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Abstract Mammalian cerebral cortices are characterized by
elaborate convolutions. Radial convolutions exhibit homology across primate species and generally are easily identified in
individuals of the same species. In contrast, circumferential
convolutions vary across species as well as individuals of
the same species. However, systematic study of circumferential convolution patterns is lacking. To address this issue, we
utilized structural MRI (sMRI) and diffusion MRI (dMRI)
data from primate brains. We quantified cortical thickness
and circumferential convolutions on gyral banks in relation
to axonal pathways and density along the gray matter/white
matter boundaries. Based on these observations, we performed a series of computational simulations. Results demonstrated that the interplay of heterogeneous cortex growth and
mechanical forces along axons plays a vital role in the
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regulation of circumferential convolutions. In contrast, gyral
geometry controls the complexity of circumferential convolutions. These findings offer insight into the mystery of circumferential convolutions in primate brains.
Keywords Gyral convolution . MRI . Computational
modeling . Axon . Heterogeneous growth

1 Introduction
Convolution of the cerebral cortex is a prominent feature of
mammalian brains. Many researchers across a wide variety of
disciplines have addressed various mechanisms underlying the
formation of these convolutions (Le Gros Clark 1945; Caviness
1975; Van Essen 1997; Brown et al. 2002; Cartwright 2002; Sur
and Rubenstein 2005; Chen et al. 2010; Nie et al. 2012). Several
hypotheses at multiple spatial scales have been put forward. For
example, at the micro-scale, it has been demonstrated that genetic factors regulate cortical growth and folding (Beck et al. 1995;
Leighton et al. 2001; Gaudillière et al. 2004; Konishi et al. 2004;
Stahl et al. 2013; Sun and Hevner 2014). In particular, recent
genetic studies indicate that the protein coding gene, Trnp1, regulates neuronal migration and cortical plate expansion (Götz and
Huttner 2005; Stahl et al. 2013; Borrell and Götz 2014).
Manipulating the expression of Trnp1 causes convolutions to
emerge in mutant mice, whereas the brains of wild type controls
are smooth. This result agrees with the macro-scale hypothesis
that cortical folding is a result of growth differences (Caviness
1975; Cartwright 2002; Brown et al. 2002; Razavi et al. 2015a;
Razavi et al. 2015b). Other macro-scale observations suggest
that axon elongation or shrinkage as well as the orientation of
subcortical axons contribute to the formation of convolution patterns (Van Essen 1997; Sur and Rubenstein 2005; Nie et al.
2012; Chen et al. 2013). Although controversy exists regarding
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which types of mechanical forces are generated by axons, there
is a consensus that these forces act along the axonal axis rather
than across it (Van Essen 1997; Xu et al. 2010; Nie et al. 2012).
However, very few studies (Chen et al. 2013) have systematically investigated these circumferential folding patterns. As
shown in Fig. 1b, corresponding primary gyral-sulcal patterns
can be easily identified across subjects (e.g., precentral gyri in
across four different human subjects). In contrast, cross- subject
variability in folding patterns occur in the circumferential direction (see the coordinate system defined in Fig. 1a and the circumferential bends highlighted by cyan arrows in Fig. 1b).
These variations hamper identification of consistent gyral compartments cross subjects. This observation is also supported by
cross-species studies based on MRI data (Fig. 1d). Macaque
brains are known to have less cross-subject variation and fewer
circumferential folds on their primary gyri/sulci, while this variation becomes pronounced in chimpanzee and human brains.
Therefore, cross-subject variations are likely related to circumferential rather than primary folding patterns (see details of
cross-species comparison in Table S3). Nevertheless, certain
consistencies are found in these seemingly varied circumferential folding patterns. For example, consistent convex patterns
on gyral walls, termed annectant gyri, were identified over a
century ago (Cunningham and Horsley 1892, and Gratiolet
1854). Later, a systematic study of these annectant gyri showed
great promise in understanding sulcal-gyral organization and
establishing inter-subject correspondences (Régis et al. 2005).
These findings imply that circumferential convolutions could
be regulated by discernible factors. However, previous studies
provide no clear clues regarding possible underlying regulators.
Therefore, in this study, we systematically study circumferential convolutions by quantifying regular patterns across subjects and species and by exploring factors that account for this
regularity. To this end, we present an integrated approach to
analyzing cortical circumferential convolutions by combining
imaging data analyses with computational modeling. First, we
quantify circumferential convolution patterns via a multimodal analysis of structural magnetic resonance imaging (sMRI)
and diffusion magnetic resonance imaging (dMRI), with attention to axonal pathway orientation and cortical thickness.
With inputs from multimodal imaging analysis, we design
computational models and select relevant parameters. We believe that a combination of imaging data analysis and computational modeling offers a promising approach to the study
cortical convolutions (Toro and Burnod 2005; Nie et al.
2012; Bayly et al. 2013; Xu et al. 2009; Bayly et al. 2014;
Xu et al. 2010; Geng et al. 2009; Tallinen et al. 2014).

2 Materials and methods
First, we note that ‘gyri’ and ‘sulci’ are not well defined in the
circumferential direction. Therefore, we define this distinction in

terms of ‘convex’ vs. ‘concave’. For simplicity, we use a single
gyrus as a base to investigate circumferential convolutions.

2.1 Imaging data and preprocessing
2.1.1 Data acquisition
Image data from sixty-four healthy human subjects from
the Human Connectome Project (HCP) Q1 datasets was
used in this study. Data from fifteen chimpanzees and
twenty macaques were obtained from the colony at
Yerkes National Primate Research Center (YNPRC) in
Atlanta, Georgia. All animal imaging was conducted at
t h e Y N P R C o f E m o r y U n i v e r s i t y u n d e r Il l i n o i s
Institutional Animal Care and Use Committee (IACUC)
approval. Every subject in this study had T1-weighted
structural magnetic resonance imaging (sMRI) data and
diffusion magnetic resonance imaging (dMRI) data. Some
important imaging parameters are listed in Tables 1 and 2.
Additional details are included in the Supplemental
Materials. In order to prevent bias due to different data
set sizes, we used the same number of subjects (fifteen)
in human, macaque, and chimpanzee comparisons.

2.1.2 Data preprocessing
BedpostX in FSL 5 (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/)
was used to analyze the multi-shell human dMRI data. A
maximum of two axonal orientations was reconstructed at
each voxel since it has been suggested that b-values greater than 4000 are required to robustly resolve a 3 fiber
system (Behrens et al. 2007). We directly used the preprocessed human sMRI data included in the released
package (Glasser et al. 2013). In brief, pre-processing of
the human sMRI data included skull removal, tissue segmentation, surface reconstruction, and structural attribute
labelling, conducted with the HCP standard pipeline via
FSL (Jenkinson et al. 2012) and FreeSurfer (Dale et al.
1999; Fischl et al. 2001; Fischl et al. 2008; Fischl et al.
2002; Fischl et al. 1999a; Fischl et al. 1999b; Ségonne
et al. 2005). Details concerning the HCP data preprocessing pipeline can be found elsewhere (Glasser
et al. 2013). For chimpanzee and macaque dMRI data,
pre-processing included skull removal, motion correction,
and eddy current correction. Fiber tracking via MedInria
(http://med.inria.fr) with standard parameters (tensor
model, FA = 0.3) was used (Chen et al. 2013). For
sMRI data, pre-processing included skull removal as well
as gray matter (GM) and white matter (WM) tissue segmentation (Liu et al. 2007). GM/WM boundary surfaces
then were reconstructed (Liu et al. 2008).
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Fig. 1 a Illustrations of radial and circumferential gyri on the brain
modeled as a sphere. The white dot represents the center of the sphere.
Black dashed axes and yellow intersection curves illustrate the coronal
(C), sagittal (S) and transverse (T) planes. Orange arrows illustrate the
radial directions on the three planes. Gray axes illustrate the local
coordinate system at the location of the orange arrow on the S plane.
One of the axes is normal to the surface. The other two axes define the
tangential plane. Blue curved arrows illustrate the circumferential
directions. b Blue arrow-heads highlight bends on the banks of the
precentral gyri (PrGs) in four mature human brains. c Development of
PrG convolutions in human fetal brains. Blue arrows highlight locations
where PrGs convolute in the circumferential direction. Abbreviations:
MPC: maximum principal curvature. Pcw: post-conceptual week. d

Circumferential PrG convolutions in three species. Complexity
increases from macaque to human. e Schematic representation of radial
and circumferential convolutions. The top-left figure illustrates a gyrus
with no circumferential bends. Such a bend occurs at the location
highlighted by the blue arrow in the top-right figure. The bottom row
shows 2D profiles of the gyri in the top row. On gyri without
circumferential bends, cortex on the convex crown is thicker and more
densely connected with axons than in concave sulcal regions. We ask
whether this relation applies also to gyri affected by circumferential
bending. If so, as illustrated in the bottom-right figure, the convex
cortex on the right wall is expected to be thicker and more densely
connected with axons
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Table 1 Parameters for T1weigted MRI data acquisition

TR (ms)

TE (ms)

Flip angle
(degree)

FOV (mm)

Voxel size (mm)

Slice
number

Human
Chimpanzee

2400
2400

2.4
4.13

8
8

224 × 224
320 × 320

0.7 × 0.7 × 0.7
0.8 × 0.8 × 0.8

256
192

Macaque

2500

3.49

8

128 × 128

0.5 × 0.5 × 0.5

192

2.2 Methods of imaging data analysis
2.2.1 Gyral extraction and Bank lines
Figure 2 illustrates the analytical model using the precentral
gyrus (PrG) as an example. A gyrus (Fig. 2a) was manually
extracted from the cortical surface between two adjacent sulcal
fundi. The thick white curve in Fig. 2b is the central sulcus
fundus. Gyral crest and sulcal fundus lines were extracted
semi-manually via the method described in (Li et al. 2010). To
determine the starting and ending point of a gyrus, we referred to
brain atlases (the atlas presented in Destrieux et al. 2010 and the
Brodmann atlas). A gyral bank was defined as the region between a gyral crest and a sulcal fundus (Fig. 2b). A gyral region
was divided into two gyral banks by the gyral crest line.
Figure 2b shows the bank between the precentral gyrus crest
and the central sulcus fundus (PC bank). Fifty points were uniformly sampled on both the gyral crest line and sulcal fundus
line. The bank curve in Fig. 2b shows an example of geodesic
path across the bank obtained by our previous method (Li et al.
2010). Ten control points (black dots in Fig. 2b) were uniformly
sampled on each geodesic path. A bank curve was defined by
continuously connecting adjacent points on different geodesic
paths. The yellow arrow in Fig. 2b highlights the 5th bank line.
This grid system in Fig. 2b was used as a reference to study
cortical or sub-cortical features from the two adjacent banks.

2.2.2 Cortical thicknesses, local axonal orientations,
and convolution patterns
In the HCP dataset, cortical thickness (Fig. 2b) was measured
using FreeSurfer and mapped to each surface vertex (Fischl and
Dale 2000). To quantify the orientations of axonal pathways, we
used the multi-shell model in FSL-FDT (Behrens et al. 2007) to
estimate the local diffusion orientation distribution function
Table 2

(ODF) for each voxel. Two orientations for each voxel were
estimated, and only the primary diffusion orientation (PDO),
white bars in Fig. 2c, was used in this work. To study how
axonal pathways penetrate into the white matter/Gy matter interface, we selected white matter voxels near the white matter
surface. Angles between PDOs and surface normals were computed (Fig. 2c) on these voxels. If axonal pathways consistently
course along the surface, the angle will be close to 90°
(Fig. S2c). If axonal pathways consistently penetrate into the
surface (Fig. S2d), the angle will be close to 0°. We used local
axonal orientation (AO) to denote the angle. Local AOs were
mapped to the surface vertices such that both a cortical feature
(cortical thickness) and a subcortical feature (local AO) was
recorded for each vertex. We also used surface-based maximum
principal curvature (MPC) to depict the local convolution patterns. A positive MPC value indicates that the surface has a
convex pattern, while a negative value indicates a concave pattern. To study the relationship between convolution patterns and
cortical/subcortical features on the bank, we computed Pearson
correlation coefficients between the MPC and cortical thickness/
local AO evaluated along bank lines (i.e., along the yellow
trajectory in Fig. 2b).

2.3 Computational model
Cortical/subcortical features were assumed to be homogenous
along bank geodesic paths (black curves in Fig. 2b).
Following this assumption (see supporting evidence in
Table S2), the 5th bank line in Fig. 2d was used as a representative bank line in order to design a 3D computational model
of the circumferential profile of a gyrus (Fig. 2e). In this computational model, a ribbon defined as ‘core’ represents the
subcortical regions, which in the developing brain include
tissue zones such as the subplate, intermediate zone,
subventricular zone, ventricular zone, etc. Two thin ribbons

Parameters for diffusion MRI data acquisition

Human
Chimpanzee
Macaque

TR (ms)

TE (ms)

FOV (mm)

Voxel size (mm)

Slice number

Diffusion
weighting directions

B value(s) (s/mm2)

5520
5900
7000

89.5
84
108

210 × 180
130 × 230
141 × 132

1.25 × 1.25 × 1.25
1.8 × 1.8 × 1.8
1.1 × 1.1 × 1.1

111
41
43

90 × 3
60
60

1000, 2000, 3000
1000
1000
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Fig. 2 a Top: gray matter surface; bottom: white matter surface. The blue
curve is the PrG crest line. b Illustration of the grid system on the bank
between the precentral gyrus and the central sulcus fundus (PC bank).
The gray curves connecting the crest line and sulcal fundus are geodesic
paths. The yellow arrow highlights the 5th bank line (every bank has 10
bank lines). Cortical thickness is mapped to the PC bank and displayed on
a color scale. c A joint visualization of surface normals (green arrows) and
the primary diffusion orientations (PDOs, white bars) on a cross-section

of the PrG. d The 5th bank lines on white matter surface (yellow) and gray
matter surface (orange) of the PrG. e The computational model. The gray
model shows the initial phase and the colored model shows the deformed
phase. The model aims to account for the structure in (d). Since the
computational model is allowed to fold only in the x-y plane, we will
only discuss simulation results from the top view of folded models
without bases in the following sections

skirting and adhering to the core, defined as the ‘shell’, represent the cortical plate of the developing brain. A similar twolayer model has been used and proven effective in recent
models of brain development (Razavi et al. 2015a; Razavi
et al. 2015b; Bayly et al. 2013; Tallinen et al. 2014). We used
different lengths and thicknesses for shells and cores to mimic
gyri of different species. Two structural bases attached to both
ends of the ribbons were used to stabilize the system.
Mechanical properties of the computational model were assumed to be homogeneous in the radial direction, but vary at
different locations along gyral banks. Structural bases were
assumed to have the same material property as the core and
shell. A certain number of special areas were introduced into
the ‘shell’ such that different material properties, growth rates,
and mechanical forces could be assigned to them.
A non-linear finite element model with a neo-Hookean
material constitutive relationship and an isotropic growth in
the shell was used to model the development of gyral convolutions. Growth of the brain model was simulated via thermal
expansion (Jin et al. 2011; Cao et al. 2012; Razavi and Wang
2015c) in commercial software ABAQUS 6–13 using its
Dynamic-Explicit solver. Robustness studies indicated that,
as long as the mesh size was small enough in comparison to
the model dimensions, the qualitative features of simulation
results from our model were independent of mesh size. More
details on the implementation of the computational model can
be found in the Supplemental Materials.

we inferred from them. Then, various parametric configurations are applied to our computational model to test hypotheses. Finally, computational results are compared with those
from imaging data analysis and possible underlying mechanical explanations for gyrus convolution are evaluated.

3 Results
In the following sections, we first summarize the findings
from the imaging data analysis and introduce the hypotheses

3.1 Imaging data based results
3.1.1 Negative correlations among banks in terms
of cortical/sub-cortical features
Here, gyri from human brains are used to discuss the folding
features from the imaging viewpoint while the relevant data
from chimpanzee brains are shown in the Supplemental
Materials (Tables S4-S6). Figure 3 depicts the cortical and subcortical features of the 5th bank lines on both banks in terms of
maximal principal curvature (MPC), cortical thickness, and local AO. The negative correlation of the feature curve pairs is
observed since the Pearson correlation coefficient (PCC) between the feature curves on the 5th bank line pair is about
−0.5. In general, the cortical and subcortical features measured
on the two adjacent banks show opposing trends. This inverse
relation is obvious at locations where gyrus sharply folds in the
circumferential direction (yellow arrows in Fig. 3).
The mean values and standard deviations of the average
PCCs between the feature curves on the bank line pairs across
subjects are reported for four gyri in Table 3 (the precentral
gyrus (PrG), postcentral gyrus (PoG), superior temporal gyrus
(STG), and middle temporal gyrus (MTG)). These four gyri
are chosen for their relative consistency across subjects. The
average PCCs for each gyrus are obtained based on the bank
line pairs from #3 to #7 (to ensure that the bank lines do not
fall directly on the gyral crests or sulcal fundi). As shown in
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Fig. 3 a 10 pairs of bank lines on
adjacent cortical gyral banks of
the PrG. PP bank: the bank
between PrG and the precentral
sulcus. PC bank: the bank
between the PrG and the central
sulcus. The 1st pair of bank lines
are gyral crest lines. The 10th pair
are sulcal fundus lines. Panels b, c
and d show maximal principal
curvature (MPC), local AO, and
cortical thickness, respectively,
evaluated over both 5th bank
lines. Yellow arrows in (a-d)
highlight two locations where the
gyrus sharply folds. Note
negative Pearson correlations
(PCC) for all three measures

Fig. 3 and Table 3, all three feature curves of the two banks are
negatively correlated, suggesting an inverse correlation between two adjacent gyral banks in terms of patterns of cortical
morphology, cortical thickness, and local AO.
3.1.2 Local AOs vs. Bank convolution patterns
In this section, we study the relationship between local axonal
orientation and convolution in the same four human gyri. For
each gyrus, vertices on bank lines are categorized into two
groups, one with positive MPCs (convex convolution
Table 3 Average pearson correlation coefficients (PCCs) between the
feature curves obtained from the two banks of a gyrus
PrG

PoG

MTG

STG

MPC
-0.12±0.06 -0.07±0.02 -0.21±0.12 -0.05±0.03
Cortical Thickness -0.42±0.12 -0.04±0.16 -0.30±0.19 -0.22±0.08
Local AO
-0.11±0.14 -0.05±0.15 -0.25±0.24 -0.12±0.06

patterns) and the other with negative MPCs (concave convolution patterns). The average local AO is computed within
each vertex group and results are reported in Table 4. Left tail
t-test is conducted with the finding that local AOs at convex
locations are smaller than those at concave locations. Axons
enter the gray matter in convex regions in a significantly (pvalues <9.73 × 10−17) different manner from that in concave
regions. In other words, they course along the white matter /
gray matter boundaries in concave bank regions, but penetrate
the boundaries in convex regions. We discuss this finding in
detail in Section 3.2.
3.1.3 Cortical thickness vs. Bank convolution pattern
Similarly, Table 5 reports a statistical comparison of cortical
thicknesses between the two positive vs. negative MPC
groups. Convex regions have, on average, thicker cortices
than do concave ones. This result for the gyral banks is consistent with the relationship between cortical thickness and
convolution for primary gyro-sulcal patterns (Li et al. 2015).
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Table 4 Comparison between the two vertex groups, the positive MPC group and the negative MPC group, in terms of the local AO values (°). L-ttest: left tail t-test
PrG
Average Local AO

MTG

STG

Pos MPC

59.14

67.83

65.69

70.72

Neg MPC

70.91

73.38
8.33 × 10−41

71.13
4.0 × 10−26

74.22
9.73 × 10−17

6.25 × 10−99

L-t-test p-value (pos < neg)

3.2 Hypotheses from imaging data analysis
Figure 4a-c summarize major findings obtained from the imaging data analyses in the previous sections. Figure 4a illustrates that the cortical and subcortical features measured on the
two adjacent banks show opposing cortical morphology
trends. Figure 4b illustrates that the cortex is relatively thicker
in convex regions while Fig. 4c illustrates that axonal pathways are likely to course along the cortex in the concave
regions but tend to directly penetrate the gray matter in the
convex regions.
Recent studies (Hilgetag and Barbas 2005) suggest that
thicker cortices have more neurons which may stem from
faster neuron migration in the brain developmental stage
(Götz and Huttner 2005; Stahl et al. 2013; Borrell and Götz
2014). Although the question of causality between the cortical
convolution/axon morphology and mechanical properties still
remains unresolved, in this work we assume that axons actively elicit mechanical effects to produce convolutions, and that
mechanical forces act along axon axes (Van Essen 1997; Xu
et al. 2010; Nie et al. 2012). Following these assumptions, we
investigate a series of computational models to study the effects of cortex growth rates, mechanical forces from axons,
and the interplay between them on the production and regulation of convex and concave convolution patterns in the circumferential direction.
3.3 Computational simulations
In order to test the above mentioned hypotheses, we introduce
special areas (the solid and dashed yellow blocks in Fig. 4d) in
a pairwise fashion into the ‘shell’ of the computational model,
so that heterogeneous cortex growth rates and axonal mechanical forces can be applied (Hilgetag and Barbas 2005; Xu et al.
2010). Five model configurations are investigated. In

Table 5

PoG

Configurations #1 and #2, we only consider growth effects
in the shell. Similarly, in Configurations #3 and #4, only extra
mechanical forces (such as those from axons) are applied to
the core. We explore the possibility of a combination of heterogeneous cortical growth and axonal mechanical forces in
Configuration #5. Simulation results are compared with the
schematic diagrams in Fig. 4(a-c). Configurations that reproduce features of real data are further discussed as they potentially reveal mechanism underlying the development of circumferential convolutions.
Table 6 lists the details of these five configurations.
Without loss of generality, we assume that material growth
only takes place in the shell of our model, because it is the
relative growth ratio between the core and shell rather than
their individual growth rates that determines cortcial folding
patterns (Razavi et al. 2015b; Budday et al. 2014). It is also
noted that we apply uniform compression/tension to all shell/
core borders, and stronger compression/tension to the special
areas (see examples in Fig. S12).
3.3.1 Driving factors of circumferential convolution
Recent studies have shown that the differential growth hypothesis is consistent with the known development of cortical
convolutions (Ronan et al. 2014; Bayly et al. 2014). The differential growth hypothesis posits that the outer layer of the
brain grows at a faster rate than the inner one, thereby acting as
a driver of cortical folding (Richman et al. 1975; Raghavan
et al. 1997). Following this hypothesis, Configuration #1 is
applied to our simplified computational model (Fig. 4d) in
which the ‘shell’ grows faster than the ‘core’, and the growth
rate is homogeneous within the ‘shell’. The initial models are
shown in Fig. 5a. Figures 5c, d show simulation results at
three successive time points (time 1 < time 2 < time 3) for
two different models. The ‘long’ model in Fig. 5d has twice

Comparison of cortical thickness (mm) between the positive MPC group and the negative MPC group

Average thickness
R-t-test p-value (pos > neg)

Pos MPC
Neg MPC

PrG

PoG

MTG

STG

2.96
2.55
2.14 × 10−51

2.43
2.15
1.08 × 10−25

3.27
2.91
9.66 × 10−15

3.12
2.80
4.42 × 10−46
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Fig. 4 a Schematic diagram of convex/concave convolution patterns
(CV/CC) on the banks of a representative PrG. Orange curves and
yellow curves are the 5th bank lines on the gray matter and white
matter surfaces, respectively. b and c Schematic diagrams of cortical
thickness and axonal orientation of these two banks; ‘T’ and ‘t’ indicate
relatively thicker and thinner parts of the cortex, respectively. ‘C’ (for

contact) indicates that axons perpendicularly penetrate the white matter
surface, while ‘P’ (for parallel) indicates that axons course along the
surface; arrows indicate axonal orientations. d Special regions are
defined in the computational model such that heterogeneous mechanical
effects can be applied to them

the length of the ‘short’ one in Fig. 5c (the thicknesses of the
shell and core are the same for both models). The model with
configuration #1 convolutes after a sufficient amount of
growth, confirming that different growth rates between the
cortex and subcortex might be a possible driving force to
produce circumferential convolution (Richman et al. 1975;
Raghavan et al. 1997).
Next, we study the complexity of cortical convolution.
Three computational models with different aspect ratios obtained from the precentral gyrus of the three species (see detailed information in Table S1) are applied to the model using
Configuration #1. After a certain amount of growth, significant differences among the three models are observed in
Fig. 5e: two folds are produced on the ‘human gyrus’, one
on the ‘chimpanzee gyrus’, and none on the ‘macaque gyrus’.
These results are in good agreement with the observations
from cross-species imaging data (Fig. S3-S7) and suggest that
the geometry of a gyrus itself could be a critical factor
influencing the complexity of convolutions.
However, folds produced by Configuration #1 are not stable over time. Taking the short model (Fig. 5c) for example,
the locations highlighted by two arrows have concave convolution patterns at times 1 and 2. But neither of them has the

same pattern at time 3 (red arrows). A similar observation is
found in the long model (see red arrows at time step 3 in
Fig. 5d). These results disagree with imaging data (Fig. S3S7), in which a consistent circumferential convolution pattern
is identified within species. Therefore, we believe that some
other factor beyond differential growth between the shell and
core must play a role in regulating the convolution patterns.

Table 6 The five model
configurations

3.3.2 Heterogeneous growth for circumferential convolution
patterns
In contrast to homogeneous growth within the shell, heterogeneous growth might be a factor contributing to regulation of
circumferential convolution. To simplify Configuration #2,
we modeled the regions marked by the solid yellow block in
Fig. 5b as growing at twice the speed of the rest of the shell,
while keeping the regions marked by a dashed yellow block at
the same growth rate as the shell. We chose the number of
special regions (two or three) based on the wavelength of the
convoluted structure after growth measured from the imaging
data. As seen in Fig. 5f, it is evident that, irrespective of the
phase of the model evolution, convex patterns are consistently
produced in locations with faster growth. Figure 5g, h show

Configuration indices

Growth rate ratios between
special region and shell

Mechanical effects
on special areas

Notes

#1
#2
#3
#4
#5

1
2
1
1
2

Compression
Tension
Tension

Homogeneous growth in shell
Heterogeneous growth in shell
Axons are in compression
Axons are in tension
Interplay of heterogeneous shell
growth and tension in axons
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Fig. 5 a and b Schematic representations of Configurations #1 and #2. c
and d Simulation results obtained with Configurations #1 and #2. The
aspect ratios of these configurations are 12 and 24, respectively. Gray
arrows indicate locations where stable convolution patterns are
generated across all time steps. Red arrows indicate unstable locations.
(e) Impact of gyrus geometry. Gyrus geometry is defined by white matter
width, gray matter thickness, and gyrus length (a, b and l). See details in
Table S1. The aspect ratio of a gyrus is close to 12 in human brains, 9 in

chimpanzee brains, and 4.2 in macaque brains. (f)-(h) Simulation results
obtained with Configuration #2. Black arrows and gray arrows point to
the locations of special region pairs. The cases illustrated in (f) and (h)
have the same model geometry as in (c). The model in (g) has the same
geometry as in (d). Colors in (c-h) represent von Mises stress. The
absolute value of von Mises stress is less consequential than the relative
stress distribution. Therefore, color scales may vary across subsequently
presented results

that, regardless of model geometry, convex convolution patterns are always produced in areas with greater growth rates.
Finally, we measure the cortical thickness of convex (CV)
regions and concave (CC) regions in our computational results. The cortical thickness ratio of CV to CC regions is
compared between homogeneous (Fig. 5c) and heterogeneous
(Fig. 5f) growth models at time 2. The ratio is 0.83 in homogenous growth models and 1.10 in heterogeneous growth
models (Table S8). The latter result is consistent with the
observations from the imaging data in Fig. 4b.

alone can ‘actively’ produce circumferential folding patterns
as shown in Fig. 4c. It is worthwhile mentioning that, if the
mechanical forces in axons on special regions are parallel to
the shell-core interface, their effects on the circumferential
convolution of a gyrus are negligible because stretch or compression acts tangentially (see Fig. S8 in Supplemental
Materials).
Compression in axons is modeled as net pressure applied to
the special regions, with the value of this pressure (P) increasing from zero to a quarter of the core/shell shear modulus P =
0.25μ = 0.5kPa. Figures 6b-d show simulation results under
axonal compression for three models with the same geometry
as in Fig. 5f-h, respectively. Compression in axons produces
convex regions at solid-block-highlighted special regions in
Fig. 6a. This result is consistent with the imaging data
(Fig. 4c). However, the average cortical thickness ratio between the convex and concave regions is close to 1 in the
simulation results in Fig. 6b-d, which deviates from the observation in Fig. 4b that convex regions have thicker cortices.
Unlike compression, tension applied along the axonal orientation where axons vertically contact gray matter (indicated
by blue arrows in the left picture of Fig. 6e), produces concave

3.3.3 The role of axons in regulating circumferential
convolution patterns
We assume that mechanical effects from axons along the axonal directions are stronger in the convex regions than in the
concave regions, owing to the relative AOs in these regions.
However, it is still debated whether axons are under compression or tension during growth (Holland et al. 2015). In our
simplified models, we implicitly consider axons under both
tension and compression by exerting Bpulling^ and Bpushing^
loads, to test the hypothesis that force generated by axons
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Fig. 6 a Left: schematic diagram of Configuration #3, in which a
compressive force, represented by black arrows, is applied to the solidblock-highlighted special regions along axonal orientations represented
by green arrows. Right: schematic diagram of the simulation result after
growth generated by Configuration #3. b-d Simulation results of three
models of the same geometries as those in Fig. 5f-h. (e) Left: schematic

diagram of Configuration #4, in which a tensile force, represented by
black arrows, is applied to these solid-block-highlighted special regions
along axonal orientations represented by green arrows. Right: schematic
diagram of the simulation result obtained with Configuration #4. (f) A
simulation result of the model using Configuration #4 with the same
geometry as (b)

convolutions (Fig. 6f), which is not concordant with the observation from imaging data (Fig. 4c). The findings in both
cases imply that mechanical forces in axons alone are not
sufficient to produce circumferential convolution patterns
consistent with observations from imaging data.

In Configuration #5 (Fig. 7), special regions marked by solid
blocks grow at twice the rate of other shell regions. Two temporal patterns of axonal force, indicated by cyan arrows, are
applied: constant and amplifying. Constant tension (the top
row of Fig. 7) is applied to the special regions immediately
at simulation start without change in magnitude. Amplifying
tension (the bottom row of Fig. 7) is used to test the possibility
that growth of subcortical regions amplifies the mechanical

effects. Tension in the amplifying model (reflected by P) starts
from zero. Both simulation results indicate that the fast growth
of special regions appear to ‘dominate’ the process and produce convex patterns at the special regions highlighted by
solid blocks (black arrows) when the tension in axons (P)
drops below a threshold, defined as the transition point
(dashed yellow lines). The transition points of the two cases
are approximately P = 16 Pa (η=0.008) for constant tension
and P = 33 Pa (η=0.0165) for amplifying tension. The average
shell thickness ratio of the special regions to their opposite
counterparts is 1.07 ± 0.00 and 1.07 ± 0.01 for constant tension and amplifying tension, respectively, when the tension is
below the transition value. This value becomes 0.77 ± 0.08 for
both cases when tension rises above the transition value. The
observations for the models at tensions above the transition
values are in good agreement with the imaging data. These
transition values for the tension in axons are obtained only in

Fig. 7 Joint effect of heterogeneous shell growth and tension effects in
the core on circumferential convolution. The solid-block-highlighted
special regions in the configuration grow at twice the rate of other shell
regions. Two temporal patterns of axonal tension are tested: constant and
amplifying. For both patterns, pressure (magnitude represented by P) is

applied to the special regions. Dashed yellow lines indicate the estimated
transition point of P values, above which concave convolution patterns
(CC) are produced in solid-block-highlighted special regions and below
which convex patterns (CV) are produced. Black arrows highlight the
locations of special regions

3.3.4 A joint effect of axons and heterogeneous cortical
growth on regulating circumferential convolution patterns
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the scenario in which special regions highlighted by solid
blocks grow at twice the rate of other shell regions. The transition values depend on special region location, gyrus geometry, and growth rate. Although it is very challenging to obtain
accurate growth rates for different regions in a living brain,
this study suggests that there may exist a threshold value for
tension in axons, beyond which cortical growth prevails over
the subcortical tension effects in the generation of convex
convolution patterns.
It is worth noting that this study combines Configurations #2
and #4 to explore the competition between heterogeneous
growth in the cortex and tension along axons, and that there is
a trade-off between these two factors. In the combination of
Configurations #1 and #4, the cortex grows homogenously,
such that growth in cortex initiates the convolution and tension
in the special areas simultaneously regulates the convolution.
There is no competition between the two processes in the combination of Configurations #1 and #4, and there is no threshold
or trade-off to be determined (see additional results in Table S6).

4 Discussion
From the perspective of technique, results in this paper suggest that an integrated approach that combines imaging data
analysis and computational simulation is effective in probing
complex cortical folding. Imaging data analysis provides statistical measurements, upon which computational hypotheses
are built. However, most imaging data is static and not capable
of capturing dynamic convolution formation. Computational
simulations, on the other hand, can model dynamic processes
but require pre-knowledge to construct models. The integrative approach demonstrated in this work takes the advantages
of both tools and provides cross validation between the individual techniques, showing promise in revealing brain development mechanisms (Toro and Burnod 2005; Nie et al. 2012;
Bayly et al. 2013; Xu et al. 2009; Bayly et al. 2014; Xu et al.
2010; Geng et al. 2009).
However, both tools are used to explore convolution mechanisms on the macro scale rather than at the micro scale, which
is the scale emphasized in many previous works (Hilgetag and
Barbas 2005; Götz and Huttner 2005; Stahl et al. 2013; Borrell
and Götz 2014; Van Essen 1997; Xu et al. 2010; Nie et al.
2012). Therefore, the soundness of the assumptions and hypotheses in this work still needs further validation.
Furthermore, there remains a lack of a solid information
concerning the timing of brain development (Sidman and
Rakic 1973; Encha-Razavi and Sonigo 2003; White et al.
2002). For example, whether both factors, cortical growth
and forces along axons, take effect sequentially or simultaneously still remains unknown. Likewise, it is not clear when
and under what circumstances cortical convolution terminates. A few computational simulations in this paper terminate

when they reach a stable stage where only one circumferential
fold is produced. This result resembles the pattern of the postcentral gyrus (PoG), while the inverse trend of cortical thickness and local AOs on its two banks is not as apparent as it is
in other gyri, such as the pre-central gyrus (PrG) (Fig. 3). The
parietal lobe is smooth when the PoG appears (Fig. 1c), providing very few external constraints. In contrast, the emergence of the PrG is accompanied by convoluted gyri in the
frontal lobe, providing extra constraints. Therefore, the timing
of development and neighboring settings could also play a
role to an uncertain extent.
As for the imaging data modalities used in this work, the
use of diffusion MRI may lead to inaccuracies in axonal orientation estimation, especially on the borders between gray
matter and white matter. However, a growing number of studies based on histological data report a relationship between
gyral-sulcal patterns and axonal termini as seen here in diffusion MRI data (Budde and Annese 2013; Xu et al. 2010).
Therefore, diffusion MRI data can help qualitatively reflect
the relationship between folding patterns and axonal orientations. Also, since ex vivo and in vivo imaging of human fetal
brains are difficult to obtain, our current study was performed
using data from mature brains, from which we draw our inferences and assumptions. Observations on a 21 pcw fetal brain
MRI data in Fig. S10 suggests that the relationship between
convolution and axon orientation seen in the mature brain still
applies to the fetal brain, corroborating the soundness of the
present inferences and assumptions.
We have explored heterogeneous cortical growth and axon
maturation as potentially contributing to circumferential convolutions. However, there could be additional uninvestigated
factors. For example, forks/bifurcations could appear at locations where circumferential convolutions are identified in
some subjects (see detail in Fig. S9). This observation is similar to the meridian-parallel organization of gyri and sulci
(Régis et al. 2005). However, forks/bifurcations are not consistently associated with these bends. Relations between circumferential convolution patterns, cortical thickness, and axonal orientation are more consistent across subjects and species. Therefore, forks/bifurcations might not be directly associated with either concave or convex patterns. It is also possible that radial and circumferential convolutions as well as
forks are different phenomena resulting from the same underlying mechanisms acting under different boundary conditions.
Therefore, to explore other mechanisms for those complicated
patterns, more factors need to be considered in future studies.

5 Concluding remarks
This paper utilizes gyral banks to explore fundamental mechanisms of circumferential convolution by collating imaging
data and computational modeling. Imaging data analysis
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shows that convex gyral bank regions are thicker than concave
regions. Axonal pathways penetrate gray matter/white matter
boundaries in convex regions while they are parallel to these
boundaries in concave regions. These relations in the circumferential direction resemble similar relations in the radial direction. Computational simulations with the aid of imaging
data demonstrate that the interplay of heterogeneous cortex
growth and subcortical axonal tension plays an important role
in regulating circumferential convolution patterns while the
geometry of a gyrus determines the complexity of circumferential convolutions.
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