory. For the Dirichlet Laplacian, the spectrum is monotone
with respect to domain inclusion [13]. In particular, if �1, �2 ⊂R

d are arbitrary open sets then

�1 ⊂�2 ⇒ kD
n (�1) ≥ kD

n (�2) ∀n ∈N,

where kD
n denotes the nth discrete eigenvalue of the Dirichlet Laplacian.

In addition, the isoperimetric (isochoric) Rayleigh–Faber–Krahn inequality [8] states that for a given
ball domain, B, with volume |B|

min
|�|=|B|

kD
1 (�) = kD

1 (B). (6)

Combining these observations with the dispersion relation in Figure 1, we conclude that for Dirichlet
boundary conditions, there is a critical domain size (volume) below which no pattern can occur due to
Turing’s instability. Moreover, among all domains of a given volume, the ball is the first to exhibit a
pattern.
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Figure 2. Illustration of the non-monotonicity of Turing patterns on two-dimensional domains with
Neumann boundary conditions. In the top panel, we compare the domain geometries and see that the
black rectangle is a subdomain of the red square, which is a subdomain of the blue square. In the bottom
panel, we visualise φ as simulated from equations (1) and (2) on these domains with Schnakenberg
kinetics (18) and (19) and D = 10, patterns appear on the blue square and black rectangle only.

2.2. Neumann Laplacian

The situation is very different for Neumann boundary conditions. First, consider a rectangle [0, a] ×
[0, b] with corresponding spectrum

(
kN

n,m

)2 = (nπ/a)2 + (mπ/b)2 for m, n ∈N [43]. For a given area, the
first non-zero eigenvalue has no positive lower bound, since kN

1 = min{kN
10, kN

01} can be made arbitrarily
small. Even among convex domains, we therefore cannot expect a critical domain size (volume) to exist.

Monotonicity also fails even among convex domains. This can be seen by comparing the spectra of an
inscribed thin rectangle and a larger rectangle circumscribed around it, oriented along their diagonals.
As an illustrative example, consider the case in Figure 1, where the critical square side length for patterns
to occur is Lsquare = √

2π . Patterns can occur on rectangles with one side length greater than Lsquare, but
not on rectangles where both side lengths are less than Lsquare. In Figure 2, we consider two squares of
side length Lsquare + 0.1 (blue square) and Lsquare − 0.1 (red square). The red square lies entirely within
the blue square, and we expect Turing patterns to appear on the blue square, but not on the red square,
which is confirmed by the simulation results in the lower panel of Figure 2. However, inside the red
square, we can fit a rotated rectangle of side length Lsquare + 0.1 (black rectangle), and we observe that
the black rectangle can also support patterns even though it is smaller than the red square, which cannot
pattern.

An isoperimetric (isochoric) inequality is available in this setting, the Szegö–Weinberger
inequality [8],

max
|�|=|B|

kN
1 (�) = kN

1 (B), (7)

which provides an upper bound for the first non-zero Neumann eigenvalue (in contrast with the lack
of a positive lower bound, noted earlier). Thus, for Neumann boundary conditions, the ball is the last
geometry to support a pattern for a given volume.

Therefore, neither of the two key properties used for Dirichlet conditions, namely monotonicity and
a positive lower bound on the first eigenvalue in terms of volume, is available for Neumann boundary
conditions. Moreover, the spectrum of the Neumann Laplacian can be highly sensitive to changes in
geometry [5, 8, 13, 18]. It is possible to alter the spectrum by an arbitrary amount through changes
in an arbitrarily small neighbourhood of a single point. If the boundary is not sufficiently smooth,
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the Laplacian may even have an essential spectrum. A sufficient condition for the spectrum of the
Neumann Laplacian to be purely discrete is that the domain is bounded with a Lipschitz boundary
[13]. Under suitable regularity conditions, two domains that are close in shape will have spectra that
are close in an appropriate sense [10]. Nevertheless, this result is given in a precise mathematical sense
(as an estimate with an undetermined constant) and hence cannot be used for practical applications to
estimate how large the difference in spectra is for two given domains.

We can therefore conclude that a critical domain size (measured using its volume) does not exist
in general for Neumann boundary conditions, even if the domains are sufficiently regular. There are,
however, two notable classes of domains for which a bifurcation point appears as the size of the domain
changes. The first consists of isotropically scaled domains of the form�= l�0 for a fixed�0, where the
spectrum of the Neumann Laplacian scales as kN

n (l�0) = kN
n (�0)/l2. The existence of a critical domain

size in one-dimensional domains is a special case of this, since any change in the domain is a simple
scaling. The second class is that of convex domains, which have a critical size measured by the diameter
rather than by volume or surface area.

For convex domains, Payne and Weinberger [49] showed that the infimum of the spectrum for
domains with a given diameter is strictly positive. In particular, for convex domains � with diameter
d = supx,y∈�{|x − y|}, the following inequality holds:

kN
1 (�) ≥ π 2

d2
. (8)

This gives a lower bound on the first non-trivial eigenvalue in terms of a one-dimensional measure
of the size of the convex domain, namely the length of the longest line segment that can be contained
in �. A similar inequality holds for symmetric domains, for which the intersection of the domain with
any line in a coordinate direction is simply connected [48]. For non-convex domains, this property does
not hold in general.

2.3. Robin Laplacian

As we have seen, one needs a combination of two properties of the spectrum to have the existence
of the critical domain size: (i) monotonicity and (ii) a lower bound for the spectrum (via isochoric or
isoperimetric inequality). For Dirichlet Laplacian both were available, while for Neumann we lack both
(there is no monotonicity in general and neither is there a lower bound on the spectrum).

For a general Robin boundary condition with α > 0, the spectral lower bound is available (for reg-
ular enough domains to have a pure point spectrum) due to the following Bossel–Daners isochoric
inequality [8]:

min
|�|=|B|

kR
1 (�) = kR

1 (B), (9)

where B is a ball, noting that for α < 0 a similar statement is still an open problem in spectral theory
[31]. However, the second necessary property, the monotonicity of spectrum with respect to domain
size, does not hold for the Robin Laplacian and hence we cannot combine them to show the existence
of a critical domain size.

3. Parallelogram geometry

Due to the issues raised in Section 2.2, we focus on the convex domain of a parallelogram. Explicitly, a
parallelogram is a quadrilateral where opposite sides have equal length, but, generally, the length of each
pair of sides will be different. As such, a parallelogram can be parametrised by its two side lengths, L1

and L2, and its interior angle, θ . From this parametrisation, we can define the height of the parallelogram,
Ly; its total width, Lx; its longest diagonal, Ld; and its area, A (see Figure 3).
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Figure 3. Defining the geometry of the parallelogram using: its side lengths, (L1, L2), and interior
angle θ ; the derived lengths, (Lx, Ly, Ld); and its area, A.

Before dealing with Turing bifurcations on parallelograms in their full complexity, we are going to
consider two subcases (see Figure 4). First, we are going to consider the case of the rhombus, where the
lengths of the parallelogram’s sides are all equal, L1 = L2 = L. As mentioned in Section 1, we will seek
to link how the Turing patterning bifurcation side length, Lrhombus, depends on θ .

Second, we are going to consider the case of creating a parallelogram from shearing a square (denoted
the sheared parallelogram case). Here, we start with a square of side length L1(π/2) = L2(π/2) = L. This
square is then sheared such that the base length, L1, and height, Ly, are fixed, meaning that L2 = L/ sin (θ ).
We look to extract the relationship between the Turing patterning bifurcation side length and the shearing
angle, Lsheared(θ ). Since all sheared parallelograms have the same area as the initial square, A = L2, this
will inform us of how sheared an area has to be before a Turing pattern can be formed.

Finally, we consider the case of a completely arbitrary parallelogram, where the parameters (L1, L2, θ )
are not geometrically coupled. Rather, we seek to extract the relationship between critical lengths (L1c(θ )
and L2c(θ )) that specifies how big the sides of a parallelogram have to be to induce a Turing instability.

In all cases, we will be specifically interested in the limit of θ → 0 since in this limit the parallelo-
grams will be tending to one-dimensional domains of length Lx = L1 + L2, where limθ→0 Ld = Lx. Thus,
we will be able to see how the Turing patterning bifurcation domain size compares across the one-
dimensional parallelogram limits, as well as with a simple one-dimensional Turing analysis, where the
critical length, Lsquare, can be defined algebraically (see Section 6).

4. Equation mapping

To analyse and simulate Turing bifurcations on parallelograms, we need to define the Laplacian on the
domain. Either we can work directly on the parallelogram, using the standard Euclidean Laplacian,

∇2
(x,y) =

∂2

∂x2
+ ∂2

∂y2
, (10)

or we can map the shape to a regular square [32, 34] (see Figure 4).
In the case of the rhombus, all side lengths are the same constant, which is independent of θ . Thus,

finding the bifurcation length becomes a case of scaling the whole space, which does not change the
parallelogram’s aspect ratio, L2/L1. Thus, we can work with both the original and mapped domains,
providing evidence that mapping does not influence the Turing bifurcation structure.

In the sheared and general cases, however, the side lengths L1 and L2 depend on θ . Thus, as we iterate
over θ , the aspect ratio of the parallelogram will change meaning that it is easier to simulate and track
bifurcations on the mapped square space, rather than continuously remeshing the changing geometry.

Table 1 provides the coordinate maps and scaled and mapped Laplacians in all three parallelogram
cases. Although the rhombus and sheared parallelogram cases are subcases of the full general case, their
geometric restrictions produce simpler Laplacians, which are useful to highlight, due to a previously
recorded error [34].
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Table 1. Coordinate mappings and Laplacians for the three parallelogram cases. Compare with
Figure 4.

Case Coordinate maps, (x, y) ↔ (u′, v′) Mapped and scaled Laplacian, ∇2
(x,y) �→ ∇2

(u,v)

Rhombus
x = u′ + v′ cos (θ ), u′ = x − y

cos (θ )

sin (θ )
,

↔
y = v′ sin (θ ), v′ = y

sin (θ )
.

1
(L sin (θ))2

(
∂2

∂u2 − 2 cos (θ ) ∂2

∂u∂v
+ ∂2

∂v2

)

Sheared
x = u′ + v′ cos (θ )

sin (θ )
, u′ = x − y

cos (θ )

sin (θ )
,

↔
y = v′, v′ = y.

1
L2

(
1

sin (θ)2
∂2

∂u2 − 2 cos (θ)
sin (θ)

∂2

∂u∂v
+ ∂2

∂v2

)

General
x = u′ + v′ cos (θ ), u′ = x − y

cos (θ )

sin (θ )
,

↔
y = v′ sin (θ ), v′ = y

sin (θ )
.

1
sin (θ)2

(
1

L2
1

∂2

∂u2 − 2 cos (θ)
L1L2

∂2

∂u∂v
+ 1

L2
2

∂2

∂v2

)

Figure 4. Mapping parallelograms to the unit square. Top: rhombus. The lengths of each side are the
same. Middle: sheared parallelogram. The parallelogram maintains the same area as it is sheared since
its height, Ly = L remains fixed as θ changes. Bottom: general parallelogram.

5. Eigenvalue bounds

To apply Turing analysis to reaction-diffusion equations on parallelogram spaces, we need to be able to
solve

∇2γ = −k2γ (11)
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with zero-flux boundary conditions on either the original parallelogram or mapped space. Unfortunately,
explicit solutions to equation (11) are known in very few cases [40–42, 65, 66]. However, much work
has been done on bounding the eigenvalues, k, of general shapes [6, 33, 58, 64].

It is known [33, 58] that for closed, bounded domains with Lipschitz continuous boundaries equation
(11) has an infinite sequence of eigenvalues, {ki}∞

i=1, such that

0 = k2
0(�)< k2

1(�)< . . . , (12)

where we know that the lowest eigenvalue is k0 = 0 since a constant γ is a solution to equation (11) with
Neumann boundary conditions for any constant value.

Critically, the main result of Léna and Rohleder [35] focuses on bounding k1 for parallelograms using
inequalities involving (L1, L2, θ ). If we define

C1(L1, L2, θ ) = π 2

2A2

(
L2

1 + L2
2 −

√
(L2

1 − L2
2)2 + 256

π 4
L2

1L2
2 cos (θ )2

)
, (13)

C2(L1, L2, θ ) = 6

A2

(
L2

1 + L2
2 −

√
(L2

1 − L2
2)2 + 4L2

1L2
2 cos (θ )2

)
, (14)

where A = L1L2 sin (θ ) is the area of the parallelogram then [35]

k2
1 ≤ min {C1(L1, L2, θ ), C2(L1, L2, θ )}. (15)

In the case of a rhombus, L1 = L2 = L, the result simplifies to

k2
1 ≤ min

{
π 2

L2 sin (θ )2

(
1 − 8

π 2
| cos (θ )|

)
,

12

L2 sin (θ )2
(1 − | cos (θ )|)

}
, (16)

where inequality (16) becomes an equality, k2
1 = π 2/L2, in the specific case that θ = π/2 and the rhombus

is a square. In the case of the sheared parallelogram, (L1, L2) = (L, L/ sin (θ )), the result becomes

k2
1 ≤ min

{
π 2

2L2 sin (θ )2

(
2 − cos (θ )2

(
1 +

√
1 + 256

π 4
tan (θ )2

))
,

6

L2 sin (θ )2

(
2 − cos (θ )2

(
1 +√

1 + 4 tan (θ )2
)) }

. (17)

Critically, inequalities (16) and (17) can be rearranged to form inequalities of the form L ≤ LC(k1, θ ),
where LC will be an upper bound for the Turing patterning bifurcation size. In the general parallelogram
case, we need to vary our simulations not just over θ , but over aspect ratios, a = L2/L1, as well. Inequality
(15) can then be written in the form L1 ≤ LC(a, k1, θ ), from which we get an upper bound on the Turing
patterning bifurcation size of L1, and L2 = aL1.

6. Turing kinetics

When dealing with theory and analysis, we will keep the parameters and kinetics general. However, we
will demonstrate the results using a specific form of the Schnakenberg kinetics [53],

f (φ,ψ) = 1

10
− φ + φ2ψ , (18)

g(φ,ψ) = 9

10
− φ2ψ , (19)

with D = 10.
Since we are assuming a Turing instability occurs then, f (φ,ψ) and g(φ,ψ), permit a stable steady

state, (φs,ψs), in the absence of diffusion that can be driven unstable when diffusion is included. Deriving
stability conditions for steady states in the diffusion-free case is a fairly simple linearisation argument
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about the steady state, where the perturbation only depends on time [45]; thus, this stability argument
does not include any information regarding the spatial aspects of the problem.

As mentioned in Section 2, we first consider the infinite space case by extending the perturbation to
include a spatial component of the form (3), which provides a range of wave modes, [μ−,μ+], that will
be unstable [66, 69],

μ2
± = gψ + Dfφ ±√

(gψ + Dfφ)2 − 4D(fφgψ − gφfψ )

2D
. (20)

Substituting equations (18) and (19) into equations (20) and (24), we find thatμ+ = 1/
√

2 in the specific
case of the Schnakenberg kinetics.

Having derived the infinite space solution, we now consider reaction-diffusion system (1) and (2)
occurring on the parallelogram domain, �(L1, L2, θ ) with zero-flux boundary conditions,

∂φ

∂n

∣∣∣∣
∂�

= 0 = ∂ψ

∂n

∣∣∣∣
∂�

, (21)

where ∂/∂n is the derivative along the outward pointing normal, n, on the boundary. Although non-
trivial to explicitly define for the general parallelogram case in the (x, y) shape space, the normal
derivatives simplify to the horizontal and vertical derivatives in the mapped (u, v) coordinates.

We consider zero-flux boundary conditions due to their simplicity and generality in that they are
often used in biological scenarios as a means of modelling boundaries that do not influence the inter-
nal kinetics [44]. This work could be repeated in the case of Dirichlet, or mixed Dirichlet-Neumann,
boundary conditions as similar results bounding the first non-zero eigenvalue of the Laplacian exist in
these cases [1, 2, 20].

In the simple case of the one-dimensional line, or two-dimensional square, we can analytically solve
equation (11) in terms of trigonometric functions, providing a dispersion relation between the domain’s
size, L, and the spatial frequencies, kn = nπ/L (in 1D) and kn,m =√

(nπ/L)2 + (mπ/L)2 (in 2D), which
will be unstable [74]. In the case of the square, the derivation of the smallest bifurcation length decouples
into the perpendicular Cartesian directions, meaning that it is effectively a one-dimensional derivation
[67]. Thus, the bifurcation length of the line will be the same as the critical side length of the square.
Since the eigenvalue and the domain size are related through L = π/k, the critical length of the line, or
square (n = 1, m = 0 case), is Lsquare = √

2π ≈ 4.44.
In the case of the rhombus and the sheared parallelogram, we have removed one of the degrees of

freedom from the full general parallelogram case. Thus, we only need to consider one length scale, L,
and its relation to the internal angle. Since as L grows k1 decreases, then the first bifurcation will occur
when k1 =μ+ (see Figure 1). Thus, substituting k1 =μ+ in the bounds derived in Section 5 allows us to
evaluate the upper bounds on the critical size of a parallelogram on which a Turing pattern will begin
to appear.

7. Rhombus

To numerically derive the relationship between the parallelogram’s side lengths and the internal angle
that will produce a Turing instability for each θ , we will use pseudo-arc length continuation with a
predictor-corrector method as built into the numerical bifurcation package, pde2path, version 3.0 [14,
15, 61, 62]. The numerically extracted bifurcation lengths are then tested with COMSOL Multiphysics
6.1 [11], as we simulate the full non-linear spatio-temporal equations with parameters that correspond
to before and after the critical bifurcation values. All of the following simulation scripts and files can be
found at https://github.com/ThomasEWoolley/Turing_parallelogram.

In the case of the rhombus, we want to extract the bifurcation relationship between the side length, L,
and the internal angle, θ , and we define this relationship to be Lrhombus(θ ). Although we vary θ between 0
and π/2, each simulation is run with fixed θ . The critical size is then extracted using pde2path, which
finds the first point at which an instability occurs as L is increased. Since varying L rescales space,
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the parallelograms will still be congruent and similar in the geometric sense. Thus, we can simulate on
the original parallelogram space using the rescaled Laplacian (x, y) �→ (Lx′, Ly′),

∇2
(x,y) =

1

L2
∇2

(x′ ,y′), (22)

as well as the mapped square space (see Table 1)

∇2
(x,y) =

1

L2 sin (θ )2

(
∂2

∂u2
− 2 cos (θ )

∂2

∂u∂v
+ ∂2

∂v2

)
. (23)

The benefit of scaling the Laplacian as in equation (22) is that the size becomes a parameter within the
simulation, and the geometry is fixed.

As mentioned in Section 5, we can rearrange inequality (16) to generate

Lrhombus(θ ) ≤ min {LC1(μ+, θ ), LC2(μ+, θ )} = LC(μ+, θ ), (24)

where

LC1(μ+, θ ) =
√

π 2

μ2
+ sin (θ )2

(
1 − 8

π 2
| cos (θ )|

)
, (25)

LC2(μ+, θ ) =
√

12

μ2
+ sin (θ )2

(1 − | cos (θ )|). (26)

Note that LC1(μ+, θ ) = LC2(μ+, θ ) when

θ = θT = arctan

(√
(π + 4)(4 − π )(π 2 − 8)

12 − π 2

)
≈ 1.01

whence we can define the piecewise bound

LC(μ+, θ ) =
{

LC1(μ+, θ ), θ ≥ θT ,

LC2(μ+, θ ), θ < θT ,

and we will compare this bound to numerically derived data.
Figure 5 illustrates Lrhombus(θ ) as numerically derived from the unmapped and mapped spaces, as

well as the bounds LC1 and LC2. First, we note the excellent comparison of the numerically extracted
critical lengths in both the mapped and unmapped simulations (see Figure 5a). Equally, we observe that
these numerically extracted values of Lrhombus(θ ) are tight bounds because patterns only appear when
L> Lrhombus for a given fixed θ (see Figure 5e).

We note that minθ Lrhombus(θ ) = Lrhombus(0) ≈ 3.41 ≤ Lrhombus(θ ) ≤ Lsquare; thus, the bifurcating rhombus
will always have a smaller side length than the square. However, it makes more sense to compare Lsquare

with Lx (see Figure 5b), which is the horizontal width of the rhombus (see Figure 3). Critically, we may
expect Lx(θ ) = Lsquare when θ = π/2 and 0 because in both cases we reduce to a separable, or literal, one-
dimensional analysis, respectively. We observe that when θ = π/2, the rhombus becomes a square and
the bifurcation results and theory exactly match the square case, namely, Lrhombus(π/2) = Lsquare = √

2π
[66]. However, as θ → 0, we see that Lx converges to a higher value than expected and is bounded
by 3Lsquare/2 ≈ 6.66< 2Lrhombus(0)< 2LC2(μ+, 0) = 2

√
6/μ+ = 2

√
12 ≈ 6.93 (see Figure 5b). Thus, we

observe that the one-dimensional limit of the bifurcation width of the rhombus is larger than the one-
dimensional line.

As an alternative metric, in Figure 5c, we consider the longest diagonal of the rhombus, Ld. We
observe that Ld is always between the dashed line, which represents the diagonal of the square

√
2Lsquare

(and they are equal when θ = π/2) and the value of Ld that uses the LC2 bound, which we note is constant,
Ld(LC2) = 4

√
3 ≈ 6.93 for all θ . Comparing Figure 5b and c shows that Lx and Ld have similar curve

shapes and indeed limθ→0 Ld(θ ) = limθ→0 Lx(θ ) because the diagonal and total horizontal widths collapse
onto one another in the pseudo-one-dimensional case.
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Figure 5. (a) Numerically derived critical lengths, Lrhombus, using mapped and unmapped geometries,
compared against the bounds LC1 and LC2 from equations (25) and (26), respectively (see legend). The
upper and lower dashed lines represent Lsquare = √

2π and Lsquare/2, respectively. (b) Critical total hor-
izontal widths, Lx = L(1 + cos (θ )), where L is Lrhombus (as derived from the mapped and unmapped
geometries), LC1 and LC2. The upper and lower dashed lines represent 2Lsquare and Lsquare, respectively.
(c) Critical diagonal lengths, Ld = √

2L
√

1 + cos (θ ), where L is Lrhombus (as derived from the mapped
and unmapped geometries), LC1 and LC2. The dashed line represents

√
2Lsquare. (d) Critical areas,

A = L2 sin (θ ), where L is Lrhombus (as derived from the mapped and unmapped geometries), LC1 and
LC2. The line colours across (a)-(d) are consistent and defined in the legend of (a). (e) Simulating Turing
patterns on the rhombuses of angle θ = π/2 (trivial square) and 0.1 before the critical bifurcation length
(left) and after (right). L = 4.4 and 4.5 for the square in the left and right graphs, respectively. L = 3.3
and 3.5 for the θ = 0.1 rhombus in the left and right graphs, respectively.
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Although we see that the limits LC1 and LC2 act as good approximations to Lrhombus, we note that
the actual form of Lrhombus(θ ) is not known. However, Figure 5d suggests that the area of the rhom-
bus decreases approximately linearly as θ → 0. Since the area must go through A(0) = 0 and A(π/2) =
L2

square = 2π 2, the straight line connecting these two points is f (θ ) = 4πθ , further the area is just below
this line for all θ , so A � 4πθ , or Lrhombus(θ )<

√
4πθ/ sin (θ ) = LC3(θ ), which is a new uniform smooth

bound, which can be compared against piecewise LC.
We find the maximum error between Lrhombus and LC3 is smaller than the maximum error between

Lrhombus and LC, which occurs at θT ,

max
θ
(LC3(θ ) − Lrhombus(θ ))≈ 0.15< 0.20 ≈ max

θ
(LC(θ ) − Lrhombus(θ )).

However, the average error across the θ interval is still smaller for the piecewise form,
2

π

∫ π/2

0

LC(θ ) − Lrhombus(θ ) dθ ≈ 0.09< 0.11 ≈ 2

π

∫ π/2

0

LC3(θ ) − Lrhombus(θ ) dθ .

8. Sheared parallelogram

Following the approach in Section 7, we numerically extract the critical relationship between the length
scale, L, and the internal angle, θ , at which the parallelogram will first bifurcate into patterns (see
Figure 6a). Specifically, if we fix L< Lsquare and we shear the subsequent square into a parallelogram,
then all of the shapes will have the same area A = L2 (see Figure 3); however, as the shape is sheared
with decreasing θ , its horizontal length, Lx (Figure 6b), and longest diagonal, Ld (Figure 6c), become
larger; thus, the space will eventually pattern. Indeed, from equation (17), we find that

Lsheared(θ ) ≤ min{LC1(μ+, θ ), LC2(μ+, θ )} (27)

where, in this case,

LC1(μ+, θ ) =
√√√√ π 2

2μ2
+ sin (θ )2

(
2 − cos (θ )2

(
1 +

√
1 + 256

π 4
tan (θ )2

))
, (28)

LC2(μ+, θ ) =
√

6

μ2
+ sin (θ )2

(
2 − cos (θ )2

(
1 +√

1 + 4 tan (θ )2
))

. (29)

Similar to Figure 5, we observe in Figure 6 that LC1 and LC2 provide excellent bounds separating
the (L, θ ) parameter region that will pattern from the region that does not (compare Figures 5a and
6a). However, there are distinct differences between the critical size of the rhombus and the sheared
parallelogram. For example, as θ → 0 the side length of the rhombus tends to a finite non-zero limit,
Lrhombus(0) ≈ 3.41, whereas the side length of the sheared parallelogram tends to Lsheared(0) = 0.

Thus, rhombuses can be too small to pattern. Specifically, if we have a rhombus with side lengths
L< 3.4 then the space will not pattern, regardless of how we vary θ . This contrasts with the observation
that no matter how small a square’s sides are it can always be sheared to the point at which patterns
exist, a point which is illustrated in Figure 6e, where we consider a square of side length L = 2.4 being
sheared. For all angles θ ≥ 0.7 patterns are not available, however, when θ = 0.6 or smaller, a pattern
can appear (see Figure 6a).

We also note that the horizontal width of the sheared parallelogram tends to Lx = Lsheared(1 +
cos (θ )/ sin (θ )) ≈ LC2(μ+, 0) = 2

√
6 ≈ 4.90, which is smaller than the horizontal width of the rhom-

bus, Lx = 2Lrhombus(0) ≈ 6.81, and, although the horizontal width of the sheared parallelogram is closer,
it is still larger than the one-dimensional limit of Lsquare = 4.44. Moreover, by comparing Figures 5b and
6b, we see that the sheared parallelogram has a smaller total width than the rhombus for all values of θ .

Considering Figures 6b and c, we see non-monotonicity in the critical lengths Lx and Ld, respectively.
Specifically, in the case of Ld, we observe equality when in the case of the square, θ = π/2, but for a
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Figure 6. (a) Numerically derived critical lengths, Lsheared(θ ), compared against the bounds LC1 and LC2

from equations (28) and (29), respectively. The dashed line represent Lsquare = √
2π . (b) Critical total

lengths, Lx = L(1 + cos (θ )/ sin (θ )), where L is Lsheared, LC1 or LC2. The dashed line represents Lsquare.
(c) Critical diagonal lengths, Ld = L

√
1 + (1 + 1/ tan (θ ))2, where L is Lsheared, LC1 or LC2. The upper

and lower dashed lines represent
√

2Lsquare and Lsquare, respectively. (d) Critical areas, A = L2, where
L is Lsheared, LC1 or LC2. The line colours across (a)–(d) are consistent and defined in the legend of (a).
(e) Simulating Turing patterns forming on sheared parallelograms with L = 2.4, θ = 0.7 (left) and 0.6
(right).

range of θ less than π/2, we have that Ld >
√

2L, meaning that these patterned parallelograms could not
be inscribed inside the critical square. However, for θ � 0.6, the critical diagonal is less than that of the
square, so these patterned parallelograms could be inscribed inside the critical square.
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Figure 7. (a) Numerically derived critical lengths, (L1c(θ ), L2c(θ )), for different values of θ , see leg-
end. (b) Theoretical critical lengths derived using C1 and C2 from equations (13) and (14), respectively.
(c) and (d) Comparing the numerically derived critical lengths from (a) (solid line), with the results
obtained from the theoretical bounds from (b) (dashed line) with θ = 0.1 and 1.4, respectively. The
diagonal dashed line in (a)–(d) is L1 = L2, thus, points along this line represent rhombuses. The thin
black lines highlight L1 = Lsquare and L2 = Lsquare, which the critical lengths converge to as θ → π/2.
(e) The range of horizontal widths that can be generated at the bifurcation points for the θ values high-
lighted in (a). (f) The range of critical diagonals that can be generated at the bifurcation points for the
θ values highlighted in (a). (g) The range of areas that can be generated at the bifurcation points for the
θ values highlighted in (a).

Unlike the rhombus case, none of the geometric measures we have considered have a simple rela-
tionship with θ . In particular, although we see that the relationship between area and θ is approximately
linear for θ ≈ π/2 (see Figure 5d), the nonlinearities near θ = 0 make it difficult to specify a uniform
approximation across [0, π/2].

9. General parallelogram bifurcations

Turning to understand the bifurcation size of a general parallelogram, we need to contend with three
degrees of freedom, (L1, L2, θ ). Figure 7a illustrates the relationship between the bifurcation length val-
ues (L1c(θ ), L2c(θ )) for different values of θ . Thus, for a given value of θ , the corresponding curve in
Figure 7a separates the (L1, L2) parameter values that will, and will not, lead to patterns (the region
annotated as ‘No patterns’ and ‘Patterns’, respectively). As expected, the lengths within the ‘No patterns’
region produce parallelograms that are ‘too small’ to pattern. We also observe the obvious symmetry in
the system; we can swap L1 and L2 and obtain the same shape; thus, the bifurcation structure should be
symmetric about L1 = L2.

As expected, when θ → π/2, the parallelogram tends to a rectangle, and we observe that the curves
tend to the straight lines L1, or L2 = Lsquare. Alternatively, as θ → 0 the relationship between L1c and L2c

appears to form the arc of a circle. This is surprising because when θ = 0 the parallelogram becomes
a one-dimensional line of length L1 + L2, which we would presume to be constant as there should be
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only one patterning bifurcation point for a one-dimensional line. However, Figure 7a shows that the
relationship is closer to L2

1c + L2
2c ≈ constant, and Figure 7e shows that there is a range of bifurcation

lengths as θ → 0.
Figure 7a can be compared with Figure 7b (specific comparisons occur in Figure 7c and d), which

are the bounds on (L1c, L2c) derived using C1 and C2 from equations (13) and (14). Overall, we see that
the theoretical bounds capture the main features of the numerically derived bounds. Specifically, as
θ → π/2, we observe that the bounding curve tends to L1c = Lsquare for all L2, or L2c = Lsquare for all L1

and as θ → 0 the one-dimensional limits of the bounds form a range of values. However, comparing the
curves directly between Figure 7c and d, we note that the bounds are not uniformly good for all (L1, L2, θ ).
Namely, the approximations are good when θ → π/2; L1, or L2 � 1; or when L1 = L2. However, between
these three shape categories, the over estimation of the (L1c, L2c) relationship becomes worse.

In Figures 7e–g, we consider the range of total horizontal widths, diagonal lengths and possible
areas that occur along the (L1c(θ ), L2c(θ )) bifurcation parameter curves. Considering the θ = π/2 case
of a rectangle, then since the initial patterning modes decouple the L2 bifurcation length is a constant,
L2c = Lsquare, for all L1 < Lsquare (by symmetry L1 and L2 can be swapped and the result is still true).
Thus, the horizontal width of a rectangle at its initial patterning bifurcation point can be any value
0 ≤ L1 ≤ Lsquare, accordingly, the area of the bifurcating rectangle can have any value 0 ≤ A ≤ L2

square.
Comparing these observations across the chosen angles, we see that as θ decreases so do the lengths of

the intervals in Figure 7e and g. However, whereas the maximum parallelogram area only ever decreases,
with A = 0 being the lower bound for all angles (see Figure 7g), we observe that the minimum and
maximum horizontal widths both increase as θ decreases. Thus, as θ decreases, although the range of
possible total widths decreases, the average value would increase (see Figure 7e).

Further, although Lx and A can take arbitrarily small values for appropriate θ , we see in Figure 7f that
the Ld interval is much more consistent across θ . Thus, calculating the maximum and minimum values
of the diagonal at which the bifurcations can occur may be more useful in applications because it will
be easier to check whether experimental values are within appropriate parameter regions of the theory.

In addition to marking the possible values, each interval has a colour gradient that denotes the differ-
ence between L1 and L2 that gives rise to the value. We observe that the parallelograms that are closer
to rhombuses (regions coloured blue) produce the widest shapes (in terms of both Lx and Ld) and the
largest areas (compare with Section 7). In contrast, the shapes with the greatest disparity between the
two lengths (regions coloured yellow) lead to parallelograms with comparatively smaller total widths
and smaller areas.

10 Conclusion

From the geometric spectral theory reviewed in Section 2, a critical domain size is guaranteed for convex
domains such as the parallelogram, although it must be characterised using an effective one-dimensional
measure. In this setting, the critical size is bounded below by that of a one-dimensional interval whose
length equals the parallelogram’s diagonal, but this bound is not necessarily optimal. Therefore, we
investigated the parallelogram as a case study to assess the optimality of this estimate and to examine
whether its sharpness depends on the chosen family of shape deformations sharing the same limiting
geometry.

To this end, we have used a recent result that links a parallelogram’s geometry to the size of the
first non-zero eigenvalue of the Laplacian with Neumann boundary conditions [35]. Using this result,
we have been able to extract bounds relating the critical sizes of a parallelogram’s side lengths and
interior angle that are required for a Turing bifurcation to occur. Notably, although the proposed bounds,
equations (13) and (14), are generally excellent, in the case of the rhombus, we were able to use the
numerical simulations to provide a smoothly defined bounding function linking the side length, L, and
interior angle, θ , (rather than a non-smooth piecewise definition) that has a smaller maximum error than
equations (13) and (14).

https://doi.org/10.1017/S0956792526100515 Published online by Cambridge University Press

https://doi.org/10.1017/S0956792526100515


European Journal of Applied Mathematics 17

Our primary focus was to try and understand how collapsing a parallelogram to a one-dimensional
line would influence the limiting length required to generate a Turing bifurcation. We have observed,
counter-intuitively, that the limiting one-dimensional length of a parallelogram heavily depends on how
the parallelogram is collapsed. Notably, the limiting one-dimensional length appears to be bounded by
the ‘standard’ one-dimensional limit, or critical side length of a square, Lsquare and twice the side length
of the rhombus case, 2Lrhombus.

It should be noted that the first non-zero eigenvalue solution, in the case of the reaction-diffusion
equations, depends crucially on the kinetics being used. Thus, in the present case of Schnakenberg kinet-
ics, the limiting one-dimensional length of a collapsing parallelogram lies in the approximate interval
[4.44,6.82], meaning that, for a pattern to appear, an approximately one-dimensional domain may be up
to 53% larger than a truly one-dimensional domain.

Critically, although one-dimensional domains are not biologically accurate, pattern formation on
one-dimensional lines is often used for geometric simplicity, or in conjunction with domain growth
as a means of generating a two-dimensional shape [4, 7, 12, 51]. As such, we are not suggest-
ing that collapsing thin domains to one dimension should be abandoned. One-dimensional domains
are often useful approximations allowing simpler numerical simulations and theoretical approaches.
However, our results show that geometric thinness alone does not guarantee quantitative agreement
with a genuinely one-dimensional system. Thus, our results on extending one-dimensional domains to
pseudo-one-dimensional domains will help us in interpreting such applications.

Our results suggest that even seemingly simple geometric transformations can lead to non-intuitive
variations in Turing bifurcation thresholds. From an application standpoint, this provides new challenges
and benefits. For example, this implies that biological or synthetic systems relying on reaction-diffusion
mechanisms could exhibit greater sensitivity to geometry than previously anticipated [37, 55, 56, 69].
This geometric sensitivity is particularly relevant for systems like animal skin pigmentation or tissue
morphogenesis [17], where domain shape and size are rarely uniform and typically evolve dynamically
during development [73]. Equally, these results impact the theory behind multiscale modelling because
the same sensitivity implies that coarse graining, thin-domain reduction or the replacement of a gen-
uinely two-dimensional geometry by an effective one-dimensional description can shift the instability
threshold and hence mispredict the onset of patterning [52].

Moreover, the idea of having a unique one-dimensional bifurcation length may be incorrect; thus,
parametrising a model to reproduce patterns accurately in relation to observed data is going to be much
more difficult. Since no biological shape is truly one-dimensional, the comparison between data and
simulation would heavily depend on how the geometric dimension reduction of a physical domain was
done. As shown, Turing patterns may only begin to appear on domains larger than we might otherwise
suspect [43, 44].

In terms of potential benefits, there is no ‘one-size-fits-all’ in biology. Thus, the ability to generate
initial Turing bifurcations over a variety of aspect ratios, areas and sizes allows for robustness in the face
of stochastic variation [47, 70].

Experimental validation of these theoretical insights, using chemical, biological or synthetic reaction-
diffusion systems, would be invaluable. For example, since the initial geometry of cell cultures can be
prescribed using microfabricated poly(dimethylsiloxane) (PDMS) stencils [46], the ability of a biolog-
ical system to generate Turing patterns could be tested against our predictions. However, since PDMS
may not generate an exact zero-flux boundary, it would first be important to determine the appropriate
boundary conditions and rerun the analysis and simulations to ensure an accurate quantitative compar-
ison. Alternatively, since reaction-diffusion patterning techniques are increasingly being used to create
precise surface textures and nanoscale structures [59], understanding how subtle geometric variations
influence bifurcation thresholds would hopefully inform better design strategies to ensure consistent
pattern formation under realistic manufacturing conditions.

Finally, biology is not two-dimensional either, and, thus, extending these results to understand
dimensional reductions from parallelepipeds will further build our understanding of how geometry and
structure influence the formation of Turing patterns in more realistic settings. Additionally, investigating
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the impact of boundary conditions, such as mixed or spatially heterogeneous flux constraints, could fur-
ther enhance our understanding of real-world systems, which rarely adhere to idealised homogeneous
boundary conditions [65].

Data availability statement. All numerical codes and plotted data can be found at https://github.com/ThomasEWoolley/
Turing_parallelogram.

Competing interests. The authors declare no conflict of interest.

References
[1] Aldeghi, N. & Rohleder, J. (2024) On the first eigenvalue and eigenfunction of the Laplacian with mixed boundary

conditions. arXiv preprint arXiv:2403.17717.
[2] Antunes, P. R. S. & Henrot, A. (2011) On the range of the first two Dirichlet and Neumann eigenvalues of the Laplacian.

Proc. R. Soc. A 467, 1577–1603.
[3] Aragón, J. L., Barrio, R. A., Woolley, T. E., Baker, R. E. & Maini, P. K. (2012) Nonlinear effects on Turing patterns: Time

oscillations and chaos. Phys. Rev. E 86(2), 026201.
[4] Aragón, J. L., Varea, C., Barrio, R. A. & Maini, P. K. (1998) Spatial patterning in modified Turing systems: Application to

pigmentation patterns on marine fish. Forma 13(3), 213–221.
[5] Arcuri, P. & Murray, J. D. (1986) Pattern sensitivity to boundary and initial conditions in reaction-diffusion models. J. Math.

Biol. 24(2), 141–165.
[6] Bandle, C. (1980) Isoperimetric Inequalities and Applications, Pitman.
[7] Barrio, R. A., Baker, R. E., Vaughan, B., Jr, et al. (2009) Modeling the skin pattern of fishes. Phys. Rev. E 79(3), 31908.
[8] Benguria, R. D., Linde, H. & Loewe, B. (2012) Isoperimetric inequalities for eigenvalues of the Laplacian and the

Schrödinger operator. Bull. Math. Sci. 2(1), 1–56.
[9] Bunow, B., Kernevez, J. P., Joly, G. & Thomas, D. (1980) Pattern formation by reaction-diffusion instabilities: Application

to morphogenesis in Drosophila. J. Theor. Biol. 84(4), 629–649.
[10] Burenkov, V. I. & Davies, E. B. (2002) Spectral stability of the Neumann Laplacian. J. Differ. Equ. 186(2), 485–508.
[11] COMSOL Multiphysics (2021) v. 6.1. www.comsol.com
[12] Crampin, E. J., Gaffney, E. A. & Maini, P. K. (1999) Reaction and diffusion on growing domains: Scenarios for robust

pattern formation. Bull. Math. Biol. 61(6), 1093–1120.
[13] Davies, E. B. (1996) Spectral Theory and Differential Operators, Vol. 42, Cambridge University Press.
[14] Dohnal, T., Rademacher, J. D. M., Uecker, H. & Wetzel, D. (2014) pde2path 2.0: Multi-parameter continuation and periodic

domains. In Ecker, H., Steindl, A. & Jakubek, S. (eds.), Proceedings of 8th European Nonlinear Dynamics Conference, 2014.
Institute of Mechanics and Mechatronics, Vienna University of Technology, Vienna, Austria.

[15] Engelnkemper, S., Gurevich, S. V., Uecker, H., Wetzel, D. & Thiele, U. (2019) Continuation for thin film hydrodynamics
and related scalar problems. In Computational Modelling of Bifurcations and Instabilities in Fluid Dynamics, Springer,
pp. 459–501.

[16] Franz, B., Flegg, M. B., Chapman, S. J. & Erban, R. (2013) Multiscale reaction-diffusion algorithms: PDE-assisted Brownian
dynamics. SIAM J. Appl. Math. 73(3), 1224–1247.

[17] Glover, J. D., Sudderick, Z. R., Shih, B. B., et al. (2023) The developmental basis of fingerprint pattern formation and
variation. Cell 186(5), 940–956.e20.

[18] Hale, J. K. (2005) Eigenvalues and perturbed domains. In 10 Mathematical Essays on Approximation in Analysis and
Topology, Elsevier, pp. 95–123.

[19] Hellander, A., Hellander, S. & Lötstedt, P. (2012) Coupled mesoscopic and microscopic simulation of stochastic reaction-
diffusion processes in mixed dimensions. SIAM Multiscale Model. Simul. 10(2), 585–611.

[20] Henrot, A. (2006) The First Eigenvalue of the Laplacian-Dirichlet, Springer.
[21] Iber, D. & Menshykau, D. (2013) The control of branching morphogenesis. Open Biol. 3(9), 130088.
[22] Kang, H.-W. & Erban, R. (2019) Multiscale stochastic reaction–diffusion algorithms combining Markov chain models with

stochastic partial differential equations. Bull. Math. Biol. 81(8), 3185–3213.
[23] Kauffman, S. A., Shymko, R. M. & Trabert, K. (1978) Control of sequential compartment formation in Drosophila. Science

199(4326), 259–270.
[24] Klika, V. (2017) Significance of non-normality-induced patterns: Transient growth versus asymptotic stability. Chaos 27(7),

073120. doi:10.1063/1.4985256.
[25] Klika, V., Kozák, M. & Gaffney, E. A. (2018) Domain size driven instability: Self-organization in systems with advection.

SIAM J. Appl. Math. 78(5), 2298–2322.
[26] Kondo, S. & Miura, T. (2010) Reaction-diffusion model as a framework for understanding biological pattern formation.

Science 329(5999), 1616–1620.
[27] Kondo, S., Watanabe, M. & Miyazawa, S. (2021) Studies of Turing pattern formation in Zebrafish skin. Philos. Trans. R.

Soc. A 379(2213), 20200274.
[28] Krause, A. L., Ellis, M. A. & Van Gorder, R. A. (2019) Influence of curvature, growth, and anisotropy on the evolution of

turing patterns on growing manifolds. Bull. Math. Biol. 81(3), 759–799.

https://doi.org/10.1017/S0956792526100515 Published online by Cambridge University Press

https://github.com/ThomasEWoolley/Turing_parallelogram
https://github.com/ThomasEWoolley/Turing_parallelogram
https://arxiv.org/abs/2403.17717
www.comsol.com
https://doi.org/10.1063/1.4985256
https://doi.org/10.1017/S0956792526100515


European Journal of Applied Mathematics 19

[29] Krause, A. L., Gaffney, E. A. & Walker, B. J. (2023) Concentration-dependent domain evolution in reaction-diffusion
systems. Bull. Math. Biol. 85(2), 14.

[30] Krause, A. L., Klika, V., Halatek, J., et al. (2020) Turing patterning in stratified domains. Bull. Math. Biol. 82(10), 1–37.
[31] Krejčiřík, D. & Lotoreichik, V. (2018) Optimisation of the lowest Robin eigenvalue in the exterior of a compact set.

J. Convex Anal. 25(1), 319–337.
[32] Kuttler, J. R. & Sigillito, V. G. (1984) Eigenvalues of the Laplacian in two dimensions. SIAM Rev. 26(2), 163–193.
[33] Laugesen, R. S. & Siudeja, B. A. (2009) Maximizing neumann fundamental tones of triangles. J. Math. Phys. 50(11),

112903. doi:10.1063/1.3246834.
[34] Lewin, S. & Stjernstoft, S. (2024) Explicit Eigensolutions to the Laplace Operator. A Comprehensive Derivation for Two-

Dimensional Geometrieswith Elementary Solutions, Master’s thesis, KTH Royal Institute of Technology.
[35] Léna, C. & Rohleder, J. (2024) Estimates for the lowest Neumann eigenvalues of parallelograms and domains of constant

width. Anal. Math. Phys. 14(3), 42.
[36] Maini, P. K. & Woolley, T. E. (2019) The turing model for biological pattern formation. In Bianchi, A., Hillen, T., Lewis,

M. & Yi, Y. (eds.), The Dynamics of Biological Systems, Springer, pp. 189–204.
[37] Maini, P. K., Woolley, T. E., Gaffney, E. A. & Baker, R. E. (2016) Chapter 15: Biological pattern formation. In The Once

and Future Turing, Cambridge University Press.
[38] Marcon, L. & Sharpe, J. (2012) Turing patterns in development: What about the horse part? Curr. Opin. Genet. Dev. 22(6),

578–584.
[39] Matano, H. & Mimura, M. (1983) Pattern formation in competition-diffusion systems in nonconvex domains. Publ. Res.

Inst. Math. Sci. 19(3), 1049–1079.
[40] McCartin, B. J. (2002) Eigenstructure of the equilateral triangle, Part II: The Neumann problem. Math. Probl. Eng. 8(6),

517–539.
[41] McCartin, B. J. (2008) On polygonal domains with trigonometric eigenfunctions of the Laplacian under Dirichlet or

Neumann boundary conditions. Appl. Math. Sci. 2(57–60), 2891–2901.
[42] McCartin, B. J. (2011) Laplacian Eigenstructure of the Equilateral Triangle, Hikari, Limited.
[43] Murray, J. D. (1981) A pre-pattern formation mechanism for animal coat markings. J. Theor. Biol. 88, 161–199.
[44] Murray, J. D. (2003a) Mathematical Biology II: Spatial Models and Biomedical Applications, 3rd ed., Vol. 2, Springer-

Verlag.
[45] Murray, J. D. (2003b) Mathematical Biology I: An Introduction, 3rd ed., Vol. 1, Springer-Verlag.
[46] Ostuni, E., Kane, R., Chen, C. S., Ingber, D. E. & Whitesides, G. M. (2000) Patterning mammalian cells using elastomeric

membranes. Langmuir 16, 7811–7819.
[47] Othmer, H. G. & Pate, E. (1980) Scale-invariance in reaction-diffusion models of spatial pattern formation. Proc. Nat. Acad.

Sci. 77(7), 4180.
[48] Payne, L. E. & Weinberger, H. F. (1957) Lower bounds for vibration frequencies of elastically supported membranes and

plates. J. Soc. Ind. Appl. Math. 5(4), 171–182.
[49] Payne, L. E. & Weinberger, H. F. (1960) An optimal Poincaré inequality for convex domains. Arch. Ration. Mech. Anal.

5(1), 286–292.
[50] Pismen, L. M. (1979) Multiscale propagation phenomena in reaction–diffusion systems. J. Chem. Phys. 71(1), 462–473.
[51] Plaza, R. G., Sanchez-Garduno, F., Padilla, P., Barrio, R. A. & Maini, P. K. (2004) The effect of growth and curvature on

pattern formation. J. Dyn. Differ. Equ. 16(4), 1093–1121.
[52] Rätz, A. (2015) Turing-type instabilities in bulk–surface reaction–diffusion systems. J. Comput. Appl. Math. 289, 142–152.
[53] Schnakenberg, J. (1979) Simple chemical reaction systems with limit cycle behaviour. J. Theor. Biol. 81(3), 389–400.
[54] Schumacher, L. J., Woolley, T. E. & Baker, R. E. (2013) Noise-induced temporal dynamics in Turing systems. Phys. Rev. E

87(4), 042719.
[55] Seirin-Lee, S. (2017) Role of domain in pattern formation. Dev. Growth Differ. 59(5), 396–404.
[56] Shevchenko, V. Y., Makogon, A. I., Sychov, M. M., Nosonovsky, M. & Skorb, E. V. (2022) Reaction–Diffusion pathways

for a programmable nanoscale texture of the diamond–SiC composite. Langmuir 38(49), 15220–15225.
[57] Short, M. B., Bertozzi, A. L. & Brantingham, P. J. (2010) Nonlinear patterns in urban crime: Hotspots, bifurcations, and

suppression. SIAM J. Appl. Dyn. Syst. 9(2), 462–483.
[58] Szegö, G. (1954) Inequalities for certain eigenvalues of a membrane of given area. J. Ration. Mech. Anal. 3, 343–356.
[59] Tanaka, M., Song, Y. & Nomura, T. (2024) Fabric soft pneumatic actuators with programmable turing pattern textures. Sci.

Rep. 14(1), 19175.
[60] Turing, A. M. (1952) The chemical basis of morphogenesis. Phil. Trans. R. Soc. Lond. B 237, 37–72.
[61] Uecker, H. (2021) Numerical Continuation and Bifurcation In Nonlinear PDEs, SIAM.
[62] Uecker, H., Wetzel, D. & Rademacher, J. D. M. (2014) pde2path - A Matlab package for continuation and bifurcation in 2D

elliptic systems. Numer. Math. Theory Methods Appl. 7(1), 58–106.
[63] Van Gorder, R. A., Kim, H. & Krause, A. L. (2019) Diffusive instabilities and spatial patterning from the coupling of

reaction-diffusion processes with Stokes flow in complex domains. J. Fluid Mech. 877, 759–823.
[64] Weidl, T., Benguria, R. D., Ashbaugh, M. S. & Laugesen, R. S. (2009) Low eigenvalues of Laplace and Schrödinger

operators. Oberwolfach Rep. 6(1), 355–428.
[65] Woolley, T. E. (2022) Boundary conditions cause different generic bifurcation structures in Turing systems. Bull. Math.

Biol. 84(9), 1–38.
[66] Woolley, T. E. (2025a) Pattern formation on regular polygons and circles. J. Nonlinear Sci. 35(1), 1–44.
[67] Woolley, T. E. (2025b) Bespoke Turing patterns with specific nonlinear properties. Proc. Roy. Soc. A 481(2312), 20250030.

https://doi.org/10.1017/S0956792526100515 Published online by Cambridge University Press

https://doi.org/10.1063/1.3246834
https://doi.org/10.1017/S0956792526100515


20 T.E. Woolley and V. Klika

[68] Woolley, T. E. (2026) Mind the gap: A solution to the robustness problem of turing patterns through patterning mode
isolation. Appl. Math. 6(1), 3.

[69] Woolley, T. E. (2026a) Turing bifurcations on elliptical domains: A deviation from rectangular and circular limits. Int. J.
Appl. Comput. Math. 12(2), 25.

[70] Woolley, T. E., Baker, R. E., Gaffney, E. A. & Maini, P. K. (2011) Stochastic reaction and diffusion on growing domains:
Understanding the breakdown of robust pattern formation. Phys. Rev. E 84(4), 046216.

[71] Woolley, T. E., Baker, R. E. & Maini, P. K. (2017a) Chapter 35: Turing’s theory of morphogenesis. In The Turing Guide,
Oxford University Press.

[72] Woolley, T. E., Baker, R. E. & Maini, P. K. (2017b) Turing’s theory of morphogenesis: Where we started, where we are and
where we want to go. In The Incomputable: Journeys Beyond the Turing Barrier, Springer, pp. 219–235.

[73] Woolley, T. E., Baker, R. E., Tickle, C., Maini, P. K. & Towers, M. (2014) Mathematical modelling of digit specification by
a sonic hedgehog gradient. Dev. Dynam. 243(2), 290–298.

[74] Woolley, T. E., Krause, A. L. & Gaffney, E. A. (2021) Bespoke Turing systems. Bull. Math. Biol. 83(5), 1–32.
[75] Zhenpeng, G. (2023) The hidden order of Turing patterns in arid and semi-arid vegetation ecosystems. Proc. Natl. Acad.

Sci. 120(42), e2306514120.

Cite this article: Woolley T.E. and Klika V. Role of dimension and geometry: non-uniqueness in the pseudo-one-
dimensional limit for Turing patterns on parallelograms. European Journal of Applied Mathematics, https://doi.org/10.1017/
S0956792526100515

https://doi.org/10.1017/S0956792526100515 Published online by Cambridge University Press

https://doi.org/10.1017/S0956792526100515
https://doi.org/10.1017/S0956792526100515
https://doi.org/10.1017/S0956792526100515

	Introduction
	General perspective on the bifurcation due to the domain size: the role of boundary conditions, shape and dimension
	Dirichlet Laplacian
	Neumann Laplacian
	Robin Laplacian

	Parallelogram geometry
	Equation mapping
	Eigenvalue bounds
	Turing kinetics
	Rhombus
	Sheared parallelogram
	General parallelogram bifurcations
	Conclusion
	References

