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thickness across 25 human visual areas derived from 960 participants in the Human Connectome Project. Cortical
thickness varies systematically across visual areas, in broad agreement with canonical visual system hierarchies in
the dorsal and ventral pathways. In addition, cortical thickness estimates show consistent within-subject vari-
ability and reliability. Importantly, cortical thickness estimates in visual areas are well described by a normal
distribution, making them amenable to direct statistical comparison.

1. Introduction

The cerebral cortex is a thin sheet of neurons and glial cells, of which
thickness varies between brain regions, reflecting the total neuronal body
count, cell type and packing (Nadarajah and Parnavelas, 2002). The
heterogeneous distribution of cortical thickness across the human brain
appears early in development and develops asymmetrically into adult-
hood and old age (Gennatas et al., 2017; Hutton et al., 2009; Lemaitre
et al., 2012; Salat et al., 2004; Sowell et al., 2004; Thambisetty et al.,
2010). Cortical thickness is highly heritable, but developmentally
distinct from cortical surface area, volume, or other gross anatomical
features (Panizzon et al., 2009; Rimol et al., 2010; Wierenga et al., 2014;
Winkler et al., 2010). Instead, cortical thickness appears to reflect the
functional organization of the human cortex, with thinner cortex in pri-
mary sensory areas and thicker cortex in ‘association’ regions (Van Essen
and Glasser, 2014; Van Essen et al., 2012). This observation has led to an
interest in cortical thickness as a potential marker for functional
specialization in human brain regions and in the development of disease
(Van Essen and Glasser, 2014).

While direct measurement of cortical thickness is not currently
possible in vivo, indirect quantification has become possible through MRI
methods, particularly surface-based cortical ribbon reconstruction
(Fischl and Dale, 2000). This approach has seen significant refinement
with increased spatial resolution and improved signal-to-noise ratio in
structural MRI (Fischl, 2012; Liisebrink et al., 2013). With current MRI

Abbreviations: Human Connectome Project, HCP.

acquisition protocols and analysis tools, cortical thickness estimation
shows high test-retest reliability (Han et al., 2006; Iscan et al., 2015;
Jovicich et al., 2013; Madan and Kensinger, 2017; Wonderlick et al.,
2009), good agreement when validated against histological measure-
ments (Cardinale et al., 2014), and an acceptable underlying error rate
for group-level statistical comparison (Greve and Fischl, 2018)

In the human visual system, cortical thickness varies significantly
between retinotopically organized areas. The primary visual cortex (V1)
stands out for its unusually thin band of cortex in contrast to surrounding
cortical territory. Cortical thickness may then serve as a marker segre-
gating ‘lower’ sensory from ‘higher’ associative and integrative regions.
In addition, abnormal cortical thickness has been reported in develop-
mental disorders (Bridge et al., 2014; Lv et al., 2008), congenital blind-
ness (Bridge et al., 2009; Jiang et al., 2009; Park et al., 2009; Voss and
Zatorre, 2012), and progressive illness affecting the visual cortex (Leh-
mann et al., 2011).

An outstanding issue with these approaches is that measures of
cortical thickness in clinical populations are typically compared against a
matched control group of similar size, typically less than 20 participants
(e.g. (Anurova et al., 2015; Bridge et al., 2009; Lehmann et al., 2011; Voss
and Zatorre, 2012). This common approach potentially underestimates
the variability of cortical thickness in the population at large, either by
measuring too small a sample, or by biasing the control group towards a
particular age, gender, ethnicity or other genotypic or phenotypic
descriptor in order to match the clinical sample.
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In the interest of providing normative values for cortical thickness
that better reflect the inter-individual variability in the population, we
present a normative dataset of cortical thickness for human visual areas
derived from 960 participants in the Human Connectome Project (HCP).
The HCP is a rich resource with high-resolution MRI and state of the art
pre-processing routines optimized for obtaining anatomical metrics
including cortical thickness. In addition to presenting normative values
for 25 visual areas, we show that areas are discriminable based on
cortical thickness with clusters along the dorsal and ventral pathways,
that inter-subject variability in cortical thickness is stable across visual
areas, and that within-subject variability is consistent both within and
across visual areas. This resource, publicly available on https://ivanalvar
ez.github.io/NormativeCorticalThickness, can provide a baseline range
of values for healthy adult cortical thickness, for researchers wishing to
conduct cortical thickness studies in specific populations.

2. Materials and methods
2.1. Participants

Data were provided by the Human Connectome Project (Van Essen
et al., 2013) S1200 release (release date 01-03-2017). We selected par-
ticipants who met the following criteria; (1) a complete 3T MRI structural
imaging protocol, (2) data processed with the MSMAII registration al-
gorithm (Glasser et al., 2016), and (3) no monozygotic twin pair also
present in the sample. Of the participants who met criteria (1) and (2),
286 individuals had a monozygotic twin who was also present in the
database with zygosity confirmed with genetic testing. We therefore
excluded 143 participants, retaining one participant from each mono-
zygotic twin pair. All dizygotic twin pairs and individuals who
self-reported as twins, but were later not confirmed via genetic testing,
were retained in the sample. The final sample consisted of 960
participants.

The sample has a narrow age range (22-37 years), is gender balanced
(1 male: 1.17 female) and is drawn from a population with varied de-
mographic, phenotypic and genotypic backgrounds, making it ideal as a
baseline for a young adult population more broadly.

2.2. Imaging data

MRI data were acquired and pre-processed by the HCP consortium
(Van Essen et al., 2013). Structural T1-weighted and T2-weighted im-
ages were acquired on a custom Siemens Skyra 3T scanner with
sequence parameters optimized for cortical surface reconstruction
(Glasser and Van Essen, 2011). In brief, T1-weighted images were ac-
quired with a 3D MPRAGE sequence at 0.7 mm isotropic resolution,
and T2-weighted images were acquired with a variable flip angle turbo
spin-echo at 0.7 mm isotropic resolution, in addition to By field maps
acquired at 2mm isotropic resolution. Images were pre-processed to
correct for distortions introduced by gradient non-linearities, remove
readout distortions, correct for bias field distortions and align the im-
ages to the MNI space template (Glasser et al., 2013; Jenkinson et al.,
2002, 2012; Ugurbil et al.,, 2013). Next, both T1-weigthed and
T2-weighted images were used to segment the cortical grey and white
matter, and a cortical surface reconstruction generated with FreeSurfer
(Dale et al., 1999; Fischl, 2012; Fischl et al., 1999). Morphometric
parameters are derived from the surface reconstruction, with cortical
thickness estimated as the geometric distance between the white and
grey matter surfaces. Finally, the native-space surface meshes were
registered to the 164k fs LR template space (Glasser et al., 2013) using
multimodal surface registration (MSMAIL), which incorporates both
anatomical and functional information to improve registration perfor-
mance (Glasser et al., 2016; Robinson et al., 2013). Resulting surfaces
were visualized with the Connectome Workbench software tools
(Marcus et al., 2011; Margulies et al., 2013).
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2.3. Retinotopic areas atlas

Definitions of cortical visual areas were obtained from probabilistic
maps of visual topography in (Wang et al., 2015), a publicly available
atlas of retinotopic definitions for 25 visual areas in 53 individuals. While
cortical visual areas vary in both size and location between individuals
(Schwarzkopf et al.,, 2010), there is high anatomical consistency,
particularly for early visual areas (Benson et al., 2014, 2012). Thus, a
probabilistic atlas constructed from multiple individuals is a reasonable
tool for localizing visual areas in a large participant sample for which
individuated visual areas boundaries are not available.

Probabilistic maps for visual area locations were summarized as
maximum probability maps (MPM), where each visually-responsive
vertex is assigned membership to a single visual area (selection algo-
rithm described in (Wang et al.,, 2015). Standard space MPMs were
projected in a concatenated two-step registration, first to fsaverage space
in FreeSurfer, and then to the HCP 164k fs LR template. Resulting MPMs
are shown in Fig. 1. Individual visual area definitions were subsequently
used to sample cortical thickness metrics for each HCP subject.

2.4. Experimental design and statistical analysis

Surface-based measures of curvature-corrected cortical thickness
(corrThickness_ MSMAII) were extracted for each subject in 25 regions of
interest covering human visual areas that display retinotopic organiza-
tion. Visual areas were defined by their maximum intensity projection in
the (Wang et al., 2015) atlas, and common vertices were assigned to the
label with the highest probability. For each area, the mean cortical
thickness across vertices was calculated for each subject across both
hemispheres, and the standard deviation of the mean taken as a measure
of within-subject variability.

Correlation analysis was conducted by taking an individual subject’s
mean cortical thickness in each visual area, and correlating across sub-
jects, yielding a correlation matrix of visual area pairs. The correlation
matrix was subsequently clustered using an agglomerative hierarchical
cluster tree procedure (Bar-Joseph et al., 2001). Statistical analyses were
carried out in MATLAB (v9.2, Mathworks Inc., Natick, MA, USA) and R
(v3.5.1, R Foundation for Statistical Computing, Vienna, Austria).

The group distributions of mean cortical thickness were fitted with a
one-dimensional Gaussian model to obtain standardized population pa-
rameters for each visual area. Deviations from the normal distribution
were assessed with the Anderson-Darling test, with FDR correction for
multiple comparisons. The model goodness of fit was assessed with the
coefficient of determination (Rz) sampled in 100 bins across subjects. The
effects of demographic factors on mean cortical thickness were assess
with a mixed-factorial ANOVA (3 factors), with age and gender as
between-subject factors and visual area as the within-subject indepen-
dent factor.

Within-subject variability in the cortical thickness was assessed by
subjecting it to a ANCOVA, with visual area as the within-subject factor,
subject identity as the between-subject factor, while controlling for mean
cortical thickness. Reliability of the within-subject mean cortical thick-
ness estimate was assessed with a leave-p-out resampling procedure
(Celisse and Robin, 2008). In a given visual area, 90% of vertices were
drawn with no replacement and averaged to create one sample. For each
subject 1,000 samples were obtained, and the span of the 95% confidence
interval over the resampled means was then taken as the reliability
estimator.

Hemispheric asymmetric in cortical thickness was assessed with the
two-way, single score interclass correlation coefficient (ICC) (McGraw
and Wong, 1996). Within-subject agreement was obtained by comparing
left and right hemisphere cortical thickness within subjects.
Between-subject agreement was obtained by comparing the left (and
right) hemisphere cortical thickness of each subject against the matching
hemisphere from every other subject.

In addition, a hemispheric bias metric was calculated by subtracting
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Fig. 1. Spatial variability of cortical thickness across visual areas on the inflated normalized cortical surface. (A) Location of visual areas according to their maximum
intensity projections in the (Wang et al., 2015) retinotopic atlas, and (B) between-subject mean curvature-corrected cortical thickness for 960 subjects of the HCP
dataset. A positive gradient of increasing cortical thickness aligns with visual area cortical hierarchy along both ventral and dorsal directions.

the mean cortical thickness, in mm, for the left hemisphere against the
right hemisphere, in each subject, in each visual area. Hemispheric biases
were assessed with a series of one-sample t-tests to ascertain if the mean
bias across participants originated from a distribution with a mean of
zero. FDR correction for multiple comparisons was applied.

3. Results
3.1. Cortical thickness varies systematically across human visual areas

At the group level, cortical visual areas display significant variability
in cortical thickness (Fig. 1). In agreement with previous reports of a
gradient of cortical thickness along the visual area hierarchy, we
observed low cortical thickness estimates in early visual areas V1, V2 and
V3 and increasingly larger estimates across the dorsal, ventral and lateral
visual areas.

However, it is unclear whether the gradient increase is a feature
present at the level of individual subjects, or an emergent feature of
group averaging. To answer this question, we conducted a correlation
analysis comparing the within-subject mean cortical thickness in one
visual area with the within-subject mean cortical thickness in all other

Correlation

visual areas. The resulting Pearson’s correlation coefficients were then
grouped using an agglomerative hierarchical cluster tree procedure
(Bar-Joseph et al., 2001), with results shown in Fig. 2. In agreement with
the previous observations, two major clusters of similarity emerge; one in
the ventral visual maps, encompassing V2v, V3v, hV4, VO1, VO2, and
one in the dorsal visual maps, encompassing V2d, V3d, V3A, V3B, LO1,
LO2, TO1 and TO2. Note that V1v and V1d are most similar to each other,
with the calcarine sulcus forming the core of small cortical thickness from
which the ventral and dorsal clusters span. In addition, a fourth cluster is
formed by the higher dorsal-parietal maps IPSO, IPS1, IPS2, IPS3, IPS4,
IPS5, SPL1, hFEF, being most similar to each other, and the para-
hippocampal maps PHC1 and PHC2 form a separate group.

3.2. Between-subject variability in visual area cortical thickness

Establishing a baseline for between-subject variability in cortical
thickness is critical for statistical assessment in small-sampled studies.
The large sample size of the HCP dataset allows us to estimate the inter-
individual variability in cortical thickness across an adult population
with varied demographic backgrounds, as a benchmark for studies of
cortical thickness.
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Fig. 2. Hierarchical organization of cortical visual areas based on cortical thickness patterns. (A) Pearson’s correlation matrix of mean curvature-corrected cortical
thickness across 960 HCP subjects in 25 visual areas. (B) Hierarchical cluster tree of correlation coefficients (fully-connected, clustering threshold = 50th percentile
linkage height).
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Surface-corrected mean cortical thickness estimates for each subject,
at each visual area across both hemispheres, are shown in Fig. 3A. Here,
we observe the group variability in cortical thickness is approximately
normally distributed in all regions of interest (see Appendix A for
quantile-quantile plots). Therefore, we summarize the group distribution
as a one-dimensional Gaussian function, also shown in Fig. 3B.

In order to assess if cortical thickness estimates are adequately
described by the normal distribution, we applied the Anderson-Darling
test at each visual area. Twenty-one regions of interest conformed to
the normal distribution, with areas VO1, TO1, IPS4 and SPL1 showing
significant deviations from normality (FDR-corrected p < 0.05, see Ap-
pendix B). A two-parameter Gaussian model was fitted, estimating mean
cortical thickness peak and dispersion. Performance of the Gaussian
model was assessed with the coefficient of determination (Rz), calculated
over 100 equally spaced bins for each visual area (see Table 1). The
model explained >82% of variance in all regions of interest, including
regions registered as non-normally distributed VO1 (92%), TO1 (91%),
IPS4 (87%) and SPL1 (88%).

3.3. Inter-hemispheric differences in visual area cortical thickness

Hemispheric asymmetries in cortical thickness have been previously
reported, principally in the frontal and temporal lobes (Im et al., 2006;
Luders et al., 2005; Sowell et al., 2004). To examine these effects in
cortical visual areas, we calculated the mean cortical thickness per sub-
ject in each hemisphere independently.

We assessed whether the cortical thickness in left and right hemi-
spheres of a given subject are more similar than two matching hemi-
spheres from two unrelated subjects. The absolute agreement in cortical
thickness was assessed with the two-way, single score interclass corre-
lation coefficient (ICC) (McGraw and Wong, 1996). First, the
within-subject agreement was obtained by comparing left and right
hemisphere cortical thickness within subjects. Second, the
between-subject agreement was obtained by comparing the left (and
right) hemisphere cortical thickness of each subject against the matching
hemisphere from every other subject. Across visual areas, the
within-subject agreement was good (ICC=0.78), while the
between-subject agreement was poor (ICC = 10~°). This result confirms
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Table 1

Gaussian model parameters for curvature-corrected cortical thickness across
subjects in 25 cortical visual areas. The coefficient of determination (R?) was
calculated for each area in 100 bins as a measure of goodness of fit. Mean and
standard deviation parameters are defined in millimeters of cortical thickness.

Cortical area Mean (mm) Standard deviation (mm) R?

vid 2.02 0.12 0.93
Viv 1.93 0.12 0.92
va2d 2.03 0.12 0.92
v3d 2.17 0.11 0.90
V3A 2.24 0.12 0.91
V3B 2.42 0.12 0.90
LO1 2.37 0.11 0.91
LO2 2.49 0.12 0.91
TO1 2.55 0.12 0.91
TO2 2.60 0.17 0.91
V2v 2.14 0.13 0.93
V3v 2.44 0.12 0.88
hv4 2.56 0.12 0.90
Vo1 2.70 0.16 0.92
vO2 2.70 0.14 0.91
1PSO 2.39 0.10 0.93
IPS1 2.35 0.12 0.91
1PS2 2.31 0.13 0.83
1PS3 2.28 0.13 0.82
SPL1 2.30 0.15 0.88
PS4 2.29 0.15 0.87
PS5 2.29 0.18 0.91
FEF 2.75 0.18 0.87
PHC1 2.77 0.17 0.90
PHC2 2.68 0.20 0.87

the intuition that cortical thickness in the left and right hemispheres is
more similar within an individual than matching hemispheres are across
individuals.

Following this, hemispheric bias was calculated as the difference in
mean cortical thickness between the left and right hemispheres, with
positive bias indicating thicker cortex in the left hemisphere and negative
bias indicating thicker cortex in the right hemisphere (Fig. 4). Hemi-
spheric bias was assessed with independent one-sample t-tests to test if
the distribution of biases across participants originated from a

Vid Viv vad V3d V3a V3b LO1 LO2 TO1 TO2 V2v V3v hv4 VO1 VO2 IPSO IPS1 IPS2 IPS3 SPL1 IPS4 IPS5 hFEF PHC1PHC2

Fig. 3. Group-level variability in mean cortical thickness across 25 visual areas. (A) Density plot of mean curvature-corrected cortical thickness across subjects for each
regions of interest. Each point represents the mean cortical thickness for a single subject across both hemispheres, with the centre-of-mass at each visual area
indicating the group mean. (B) Gaussian distribution model of group cortical thickness for each visual area. Note the two gradients of increasing cortical thickness

along the ventral and dorsal visual areas.
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Fig. 4. Hemispheric bias for cortical thickness across 25 visual areas. (A) Mean cortical thickness was calculated for the left and right hemispheres independently for
each subject, and the difference (left - right) taken as indicator of hemispheric bias. (B) Mean cortical thickness bias across participants and 95% confidence intervals
on the mean show areas that significantly deviate from hemispheric symmetry. Areas V3d, PHC1, IPS2, PS3 and IPS3 showed significant bias for the left hemisphere.

Areas PHC2, V3d, V3B, and IPSO showed significant bias for the right hemisphere. * = medium effect size, ** = large effect size.

distribution with a mean of zero. Of 25 visual areas sampled, 18 dis-
played significant hemispheric asymmetry (FDR-corrected p < 0.05, see
Appendix C). Of those areas, 9 displayed medium to large effect sizes
(Cohen’s d > 0.3), with areas V3v, PHC1, IPS2, PS3 and IPS3 showing
thicker cortex in the left hemisphere and areas PHC2, V3d, V3B, and IPSO
showing thicker cortex in the right hemisphere.

3.4. Age and gender correlates

One factor that predicts cortical thickness is a person’s age. Beyond
the initial cortical expansion during childhood development (Sowell
et al.,, 2004), in adults, age is correlated with a decrease in cortical
thickness (Salat et al., 2004), and the rate of decrease is non-uniform
across the brain (Hutton et al., 2009; Lemaitre et al., 2012; Thambi-
setty et al., 2010; Wierenga et al., 2014). In addition, previous studies
have suggested the relationship between age and cortical thickness may
be influenced by gender (Im et al., 2006; Luders et al., 2006; Lv et al.,
2010; Wierenga et al., 2014). In order to assess these influences, we
examined mean cortical thickness in each region of interest with a mixed
ANOVA model, with age in years and self-reported gender as
between-subject variables and visual area as the within-subject variable.

There was a significant, albeit small, effect of age (F (15, 929) = 2.07,
p=0.009, 112:0.03), with a mean decrease in cortical thickness of
0.002 mm (£+0.001 SD) per year. This effect is comparable to previous
reports of cortical thinning due to normal aging (e.g. (Salat et al., 2004).
However, it should be noted the year-on-year slope of cortical thinning
falls within the range of measurement error estimates for global cortical
thickness (Han et al., 2006; Jovicich et al., 2013; Madan and Kensinger,
2017), as well as within the reliability estimates for this dataset (see
Fig. 6), and must therefore be interpreted with caution.

We detected no effect of gender (F (1,929)=0.12, p=0.729,
12=10"%), and no interaction between age and gender on cortical
thickness (F (14,929) = 1.27, p = 0.219, n2 = 0.02). Summary plots of age
and gender effects shown in Appendices D and E, respectively.

3.5. Within-subject variability in visual area cortical thickness

The estimation of cortical thickness in a cortical area typically

involves assessing the distance between white matter and cerebrospinal
fluid at each vertex of the cortical surface. While the individual vertex
estimates are unreliable in isolation, over the extent of a region of cortex
they form a reliable indicator of the average cortical thickness for that
region. However, the within-subject variance for the same cortical region
is an informative metric, as it allows us to assess the reliability of the
average estimate. Here, we assess the within-subject variability of
cortical thickness estimates within each visual region.

We wish to address two questions; first, is within-subject variability
comparable across subjects? Second, are the individual mean cortical
thickness estimates reliable?

To answer the first question, we looked at the standard deviation of
cortical thickness within subjects. For a given visual area, each vertex
contains an independent estimate of cortical thickness for that region,
and therefore variability in the estimate is observable within areas, on an
individual basis. Fig. 5 shows the standard deviation of vertex-wise
cortical thickness on a subject-by-subject basis. The standard deviation
of the within-subject estimate was also assessed with a ANCOVA model,
introducing subject identity as the between-subject variable, visual area
as a within-subject variable while controlling for mean cortical thickness.
No main effect of subject was found (F (1, 934)=0.11, p=0.7417,
partial n = 107), indicating the variance in the cortical thickness esti-
mate is consistent across the HCP population. A significant main effect
was observed for visual area (F (24, 934) =543.33, p= 10’16, partial
n?=0.35). This highlights that some regions, particularly the para-
hippocampal areas PHC1 and PHC2, contain more variability in cortical
thickness, either due to true differences in cortical thickness within the
cortical areas, or due to unreliability in measurement at this anatomical
locus. Finally, no significant interaction effect between visual area and
subject was detected (F (24, 934) = 0.61, p = 0.929, partial r]z = 10_3),
showing that despite variability between visual regions, cortical thick-
ness variance is consistent across subjects.

The second question addresses the issue of reliability in the subject-
level outcome measure for each visual area, the mean cortical thickness.
If a small number of outlier values strongly skews the mean cortical
thickness, the outcome measure becomes unreliable. In order to assess the
effect of outliers, a leave-p-out resampling procedure (Celisse and Robin,
2008) was used where for each visual area, 90% of vertices were drawn
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Fig. 5. Mean surface-corrected cortical thickness for 960 HCP subjects, across 25 visual areas in rank order. The standard deviation of the within-subject cortical
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without replacement and averaged to create a sample of cortical thickness.
For each subject, 1,000 samples were drawn and the span of the 95%
confidence interval taken as an estimator of within-subject reliability
(Fig. 6). Variability in reliability was observed across visual areas, with the
highest reliability in early visual areas, as well as dorsal intraparietal
areas. Notably, reliability estimates for most visual areas fell below esti-
mates for test-retest error in cortical thickness measurement from three
previous studies (Han et al., 2006; Jovicich et al., 2013; Madan and
Kensinger, 2017). No individual error estimate exceeded 0.1 mm.

4. Discussion

We present a standardized analysis of cerebral cortical thickness in

visual areas from 960 subjects made available through the Human
Connectome Project.

4.1. Cortical thickness and visual system hierarchy

We show that cortical thickness varies systematically across human
visual areas, with a positive gradient extending from area V1 into
extrastriate areas. A similar pattern of increased cortical thickness with
distance from V1 is seen in both the dorsal and ventral pathways, in
agreement with previous studies suggesting a link between position in
the visual cortical hierarchy and cortical thickness (Wagstyl et al., 2015).
When analyzed for similarities in patterns of cortical thickness expan-
sion, dorsal and ventral areas cluster together at the individual subject
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Fig. 6. Estimates of reliability for mean cortical thickness. In order to estimate within-subject reliability of mean surface-corrected cortical thickness estimates, a leave-
p-out resample procedure (1,000 samples, 90% sample size) was conducted, and the 95% confidence interval taken as reliability estimator. One point is displayed per
subject. No individual error estimate exceeded 0.1 mm. Dotted lines indicates cortical thickness measurement error as estimated in test-retest studies. Measurement
error (1) (Jovicich et al., 2013), measurement error (2) (Han et al., 2006; Madan and Kensinger, 2017).

level, indicating that increasing cortical thickness with visual area hier-
archy is not only a feature of averaging cortical thickness metrics over a
sample population, but is an identifiable feature in single individuals.

Visual area hierarchy is also reflected in the clustering pattern of
cortical thickness correlates between areas, with dorsal and ventral visual
areas grouping together. This organization is consistent with the topo-
graphical arrangement of retinal representation in visual cortex, where
multiple clusters with independent representations of the fovea are found
(Buckner and Yeo, 2014; Patel et al., 2014; Wandell et al., 2007). If
neighboring visual areas share both common functional architectures
and neurodevelopmental trajectories (Cang and Feldheim, 2013), simi-
larities in gross anatomical features such as cortical thickness are likely to
arise within visual area clusters.

4.2. Population estimates of cortical thickness

Accurate estimation of the natural distribution of cerebral cortical
thickness in the population at large is important for studies wishing to
compare cortical thickness measured in special populations against a
normative baseline. This dataset serves as a baseline for such studies.
Between-subject variability in cortical thickness estimates in our sample
are well characterized by the normal distribution, with consistent within-
subject variability in the sample, and acceptable levels of within-subject
reliability in the mean cortical thickness estimate for visual areas.

While the estimates presented here can be considered reliable for
early visual areas, those areas at the extremes of visuotopic organization,
particularly the intraparietal sulcus and parahippocampal cortex exhibit
higher inter-subject variability in their functional localization (Huang
et al., 2017; Kolster et al., 2010; Konen and Kastner, 2008; Sereno and
Huang, 2014). Indeed, the normal distribution was found to be an
insufficient model for areas VO1, TO1, IPS4 and SPL1. In addition to
inter-individual variability, extreme dorsal areas IPS4, IPS5 and SPL1 are
small, and therefore subject to undersampling in the normalized template
space used in this study. Conversely, ventral areas PHC1 and PHC2 lie at
a ventromedial locus abutting non-cortical territories, increasing the risk
of partial volume inclusion in cortical segmentation. It is unclear if the
high variability in cortical thickness estimates observed in PHC1 and
PHC2 is a result of measurement error or true anatomical variability
within the locus. Overall, cortical thickness values for higher level visual
areas should be interpreted with caution.

4.3. Relationship to neuronal body count

Cortical thickness, as estimated with MRI methods, reflects a number
of factors, including the total number of neurons per unit area, and the
ratio of neurons versus non-neuron cells, or neuronal density. In contrast
to the findings reported here, stereological studies have identified a
negative gradient of neuronal body count along the rostro-caudal axis in
non-human primate species (e.g. (Charvet et al., 2014). While neuronal

body count influences cortical thickness, the relationship between the
two is heavily modulated by neuronal density, which varies between
cortical areas (Collins et al., 2010; Herculano-Houzel et al., 2008). The
opposite rostro-caudal gradients of human cortical thickness and primate
neuronal body count may be indicative of complex intra-area variability
in neuronal density, and of potential interest for further study.

4.4. Clinical relevance

There are a number of ways in which this type of data can be useful to
the interpretation of clinical data. Visual conditions that affect the cortex
rather than the retina can be difficult to investigate, particularly when V1
is not affected. Where dysfunction is at the level of V1 or earlier in the
visual hierarchy, the resulting visual complaint is usually a loss of visual
field. In contrast, when extrastriate visual areas are affected, the sub-
jective reports from sufferers are more confusing, as specific abilities
(such as reading) can be affected (Maia da Silva et al., 2017). An example
of such a disorder is posterior cortical atrophy, often referred to as the
visual variant of Alzheimer’s disease (Crutch et al., 2012). There is clear
evidence for cortical thinning, which affects extrastriate areas before V1,
although most data are acquired after a diagnosis has been made (Mill-
ington et al., 2017). Subtle changes specifically in the pattern of cortical
thickness, such as a greater reduction in dorsal areas compared to ventral,
or an inversion of the hierarchy, could allow earlier diagnosis of the
disease. Thus, even if the populations are not matched for age, the pattern
of cortical thickness could still be used. One of the main causes of visual
impairment in children in the developed world is now cortical visual
impairment (Rahi and Cable, 2003), and the visual profile of this
dysfunction is difficult to determine. Like posterior cortical atrophy, the
changes in cortical thickness are likely to reflect the specific regions of
the visual cortex that are more affected, and therefore could provide
additional data to assist with diagnosis.

4.5. Compatibility with outside-sample estimates

An important consideration for investigators who wish to use the
present study for normative purposes, is whether the values reported
here are comparable with other cortical thickness estimates performed
outside the context of the HCP. We highlight three relevant consider-
ations; (1) the particular MRI scanner and imaging sequence used, (2) the
analysis pipeline implemented and (3) population differences.

First, it is not always possible to match the equipment and sequence
parameters across studies, resulting in biases in imaging data leading to
differing estimates of cortical thickness. Previous studies have assessed
the cross-site, test-retest reliability of FreeSurfer cortical thickness esti-
mates with scans performed on the same individuals, on different MRI
systems. Such studies report excellent mean reliability with intraclass
correlation coefficients (ICC) ranging between 0.81 and 0.95 (Iscan et al.,
2015; Jovicich et al., 2013). In real terms, this corresponds to cortical
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thickness variability in the range of 0.05-0.1 mm, depending on the
precise cortical area studied. Cross-site reliability values are comparable
with reports of within-site, test-rest reliability, with mean ICCs of
0.81-0.97 (Liem et al., 2015; Madan and Kensinger, 2017; Tustison et al.,
2014; Wonderlick et al., 2009), indicating the effects of scan site are
relatively small, making cortical thickness metrics amenable to
cross-platform comparisons. Second, the choice of analysis software and
analysis pipeline may add additional variability to cortical thickness
estimation (Gronenschild et al., 2012; Tustison et al., 2014). However,
differences arising at the analysis stage are more easily addressed, either
by minimizing discrepancies between the analysis pipeline and that of
the normative dataset, or in the case of systematic relationships between
pipelines, by applying a scaling factor (Redolfi et al., 2015). Finally, the
investigator may wish to examine group differences between a special
population, e.g. a clinical group, and the normative data presented here.
In such cases, attention must be paid to group differences extraneous to
the variable of interest, such as participant motion in the scanner (Reuter
et al., 2015), participant age range, and any issues that may selectively
affect the accuracy of region of interest localization in one group over the
other. Close consideration of these factors will help the investigator
determine if statistical comparison with the normative sample presented
here is appropriate. Nonetheless, in cases such as posterior cortical at-
rophy, or cortical visual impairment, the within-subject difference in
cortical thickness between visual areas may still be used to indicate those
deviating from healthy values.

5. Conclusions

We present a normative dataset of cerebral cortical thickness for
human visual areas in a large sample population in the HCP, with the aim
of creating a common baseline for studies of cortical thickness in special
populations of interest. Across this large population, thickness varies
systematically with cortical visual hierarchy, consistent with the dorsal/
ventral organization of the visual system. Moreover, cortical thickness is
well described by the normal distribution across visual areas and presents
consistent within-subject variability and reliability.

Acknowledgements

Data were provided by the Human Connectome Project, WU-Minn
Consortium (Principal Investigators: David Van Essen and Kamil Ugur-
bil; 1U54MH091657) funded by the 16 NIH Institutes and Centers that
support the NIH Blueprint for Neuroscience Research; and by the
McDonnell Center for Systems Neuroscience at Washington University.
This work was supported by the Medical Research Council (MR/
K014382/1) and The Royal Society (University Research Fellowship to
HB). The Wellcome Centre for Integrative Neuroimaging is supported by
core funding from the Wellcome Trust (203139/Z/16/Z).

Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.neuroimage.2019.116057.

References

Anurova, 1., Renier, L.A., De Volder, A.G., Carlson, S., Rauschecker, J.P., 2015.
Relationship between cortical thickness and functional activation in the early blind.
Cerebr. Cortex 25, 2035-2048. https://doi.org/10.1093/cercor/bhu009.

Bar-Joseph, Z., Gifford, D.K., Jaakkola, T.S., 2001. Fast optimal leaf ordering for
hierarchical clustering. Bioinformatics 17 (Suppl. 1). $22-9.

Benson, N.C., Butt, O.H., Brainard, D.H., Aguirre, G.K., 2014. Correction of distortion in
flattened representations of the cortical surface allows prediction of V1-V3 functional
organization from anatomy. PLoS Comput. Biol. 10 https://doi.org/10.1371/
journal.pcbi.1003538.s006 €1003538.

Benson, N.C., Butt, O.H., Datta, R., Radoeva, P.D., Brainard, D.H., Aguirre, G.K., 2012.
The retinotopic organization of striate cortex Is well predicted by surface topology.
Curr. Biol. 22, 2081-2085. https://doi.org/10.1016/j.cub.2012.09.014.

Neurolmage 201 (2019) 116057

Bridge, H., Cowey, A., Ragge, N., Watkins, K., 2009. Imaging studies in congenital
anophthalmia reveal preservation of brain architecture in “visual” cortex. Brain 132,
3467-3480. https://doi.org/10.1093/brain/awp279.

Bridge, H., Hagen von dem, E.A.H., Davies, G., Chambers, C., Gouws, A., Hoffmann, M.,
Morland, A.B., 2014. Changes in brain morphology in albinism reflect reduced visual
acuity. Cortex 56, 64-72. https://doi.org/10.1016/j.cortex.2012.08.010.

Buckner, R.L., Yeo, B.T.T., 2014. Borders, map clusters, and supra-areal organization in
visual cortex. Neuroimage 93 Pt 2, 292-297. https://doi.org/10.1016/
j.neuroimage.2013.12.036.

Cang, J., Feldheim, D.A., 2013. Developmental mechanisms of topographic map
formation and alignment, 36, 51-77. https://doi.org/10.1146/annurev-neuro-
062012-170341.

Cardinale, F., Chinnici, G., Bramerio, M., Mai, R., Sartori, 1., Cossu, M., Russo, Lo G.,
Castana, L., Colombo, N., Caborni, C., De Momi, E., Ferrigno, G., 2014. Validation of
FreeSurfer-estimated brain cortical thickness: comparison with histologic
measurements. Neuroinformatics 12, 535-542. https://doi.org/10.1007/s12021-
014-9229-2.

Celisse, A., Robin, S., 2008. Nonparametric density estimation by exact leave-p-out cross-
validation. Comput. Stat. Data Anal. 52, 2350-2368. https://doi.org/10.1016/
j.csda.2007.10.002.

Charvet, C.J., Cahalane, D.J., Finlay, B.L., 2014. Systematic, cross-cortex variation in
neuron numbers in rodents and primates. Cerebr. Cortex 25, 147-160. https://
doi.org/10.1093/cercor/bht214.

Collins, C.E., Airey, D.C., Young, N.A., Leitch, D.B., Kaas, J.H., 2010. Neuron densities
vary across and within cortical areas in primates. Proc. Natl. Acad. Sci. U.S.A. 107,
15927-15932. https://doi.org/10.2307/27862359?refreqid=search-gateway:
5d36¢01221946ed6aac60916ce671fe7.

Crutch, S.J., Lehmann, M., Schott, J.M., Rabinovici, G.D., Rossor, M.N., Fox, N.C., 2012.
Posterior cortical atrophy. Lancet Neurol. 11, 170-178. https://doi.org/10.1016/
S1474-4422(11)70289-7.

Dale, A.M.A,, Fischl, B.B., Sereno, M.I.M., 1999. Cortical surface-based analysis - I.
segmentation and surface reconstruction. Neuroimage 9, 179-194. https://doi.org/
10.1006/nimg.1998.0395.

Fischl, B., 2012. FreeSurfer. Neurolmage 62, 774-781. https://doi.org/10.1016/
j.neuroimage.2012.01.021.

Fischl, B., Dale, A.M., 2000. Measuring the thickness of the human cerebral cortex from
mag. netic resonance images 97, 11050-11055. https://doi.org/10.1073/
pnas.200033797.

Fischl, B., Sereno, M.I., Dale, A.M., 1999. Cortical surface-based analysis. II: inflation,
flattening, and a surface-based coordinate system. Neuroimage 9, 195-207. https://
doi.org/10.1006,/nimg.1998.0396.

Gennatas, E.D., Avants, B.B., Wolf, D.H., Satterthwaite, T.D., Ruparel, K., Ciric, R.,
Hakonarson, H., Gur, R.E., Gur, R.C., 2017. Age-related effects and sex differences in
gray matter density, volume, mass, and cortical thickness from childhood to young
adulthood. J. Neurosci. 37, 5065-5073. https://doi.org/10.1523/JNEUROSCI.3550-
16.2017.

Glasser, M.F., Coalson, T., Robinson, E., Hacker, C., Harwell, J., Yacoub, E., Ugurbil, K.,
Andersson, J., Beckmann, C.F., Jenkinson, M., Smith, S.M., Van Essen, D.C., 2016.
A Multi-modal parcellation of human cerebral cortex. Nature 536, 171-178. https://
doi.org/10.1038/nature18933.

Glasser, M.F., Sotiropoulos, S.N., Wilson, J.A., Coalson, T.S., Fischl, B., Andersson, J.L.,
Xu, J., Jbabdi, S., Webster, M., Polimeni, J.R., Van Essen, D.C., Jenkinson, M.,
Consortium, F.T.W.-M.H., 2013. The minimal preprocessing pipelines for the Human
Connectome Project. Neuroimage 80, 105-124. https://doi.org/10.1016/
j-neuroimage.2013.04.127.

Glasser, M.F., Van Essen, D.C., 2011. Mapping human cortical areas in vivo based on
myelin content as revealed by T1- and T2-weighted MRI. J. Neurosci. 31,
11597-11616. https://doi.org/10.1523/JNEUROSCIL.2180-11.2011.

Greve, D.N., Fischl, B., 2018. False positive rates in surface-based anatomical analysis.
NeuroImage 171, 6-14. https://doi.org/10.1016/j.neuroimage.2017.12.072.

Gronenschild, E.H.B.M., Habets, P., Jacobs, H.L.L., Mengelers, R., Rozendaal, N., van
Os, J., Marcelis, M., 2012. The effects of FreeSurfer version, workstation type, and
Macintosh operating system version on anatomical volume and cortical thickness
measurements. PLoS One 7. https://doi.org/10.1371/journal.pone.0038234
e38234-13.

Han, X., Jovicich, J., Salat, D., van der Kouwe, A., Quinn, B., Czanner, S., Busa, E.,
Pacheco, J., Albert, M., Killiany, R., Maguire, P., Rosas, D., Makris, N., Dale, A,
Dickerson, B., Fischl, B., 2006. Reliability of MRI-derived measurements of human
cerebral cortical thickness: the effects of field strength, scanner upgrade and
manufacturer. Neuroimage 32, 180-194. https://doi.org/10.1016/
j.neuroimage.2006.02.051.

Herculano-Houzel, S., Collins, C.E., Wong, P., Kaas, J.H., Lent, R., 2008. The basic
nonuniformity of the cerebral cortex. Proc. Natl. Acad. Sci. U.S.A. 105, 12593-12598.
https://doi.org/10.1073/pnas.0805417105.

Huang, R.-S., Chen, C.-F., Sereno, M.I., 2017. Mapping the complex topological
organization of the human parietal face area. Neuroimage 163, 459-470. https://
doi.org/10.1016/j.neuroimage.2017.09.004.

Hutton, C., Draganski, B., Ashburner, J., Weiskopf, N., 2009. A comparison between
voxel-based cortical thickness and voxel-based morphometry in normal aging.
Neuroimage 48, 371-380. https://doi.org/10.1016/j.neuroimage.2009.06.043.

Im, K., Lee, J.-M., Lee, J., Shin, Y.-W., Kim, L.Y., Kwon, J.S., Kim, S.I., 2006. Gender
difference analysis of cortical thickness in healthy young adults with surface-based
methods. Neuroimage 31, 31-38. https://doi.org/10.1016/
j-neuroimage.2005.11.042.

Iscan, Z., Jin, T.B., Kendrick, A., Szeglin, B., Lu, H., Trivedi, M., Fava, M., McGrath, P.J.,
Weissman, M., Kurian, B.T., Adams, P., Weyandt, S., Toups, M., Carmody, T.,


https://doi.org/10.1016/j.neuroimage.2019.116057
https://doi.org/10.1016/j.neuroimage.2019.116057
https://doi.org/10.1093/cercor/bhu009
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref2
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref2
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref2
https://doi.org/10.1371/journal.pcbi.1003538.s006
https://doi.org/10.1371/journal.pcbi.1003538.s006
https://doi.org/10.1016/j.cub.2012.09.014
https://doi.org/10.1093/brain/awp279
https://doi.org/10.1016/j.cortex.2012.08.010
https://doi.org/10.1016/j.neuroimage.2013.12.036
https://doi.org/10.1016/j.neuroimage.2013.12.036
https://doi.org/10.1146/annurev-neuro-062012-170341
https://doi.org/10.1146/annurev-neuro-062012-170341
https://doi.org/10.1007/s12021-014-9229-2
https://doi.org/10.1007/s12021-014-9229-2
https://doi.org/10.1016/j.csda.2007.10.002
https://doi.org/10.1016/j.csda.2007.10.002
https://doi.org/10.1093/cercor/bht214
https://doi.org/10.1093/cercor/bht214
https://doi.org/10.2307/27862359?refreqid&equals;search-gateway:5d36c01221946ed6aac60916ce671fe7
https://doi.org/10.2307/27862359?refreqid&equals;search-gateway:5d36c01221946ed6aac60916ce671fe7
https://doi.org/10.2307/27862359?refreqid&equals;search-gateway:5d36c01221946ed6aac60916ce671fe7
https://doi.org/10.1016/S1474-4422(11)70289-7
https://doi.org/10.1016/S1474-4422(11)70289-7
https://doi.org/10.1006/nimg.1998.0395
https://doi.org/10.1006/nimg.1998.0395
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1073/pnas.200033797
https://doi.org/10.1073/pnas.200033797
https://doi.org/10.1006/nimg.1998.0396
https://doi.org/10.1006/nimg.1998.0396
https://doi.org/10.1523/JNEUROSCI.3550-16.2017
https://doi.org/10.1523/JNEUROSCI.3550-16.2017
https://doi.org/10.1038/nature18933
https://doi.org/10.1038/nature18933
https://doi.org/10.1016/j.neuroimage.2013.04.127
https://doi.org/10.1016/j.neuroimage.2013.04.127
https://doi.org/10.1523/JNEUROSCI.2180-11.2011
https://doi.org/10.1016/j.neuroimage.2017.12.072
https://doi.org/10.1371/journal.pone.0038234
https://doi.org/10.1016/j.neuroimage.2006.02.051
https://doi.org/10.1016/j.neuroimage.2006.02.051
https://doi.org/10.1073/pnas.0805417105
https://doi.org/10.1016/j.neuroimage.2017.09.004
https://doi.org/10.1016/j.neuroimage.2017.09.004
https://doi.org/10.1016/j.neuroimage.2009.06.043
https://doi.org/10.1016/j.neuroimage.2005.11.042
https://doi.org/10.1016/j.neuroimage.2005.11.042

L. Alvarez et al.

Mclnnis, M., Cusin, C., Cooper, C., Oquendo, M.A., Parsey, R.V., DeLorenzo, C., 2015.
Test-retest reliability of freesurfer measurements within and between sites: effects of
visual approval process. Hum. Brain Mapp. 36, 3472-3485. https://doi.org/10.1002/
hbm.22856.

Jenkinson, M., Bannister, P., Brady, M., Smith, S., 2002. Improved optimization for the
robust and accurate linear registration and motion correction of brain images.
Neuroimage 17, 825-841. https://doi.org/10.1006/nimg.2002.1132.

Jenkinson, M., Beckmann, C.F., Behrens, T.E.J., Woolrich, M.W., Smith, S.M., 2012. FSL.
Neurolmage 62, 782-790. https://doi.org/10.1016/j.neuroimage.2011.09.015.
Jiang, J., Zhu, W., Shi, F., Liu, Y., Li, J., Qin, W., Li, K., Yu, C., Jiang, T., 2009. Thick visual
cortex in the early blind. J. Neurosci. 29, 2205-2211. https://doi.org/10.1523/

JNEUROSCI.5451-08.2009.

Jovicich, J., Marizzoni, M., Sala-Llonch, R., Bosch, B., Bartrés-Faz, D., Arnold, J.,
Benninghoff, J., Wiltfang, J., Roccatagliata, L., Nobili, F., Hensch, T., Trankner, A.,
Schonknecht, P., Leroy, M., Lopes, R., Bordet, R., Chanoine, V., Ranjeva, J.-P.,
Didic, M., Gros-Dagnac, H., Payoux, P., Zoccatelli, G., Alessandrini, F.,

Beltramello, A., Bargall6, N., Blin, O., Frisoni, G.B., Consortium, PharmaCog, 2013.
Brain morphometry reproducibility in multi-center 3T MRI studies: a comparison of
cross-sectional and longitudinal segmentations. Neuroimage 83, 472-484. https://
doi.org/10.1016/j.neuroimage.2013.05.007.

Kolster, H., Peeters, R., Orban, G.A., 2010. The retinotopic organization of the human
middle temporal area MT/V5 and its cortical neighbors. J. Neurosci. 30, 9801-9820.
https://doi.org/10.1523/JNEUROSCI.2069-10.2010.

Konen, C.S., Kastner, S., 2008. Representation of eye movements and stimulus motion in
topographically organized areas of human posterior parietal cortex. J. Neurosci. 28,
8361-8375. https://doi.org/10.1523/JNEUROSCI.1930-08.2008.

Lehmann, M., Barnes, J., Ridgway, G.R., Wattam-Bell, J., Warrington, E.K., Fox, N.C.,
Crutch, S.J., 2011. Basic visual function and cortical thickness patterns in posterior
cortical atrophy. Cerebr. Cortex 21, 2122-2132. https://doi.org/10.1093/cercor/
bhq287.

Lemaitre, H., Goldman, A.L., Sambataro, F., Verchinski, B.A., Meyer-Lindenberg, A.,
Weinberger, D.R., Mattay, V.S., 2012. Normal age-related brain morphometric
changes: nonuniformity across cortical thickness, surface area and gray matter
volume? Neurobiol. Aging 33, 617. https://doi.org/10.1016/
j.neurobiolaging.2010.07.013 e1-9.

Liem, F., Mérillat, S., Bezzola, L., Hirsiger, S., Philipp, M., Madhyastha, T., Jéncke, L.,
2015. Reliability and statistical power analysis of cortical and subcortical FreeSurfer
metrics in a large sample of healthy elderly. Neuroimage 108, 95-109. https://
doi.org/10.1016/j.neuroimage.2014.12.035.

Luders, E., Narr, K.L., Thompson, P.M., Rex, D.E., Jancke, L., Toga, A.W., 2005.
Hemispheric asymmetries in cortical thickness. Cerebr. Cortex 16, 1232-1238.
https://doi.org/10.1093/cercor/bhj064.

Luders, E., Narr, K.L., Thompson, P.M., Rex, D.E., Woods, R.P., DeLuca, H., Jancke, L.,
Toga, A.W., 2006. Gender effects on cortical thickness and the influence of scaling.
Hum. Brain Mapp. 27, 314-324. https://doi.org/10.1002/hbm.20187.

Liisebrink, F., Wollrab, A., Speck, O., 2013. Cortical thickness determination of the human
brain using high resolution 3T and 7T MRI data. Neuroimage 70, 122-131. https://
doi.org/10.1016/j.neuroimage.2012.12.016.

Lv, B, He, H., Li, X., Zhang, Z., Huang, W., Li, M., Lu, G., 2008. Structural and functional
deficits in human amblyopia. Neurosci. Lett. 437, 5-9. https://doi.org/10.1016/
j.neulet.2008.03.071.

Lv, B,, Li, J., He, H,, Li, M., Zhao, M., Ai, L., Yan, F., Xian, J., Wang, Z., 2010. Gender
consistency and difference in healthy adults revealed by cortical thickness.
Neuroimage 53, 373-382. https://doi.org/10.1016/j.neuroimage.2010.05.020.

Madan, C.R., Kensinger, E.A., 2017. Test-retest reliability of brain morphology estimates.
Brain Inform. 4, 107-121. https://doi.org/10.1007/s40708-016-0060-4.

Maia da Silva, M.N., Millington, R.S., Bridge, H., James-Galton, M., Plant, G.T., 2017.
Visual dysfunction in posterior cortical atrophy. Front. Neurol. 8, 389. https://
doi.org/10.3389/fneur.2017.00389.

Marcus, D.S., Harwell, J., Olsen, T., Hodge, M., Glasser, M.F., Prior, F., Jenkinson, M.,
Laumann, T., Curtiss, S.W., Van Essen, D.C., 2011. Informatics and data mining tools
and strategies for the human connectome project. Front. Neuroinf. 5, 4. https://
doi.org/10.3389/fninf.2011.00004.

Margulies, D.S., Bottger, J., Watanabe, A., Gorgolewski, K.J., 2013. Visualizing the human
connectome. Neuroimage 80, 445-461. https://doi.org/10.1016/
j-neuroimage.2013.04.111.

McGraw, K.O., Wong, S.P., 1996. Forming inferences about some intraclass correlation
coefficients. Psychol. Methods 1, 30-46.

Millington, R.S., James-Galton, M., Da Silva, M., Plant, G.T., Bridge, H., 2017. Lateralized
occipital degeneration in posterior cortical atrophy predicts visual field deficits.
Neuroimage Clin. 14, 1-29. https://doi.org/10.1016/j.nicl.2017.01.012.

Nadarajah, B., Parnavelas, J.G., 2002. Modes of neuronal migration in the developing
cerebral cortex. Nat. Rev. Neurosci. 3, 423-432. https://doi.org/10.1038/nrn845.

Panizzon, M.S., Fennema-Notestine, C., Eyler, L.T., Jernigan, T.L., Prom-Wormley, E.,
Neale, M., Jacobson, K., Lyons, M.J., Grant, M.D., Franz, C.E., Xian, H., Tsuang, M.,
Fischl, B., Seidman, L., Dale, A., Kremen, W.S., 2009. Distinct genetic influences on
cortical surface area and cortical thickness. Cerebr. Cortex 19, 2728-2735. https://
doi.org/10.1093/cercor/bhp026.

Park, H.-J., Lee, J.D., Kim, E.Y., Park, B., Oh, M.-K., Lee, S., Kim, J.-J., 2009.
Morphological alterations in the congenital blind based on the analysis of cortical
thickness and surface area. Neuroimage 47, 98-106. https://doi.org/10.1016/
j-neuroimage.2009.03.076.

Neurolmage 201 (2019) 116057

Patel, G.H., Kaplan, D.M., Snyder, L.H., 2014. Topographic organization in the brain.
Search. Gen. Prin. 18, 351-363. https://doi.org/10.1016/j.tics.2014.03.008.

Rahi, J.S., Cable, N., 2003. Severe visual impairment and blindness in children in the UK.
The Lancet 362, 1359-1365. https://doi.org/10.1016/50140-6736(03)14631-4.

Redolfi, A., Manset, D., Barkhof, F., Wahlund, L.-O., Glatard, T., Mangin, J.-F.,

Frisoni, G.B., neuGRID Consortium, for the Alzheimer’s Disease Neuroimaging
Initiative, 2015. Head-to-head comparison of two popular cortical thickness
extraction algorithms: a cross-sectional and longitudinal study. PLoS One 10. https://
doi.org/10.1371/journal.pone.0117692 €0117692-22.

Reuter, M., Tisdall, M.D., Qureshi, A., Buckner, R.L., van der Kouwe, A.J.W., Fischl, B.,
2015. Head motion during MRI acquisition reduces gray matter volume and thickness
estimates. Neuroimage 107, 107-115. https://doi.org/10.1016/
j.neuroimage.2014.12.006.

Rimol, L.M., Panizzon, M.S., Fennema-Notestine, C., Eyler, L.T., Fischl, B., Franz, C.E.,
Hagler, D.J., Lyons, M.J., Neale, M.C., Pacheco, J., Perry, M.E., Schmitt, J.E.,
Grant, M.D., Seidman, L.J., Thermenos, H.W., Tsuang, M.T., Eisen, S.A.,

Kremen, W.S., Dale, A.M., 2010. Cortical thickness is influenced by regionally specific
genetic factors. BPS 67, 493-499. https://doi.org/10.1016/].biopsych.2009.09.032.

Robinson, E.C., Jbabdi, S., Andersson, J., Smith, S., Glasser, M.F., Van Essen, D.C.,
Burgess, G., Harms, M.P., Barch, D.M., 2013. Multimodal surface matching: fast and
generalisable cortical registration using discrete optimisation. Inf. Process Med.
Imaging 23, 475-486.

Salat, D.H., Buckner, R.L., Snyder, A.Z., Greve, D.N., Desikan, R.S.R., Busa, E.,

Morris, J.C., Dale, A.M., Fischl, B., 2004. Thinning of the cerebral cortex in aging.
Cerebr. Cortex 14, 721-730. https://doi.org/10.1093/cercor/bhh032.

Schwarzkopf, D.S., Song, C., Rees, G., 2010. The surface area of human V1 predicts the
subjective experience of object size. Nat. Neurosci. 14, 28-30. https://doi.org/
10.1038/nn.2706.

Sereno, M., Huang, R.-S., 2014. ScienceDirectMultisensory maps in parietal cortex. Curr.
Opin. Neurobiol. 24, 39-46. https://doi.org/10.1016/j.conb.2013.08.014.

Sowell, E.R., Thompson, P.M., Leonard, C.M., Welcome, S.E., Kan, E., Toga, A.W., 2004.
Longitudinal mapping of cortical thickness and brain growth in normal children.

J. Neurosci. 24, 8223-8231. https://doi.org/10.1523/JNEUROSCI.1798-04.2004.

Thambisetty, M., Wan, J., Carass, A., An, Y., Prince, J.L., Resnick, S.M., 2010.
Longitudinal changes in cortical thickness associated with normal aging. Neuroimage
52, 1215-1223. https://doi.org/10.1016/j.neuroimage.2010.04.258.

Tustison, N.J., Cook, P.A., Klein, A,, Song, G., Das, S.R., Duda, J.T., Kandel, B.M., van
Strien, N., Stone, J.R., Gee, J.C., Avants, B.B., 2014. Large-scale evaluation of ANTs
and FreeSurfer cortical thickness measurements. Neuroimage 99, 166-179. https://
doi.org/10.1016/j.neuroimage.2014.05.044.

Ugurbil, K., Xu, J., Auerbach, E.J., Moeller, S., Vu, A.T., Duarte-Carvajalino, J.M.,
Lenglet, C., Wu, X., Schmitter, S., Van de Moortele, P.F., Strupp, J., Sapiro, G., De
Martino, F., Wang, D., Harel, N., Garwood, M., Chen, L., Feinberg, D.A., Smith, S.M.,
Miller, K.L., Sotiropoulos, S.N., Jbabdi, S., Andersson, J.L.R., Behrens, T.E.J.,
Glasser, M.F., Van Essen, D.C., Yacoub, E., Consortium, F.T.W.-M.H., 2013. Pushing
spatial and temporal resolution for functional and diffusion MRI in the Human
Connectome Project. Neuroimage 80, 80-104. https://doi.org/10.1016/
j-neuroimage.2013.05.012.

Van Essen, D.C., Glasser, M.F., 2014. In vivo architectonics: a cortico-centric perspective.
Neuroimage 93 (Pt 2), 157-164. https://doi.org/10.1016/
j-neuroimage.2013.04.095.

Van Essen, D.C., Glasser, M.F., Dierker, D.L., Harwell, J., Coalson, T., 2012. Parcellations
and hemispheric asymmetries of human cerebral cortex analyzed on surface-based
atlases. Cerebr. Cortex 22, 2241-2262. https://doi.org/10.1093/cercor/bhr291.

Van Essen, D.C., Smith, S.M., Barch, D.M., Behrens, T.E.J., Yacoub, E., Ugurbil, K., 2013.
The Wu-minn human connectome project: an overview. Neuroimage 80, 62-79.
https://doi.org/10.1016/j.neuroimage.2013.05.041.

Voss, P., Zatorre, R.J., 2012. Occipital cortical thickness predicts performance on pitch
and musical tasks in blind individuals. Cerebr. Cortex 22, 2455-2465. https://
doi.org/10.1093/cercor/bhr311.

Wagstyl, K., Ronan, L., Goodyer, .M., Fletcher, P.C., 2015. Cortical thickness gradients in
structural hierarchies. Neuroimage 111, 241-250. https://doi.org/10.1016/
j.neuroimage.2015.02.036.

Wandell, B.A., Dumoulin, S.O., Brewer, A.A., 2007. Visual field maps in human cortex.
Neuron 56, 366-383. https://doi.org/10.1016/j.neuron.2007.10.012.

Wang, L., Mruczek, R.E.B., Arcaro, M.J., Kastner, S., 2015. Probabilistic maps of visual
topography in human cortex. Cerebr. Cortex 25, 3911-3931. https://doi.org/
10.1093/cercor/bhu277.

Wierenga, L.M., Langen, M., Oranje, B., Durston, S., 2014. Unique developmental
trajectories of cortical thickness and surface area. Neuroimage 87, 120-126. https://
doi.org/10.1016/j.neuroimage.2013.11.010.

Winkler, A.M., Kochunov, P., Blangero, J., Almasy, L., Zilles, K., Fox, P.T., Duggirala, R.,
Glahn, D.C., 2010. Cortical thickness or grey matter volume? The importance of
selecting the phenotype for imaging genetics studies. Neuroimage 53, 1135-1146.
https://doi.org/10.1016/j.neuroimage.2009.12.028.

Wonderlick, J.S., Ziegler, D.A., Hosseini-Varnamkhasti, P., Locascio, J.J., Bakkour, A., van
der Kouwe, A., Triantafyllou, C., Corkin, S., Dickerson, B.C., 2009. Reliability of MRI-
derived cortical and subcortical morphometric measures: effects of pulse sequence,
voxel geometry, and parallel imaging. Neuroimage 44, 1324-1333. https://doi.org/
10.1016/j.neuroimage.2008.10.037.


https://doi.org/10.1002/hbm.22856
https://doi.org/10.1002/hbm.22856
https://doi.org/10.1006/nimg.2002.1132
https://doi.org/10.1016/j.neuroimage.2011.09.015
https://doi.org/10.1523/JNEUROSCI.5451-08.2009
https://doi.org/10.1523/JNEUROSCI.5451-08.2009
https://doi.org/10.1016/j.neuroimage.2013.05.007
https://doi.org/10.1016/j.neuroimage.2013.05.007
https://doi.org/10.1523/JNEUROSCI.2069-10.2010
https://doi.org/10.1523/JNEUROSCI.1930-08.2008
https://doi.org/10.1093/cercor/bhq287
https://doi.org/10.1093/cercor/bhq287
https://doi.org/10.1016/j.neurobiolaging.2010.07.013
https://doi.org/10.1016/j.neurobiolaging.2010.07.013
https://doi.org/10.1016/j.neuroimage.2014.12.035
https://doi.org/10.1016/j.neuroimage.2014.12.035
https://doi.org/10.1093/cercor/bhj064
https://doi.org/10.1002/hbm.20187
https://doi.org/10.1016/j.neuroimage.2012.12.016
https://doi.org/10.1016/j.neuroimage.2012.12.016
https://doi.org/10.1016/j.neulet.2008.03.071
https://doi.org/10.1016/j.neulet.2008.03.071
https://doi.org/10.1016/j.neuroimage.2010.05.020
https://doi.org/10.1007/s40708-016-0060-4
https://doi.org/10.3389/fneur.2017.00389
https://doi.org/10.3389/fneur.2017.00389
https://doi.org/10.3389/fninf.2011.00004
https://doi.org/10.3389/fninf.2011.00004
https://doi.org/10.1016/j.neuroimage.2013.04.111
https://doi.org/10.1016/j.neuroimage.2013.04.111
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref48
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref48
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref48
https://doi.org/10.1016/j.nicl.2017.01.012
https://doi.org/10.1038/nrn845
https://doi.org/10.1093/cercor/bhp026
https://doi.org/10.1093/cercor/bhp026
https://doi.org/10.1016/j.neuroimage.2009.03.076
https://doi.org/10.1016/j.neuroimage.2009.03.076
https://doi.org/10.1016/j.tics.2014.03.008
https://doi.org/10.1016/S0140-6736(03)14631-4
https://doi.org/10.1371/journal.pone.0117692
https://doi.org/10.1371/journal.pone.0117692
https://doi.org/10.1016/j.neuroimage.2014.12.006
https://doi.org/10.1016/j.neuroimage.2014.12.006
https://doi.org/10.1016/j.biopsych.2009.09.032
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref58
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref58
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref58
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref58
http://refhub.elsevier.com/S1053-8119(19)30639-1/sref58
https://doi.org/10.1093/cercor/bhh032
https://doi.org/10.1038/nn.2706
https://doi.org/10.1038/nn.2706
https://doi.org/10.1016/j.conb.2013.08.014
https://doi.org/10.1523/JNEUROSCI.1798-04.2004
https://doi.org/10.1016/j.neuroimage.2010.04.258
https://doi.org/10.1016/j.neuroimage.2014.05.044
https://doi.org/10.1016/j.neuroimage.2014.05.044
https://doi.org/10.1016/j.neuroimage.2013.05.012
https://doi.org/10.1016/j.neuroimage.2013.05.012
https://doi.org/10.1016/j.neuroimage.2013.04.095
https://doi.org/10.1016/j.neuroimage.2013.04.095
https://doi.org/10.1093/cercor/bhr291
https://doi.org/10.1016/j.neuroimage.2013.05.041
https://doi.org/10.1093/cercor/bhr311
https://doi.org/10.1093/cercor/bhr311
https://doi.org/10.1016/j.neuroimage.2015.02.036
https://doi.org/10.1016/j.neuroimage.2015.02.036
https://doi.org/10.1016/j.neuron.2007.10.012
https://doi.org/10.1093/cercor/bhu277
https://doi.org/10.1093/cercor/bhu277
https://doi.org/10.1016/j.neuroimage.2013.11.010
https://doi.org/10.1016/j.neuroimage.2013.11.010
https://doi.org/10.1016/j.neuroimage.2009.12.028
https://doi.org/10.1016/j.neuroimage.2008.10.037
https://doi.org/10.1016/j.neuroimage.2008.10.037

	Normative cerebral cortical thickness for human visual areas
	1. Introduction
	2. Materials and methods
	2.1. Participants
	2.2. Imaging data
	2.3. Retinotopic areas atlas
	2.4. Experimental design and statistical analysis

	3. Results
	3.1. Cortical thickness varies systematically across human visual areas
	3.2. Between-subject variability in visual area cortical thickness
	3.3. Inter-hemispheric differences in visual area cortical thickness
	3.4. Age and gender correlates
	3.5. Within-subject variability in visual area cortical thickness

	4. Discussion
	4.1. Cortical thickness and visual system hierarchy
	4.2. Population estimates of cortical thickness
	4.3. Relationship to neuronal body count
	4.4. Clinical relevance
	4.5. Compatibility with outside-sample estimates

	5. Conclusions
	Acknowledgements
	Supplementary data
	References


