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Abstract

Many studies of the human brain have explored the relationship between cortical thickness and cognition, phenotype, or disease.
Due to the subjectivity and time requirements in manual measurement of cortical thickness, scientists have relied on robust software
tools for automation which facilitate the testing and refinement of neuroscientific hypotheses. The most widely used tool for
cortical thickness studies is the publicly available, surface-based FreeSurfer package. Critical to the adoption of such tools is a
demonstration of their reproducibility, validity, and the documentation of specific implementations that are robust across large,
diverse imaging datasets. To this end, we have developed the automated, volume-based Advanced Normalization Tools (ANTs)
cortical thickness pipeline comprising well-vetted components such as SyGN (multivariate template construction), SyN (image
registration), N4 (bias correction), Atropos (n-tissue segmentation), and DiReCT (cortical thickness estimation). In this work, we
have conducted the largest evaluation of automated cortical thickness measures in publicly available data, comparing FreeSurfer and
ANTs measures computed on 1205 images from four open data sets (IXI, MMRR, NKI, and OASIS), with parcellation based on
the recently proposed Desikan-Killiany-Tourville (DKT) cortical labeling protocol. We found good scan-rescan repeatability with
both FreeSurfer and ANTs measures. Given that such assessments of precision do not necessarily reflect accuracy or ability to make
statistical inferences, we further tested the neurobiological validity of these approaches by evaluating thickness-based prediction of
age and gender. ANTs is shown to have a higher predictive performance than FreeSurfer for both of these measures. In promotion
of open science, we make all of our scripts, data, and results publicly available which complements the use of open image data sets
and the open source availability of the proposed ANTs cortical thickness pipeline.
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1. Introduction

Magnetic resonance imaging-based structural analysis of the
human brain plays a fundamental role in identifying the rela-
tionship between cortical morphology, disease, and cognition.
Such research has yielded insight concerning cortical variabil-
ity and its developmental correlates including those associated
with normal aging [64] and gender differences [38]. Condi-
tional abnormalities from Alzheimer’s disease and frontotem-
poral dementia [18, 16] to Parkinson’s [31] and Huntington’s
disease [49] also demonstrate sensitivity to cortical thickness
assessments. Additional explorations have included such topics
of interest as autism [9], athletic ability [67], male-to-female
transsexuality [39], obesity [47], and Tetris-playing ability in
female adolescents [26]. Although these findings are subject
to debate and interpretation [24], the availability of quantitative
computational methods for extracting cortical thickness mea-
sures has proven invaluable for developing and refining funda-
mental neuroscience hypotheses.
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Computational methods for analyzing the cortex may be
broadly characterized as surface mesh-based or volumetric
[52, 10]. Representative of the former is the FreeSurfer cor-
tical modeling software package [12, 21, 19, 20, 22] which
owes its popularity to public availability, excellent documen-
tation, good performance, and integration with other toolkits,
such as the extensive FMRIB software library [59]. Similar
to other surface-based cortical thickness estimation approaches
(e.g., [14, 42, 41, 32]), the outer cortical and gray/white mat-
ter surfaces from individual subject MR data are modeled with
polygonal meshes which are then used to determine local cor-
tical thickness values based on a specified correspondence be-
tween the surface models.

Image volumetric (or meshless) techniques vary both in their
algorithms as well as in the underlying definitions of cortical
thickness. An early, foundational technique is the method of
[29] in which the inner and outer surface geometry is used to
determine the solution to Laplace’s equation where thickness is
measured by integrating along the tangents of the resulting field
lines spanning the boundary surfaces. Subsequent contributions
improved upon the original formulation. For example, in [70], a
Eulerian partial differential equation approach was proposed to
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facilitate the computation of correspondence paths. Extending
the surface-based work of [41], the hybrid approach of [32] uses
the discrete Laplacian field to deform the white matter surface
mesh towards the outer cortical surface. Other volumetric al-
gorithms employ coupled level sets [71], model-free intelligent
search strategies either normal to the gray-white matter inter-
face [52], or using a min-max rule [63]. Most relevant to this
work is the DiReCT (Diffeomorphic Registration-based Cor-
tical Thickness) algorithm proposed in [13] where generated
diffeomorphic mappings between the gray/white matter and ex-
terior cortical surfaces are used to propagate thickness values
through the cortical gray matter.

The general lack of availability of published algorithms [35]
(not to mention critical preprocessing components) is a strong
deterrent to the use or evaluation of these algorithms by exter-
nal researchers. For example, one recent evaluation study [10]
compared FreeSurfer (a surface-based method) with two volu-
metric methods, viz., [29, 13]. Whereas the entire FreeSurfer
processing pipeline has been made publicly available, refined
by the original authors and other contributors, and described
in great detail (specifically in terms of suggested parameters),
both volumetric methods were implemented and run by the au-
thors of the evaluation (not by the algorithm developers) us-
ing unspecified parameters with relatively small, private data
sets, making the comparisons less than ideal (see [62] for fur-
ther discussion concerning the issue of instrumentation bias and
scientific reproducibility in the use and evaluation of software).
Further complicating such comparisons is the potential for bias,
such as interpolation artifacts when converting surface to vol-
ume data or vice versa [33].

We provide below a brief description of our proposed
pipeline, which produces a volumetric cortical thickness map
from an individual subject’s T1-weighted MRI. Additionally,
we note that it is freely available as part of the Advanced
Normalization Tools (ANTs) software package. This includes
all the necessary preprocessing steps consisting of well-vetted,
previously published algorithms for bias correction [61], brain
extraction [2], n-tissue segmentation [4], template construction
[5], and image normalization [3]. More importantly, we pro-
vide explicit coordination among these components within a set
of well-documented shell scriptswhich are also available in the
ANTs repository where parameters have been tuned by ANTs
developers (N.T. and B.A.).

Here we demonstrate the use of the described framework in
processing 1205 publicly available, T1-weighted brain MR im-
ages drawn from four well-known data sets. For comparative
evaluation we also process the same data using the standard
FreeSurfer cortical thickness processing protocol. Similar to
previous work [e.g., 10], we are able to report repeatability as-
sessments for both frameworks using subsets of the data with
repeated acquisitions. However, repeatability (or, more gener-
ally, precision) is not conceptually equivalent to accuracy and,
thus, does not provide a complete perspective for determination
of measurement quality. Although FreeSurfer validation has
included histological [50] and image-drawn [36] comparisons,
such manual assessments were extremely limited in terms of
number of subjects and the number of cortical regions. In ad-

dition, there was no mention in these studies of the number of
human observers making these measurements nor discussion of
quality assurance. Alternatively, without ground truth, other
forms of evidence can be adduced [e.g., 6] in making compar-
ative inferences. In this work we use demographic-based as-
sessments (based on well-studied relationships between corti-
cal thickness and age/gender) to show that ANTs outperforms
FreeSurfer-based thickness estimation for these data in terms of
prediction.

2. Methods and Materials

2.1. Public data resources

A comparative evaluation between FreeSurfer and ANTs was
run on four publicly available data sets: IXI, MMRR, NKI,
and OASIS. In addition to these data, we used a subset of
the MindBoggle-101 data labeled using the Desikan-Killiany-
Tourville (DKT) protocol [34] to define the regions of interest
(ROI) in the analysis. This latter data set was not included in
the thickness analysis. All five data sets are described below.

2.1.1. Public data for thickness estimation evaluation
Diverse and publicly available data sets collected from mul-

tiple sites with a mixture of 3T and 1.5T T1-weighted brain im-
ages were analyzed using the ANTs and FreeSurfer pipelines.
Subjects in this data set span the age range from 4 to 96 years
old. This strategy tested robustness to variation in head po-
sition, brain shape, defacing, image contrast, inhomogeneity,
imaging artifacts, field strength, and the broad variation in ex-
tracerebral tissue. Failure can occur in initial brain extraction,
segmentation, registration, or bias correction, any of which can
lead to an inaccurate cortical thickness measurement. In to-
tal, we processed 1,205 T1-weighted images from four different
public data sets to obtain cortical thickness values for both cor-
tical thickness analysis softwares. Below we describe the four
data sets:

IXI. Initially, we processed 581 T1-weighted images from the
IXI data set, but only 563 subjects (313 females, 250 males)
were included in the post-processing analysis due to missing
demographic information, which would have prevented an ac-
curate estimate of the age at the time of image acquisition.
These data were imaged at three sites with several modalities
acquired (T1-weighted, T2-weighted, proton density, magnetic
resonance angiography, and diffusion tensor imaging). The
database also includes demographic information such as date
of birth, date of scan, weight, height, ethnicity, occupation cat-
egory, educational level, and marital status.

MMRR. The Multi-Modal MRI Reproducibility Resource
(MMRR) data set, was originally described in [37] consisting
of 21 subjects (10 females, 11 males) and features a rich set of
modalities, as well as repeated scans.
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Table 1: The 31 cortical labels (per hemisphere) of the DKT atlas.

1) caudal anterior cingulate 17) pars orbitalis
2) caudal middle frontal 18) pars triangularis
3) cuneus 19) pericalcarine
4) entorhinal 20) postcentral
5) fusiform 21) posterior cingulate
6) inferior parietal 22) precentral
7) inferior temporal 23) precuneus
8) isthmus cingulate 24) rosterior anterior cingulate
9) lateral occipital 25) rostral middle frontal
10) lateral orbitofrontal 26) superior frontal
11) lingual 27) superior parietal
12) medial orbitofrontal 28) superior temporal
13) middle temporal 29) supramarginal
14) parahippocampal 30) transverse temporal
15) paracentral 31) insula
16) pars opercularis

NKI. In support of open science, the 1000 Functional Connec-
tomes Project was initiated on December 11, 2009 by various
members of the MRI community seeking to form collabora-
tive partnerships among imaging institutions for sharing well-
documented multimodal image sets accompanied by pheno-
typic data. One such contribution is the Nathan Klein Institute
(NKI)/Rockland sample, consisting of 186 T1-weighted images
(87 females, 99 males).

OASIS. The initial Open Access Series of Imaging Studies
(OASIS) data set consisted of 433 T1-weighted images. We
processed all of these data, but 100 were excluded from our
analysis due to probable Alzheimer’s disease (CDR > 0) and
an additional 20 repeat scans were excluded, resulting in 313
individual subject scans included in the normal group statistical
analysis (118 males, 195 females). Ages were between 18 and
96 and all subjects are right-handed.

2.1.2. MindBoggle-101 data for ROI definitions
In [34] the authors proposed the DKT cortical labeling

protocol—a modification of the popular Desikan-Killiany pro-
tocol [15] to improve cortical labeling consistency and to im-
prove FreeSurfer’s cortical classification of 31 cortical regions
per hemisphere, listed in Table 1. Forty manually labeled brains
were used to construct the DKT40 Gaussian classifier atlas,
which is now bundled with current versions of FreeSurfer and
used to automate anatomical labeling of MRI data. Since the
regional thickness values generated by FreeSurfer follow this
protocol, these anatomical labels provide a common standard
for comparison between ANTs and FreeSurfer.

The work of [34] also resulted in a publicly available set of
manually edited labels following the DKT protocol in 101 T1-
weighted brain images from different sources, including a sub-
set of 20 images from the OASIS data set (specifically, the test-
retest data). These 20 images are used in the MALF step that
defines the volumetric cortical regions for each subject.

2.2. ANTs volume-based cortical thickness estimation pipeline

The ANTs cortical thickness estimation workflow is illus-
trated in Figure 1. The steps are as follows:

1. Initial N4 bias correction on input anatomical MRI
2. Brain extraction using a hybrid segmentation/template-

based strategy
3. Alternation between prior-based segmentation and “pure

tissue” posterior probability weighted bias correction us-
ing Atropos and N4

4. DiReCT-based cortical thickness estimation
5. Optional normalization to specified template and multi-

atlas cortical parcellation

Each component, including both software and data, is briefly
detailed below with the relevant references for additional infor-
mation. Although other preprocessing components are possible
(e.g., noise reduction as in [57]), the major steps constituting
the ANTs pipeline are limited to those enumerated above.

The coordination of all the algorithmic components is encap-
sulated in the shell script antsCorticalThickness.sh with
subcomponents delegated to antsBrainExtraction.sh and
antsAtroposN4.sh. A representative script command is re-
produced in Listing 1 for a single IXI subject to demonstrate
the simplicity and mature status of what we propose in this
work and a comparison with the analogous FreeSurfer com-
mand. Option descriptions are provided by invoking the help
option, i.e., “antsCorticalThickness.sh -h”.

# Processing calls for subject IXI002 -Guys -0828 -T1

# ANTs
antsCorticalThickness.sh \

-a IXI/T1/IXI002 -Guys -0828 -T1.nii.gz \
-e IXI/template/T_template0.nii.gz \
-m IXI/template/T_template0ProbabilityMask.nii.gz \
-f IXI/template/T_template0ExtractionMask.nii.gz \
-p IXI/template/Priors/priors%d.nii.gz \
-o IXI/ANTsResults/IXI002 -Guys -0828 -

# FreeSurfer
recon -all \

-i IXI/T1/IXI002 -Guys -0828-T1.nii.gz \
-s IXI002 -Guys -0828 \
-sd IXI/FreeSurferResults/ \
-all

Listing 1: Analogous ANTs and FreeSurfer command line calls for a
single IXI subject in the evaluation study.

2.2.1. Anatomical template construction
Certain preprocessing steps, such as brain extraction and seg-

mentation, rely on templates and corresponding spatial priors.
In addition, normalizing images to a standard coordinate sys-
tem reduces intersubject variability in population studies. Vari-
ous approaches exist for determining an optimal template, such
as the selection of a preexisting template based on a single in-
dividual (e.g., the Talairach atlas [60]) or a publicly available
average of multiple individuals (e.g., the MNI [11] or ICBM
[43] templates), or an average template constructed from the
individuals under study. The work of [5] explicitly models the
geometric component of the normalized space during optimiza-
tion to produce such mean templates. Coupling the intrinsic
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Figure 1: Illustration of the main components of the ANTs processing workflow containing all elements for determining cortical thickness. We also included the
domain of operations for the selected scripts. Not shown are the probability maps for the brain stem and cerebellum priors. All template-based prior probability
maps are generated prior to pipeline processing of each individual subject.

symmetry of SyN pairwise registration [3] and an optimized
shape-based sharpening/averaging of the template appearance,
Symmetric Group Normalization (SyGN) is a powerful frame-
work for producing optimal population-specific templates. The
five templates used in this evaluation study are represented in
Figure 2.

2.2.2. N4 bias field correction
Critical to quantitative processing of MRI is the minimiza-

tion of field inhomogeneity effects which produce artificial low
frequency intensity variation across the image. Large-scale
studies, such as ADNI, employ perhaps the most widely used
bias correction algorithm, N3 [56], as part of their standard pro-
tocol [7].

In [61] we introduced an improvement of N3, denoted as
“N4”, which demonstrates a significant increase in performance
and convergence behavior on a variety of data. This improve-
ment is a result of an enhanced fitting routine (which includes
multi-resolution capabilities) and a modified optimization for-
mulation. For our workflow, the additional possibility of spec-
ifying a weighted mask in N4 permits the use of a “pure tis-
sue” probability map (described below) calculated during the
segmentation pipeline for further improvement of bias field es-
timation.

N4 is used in two places during the individual subject pro-
cessing (cf Figure 1). It is used to generate an initial bias-
corrected image for use in brain extraction. The input mask
is created by adaptively thresholding the background from the
foreground using Otsu’s algorithm [45]. Following brain ex-
traction, six-tissue (cerebrospinal fluid, cortical gray matter,

Figure 2: Population-specific templates for each of the four public data sets
used for cortical thickness estimation. The benefit of using such population-
specific templates is obvious when one sees the variability in acquisition and
data preparation (e.g., defacing protocols).
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white matter, deep gray matter, brain stem, and cerebellum)
segmentation involves iterating between bias field correction
using the current pure tissue probability map as a weight mask
and then using that bias-corrected image as input for the Atro-
pos segmentation step (described below).

2.2.3. Brain extraction
Brain extraction using ANTs combines template building,

high-performance brain image registration, and Atropos seg-
mentation with topological refinements. An optimal template
[5], i.e., a mean shape and intensity image representation of
a particular cohort, is first constructed using structural MRI
data. Template construction iterates between estimating the op-
timal template and registering each subject to the optimal tem-
plate. In this work, we perform the additional step of building
separate templates for each cohort and propagating the proba-
bilistic mask to each cohort template using registration of the
T1-weighted templates (cf Figure 2). A probabilistic brain ex-
traction mask for the new template can then be generated by
warping an existing mask to the template or by averaging the
warped, whole brain labels of subjects registered to the new
template, if such labels are available. Further refinements in-
clude thresholding the warped brain probability map at 0.5 and
dilating the resulting mask with a radius of two voxels. Atropos
is used to generate an initial three-tissue segmentation estimate
within the mask region. Each of the three tissue labels under-
goes separate morphological operations including hole-filling
and erosion. These results are then combined to create the brain
extraction mask which is further refined by additional dilation,
erosion, and hole-filling operations.

In previous work [2] we compared an earlier version of our
extraction method with publicly available brain extraction algo-
rithms, including AFNI’s 3dIntracranial [66], FSL’s BET2
[58], FreeSurfer’s mri_watershed [53], and BrainSuite [17].
Our hybrid registration/segmentation approach performed with
an accuracy comparable to FreeSurfer and a parameter-tuned
version of BrainSuite. Figure 3 presents a visual comparison of
results derived with the current ANTs brain extraction method
and results obtained using FreeSurfer.

2.2.4. Atropos six-tissue segmentation
In [4] we presented an open source n-tissue segmentation

software tool (which we denote as “Atropos”) that attempts to
distill over 20 years of active research in this area, in partic-
ular some of the most seminal work (e.g., [72, 1]). Specifi-
cation of prior probabilities includes spatially varying Markov
Random Field modeling, prior label maps, and prior probabil-
ity maps typically derived from our template building process.
Additional capabilities include handling of multivariate data,
partial volume modeling [54], a memory-minimization mode,
label propagation, a plug-and-play architecture for incorpora-
tion of novel likelihood models which includes both parametric
and non-parametric models for both scalar and tensorial im-
ages, and alternative posterior formulations for different seg-
mentation tasks.

Due to the important interplay between segmentation and
bias correction, we perform multiple N4 
 Atropos itera-

tions. A pure tissue probability weight mask generated from the
posterior probabilities is derived from the segmentation step.
Given N labels and the corresponding N posterior probabil-
ity maps {P1, . . . , PN} produced during segmentation, the N4
weight mask is created at each N4 
 Atropos iteration from

Ppure tissue(x) =

N∑
i=1

Pi(x)
N∏

j=1, j,i

(
1 − P j(x)

)
. (1)

One of the key insights of the original N3 development is
the observation that inhomogeneities cause the intensity val-
ues of pure tissue peaks to spread in the intensity histogram
as though convolved with a Gaussian. A core contribution of
N3 is the proposed corrective step of deconvolving the inten-
sity histogram to accentuate the tissue peaks, coupled with a
spatial smoothing constraint. The pure tissue probability mask
is used in N4 to weight more heavily the influence of voxels
corresponding to pure tissue types (as determined by the seg-
mentation) during the deconvolution process while minimizing
the contribution of regions such as the gray/white matter inter-
face where peak membership is ambiguous.

Atropos enables prior knowledge to guide the segmentation
process where template-based priors are integrated into the op-
timization with a user-controlled weight. Modulating the like-
lihood and prior contributions to the posterior probability is es-
sential for producing adequate segmentations. Atropos weights
the likelihood and priors according to P(x|y) ∝ P(y|x)1−αP(x)α

where α is a user-selected parameter which weights the trade-
off between the likelihood and priors terms. A weighting of
α = 0.25 is the default value based on our extensive experimen-
tation with different parameter weights.

Since cortical thickness estimation only requires the cortical
gray and white matter, the deep gray and white matter (both
labels and posterior maps) are combined to form a single “white
matter” set. This white matter set and the cortical gray matter
are the only results from the segmentation step that are used by
the DiReCT algorithm (described below).

To generate the priors for each T1 template, we used the
multi-atlas label fusion (MALF) algorithm of [65] in conjunc-
tion with a labeled subset of the OASIS data set.2 First, we
normalized the labeled OASIS subset to the template. We then
performed MALF on the template using the normalized labeled
data as input. This resulted in a labeled, parcellated template
consisting of 100+ labels defining the different brain regions.
We then condensed this template-specific labeling to the six
needed for our analysis, viz., cerebrospinal fluid (CSF), gray
matter (GM), white matter (WM), deep gray matter, brain stem,
and cerebellum. For example, all cortical regions were assigned
a single label representing the gray matter.

These binary masks were then smoothed using Gaussian con-
volution with a one voxel-width kernel. Since the labelings

2 These data were originally acquired by the first and last authors to aid
in the MICCAI 2012 Grand Challenge and Workshop on Multi-Atlas La-
beling. The data was released under the Creative Commons Attribution-
NonCommercial license. Labelings were provided by Neuromorphometrics,
Inc. (http://Neuromorphometrics.com/) under academic subscription.
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Figure 3: Representative sample of volume brain renderings from the four different cohorts (IXI = rows 1 and 2, MMRR = rows 3 and 4, NKI = rows 5 and 6,
OASIS = rows 7 and 8), illustrating the qualitative difference between ANTs and FreeSurfer results, which are arranged top-and-bottom for each subject. Each brain
was rigidly registered to the OASIS template for rendering purposes. With each subject we provide subject ID, age, and gender.

6



Figure 4: Axial slices from each of the five T1 templates including the corre-
sponding probability masks used for brain extraction and brain tissue segmen-
tation. Not shown are the prior probability maps for brain stem and cerebellum
regions.

did not describe the extracerebral CSF, we augmented the CSF
prior image with the CSF posterior output from running each
template through the segmentation component of the above-
described pipeline. This new CSF prior was then subtracted
from each of the other five prior probability images and limited
to the probability range of [0, 1]. The prior probabilities for the
five templates used in this evaluation are given in Figure 4.

2.2.5. DiReCT cortical thickness estimation
DiReCT was introduced in [13] and was made available in

ANTs as the program KellySlater. Since then several im-
provements have been made and incorporated into the program
KellyKapowski.3 The more recent implementation has made
numerous advances including multi-threading, written in rig-
orous ITK coding style,and has been made publicly available
through ANTs, complete with a unique command line interface
design developed specifically for ANTs tools.

2.3. Processing miscellany

Given the documented variability in FreeSurfer results
with version and operating system [25] (as we would ex-

3 Traditional academic discourse encountered in the published literature
rarely contextualizes peculiarities such as algorithmic nomenclature. We briefly
mention that this was the source of a rare disagreement between the first and
last authors based, as many disagreements are, on a simple misunderstanding
and not an affronting existential statement concerning a certain favorite sitcom
of the first author’s youth.

pect with our own ANTs pipeline), all data were pro-
cessed using the same ANTs and FreeSurfer versions on
the same hardware platform. Processing was performed us-
ing the Linux (CentOS release 6.4) cluster at the Univer-
sity of Virginia (http://www.uvacse.virginia.edu) using single-
threading with a maximal requested memory footprint of
8 gb for ANTs and 4 gb for FreeSurfer. The develop-
ment version of ANTs was used for processing (git com-
mit tag: 69d3a5a6c7125ccf07a9e9cf6ef29f0b91e9514f, date
Dec. 11, 2013). FreeSurfer version 5.3 x86 64 for Cen-
tOs was downloaded on 5 December, 2013 (“freesurfer-Linux-
centos6 x86 64-stable-pub-v5.3.0”, release date: 15 May,
2013). The brain extraction and segmentation results from both
pipelines were visually inspected to screen for major problems.
No manual changes were made for any component of either
pipeline and no change was made to the settings of either pro-
cessing pipeline.

3. Evaluation

Traditional assessment approaches, such as manual label-
ing, are inadequate for evaluating large-scale performance. We
therefore sought to minimize failure rate, quantify the repeata-
bility of cortical thickness measures, and determine whether the
ANTs pipeline reveals biologically plausible relationships be-
tween the cortex, gender,4 and age and how its performance
compares to the current de facto standard of FreeSurfer-derived
thickness estimation. Collectively, these surrogate measure-
ments allow us to establish data-derived relative performance
standards. Additionally, for completeness, we include timing
results as that factors into usability.

3.1. Repeatability

Repeat scans of 40 subjects (20 MMRR subjects and 20 OA-
SIS subjects) were used to determine the repeatability of re-
gional cortical thickness measurements, T . Similar to the re-
producibility assessment given in [30], we demonstrate this in
terms of the percent variability error:

ε =
|Tscan − Trescan|

0.5 × (Tscan + Trescan)
. (2)

Comparison of the ANTs and FreeSurfer percent variability er-
rors for the 62 DKT regions for both the OASIS and MMRR
scan-rescan data sets are given in Figure 5. Mean values are
given in Table 2. Although the variance is slightly greater for
the set of ANTs measurements, statistical testing per cortical
region (two-tailed paired t-test, corrected using false discovery
rate) did not indicate non-zero mean differences for either ap-
proach for any region.

4 We recognize the distinction often made between “sex” and “gender” (cf
http://www.who.int/gender/whatisgender/en/). As the demographic
information collected during the course of the imaging studies is presumably
self-reported, we assume that most self-identify in terms of gender and, there-
fore, use the term “gender” in data descriptions.
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Figure 5: Percent error variability for both ANTs and FreeSurfer pipelines over the left and right hemispheres of both the MMRR and OASIS data subsets within
the 62 regions defined by the Desikan-Killiany-Tourville atlas. Both methods demonstrate good repeatability qualities.

Table 2: Mean repeatability error over all regions.

MMRR OASIS

ANTs 3.2% 3.3%
FreeSurfer 2.5% 2.8%

We also calculated the intraclass correlation coefficient
(“ICC(2,1)” in the notation of [55]) to assess scan/rescan re-
liability. The ANTs thickness pipeline produced an ICC value
of 0.98 and the FreeSurfer thickness pipeline yielded an ICC
value of 0.97, indicating good scan/rescan reliability for both
ANTs and FreeSurfer.

3.2. Age prediction assessment
Despite good repeatability with both ANTs and FreeSurfer,

such measures do not provide an assessment of accuracy or
even relative utility. For example, strong priors can yield good
repeatability measures but potentially at the expense of data fi-
delity thus compromising the quality of models (statistical or
otherwise) built from such results. Given that ground truth is
not available for these data nor for the many studies looking
at brain morphology, an indirect method (or set of methods) is
required for determining the quality of thickness estimation.

For our first assessment, we modeled age versus regional cor-
tical thickness values to determine which framework produces
better predictive thickness estimates. We first subdivided the

thickness data into training and testing subsets with an even
split between the two subsets.5 We then used the training data to
create two models for each pipeline: 1) standard linear regres-
sion and 2) random forests (a non-parametric machine learn-
ing technique) [8], for estimating age from both ANTs and
FreeSurfer thickness values in the testing data.

Table 3: Mean RMSE for age prediction in years.

Linear Model Random Forest

ANTs (Combined) 10.7 10.2
FreeSurfer (Combined) 12.3 11.9

ANTs (IXI) 9.3 8.6
FreeSurfer (IXI) 12.3 11.7

ANTs (NKI) NA† 10.9
FreeSurfer (NKI) NA† 13.3

ANTs (OASIS) 15.0 12.4
FreeSurfer (OASIS) 15.0 11.4
†Fitting error.

5 We tried various training proportions between 10 and 90% (in increments
of 10%) to see if that had an effect on relative performance for both age and
gender prediction comparisons. Although age predictive capabilities for both
pipelines showed improvement (gender prediction was mostly unaffected), the
relative outcomes were the same.
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Figure 6: Age prediction RMSE distributions of linear (left) and random forest (right) models for the ANTs- and FreeSurfer-derived thickness values over the
combined four cohorts. For both prediction models ANTs RMSE error is lower.

The formula (in the notation of [68]) for the linear model is

AGE ∼ VOLUME + GENDER +

62∑
i=1

T (DKTi) (3)

where T (DKTi) is the average thickness value in region DKTi

and VOLUME is total intracranial volume. Similarly, the ran-
dom forest model was specified as a combination of all terms
using the randomForestpackage in R with the default settings
and 200 trees.

In order to ensure a fair comparison, the procedure described
above consisting of training and testing steps was performed
for n = 1000 permutations to elicit a performance distribu-
tion which we measure using the relative mean square error
(RMSE):

RMS E =

√√∑(
AGEtrue − AGEpredicted

)2

N
. (4)

Due to the limited range in ages across data sets, we restricted
training and testing to the age range [20, 80]. The resulting dis-
tributions are illustrated in Figure 6. In addition to a combined
assessment, we also perform separate model prediction for each
of the three larger data sets (i.e., IXI, NKI, and OASIS).

ANTs-based RMSE values were lower for both models and
each of the four different subset comparisons except for the ran-
dom forest model constructed from the OASIS data set. All
mean RMSE values are provided in Table 3.

To further elucidate the regional differences in predictive
power specifically in the random forest model, we provide vari-
able importance plots for both pipelines using the mean de-
crease in accuracy measure in Figure 7. During random for-
est model construction (specifically the out-of-bag error cal-
culation stage), the decrease in prediction accuracy with the
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Figure 7: Regional importance random forest plots for (left) ANTs and (right)
FreeSurfer using “MeanDecreaseAccuracy” ranking all model variables speci-
fied by Equation (3).
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omission of a single feature or variable is tracked and averaged.
Thus, those features which have the greatest decrease in mean
accuracy are considered to be the most discriminative. It should
be noted that correlative effects are not considered in the rank-
ings.

3.3. Gender prediction assessment
We also performed a similar prediction assessment using

gender as the regressand. The binomial generalized linear
model is

GENDER ∼ VOLUME + AGE +

62∑
i=1

T (DKTi) (5)

where T (DKTi) is the average thickness value in region DKTi

and VOLUME is total intracranial volume. We then character-
ized performance using a ROC curve for both methods (see Fig-
ure 9) where we averaged over 1000 permutations. The mean
area under the curve (AUC) for both methods was also quanti-
fied with values of ANTsAUC = 0.87 and FreeSurferAUC = 0.83.

3.4. Computation time
All images underwent the ANTs and FreeSurfer pipeline pro-

cessing using the computational cluster at the University of Vir-
ginia. Processing times varied approximately between 10–20
hours per subject for both pipelines for the entire cortical thick-
ness estimation procedure although ANTs processing, on av-
erage, took slightly longer. Averaged over all cohorts, ANTs
required 15.7 ± 2.0 hours per subject and FreeSurfer required
14.1 ± 2.9 hours per subject.

The propagation of the DKT labels to each subject using la-
bel fusion as described earlier was performed in parallel and
took anywhere between 40 and 80 hours per subject for 16 se-
rial image registrations and application of the joint label fu-
sion algorithm [65]. For each subject, 20 atlas registrations
are used to generate the labeling for that subject. There-
fore to do the MALF labeling for the entire cohort, approxi-
mately 1200 × 20 = 24000 registrations were performed. The
antsMalfLabeling.sh script mentioned earlier parallelizes
the registration component which decreases the time for par-
allel computation platforms.

4. Discussion

In the absence of ground truth, we used repeatability and
prediction of demographic variables to compare the ANTs and
FreeSurfer cortical thickness pipelines. The only major fail-
ure was the FreeSurfer brain extraction of a single IXI subject
(IXI430-IOP-0990). Also, three NKI subjects were not pro-
cessed to completion with FreeSurfer (1713515, 18755434, and
2674565) and were not included in the analysis. Although re-
searchers might quibble over processing minutiae such as the
inclusion of too much (or not enough) of the meninges, we
approached our evaluation using more objective criteria which
concern all those engaged in this type of research. We are cur-
rently trying to develop methods to facilitate data inspection for
quick quality assurance/control.

4.1. Repeatability of thickness measurements

The OASIS data set and the MMRR data set allow us to test
whether the same thickness values emerge from T1-weighted
MRI collected on the same subject but at different times of
the day or over a time separation within a few weeks. Al-
though the ANTs cortical thickness pipeline produced similar
repeatability assessments as FreeSurfer in these data, there are
many additional issues to explore with the ANTs-based frame-
work. Pre-analysis confounds such as short-term alterations in
cortical morphology due to the T1-weighted susceptibility to
blood flow [23, 51, 69] and MRI acquisition parameters such as
field strength, site, resolution, scanner, longitudinal variation in
scanner conditions, and pulse sequence [27, 40, 30] have been
evaluated with FreeSurfer which has shown good reliability un-
der various permutations of these conditions. Although we did
not explicitly investigate the repeatability performance of the
ANTs framework under such effects, the relatively good per-
formance on the large and varied data (in terms of site, field
strength, scanner, and acquisition sequence) used in this study
provides confidence in its robustness to a variety of imaging
conditions.

ANTs and FreeSurfer cortical thickness mean reliability are
correlated across all regions (Pearson correlation = 0.44). Al-
though our thickness reliability measurements represent the
compound effect of registration, segmentation, anatomical la-
beling, and the thickness computation algorithm, this correla-
tion suggests that these effects are non-random. That is, reli-
ability measurements are influenced by characteristics intrin-
sic to the underlying neuroanatomy as represented in approxi-
mately one millimeter resolution volumetric T1-weighted MRI.
Perhaps the least reliable region is entorhinal cortex (Region
4 in Figure 5) which has relatively small volume, is challeng-
ing to distinguish from surrounding structures [46], and is also
relatively thin. Spatial variation in segmentation accuracy is
known to relate to a structure’s volume and tissue character-
istics and this has led to a body of research on both segmen-
tation and acquisition protocols that are optimized for specific
regions. Perhaps the most substantial work in MRI has focused
on temporal lobe structures including the hippocampus. Both
FreeSurfer and our own group have optimized protocols to ad-
dress such concerns (http://www.hippocampalsubfields.com/).
Given caveats associated with cost vs. benefit, our current re-
sults suggest that optimized protocols may be relevant for addi-
tional cortical regions.

4.2. Voxel/vertex-based analysis

One of the limitations of our evaluation was the limitation
of comparative analysis to mean ROI thickness values defined
by the 62 cortical regions of the DKT atlas. Quite common in
the literature, however, are point-wise (vertex- or voxel-based)
analyses [e.g., 9]. The ANTs pipeline described in this work is
equally applicable to such studies. The only additional require-
ment is the specification of the normalization template. For this
work we opted for the ROI analysis to avoid potential bias is-
sues when navigating between surface and volume representa-
tions [33]. Future work will certainly explore such analyses.
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Figure 8: Age vs. thickness plots for cortical regions that are most relevant in age prediction. These are the most discriminative regions across both methods as
determined by random forest importance measurements (cf Figure 7). Note that all regional plots for both ANTs and FreeSurfer are available online (see Appendix).
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Figure 9: Average ROC curve and corresponding AUC distributions for gender prediction using ANTs and FreeSurfer thickness values. Values were averaged for
1000 permutations resulting in mean values of ANTsAUC = 0.87 and FreeSurferAUC = 0.83 (p < 10−16).

4.3. Age and gender prediction

Although repeatability between ANTs and FreeSurfer is
comparable, such measures are not as useful in determining
the utility of the measuring software. That is the reason we
used a training and testing paradigm to evaluate how well both
frameworks produce measurements capable of predicting de-
mographics which are well-known to correlate with cortical
thickness. Additionally, these demographic measures are prob-
ably some of the easiest and most reliably obtained of all pos-
sible demographic measures used for this type of assessment.

Previous research has used predictive modeling for compar-
ing cortical thickness algorithms. For example, in [10], clas-
sification of healthy, semantic dementia, and progressive non-
fluent aphasia categories using regional cortical thickness val-
ues was used to determine the predictive modeling capabilities
of different cortical thickness processing protocols in 101 sub-
jects. However, differential diagnosis of dementia [44] is not as
straightforward as obtaining a subject’s age or gender and re-
gressing that against cortical thickness; the latter constitute bi-
ological relationships that have been well-studied and reported
in the literature.

For age prediction, we used both a linear model (due to its
general ubiquity) and a random forest model (a non-parametric
model to contrast with the linear approach) which showed over-
all good performance. Also, the linear and random forest mod-
els have the advantage of being interpretable—that is, the mod-
els reveal the specific predictors that are most valuable which
makes comparison with previous age versus thickness assess-
ments possible.

For example, in [28], 322 T1-weighted MRI of healthy adults
with an age range of [20, 85] were used, in part, to character-
ize the relationship between age and cortical thickness using
FreeSurfer and a similar linear modeling approach. Significant
findings for age were reported in the “precentral gyrus, medial
parts of the superior frontal gyrus, DMPFC, and rostral middle
frontal cortex.” Based on the cortical parcellation provided by

the DKT atlas, we also saw similar strong effects in the precen-
tral gyrus (cf Figure 7).

This study was limited to a cross-sectional investigation thus
limiting extrapolations of ANTs performance to longitudinal
data unlike recent FreeSurfer extensions which accommodate
longitudinal data [48, 30]. Also, some users may choose to
segment and register with ANTs and subsequently employ any
alternative (e.g., surface-based) method for thickness estima-
tion. Further work is needed by independent authors working
on established pipelines to better compare surface-based and
volume-based thickness reliability and accuracy across differ-
ent populations, age ranges, and with longitudinal protocols.

4.4. Computation time
Computation time for the registration and segmentation com-

ponents of the ANTs pipeline are substantial but are not signifi-
cantly worse than those of FreeSurfer. It is likely that nearly as
reliable results can be obtained in much less time for many of
the subjects in this study. However, our interest in maximizing
reliability and quality led us to employ parameters in the regis-
tration, segmentation, and bias correction that are as robust as
possible to differences in head position, the presence of large
deformations between template and target brains and substan-
tial inhomogeneity or other artifacts in the image content itself.

5. Conclusions

Imaging biomarkers such as cortical thickness play an
important role in neuroscience research. Extremely useful
to researchers are robust software tools for generating such
biomarkers. In this work we detailed our open source offer-
ing for estimating cortical thickness directly from T1 images
and demonstrated its utility on a large collection of public brain
data from multiple databases acquired at multiple sites. To our
knowledge, this study constitutes the largest collection of cor-
tical thickness data processed in a single study. We anticipate
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that public availability of our tools and extensive tuning on the
specified cohorts will prove useful to the larger research com-
munity. In this work, we only explored a portion of the poten-
tially interesting investigations possible with these data. Since
all of the data are publicly available, further work can be easily
pursued by us or by other interested groups.

Appendix

Available resources are listed in Table 4 with their corre-
sponding addresses. Examples and data for all scripts described
in the manuscript are also available for download. This should
enable interested researchers to duplicate the results in this
work.
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O., Frisoni, G. B., The PharmaCog Consortium, May 2013. Brain mor-
phometry reproducibility in multi-center 3T MRI studies: A comparison
of cross-sectional and longitudinal segmentations. Neuroimage.

[31] Jubault, T., Gagnon, J.-F., Karama, S., Ptito, A., Lafontaine, A.-L., Evans,
A. C., Monchi, O., Mar 2011. Patterns of cortical thickness and surface
area in early Parkinson’s disease. Neuroimage 55 (2), 462–7.

[32] Kim, J. S., Singh, V., Lee, J. K., Lerch, J., Ad-Dab’bagh, Y., MacDon-
ald, D., Lee, J. M., Kim, S. I., Evans, A. C., Aug 2005. Automated 3-
D extraction and evaluation of the inner and outer cortical surfaces us-
ing a Laplacian map and partial volume effect classification. Neuroimage

13

http://dx.doi.org/10.1016/j.neuroimage.2006.02.051


Table 4: Resources used in this work.

Packages

ANTs http://stnava.github.io/ANTs
FreeSurfer http://surfer.nmr.mgh.harvard.edu

Available scripts and examples

antsBrainExtraction.sh https://github.com/ntustison/antsBrainExtractionExample
antsAtroposN4.sh https://github.com/ntustison/antsAtroposN4Example
antsCorticalThickness.sh https://github.com/ntustison/antsCorticalThicknessExample
antsMultivariateTemplateConstruction.sh https://github.com/ntustison/TemplateBuildingExample
antsMalfLabeling.sh https://github.com/ntustison/MalfLabelingExample
Analysis scripts https://github.com/ntustison/KapowskiChronicles

Public data

MindBoggle101 http://mindboggle.info/data.html
Cohort templates and priors http://figshare.com/articles/ANTs ANTsR Brain Templates/915436
IXI http://biomedic.doc.ic.ac.uk/brain-development
MMRR http://www.nitrc.org/projects/multimodal
NKI http://fcon 1000.projects.nitrc.org
OASIS http://www.oasis-brains.org
MICCAI 2012 Workshop on Multi-Atlas Labeling https://masi.vuse.vanderbilt.edu/workshop2012/index.php

27 (1), 210–21.
[33] Klein, A., Ghosh, S. S., Avants, B., Yeo, B. T. T., Fischl, B., Ardekani, B.,

Gee, J. C., Mann, J. J., Parsey, R. V., May 2010. Evaluation of volume-
based and surface-based brain image registration methods. Neuroimage
51 (1), 214–20.

[34] Klein, A., Tourville, J., 2012. 101 labeled brain images and a consistent
human cortical labeling protocol. Front Neurosci 6, 171.

[35] Kovacevic, J., 2006. From the editor-in-chief. IEEE Trans Imag Process
15 (12).

[36] Kuperberg, G. R., Broome, M. R., McGuire, P. K., David, A. S., Eddy,
M., Ozawa, F., Goff, D., West, W. C., Williams, S. C. R., van der Kouwe,
A. J. W., Salat, D. H., Dale, A. M., Fischl, B., Sep 2003. Regionally local-
ized thinning of the cerebral cortex in schizophrenia. Arch Gen Psychiatry
60 (9), 878–88.

[37] Landman, B. A., Huang, A. J., Gifford, A., Vikram, D. S., Lim, I. A. L.,
Farrell, J. A. D., Bogovic, J. A., Hua, J., Chen, M., Jarso, S., Smith, S. A.,
Joel, S., Mori, S., Pekar, J. J., Barker, P. B., Prince, J. L., van Zijl, P. C. M.,
Feb 2011. Multi-parametric neuroimaging reproducibility: a 3-t resource
study. Neuroimage 54 (4), 2854–66.

[38] Luders, E., Narr, K. L., Thompson, P. M., Rex, D. E., Woods, R. P.,
Deluca, H., Jancke, L., Toga, A. W., Apr 2006. Gender effects on cortical
thickness and the influence of scaling. Hum Brain Mapp 27 (4), 314–24.

[39] Luders, E., Sánchez, F. J., Tosun, D., Shattuck, D. W., Gaser, C., Vilain,
E., Toga, A. W., Aug 2012. Increased cortical thickness in male-to-female
transsexualism. J Behav Brain Sci 2 (3), 357–362.
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