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Abstract

Several algorithms for measuring the cortical thickness in the human brain from MR image volumes
have been described in the literature, the majority of which rely on fitting deformable models to the
inner and outer cortical surfaces. However, the constraints applied during the model fitting process
in order to enforce spherical topology and to fit the outer cortical surface in narrow sulci, where the
cerebro-spinal fluid (CSF) channel may be obscured by partial voluming, may introduce bias in some
circumstances, and greatly increase the processor time required.
In this paper we describe an alternative, voxel based technique that measures the cortical thickness
using inversion recovery anatomical MR images. Grey matter, white matter and CSF are identified
through segmentation, and edge-detection is used to identify the boundaries between these tissues.
The cortical thickness is then measured along the local 3D surface normal at every voxel on the inner
cortical surface. The method was applied to 119 normal volunteers, and validated through extensive
comparisons with published measurements of both cortical thickness and rate of thickness change
with age. We conclude that the proposed technique is generally faster than deformable model based
alternatives, and free from the possibility of model bias, but suffers no reduction in accuracy. In
particular, it will be applicable in data sets showing severe cortical atrophy, where thinning of the gyri
leads to points of high curvature, and so the fitting of deformable models is problematic.

1

Introduction

The human cerebral cortex makes up the largest part of the brain, and consists of a highly convoluted layer of
neuronal cells with the topology of a 2D sheet, surrounding a core of white matter. Its thickness varies considerably,
from approximately 2mm in the calcarine sulcus to approximately 4mm in the precentral gyrus, with an average
of approximately 3mm [3, 10, 15, 16]. Changes in cortical volume have been observed to correlate with both
normal brain maturation and a variety of cortical pathologies. For example, grey matter (GM) volume loss is seen
throughout adulthood to old age [42, 6], and Alzheimer’s disease subjects show a significant reduction in cortical
volume relative to controls [8], particularly in the medial temporal lobe, with the extent of the decrease correlating
with greater cognitive decline.
Although they are three-dimensional, measurements of cerebral volumes give little or no information about the
dimensions of the structure under investigation, whereas cortical thickness measures present a method for continuous measurement across the cortical surface. They have shown considerable potential both in the study of normal
brain growth and maturation [25, 44, 42, 35, 48] and in the diagnosis or measurement of the progression of a wide
variety of cortical pathologies, including Huntington’s disease [33, 39] Multiple Sclerosis [34], Schizophrenia [18],
depression in elderly patients [2], cerebral microangiopathy [30], Alzheimer’s disease [46], Williams syndrome [47],
attention-deficit-hyperactivity disorder [48], and fetal alcohol syndrome [48].
All cortical thickness measurement techniques require two core components: a method for locating the inner and
outer cortical surfaces, and a method to measure the distance between them. However, the thickness measure
chosen forms the definition of cortical thickness: the accuracy with which the measurement is made is dictated
by the method chosen to define the cortical surfaces. The techniques presented in the literature can be coarsely
divided into two groups in this respect: model-based approaches that involve fitting deformable models to the inner
and outer cortical surfaces i.e. the boundaries between white matter (WM) and grey matter (GM) and GM and pia
matter (PM), and data-driven approaches that detect these interfaces using image intensities alone. Model-based
approaches typically involve segmenting the WM, fitting the model to the WM/GM interface, and then expanding
the model to the GM/PM interface. The inner cortical boundary is smoother, and so fitting this boundary first

helps to guide the model into the more complex folding of the outer boundary. The model itself typically consists of
a set of vertices that tessellate the cortical surface with triangular elements. The Freesurfer algorithm ([7, 11, 33],
surfer.nmr.mgh.harvard.edu) fits the models using an objective function consisting of an intensity term to identify
the boundary and a pair of constraints that impose local smoothness and regularise the tesselation. However, it
is also desirable to prevent self-intersections in the models, ensuring that they have a simple, spherical topology,
which in turn allows the surface and subsequent thickness measurements to be mapped onto a plane or sphere
using standard projections. This can be advantageous both in terms of displaying the results and in the definitions
of the thickness measures used. Self-intersections can be prevented either by explicitly removing them when they
occur (e.g. [10]) or by introducing additional terms into the objective function. The latter approach is used in the
ASP (Anatomic Segmentation using Proximities) algorithm [24], which introduces both a surface self-proximity
term and a term based on the distance between corresponding vertices on the inner and outer surface models. Such
terms may also be required in order to solve the notoriously difficult problem of fitting the model in tightly folded
gyri [17, 47], where the sulcal banks oppose so closely that there is no clear cerebrospinal fluid (CSF) channel in
the sulcus at the resolution of typical MR images. In such regions the outer surface model may fail to fit the pial
surface within the sulcal fundus.
The deformable model based approach has several drawbacks. First, such algorithms require considerable computational resources, largely due to the topological constraints. The algorithms presented in [24] and [10] required
30 hours on a 180 MHz Silicon Graphics R10000 and 5 hours on a 500 MHz Pentium 3 respectively to process
each image volume. Performance figures for modern hardware are available from the Freesurfer website, indicating
processing times of the order of hours per image volume. Second, the use of topological constraints may bias
the measured thickness [24, 17]. In particular, the constraint on the distance between corresponding vertices of
the inner and outer surface models used in ASP penalises corresponding vertices as they deviate from an ideal
distance, biasing the algorithm towards a fixed separation between the inner and outer cortical surface models
and thus reducing the statistical power of the technique to identify abnormal cortical thicknesses. Smoothness
constraints may be problematic at points of high curvature such as the gyral crowns and sulcal fundi [21], although
imposing only second-order smoothness can alleviate this problem [10]. Kim et al. [17] have proposed an updated
version of ASP (CLASP, Constrained Laplacian ASP) in which several of these constraints, most importantly that
on the inter-surface distance, were eliminated. However, a third issue of selecting weights for each constraint term
remains: there is no guarantee that weights obtained by optimising the performance on images from one group of
subjects, for example normals, will be applicable to images from groups with significantly different cortical thicknesses resulting from pathological processes or even normal ageing in groups with mean ages significantly different
from that used to optimise the weights.
These problems have led to an interest in data-driven techniques, in which the inner and outer cortical surfaces are
determined using only image intensities (e.g. [21, 47, 22]). Such approaches also typically begin with segmentation
of the WM, GM and CSF. Thickness measurements are then performed at each point on the inner cortical surface,
by propagating away from the surface according to some thickness measure until the outer cortical surface is
reached. In regions of tightly folded gyri as described above, if the pial surface is missed and another point on the
inner cortical surface is reached, the thickness measurement can be halved to produce a value that is approximate
but still entirely data driven. It has been shown that this approach has little effect on final, regional thickness
measurements if local smoothing is applied [47, 23, 22]. Some authors have also combined the two approaches by
fitting deformable models in order to define homologous points on the cortical surfaces across different subjects
and using these in registration, for defining the points at which thickness measurements are made, and to define a
surface on which the results may be displayed, whilst still using only image intensities in the thickness measurement
itself [43, 22].
The second requirement for cortical thickness measurement is a definition of thickness. The distance between
the corresponding points on the two surface models can be used in model-based approaches. Alternatively, the
minimum distance between a given point on one surface and the closest point on the opposing surface or the
distance along the normal to the inner surface can be used [24]. Lerch et al. [20] showed using a population
simulation that the former method is the most sensitive in recovering true change in thickness and also minimised
the variability across a population, and recommended this measure (out of 6) as the one to use. However, more
complex approaches have also been attempted. For example, the inner and outer cortical surfaces can be treated
as charged conductors and the Laplace equation applied to define hypothetical electric field lines between them
[15]. Both cortical surfaces must be closed (i.e. have spherical topology) in order to apply this technique, and so a
method to cap the hole introduced by the brainstem (such as described by [7] and [49]) is required. The detection
of the surfaces must also be complete, which can be problematic in data with partial volume effects. However,
the field lines are guaranteed to be diffeomorphic i.e. they do not cross. The thickness of the cortex at any given
point then becomes the sum of the lengths of the surface normals at each field line, where the start point at each
field line is the end of the surface normal from the previous field line. This ensures that every point has a unique
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and reversible point on the opposing surface. The assumed model also has some analogy with reality [1], since the
cortical mantle is divided into 6 layers. Yezzi et al. [50] present a generalised version of the Laplacian approach, in
the form of a pair of first-order, linear partial differential equations, together with an efficient numerical solution
allowing cortical thicknesses to be measured in 3 minutes on a 800MHz Pentium 3 processor. Other algorithms such
as marching cubes or the Eikonal fire equation [36] have also been applied [43, 22]. Finally, [26] proposed a rather
different approach that dispenses with the need for an explicit distance metric; a Bayesian segmentation was used
to identify GM, WM and CSF, and a tesselation of the GM/WM surface was generated. The distance between
each image voxel and this surface was then found, and the segmentation result used to generate the probability
that a voxel would be a member of each tissue class as a function of distance from the GM/WM surface.
The aim of the work described here was to produce a fully automated cortical thickness measurement algorithm
that does not depend on the use of deformable models of the inner and outer cortical surfaces. The inner cortical
surface is located using edge detection, and the local 3D surface normal at each voxel obtained. A search is then
performed along this vector in order to locate the outer cortical surface, including measures to deal with situations
in which the outer surface is obscured by partial voluming, thus measuring the cortical thickness. The removal of
the requirement to model the cortical surfaces has several advantages. It reduces the processor time required by
an order of magnitude; typical execution times for model-based algorithms are, as described above, of the order
of hours per image volume, whereas the algorithm described here processed the image volumes used in this study
in an average of 8 minutes per volume. It also removes the need to empirically estimate weights for terms in the
model fitting objective function. The algorithm is therefore more suited to widespread application of morphometric
techniques in clinical imaging. In addition, it avoids the possibility of biases due to model constraints; this may
increase the statistical power of the method to detect changes in cortical thickness across groups. The approach has
some similarities with that proposed by [21] and used by [30] and [29]. However, those authors used a Euclidean
distance transform to measure thickness, and thus obtained the shortest distance between the inner and outer
surface, as opposed to the normal distance measure used here.
Adopting the normal distance may have several advantages in data-driven approaches to cortical thickness measurement. First, calculation of the shortest distance requires accurate delineation of both the inner and outer
surfaces, which may introduce problems at points where the outer cortical surface is obscured by partial voluming
or noise. Calculation of the normal distance requires only delineation of the inner surface, which is in general an
easier task than location of the outer surface, thus removing a potential source of error. The search along the normal direction can then take account of multiple possible scenarios, as described in more detail below, for example
points where partial voluming obscures the outer surface and leaves only a dip in intensity rather than a detectable
edge. Furthermore, in regions of the cortex where there is a maximum in thickness, such as at gyral crowns, use
of the shortest distance may produce a systematic under-estimation of the thickness by preferentially locating the
shortest possible vectors along which to make the measurement. Such an effect would manifest as a bias towards
lower thickness values in the final result, potentially reducing the ability of the algorithm to monitor pathological
or age-related thickness changes. Finally, [24] found the normal distance to be more similar to the vertex-vertex
distance commonly used in deformable model based approaches than the shortest distance, and so the proposed
method presents an advantage in terms of facilitating comparisons between model-based and data-driven methods.

2

Method

Fig. 1 gives an overview of the algorithm. The processing of the data can be divided into two stages, the actual
cortical thickness estimation, and the pre-processing to convert the original volume of data into the required form.
Each stage of the algorithm is described in detail below.

2.1

Subjects and Scan Parameters

The subject group used in the validation of the algorithm was composed of groups from three different studies,
scanned on different occasions on the same scanner (1.5 Tesla whole-body scanner Philips ACS PT 6000 NT,
Philips Medical Systems, Best, The Netherlands). Scan parameters and demographics are given in Table 1. The
acquisition used was a T1 inversion recovery sequence. All subjects were normal volunteers and gave informed
consent at least 24 hours before scanning. The Central Manchester Local Research Ethics Committee approved
all three studies. Group 1 were part of a perfusion reproducibility study, Group 2 were normal volunteers in an
ME study and Group 3 were part of a Wellcome study on amnestic cognitive impairment. The principle reason for
using a range of age groups was to investigate the effect of age on cortical thickness. Various calibration stages of
the algorithm were performed on a subset (18 subjects) of the data, namely the entirety of Groups 1 and 2, and
five representative subjects from Group 3 spanning the age range of the dataset. Although the scans were acquired
4

Figure 1: Overview of the algorithm, including pre-processing stages. Solid-line arrows illustrate the flow of
operations performed, dashed-line arrows illustrate where the result of one stage of the processing is used as an
input to a later step.
for the different groups at different times, [13] have demonstrated using a Siemens scanner that scanner upgrades
do not increase variability or introduce bias.
The imaging protocol was specifically selected in order to maximise signal to noise for grey and white matter
separation and to minimise the effects of field inhomogeneity. The segmentation and edge-detection stages of the
proposed algorithm both make specific assumptions about the absolute image intensities, and so would be sensitive
to image inhomogeneity. However, both are applied only to individual slices, rather than to entire image volumes
simultaneously, and so inter-slice inhomogeneity can be ignored for the purposes of the algorithm. Intra-slice
inhomogeneity was evaluated using the N3 algorithm [41]: application of this algorithm to five image volumes
randomly selected from those described above indicated mean intra-slice inhomogeneities of approximately 2%,
which was insignificant compared to the image noise. This removed the need for the application of an inhomogeneity
correction algorithm prior to data processing and thus simplified the analysis of the results, since no consideration
of the inhomogeneity correction was needed in the analysis of the performance of the algorithm. However, several
authors (e.g. [24]) have presented cortical thickness measurements performed on inhomogeneity corrected data.
This implies that the algorithm presented here will be applicable to other MR image types following the application
of a suitable correction algorithm. The scanning protocols used are typical of scans acquired clinically, in that the
in-plane resolution is sub-millimetre, whereas the through-plane resolution is of the order of a few millimetres, in
order to increase the signal to noise ratio of the data. From a purely geometrical perspective, if it is possible to
show that the method presented below produces reliable results when applied to such data, then there is no reason
to expect that it will not work on more research-oriented protocols that may have isotropic voxels: the reverse
may not be the case, hence the use here of the clinical scans. Reducing the slice thickness will inevitably reduce
the signal-to-noise ratio, but this will manifest itself as an increase in the random errors on the results, rather than
the introduction of a systematic error.

2.2

Data Pre-Processing

The first of the data preprocessing stages involved application of the partial volume segmentation algorithm
described by [28]. The algorithm fitted a model consisting of Gaussian distributions for each pure tissue and uniform
distributions, convolved with Gaussian distributions representing the noise process, for each partial volume class,
to the intensity histogram of the image volume. This resulted in an estimate of the mean and standard deviation
of each pure tissue for use in later stages of the cortical thickness measurement algorithm. The histogram was
constructed using voxel intensities within a block of the brain containing only WM, GM and CSF, manually defined
in the Talairach coordinates and then transformed into the coordinate system of each image volume using the result
of an affine registration. The position of the block is illustrated in Fig. 2. The positioning of the volume in the
frontal lobe was selected in order to obtain a sufficient number of voxels of the three pure tissue types. In elderly
brains, the differentiation between all three tissue types becomes less distinct for several reasons. The boundary
between GM and WM appears much more diffuse than in younger brains (the gradient between the two becomes
5

Parameter
Number (males)
Mean Age (range)
TI (ms)
TE(ms)
TR (ms)
Flip Angle (degrees)
Echo Train Length
Slice Orientation
In-plane Resolution (mm)
Slice Thickness (mm)

Group 1
4 (4)
40.2 (34 - 46)
300
18
6850
90
9
Axial
0.9x0.9
3.0

Group 2
9 (5)
35.4 (19 - 53)
300
18
6850
90
9
Coronal
0.9x0.9
4.0

Group 3
106 (43)
74.4 (60 - 86)
300
18
6850
90
9
Axial
0.9x0.9
3.0

Table 1: Subject demographics and scan parameters.

(a)

(b)

Figure 2: Sections illustrating the approximate position of the cuboid, here shown in greater contrast than the
surrounding tissue, from which the three-tissue histogram is constructed: (a) axial view, (b) sagittal view.
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Figure 3: Histogram of voxel intensity values (solid line) and fit (dashed line) of the Gaussian mixture model to
the histogram. There are clear peaks for the cerebro-spinal fluid, grey matter and white matter at approximately
-1800, -500 and -100 grey levels, respectively.
much more shallow) presumably due to demyelination of the WM axons such that the WM appears more like the
non-myelinated GM. In addition, the presence of fluid-filled lesions in WM may result in the apparent presence of
GM in the WM, and the greater partial voluming of GM and CSF (due to increased CSF) results in the actual
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(a)

(b)

(c)

Figure 4: Example images from the edge-detection algorithm showing (a) the initial grey level image, (b) the
likelihood enhancement image, (c) resulting edge detection for the same slice (overlaid in white). Note that, from
(c) the edge detection appears to extend all the way to the back of the skull. The grey/white matter boundary
is close to the skull here, and the likelihood image shows that both the skull/CSF boundary and the GM/WM
boundary are highlighted. Due to their proximity and the fact that the edge detection algorithm as implemented
here cannot cope with bifurcations, the detected edge follows the higher ridge through the image to the skull,
rather than the slightly weaker GM/WM boundary.
GM appearing to have anomalous (lower) grey level values. In order to obtain realistic estimates of the pure tissue
values, CSF values were taken from the ventricles, WM from the corpus callosum, where there did not appear to
be much CSF/WM partial voluming, and GM from the cortex in front of the anterior cingulate, with relatively
little CSF/GM partial voluming. This resulted in a histogram with well-defined peaks (see Fig. 3), which could
be fitted in order to calibrate the mean tissue values.
Although not strictly necessary for algorithmic purposes, it was desirable to increase the degree of isotropy of
the voxel dimensions in order to allow a single step size to be used in the search along the normal to the inner
cortical surface, as described below, regardless of position within the image volume. Therefore, the data were up
interpolated in the through-plane direction by a factor of two. The partial volume grey level analysis described
above allowed estimation of the fractional volumetric contributions of pairs of tissues to partial volume voxels.
This identifies a set of possible boundary locations within the voxel, differing in which surfaces of the voxel they
intersect with. The most probable boundary location was then selected from amongst these possibilities according
to the best agreement with the adjacent slices. Up-interpolation by a factor of two in the inter-slice direction was
performed using this model.
The final pre-processing stage involved production of GM maps from the up-interpolated data. The intensity
model fitted in the first stage of the algorithm was used to determine the most likely volumetric contribution of
each tissue to each voxel. The intensity model described only GM, WM and CSF; however, since the other tissues
present (e.g. fat, bone etc.) had mean intensities higher than that for white matter for the MR images used here,
whilst GM and CSF had lower intensities, this did not introduce the possibility of confusing GM with these other
tissues. The GM boundary was defined at voxels representing 50% GM by volume.

2.3

Cortical Thickness Measurement

Identification of the inner cortical surface (i.e. the GM/WM interface) was performed using an edge-detection
algorithm, based on an edge-enhancement image. The process is described in detail in [38]; it is summarised here.
The boundary contrast at the inner cortical surface in the MR image volumes used here approached the noise level
(see Fig. 3 and Fig. 4a), and so this boundary was not enhanced in a gradient-based edge-enhancement image. An
alternative approach was adopted based on the observation that, in the absence of significant inhomogeneity, the
intensity of a voxel containing 50% WM and 50% GM should be consistent across each image. The segmentation
algorithm applied in the earlier processing stages produced estimates of the mean intensities for GM and WM,
allowing this intensity to be calculated. Taking this intensity as the definition of the inner cortical boundary, an
edge-enhancement image was then produced containing the squared difference between the intensity of each voxel
and this expected intensity, divided by the square of the image noise i.e. the log-likelihood that the voxel intensity
was consistent with the expected edge intensity (see Fig. 4b). The image noise was estimated using the techniques
7

(a)

(b)

(c)

(d)

(e)

(f)

Figure 5: Example result images from the edge-detection algorithm, where the detected edges are represented as
a white overlay on the images. Shown are 2 slices (chosen to illustrate the behaviour of the algorithm in the precentral gyrus) for each of the three subject groups in this study. (a) and (d) are from a 40 year old male in group
1, (b) and (e) are from an 81 year old female in group 3 and (c) and (f) are from a 45 year old male in group 2.
Note that the skull/CSF boundary is erroneously detected as a grey/white matter boundary due to the similarity
of grey-level intensity value of the partial volumed skull/CSF with the actual grey/white matter boundary value.
described by [27]. The Canny algorithm [5] was then applied to this edge-enhancement image in order to locate the
boundary1 . It has been shown [32] that edge detection algorithms of this form have typical positional accuracies
of 0.1 pixels or less. Fig. 5 illustrates this process in example slices from three subjects, one from each group.
Note that, due to the relative intensities of the various tissues in the images used, partial volume voxels on the
CSF/skull boundary may have the same intensity as those on the GM/WM boundary, and so are also detected by
this process.
The 3D normal to the surface at each voxel was then calculated. In order to reduce the noise on the calculation,
3D Gaussian smoothing was applied to the detected edges, using a kernel with a sigma of 1/2 voxel, truncated at 5
voxels. The kernel size was chosen in order to avoid introducing significant correlation between neighbouring voxels.
The surface normal was then found by taking the local grey-level gradient in 3D, using spatial differentiation of
the 6 adjacent voxels to the voxel containing the edge of interest. This procedure used the GM probability map
from the segmentation to orient the search vector into the GM, also eliminating the false edge detections that did
not lie on a GM boundary.
Measurements of the cortical thickness were made at each voxel on the inner cortical surface, using both the GM
tissue volume maps and the GM/WM boundary locations and surface normals. A search was conducted along the
normal direction in 3D, in 1mm steps (thus sampling at a resolution of approximately half the voxel size) until a
second edge was detected on the GM volume map. An edge was defined as a point at which the GM contribution
to the voxels dropped below 50% by volume, calculated using linear interpolation. The nature of the edge was
then determined; in general, four cases could occur. First, at positions where the outer cortical surface was well
delineated by an interface with CSF, a GM/CSF edge was detected; only in this case could this distance along the
1 The Canny algorithm was applied with an upper threshold of 0.9 and a lower threshold of 0. One of the benefits of using a
likelihood image as an edge enhancement image is that these values relate directly to the probability of a voxel being an edge. Note,
however, that whilst the Canny parameters will affect the number of false positive and false negative edge detections, they cannot
result in a systematic shift of the located boundary position, since this is dictated by the estimated edge intensity.
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Figure 6: The calculation of the dip size. The dip size, or “local distance”, is the difference between the grey
matter volume probability at the position of interest and the average value of the grey matter volume probabilities
of the positions 1mm either side (“local average”), along the direction of the surface normal to the grey/white
matter edge.
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Figure 7: The calculation of the position of the trough of a dip, assuming that the dip can be modelled as a
linear approximation to a quadratic curve. The fraction (a’) of the step length (1mm) at which the dip occurs is
equivalent to the fraction a/b.
search direction be used directly as the cortical thickness estimate. Second, at points such as those within deep
sulci the CSF channel might be so narrow that, at the resolution of the MR images used here, it was represented
only by partial volume voxel containing both CSF and GM, and thus visible as a dip in the GM volume rather
than a definite edge. Therefore, the position of the greatest dip along the search orientation in the grey matter
probability image was also recorded. Third, if the CSF channel were narrower still, or the dip obscured by noise,
the outer cortical surface could be missed entirely. The search would then traverse both opposing sulcal banks
and find the inner cortical surface again i.e. a GM/WM interface, or a dip in the GM volume introduced by WM
partial voluming where there was a thin gyrus. Finally, a small number of searches, representing noise outliers
on the calculation of the normal direction, reached unfeasibly long extents. These searches were terminated when
they reached 20mm, a limit determined empirically in a calibration experiment described in Appendix 1.
A dip was defined as a position at which the GM volume was lower than the average of the GM volumes at the
adjacent positions along the search direction. The value of the dip was calculated as the difference between the
average and the value at the dip (local distance in Fig. 6), in order to take account of local intensities. The
effect of placing a threshold on the minimum intensity change required to record a dip, in order to record only
those that were statistically significant compared to the image noise, was investigated as described in Appendix
2. However, the resulting change in regional median cortical thickness values was found to be negligible, and so
no such threshold was used in the final version of the algorithm. The exact position of the dip was defined as the
minimum of the quadratic curve defined by the search point at which the dip was first located and those either
side, as shown in Fig. 7. The position of the dip gave the centre of the CSF channel rather than the GM edge.
However, the local distance was itself a tissue volume proportion, the volume of the voxel that was not composed
of GM. Therefore, assuming that there were only two tissues in the voxel, that the CSF formed a contiguous block,
and that this block was centred on the position of the dip, the actual GM edge was found by subtracting half of
the local distance from the dip position, as shown in Fig. 8.
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Figure 8: Diagram showing that the GM boundary at a partial volume dip is the distance in front of the calculated
dip position equivalent to half of the proportion of the voxel not occupied by grey matter: ie, the distance is half
of the value of the “local distance” value in Fig. 6.
Once the position of the edge/dip boundary had been determined, the value of the voxel in the original grey level
image was assessed to determine whether the edge was a GM/CSF or GM/WM boundary. If the value was less
than the mean grey level value it was a CSF boundary, and the edge/dip position remained intact. Otherwise,
it was a WM boundary. It was therefore assumed that the opposing banks of a sulcus had been traversed. In
this case, it was assumed that the actual thickness was half of the measured thickness i.e. that the opposing
sulcal banks were of the same thickness. Whilst this will clearly be true on average over the whole cortex, it may
not true on a regional basis. For example, it is well established that the anterior bank of the central sulcus is
thinner than the posterior bank (e.g. [16]). However, dividing the thickness by two at such points was the only
possible data-driven approach, since there was no information available from the data to support an alternative
interpretation. Note that the same problem is present for model-driven approaches; the measurements produced
at such points are entirely driven by the constraints applied during the model-fitting process. The benefit of the
data-driven approach is that the division by two is only applied at these information-free points; the constraints
applied in model-based approaches affect the measurement at all points within the image volume (see [24] for a
discussion of this issue).
All of the processing described so far was based as closely as possible on individual voxel measurements. However,
the fact that the surface of the cortex and the boundary between tissues can both be expected to be smooth
surfaces was exploited in order to increase the stability of individual cortical thickness measurements. This was
implemented by computing the median of the thickness measurements in five-point windows along the edge strings
produced by the edge-detection algorithm, and comparing this to the actual thickness measurement at the centre
of the window. If the difference between the two exceeded a set threshold, defined as 4mm, since this is expected
to be the mean thickness in the thickest parts of the cortex [16], then the measured thickness was replaced by
the median. In the majority of cases, this resulted in the identification and removal of spurious edges. In the
18 subject subset of data, the frequency with which edge points that had no measured thickness were assigned a
non-zero value as a result of this process was 0.035%, the frequency with which edge points that had a measured
thickness were replaced with zero was 0.085%, and 4.66% of existing values were changed. These frequencies were
sufficiently low to prevent biasing the median thickness estimates. Note that this is not equivalent to imposing a
thickness constraint, which may result in bias, since spuriously large thickness values were replaced with the local
median, rather than a pre-determined thickness.
Numerical comparisons of the results against either gold standard, manual measurements, or the results from other
cortical thickness algorithms, cannot proceed without defining a parcellation of the cortex or a set of points at
which to perform the comparison. Therefore, validation was based on regional cortical thickness measurements,
necessitating the registration of the data into a common stereotaxic space. The up-interpolated image volumes
were automatically registered to an average brain in the Talairach space [45] generated from the Talairach Daemon
[19], additionally providing structural labels for subsequent regional parcellation of the thickness measurements. A
9-parameter similarity transform was used, consisting of translation, rotation and scaling; the objective criterion
used was a χ2 similarity metric based on the alignment between edges in the images. Unlike the original definition
for the location of this space, the brains were not registered specifically using the line connecting the anterior
and posterior commisures. Instead, features from the entire brain were used in order to obtain a registration
where the alignment of the brain boundary (hence alignment of the cortical structures to the correct labels in
the Talairach atlas) was as accurate as possible. As a precaution only sulcal/gyral structures and larger were
singled out for analysis, as smaller structures (< 1cm) may not be accurately located in all brains. The Talairach
space was used in order to facilitate comparisons of thickness measurements in normal subjects to results from
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the literature, particularly the extensive numerical data published by [16]. However, several standard spaces have
been described in the literature, and the exact one used is irrelevant from an algorithmic viewpoint. [23] have
demonstrated that differences in cortical thickness measurements between subject groups may be exaggerated if the
measurements are performed on scaled data. Therefore, the registration result was used only to transform the final
thickness measurements into the Talairach space, in order to allow comparisons between subjects: all processing
stages leading to the thickness measurement were performed in the native space, in order to avoid introducing such
errors. The thickness values of the edges found in these regions were entered into histograms (from 0-10mm, 50
bins) of the regions and the median and interquartile ranges (25% and 75%) of the histograms determined. The
regions for which the cortical thickness was estimated are given in Table 2. Note that they are listed as gyral
regions, but do cover the corresponding sulci.
The proposed algorithm is completely automated and, partly as a result of this, is relatively efficient in terms of
processor time requirements compared to model-based alternatives. The images volumes described in 2.1 were
processed on a 1GHz Xeon processor with 4GB of RAM. Execution times ranged from 6-10 minutes with an
average of 8 minutes. These figures compare favourably to the highly efficient approach proposed by [50], who
quoted execution times of 3 minutes for 3D image volumes on an 800MHz Pentium 3 processor, and are roughly
an order of magnitude smaller than the execution times of model-based algorithms.

2.4

Validation

Validation of the algorithm was performed primarily through comparison of cortical thickness measurements obtained from the subject group described in Section 2.1 with the algorithm described here to previous measurements
from the literature obtained using alternative algorithms. There were two main reasons for this. First, the definition of a gold-standard for cortical thickness is problematic, due to the inherent ambiguity in defining the distance
between two curved surfaces, and the prohibitive time requirements of manually measuring thickness at each voxel
across the cortical surface. This suggests validation through comparison of results from different algorithms, seeking some consistency in order to define a “bronze standard”. However, the issue of differences in the definition
of thickness remains. Systematic differences between the results from any two algorithms could be attributed to
differences in the definition of the quantity to be measured, rather than systematic errors in either algorithm.
Therefore, definitive conclusions can only be drawn when the results from multiple algorithms agree, using the preponderance of the evidence to define a “bronze standard”, and then comparing results from individual algorithms
to this. Performing a typical algorithmic “shoot-out” i.e. implementing/re-implementing multiple algorithms and
running them on the same data sets, may therefore be redundant if a sufficient body of results is available in the
literature to establish a bronze standard. Consistency between the results would indicate that demographic differences between the subject groups used in each study are not significant compared to random errors. Validation
through comparison to previously published measurements also has three main advantages. First, it considerably
reduces the time required for validation. Second, it eliminates the possibility of sub-optimal use of unfamiliar,
off-site software. Third, it avoids the issue of whether to re-estimate any free parameters, such as objective function weights, and the effects of this on the accuracy of the results. In order to perform such an evaluation, an
independent measure of the errors on the regional median thickness values produced by the algorithm was required.
This was obtained through a scan/rescan study in four individuals and a comparison between measurements in
the left and right hemispheres of a single individual, as described in Appendices 1 and 2.
In order to investigate the possibility of systematic errors due to varying slice thickness or orientation, the thickness
measurements from subject groups 1 and 2 were compared. The MR image volumes from group 1 consisted of
3mm thick axial slices, whereas those from group 2 consisted of 4mm thick coronal slices. The groups also differed
slightly in mean age and, since cortical thickness generally decreases with age, this factor had to be taken into
account in the analysis. Therefore, a linear fit to the group 1 vs. group 2 regional thickness measurements from
all regions was produced. The deviation of this regression line from the line x = y accounted for age-related
variation in the mean cortical thickness across the whole brain. Measurements from each lobe were then compared
to this fit. Gyri tend to be deeper than they are thick and so each lobe has a preferential thickness measurement
direction. For example, the majority of the vectors along which thickness is measured in the parietal lobe will
be aligned more with the anterior-posterior direction than with the inferior-superior direction. Therefore, if slice
direction or thickness introduce a bias into the cortical thickness measurement, this should manifest itself as a
consistent offset between the regional measurements in each lobe and the whole-brain regression line, varying
according to the location of the lobe around the brain and thus its preferential thickness measurement direction.
The drawback of this technique is that any difference in the age-related rate of cortical thickness change between
lobes would also manifest as a consistent offset, on a lobe-by-lobe basis, between the measurements and the wholebrain regression line. Therefore, whilst the absence of consistent offsets would indicate that any effects of scan
geometry were insignificant compared to random errors, their presence could indicate either variation in age-related
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behaviour between lobes or systematic errors introduced by scan geometry, requiring further investigation in order
to determine which effect was present.
The second stage of validation investigated the possibility of systematic errors in the thickness measurements
through comparison with an alternative, model-based algorithm (ASP). Kabani et al. [16] have published an
extensive set of regional cortical thickness measurements in numerical form, together with gold-standard data produced by manual markup, in a set of 40 brain MRI volumes from a group aged 18-40. Half were used for assessment
of the left-hand regions, and the other half for the right-hand regions. They applied a dual-surface deformation
algorithm to determine the WM/GM and GM/CSF surfaces of the cortical ribbon, and used the Talairach parcellation to define regions in which thickness measurements were made, as in the present study. Cortical thickness
measurements were then produced both automatically and manually by a trained neuroanatomist, who marked
out the correspondences between the two surfaces. Group averages from both the manual and automatic methods
were presented. Validation of the algorithm presented here was performed through comparison with these results,
using the manual measurements as a gold standard for comparison with both the automatic results presented
by Kabani et al. and those produced by the algorithm presented here. In order to provide an approximately
age-matched sample, the comparison was performed using the 13 young normals from this study (aged 19-53).
Measurements were made in both hemispheres, so that the effective group sizes were roughly equal. Since the Kabani et al. manual measurements were used as the gold standard both for the Kabani et al. automatic results and
the automatic results from the data used in this study, designing the comparative analysis in this way incorporated
all possible forms of systematic difference between the results, including systematic errors in one or other of the
algorithms, demographic differences between the subject groups, and differences in the thickness measure. If any of
these were present, they would manifest as a systematic difference from the gold standard in the results from this
study. Therefore, the weakness of this design is that it cannot ascribe such differences to a particular source: its
strength is that, if no such systematic difference is observed, all of these possibilities are eliminated simultaneously
(assuming that the probability of multiple systematic errors that cancel is low). In addition, it should be noted
that the measurements in the Kabani et al. study were derived from single points in each region, whereas median
thicknesses for whole regions were used in the present study. The random errors on the results cannot therefore
be compared directly.
Care must be taken in the comparison of random errors between different algorithms due to the number of factors
that contribute. The algorithm described here was primarily intended to produce regional median thicknesses.
The error on the median is therefore related to the error on the thickness measurements at individual points,
weighted by the variation in thickness across the region and by the inverse of the square-root of the number of
measurements made in the region. When measurements are averaged across groups of subjects, the error is further
weighted by the inter-subject thickness variation and the inverse of the square-root of the number of subjects in the
group. Registration error, i.e. errors on the placement of the region boundaries, must also be taken into account.
Therefore, a third stage of validation was performed, focused on random errors, and limited to studies that quoted
whole-brain average thickness measurements from individual subjects (or the data necessary to reconstruct them,
such as the range of thickness measurements across the brain), eliminating concerns related to registration and
to averaging across subjects. Random errors from the present study were compared to those presented by [13],
who used the Freesurfer algorithm, and [29], who used an intensity-based technique similar to that presented here,
although the shortest inter-surface distance was used as the thickness measure.
The fourth stage of evaluation focused on the comparison of age-related changes in cortical thickness, again through
comparison with previously published results. Two further comparative studies were performed, limited to average
thickness measurements in the precentral gyrus, and to average thickness measurements for the whole brain, since
the greatest amount of published data was available for these cases.
In the final stage of validation the correlation of cortical thickness with sex, intracranial volume and age were
calculated. This allowed a qualitative comparison against the conclusions drawn in studies using alternative
cortical thickness measurement algorithms.

3
3.1

Results
Effects of Varying Slice Thickness and Orientation

Fig. 9 shows the results of comparing the thickness measurements from subject groups 1 and 2, on a lobe-by-lobe
basis, to the regression line for all measurement regions. The regression line takes account of the differences in
mean age between the two groups. Any systematic errors introduced by slice direction or thickness should manifest
as consistent offsets between the group 1 vs. group 2 measurements and the regression line, varying according to
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Figure 9: Group 2 vs. Group 1 thickness measurements in each lobe. The solid line shows the whole-brain
regression line.

Figure 10: Comparison of the cortical thickness measurements in 20 regions presented by [16], measured from
a group of 40 normal subjects using both manual and automatic techniques (see main text for details), to the
measurements in the same regions from a group of 13 subjects using the algorithm presented here.
the location of the lobe around the brain. No statistically significant, consistent offsets between the group 1 vs
group 2 thickness measurement and the whole-brain regression line are observed, indicating that any systematic
errors introduced by variations in slice thickness or direction into the thickness measurements produced by this
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Figure 11: The differences in regional cortical thickness between the manual measurements presented by [16], and
the automatic measurements presented by the same authors and the present study. The dashed lines show the
mean differences across all cortical regions.
Lobe
Frontal

Limbic

Occipital

Parietal

Temporal

Region
Rectal Gyrus
Orbital Gyrus
Precentral Gyrus
Inferior Gyrus
Middle Gyrus
Superior Gyrus
Medial Gyrus
Posterior Cingulate
Anterior Cingulate
Subcallosal Gyrus
Inferior Gyrus
Lingual Gyrus
Middle Gyrus
Superior Gyrus
Cuneus
Insula
Angular Gyrus
Supramarginal Gyrus
Cingulate Gyrus
Inferior Lobule
Superior Lobule
Paracentral Lobule
Postcentral Gyrus
Precuneus
Transverse Gyrus
Uncus
Fusiform Gyrus
Inferior Gyrus
Parahippocampal
Gyrus
Middle Gyrus
Superior Gyrus

Group 1 (n=4)
3.25 +/- 0.41
2.64 +/- 0.36
3.07 +/- 0.15
3.52 +/- 0.19
3.38 +/- 0.12
3.54 +/- 0.09
3.72 +/- 0.08
3.93 +/- 0.29
4.59 +/- 0.21
4.51 +/- 0.40
2.16 +/- 0.29
2.57 +/- 0.28
2.80 +/- 0.20
2.94 +/- 0.14
2.65 +/- 0.16
4.41 +/- 0.28
3.39 +/- 0.18
3.51 +/- 0.16
3.94 +/- 0.06
3.22 +/- 0.24
2.73 +/- 0.14
2.72 +/- 0.04
2.68 +/- 0.22
3.16 +/- 0.08
3.44 +/- 0.24
4.67 +/- 0.53
3.81 +/- 0.47
3.61 +/- 0.32
3.79 +/- 0.28

Group 2 (n=9)
3.00 +/- 0.70
2.98 +/- 0.86
3.54 +/- 0.27
3.73 +/- 0.29
3.78 +/- 0.28
3.85 +/- 0.28
4.29 +/- 0.30
3.47 +/- 0.59
4.79 +/- 0.38
4.66 +/- 0.57
2.76 +/- 0.74
2.95 +/- 0.41
2.87 +/- 0.47
3.32 +/- 0.33
2.83 +/- 0.43
4.74 +/- 0.39
3.60 +/- 0.50
4.13 +/- 0.44
3.77 +/- 0.19
3.85 +/- 0.42
3.16 +/- 0.55
3.71 +/- 0.45
3.40 +/- 0.37
3.41 +/- 0.36
3.48 +/- 0.39
4.89 +/- 0.73
4.35 +/- 0.53
3.45 +/- 0.60
3.79 +/- 0.29

Group 3 (n=106)
3.03 +/- 0.61
2.28 +/- 0.58
2.50 +/- 0.27
3.03 +/- 0.31
2.91 +/- 0.30
3.11 +/- 0.33
3.27 +/- 0.31
3.01 +/- 0.38
4.32 +/- 0.50
3.43 +/- 0.65
2.10 +/- 0.37
2.31 +/- 0.26
2.52 +/- 0.29
2.51 +/- 0.44
2.25 +/- 0.25
3.31 +/- 0.41
2.83 +/- 0.36
2.85 +/- 0.32
3.57 +/- 0.32
2.70 +/- 0.29
2.50 +/- 0.29
2.38 +/- 0.34
2.32 +/- 0.23
2.76 +/- 0.30
2.88 +/- 0.46
4.02 +/- 0.55
3.34 +/- 0.42
3.39 +/- 0.39
3.50 +/- 0.33

3.28 +/- 0.20
3.63 +/- 0.08

3.68 +/- 0.44
3.90 +/- 0.31

3.38 +/- 0.35
3.18 +/- 0.32

Table 2: The mean (+/- standard deviation) of the median thickness values for each of the 31 cortical regions
examined, organised by lobe, for each of the three subject groups (n = number of subjects in group).

technique are not significant compared to the random errors.

3.2

Comparison to the Results of Kabani et al.

Fig. 10 shows a comparison of the manual and automatic results presented by [16] to thickness measurements in
the same regions produced using the algorithm presented here. Fig. 11 provides a more quantitative comparison,
showing the difference between the manual measurements and the results from each algorithm. The mean differences
across all regions are 0.61 ± 0.43mm for the ASP algorithm and −0.21 ± 0.22mm for the algorithm presented here.
Neither difference is statistically significant, and so neither algorithm shows evidence of systematic errors based on
these results. As stated above, the random errors from the two studies are not comparable due to differences in
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Figure 12: Percentage errors on whole brain mean cortical thickness measurements from individual subjects,
presented as box-and-whisker plots, for the present study and the results reported by [29] and [13].
Parameter
Number (males)
Mean Age (range)
Software
Thickness measure

This study
119 (52)
70.3 (19-86)
Intensity-based
Normal distance

Han et al., 2006 [13]
15 (8)
69.5 (66-81)
Freesurfer
Vertex-vertex

Preul et al., 2006 [29]
525 (263)
27.9 (17-68)
Intensity-based
Shortest distance

Table 3: Details of the individual studies incorporated into the comparison of random errors.

the study designs.

3.3

Comparison of Random Errors

Fig. 12 shows the results of the comparison of random errors between the present study and those presented by
[13] and [29]. Details of the subjects included in each study are given in Table 3. Since the ages of the subjects
in each study vary considerably, the results are presented in the form of percentage errors, in order to account for
the effect of age-related thinning of the cortex. In the case of the present study, and that presented by Han et al.,
the error referred to is the standard deviation of cortical thickness measures over the whole cortex calculated from
individual subjects. The results are presented in the form of a box-and-whisker plot i.e. showing the mean, upper
and lower quartiles, maximum and minimum of the errors from the individual subjects. In the case of the Preul et
al. study, results were presented by decade. Therefore, these were corrected by multiplying by the square-root of
the number of subjects in each group, to account for the reduction in error due to averaging across subjects, and by
dividing by the range of cortical thickness measurements in each group, to account for the increase in error due to
inter-subject variation. Based on these data, the algorithm presented here provides significantly (p < 0.01) lower
random errors than the ASP algorithm, and lower errors than the alternative intensity-based algorithm used by
Preul et al., although the difference is not significant (p > 0.05). For comparison, [17] published data showing the
reduction in RMS errors between the fitted cortical surfaces and the mean surfaces over 16 scans of one pediatric
brain between ASP and CLASP. They found average reductions of 9.3% and 44.8% in the errors on the WM and
GM surfaces respectively. These values correspond closely to the difference in random errors between the results
from Han et al. and the present study shown in Fig. 12.

3.4

Comparison of Thickness Measurements

Fig. 13 shows the average cortical thickness measurements for the precentral gyrus in 119 subjects produced using
the algorithm presented here, plotted against age. A quadratic fit to the data is shown: the dashed curves either
side of the fit show the upper and lower standard error bounds. A significant (P < 0.0001) reduction of cortical
thickness with age is observed. In previous work [37] we found similar dependencies in other cortical regions.
Also shown are a number of measurements of precentral gyrus thickness from the literature. The details of the
studies involved are given in Table 4. The results presented by [9] were measured manually post-mortem: brain
volume decreases by approximately 10% during post-mortem fixation [31]. However, the thickness measurement
was performed only on the gyral crown, which is known to be thicker than the sulcal fundi [24]. Similarly the
presentation of the results in [43] and [47] as projections onto the outer cortical surface prevented identification of
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Reference

No. subjects

Kabani et al., 2001 [16]
Von Economo, 1929 [9]
Sowell et al., 2004 [43]
Tosun et al., 2004 [49]
Fischl and Dale, 2000 [10]
Thompson et al., 2005 [47]
MacDonald et al., 2000 [24]
Salat et al., 2004 [35]
Present study

40
45
105
30
40
150
106
119

Age
range
(years)
18-40
30-40
5-11
59-84
20-37
18-48
18-40
18-93
19-86

Algorithm type
Model based
Manual measurement
Intensity based
Model based
Model based
Intensity based
Model based
Model based
Intensity based

Mean precentral gyrus thick. (mm)

Mean precentral gyrus thick. (mm)

Table 4: Details of the individual studies used in the comparison of precentral gyrus thickness measurements.
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Figure 13: Comparison of precentral gyrus thickness measurements. a) Measurements from the present study,
quadratic fit (solid line), and upper and lower standard errors (dashed lines). b) Fit to the data from the present
study compared to results from the literature. c) Key to the previous studies: details of each are given in Table 4.
the thickness in the sulcal fundi. These three data therefore represent upper limits on the average thickness in the
region. Overall, the studies represented in Fig. 13 represent the widest possible range of methods for defining the
inner and outer cortical surfaces, the thickness measure, and the presentation of the results.
All results except those from [16] were read from graphical representations, and of these all except [35] and [9]
presented results as views of the outer cortical surface, in some cases partially inflated to reveal the sulcal fundi, with
colour coding to represent the thickness at each point. This method of data display is popular in the literature
as it avoids the need for parcellation of the data into particular regions. However, the calculation of regional
average thicknesses from such representations is difficult and the calculation of errors on the averages impossible.
Hence, these points are shown without error bars as their precision is unknown. However, given the results of
the comparison of random errors presented in Section 3.3, if we assume that the random errors from the other
studies represented in the comparison are equal to or greater than those from the present study, then there is no
statistically significant difference between any of these results and our own. The remaining paper included in this
study, [35], was the only one to study variation in cortical thickness with age, and the only model-based study to
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Reference
Present study
Magnotta et al., 1999 [25]
Preul et al., 2006 [29]
Salat et al., 2004 [35]
Shaw et al., 2007 [40]

No. subjects
119
148
97
106
166

Age range (years)
19-86
18-82
17-68
18-93
8-17

Algorithm type
Intensity based
Model based
Intensity based
Model based
Model based

Table 5: Details of the individual studies used in the comparison of whole brain rate of thickness change.

Rate of decrease (mm/year)

0.02
0.0175
0.015
0.0125
0.01
0.0075
0.005
0.0025
This study Preul

Magnotta

Salat

Shaw

Figure 14: Comparison of the average rate of whole-brain cortical thickness decrease with age. Details of the
individual studies included are given in Table 5 and in the main text.
cover the whole age range between adolescence and senescence. A significant disagreement between this study and
the others included in the comparison can be seen, with [35] suggesting a much lower rate of cortical thickness
change with age.
Fig. 14 shows the comparison of average rates of whole-brain thickness decrease with age. Data from the present
study were fitted with a linear function in order to allow an accurate comparison to the previous studies, which
also used linear functions. The previous study gave a rate of −0.0147 ± 1.86 × 10−3 mm year−1 , consistent with
the results of the studies by [25] and [40], the latter of which focused on a much younger age range. Significantly
(P < 0.01) lower rates of change were found by [35] and [29], the latter of which used an intensity-based technique
similar to the one used in the present study, although the shortest distance between the inner and outer cortical
surfaces was used as the thickness measure. The results from the [35] and [29] are also significantly (P < 0.01)
different from each other. For comparison, age-related changes in GM density, a quantity closely related to cortical
thickness, were measured by [42] in a group of 176 subjects aged 7 to 87 years: the average, proportional rate of
change of GM density in the precentral gyrus was 0.593% year−1 , consistent with the 0.567 ± 0.270% year−1 rate
of change in cortical thickness found in the present study.

3.5

Cortical Thickness, Intracranial Volume, Sex and Age

An analysis of variance (ANOVA) was performed for each region to determine whether sex, intracranial volume
and age were significant in predicting group variance in median thickness in the 119 subjects included in this study.
For simplicity, intracranial volume was represented by a related quantity, the volume of the bounding box on the
interior of the skull. This has been shown to be directly proportional to the true intracranial volume [4], but is
significantly easier to calculate. For this subject group there was no significant difference in age with sex at the
95% significance level (p=0.1287, Adj R-sq = 0.01124). As in previous studies (e.g. [6, 4]), intracranial volume was
not significantly correlated with age (p=0.143, Adj R-sq = 0.01) and the correlation was even lower when sex was
taken into account. Sex itself was highly significant in predicting intracranial volume (p=1.41x10-10, Adj R-sq for
the whole model = 0.305), with females having smaller heads than males; again, this has been found in previous
studies (e.g. [6, 4]).
The model used in the ANOVA took the form median thickness = sex + intracranial volume + age, where sex was
a factor and intracranial volume and age were covariates; the results are shown in Table 6. Type 1 sum of squares
were used, meaning that the order in which the variables are inserted in the model was important; the variance
accounted for by intracranial volume is that above and beyond the variance accounted for by sex, and the variance
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Lobe

Region

Frontal

Rectal Gyrus
Orbital Gyrus
Precentral Gyrus
Inferior Gyrus
Middle Gyrus
Superior Gyrus
Medial Gyrus
Posterior Cingulate
Anterior Cingulate
Subcallosal Gyrus
Inferior Gyrus
Lingual Gyrus
Middle Gyrus
Superior Gyrus
Cuneus
Insula
Angular Gyrus
Supramarginal Gyrus
Cingulate Gyrus
Inferior Lobule
Superior Lobule
Paracentral Lobule
Postcentral Gyrus
Precuneus
Transverse Gyrus
Uncus
Fusiform Gyrus
Inferior Gyrus
Parahippocampal
Gyrus
Middle Gyrus
Superior Gyrus

Limbic

Occipital

Parietal

Temporal

Sex
Constant
0.213
0.187
0.061
0.036
0.080
0.099
0.076
0.013
0.337
0.017
0.074
0.090
0.097
0.043
0.083
0.172
0.145
0.119
0.094
0.118
0.136
0.044
0.046
0.060
0.158
-0.073
0.151
0.008
0.181

p-value
0.020
0.200
0.792
0.653
0.244
0.046
0.171
0.592
1.4e-5
0.311
0.219
0.138
0.107
0.772
0.177
0.187
0.039
0.090
0.009
0.221
0.036
0.705
0.633
0.182
0.179
0.809
0.006
0.432
0.001

TIV
Slope (x10-7)
-2.836
-0.759
-1.043
-1.668
-1.88
-2.933
-3.012
0.280
-3.041
-0.628
-2.091
-1.169
-0.684
-1.045
-1.044
-1.766
-2.234
-3.164
-2.843
-1.449
-1.332
-2.681
-1.932
-2.448
-0.422
-6.654
-5.239
-2.287
-1.304

p-value
0.362
0.973
0.921
0.489
0.433
0.128
0.149
0.651
0.227
0.466
0.387
0.623
0.778
0.820
0.676
0.900
0.387
0.208
0.061
0.773
0.619
0.381
0.423
0.186
0.868
0.026
0.027
0.244
0.500

Age
Slope
-0.008
-0.018
-0.020
-0.014
-0.017
-0.016
-0.020
-0.013
-0.013
-0.031
-0.009
-0.012
-0.006
-0.012
-0.011
-0.034
-0.018
-0.025
-0.007
-0.022
-0.014
-0.023
-0.019
-0.013
-0.016
-0.021
-0.020
-0.003
-0.007

p-value
0.07
1.42e-05
5.55e-16
1.74e-09
1.52e-12
5.10e-11
7.77e-16
3.12e-05
4.62e-05
6.36e-11
2.89e-03
5.72e-08
4.49e-03
1.66e-04
5.03e-08
2.00e-16
1.17e-10
2.00e-16
3.65e-04
2.00e-16
3.15e-09
4.47e-14
2.22e-16
4.07e-09
3.78e-07
3.45e-07
1.28e-09
0.37
1.11e-03

0.126
0.156

0.040
0.028

-1.282
-1.110

0.547
0.804

-0.007
-0.017

4.96e-03
1.82e-12

Table 6: The probabilities that sex, intracranial volume (TIV) and age are significant in predicting variance in
median regional thickness. Values in bold are significant at the p=0.05 level. Also shown are the slopes for the
regression of median thickness against intracranial volume and age in the model, and the constant offset in thickness
according to sex. Offsets are for the females, relative to the zero constants for males.

accounted for by age is additional to that already accounted for by sex and intracranial volume. A significance
value of p=0.05 was used. Note that 31 regions have been analysed, and that it is not expected that the cortical
thickness in each region will be independent of all others. Sex was significant in accounting for the variance seen
in cortical thickness in ten regions (rectal and superior frontal gyri; anterior cingulate gyrus; angular and cingulate
parietal gyri and superior parietal lobule; and the fusiform, parahippocampal, middle and superior gyri of the
temporal lobe). In these ten cases, females have greater cortical thickness than males. Indeed, as can be seen from
column two of Table 6, only the uncus shows a thinner median thickness in females compared to males and there
is an average global difference of 0.02mm. Intracranial volume is significant in accounting for the variance in two
regions (the uncus and fusiform gyrus of the temporal lobe): in both cases, the larger the intracranial volume, the
smaller the thickness (although the correlation is very shallow). There is a highly significant correlation in most
regions of median thickness against age. Exceptions to this are the rectal gyrus of the frontal lobe and the inferior
temporal gyrus.

4

Discussion

The validation of the algorithm was performed primarily through comparison to previous measurements from the
literature, due to the reasons outlined in Section 2.4. The validation procedure had three main aims. The first was
to identify any systematic error in the algorithm. The second was to compare the random errors to those produced
by alternative algorithms. This is particularly relevant to model based algorithms since, whilst the data-driven
approach adopted here has advantages such as reduced processor time requirements, the absence of the regularising
effect of the cortical surface models might be expected to result in higher random errors. The third was to confirm
that the algorithm is capable of detecting cortical thickness differences across age, sex, head size etc.
Given that anisotropic data was used in this study, it was necessary first to investigate whether the slice orientation and thickness had any effect on the cortical thickness measurement. The comparison of regional median
thickness measurements from subject groups 1 and 2 shown in Fig. 9 to the whole-brain regression line indicates no
systematic variation in the measurements according to the location of the measurement region around the brain,
and thus the dominant orientation of the measurement vectors. This indicates that any systematic errors introduced by scan geometry are not significant compared to the random errors. The comparison to the manual and
automatic measurements presented by [16] also fails to detect any systematic error in the results. The [16] manual
measurements are factored into the automatic results from both studies in Fig. 11, and so any source of systematic
difference (demographic differences, differences due to the choice of points at which to make the measurements)
would show up as a consistent offset from zero for the differences between the manual measurements and those
from this study. No such offset is seen: the results from the present study are on average closer to zero difference
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than the results from Kabani et al. However, the random errors on the two studies are not comparable due to
differences in study design.
The comparison of random errors between the present study and those presented by [13] and [29] indicated that
the algorithm presented here produces significantly lower random errors than ASP, as used in the former, and
lower random errors than the data-driven approach used in the latter, although this difference was not significant.
This is unexpected due to the lack of the regularising effect of cortical surface models data-driven approaches.
However, the results presented by [17] indicate that the adaptations incorporated into the CLASP algorithm could
provide equal accuracy to the algorithm presented here, albeit at the expense of considerably greater processor
time requirements. Therefore, we conclude only that the technique presented suffers no disadvantage in accuracy
compared to model-based alternatives.
The study of precentral gyrus thickness measurements allows the comparison of the absolute values of cortical
thickness measurements from a variety of algorithms, albeit limited to a single cortical region. No significant
difference was observed between the majority of the results included, indicating that demographic differences
between the subject groups used and differences in the definition of thickness are not significant compared to
the random errors. This strongly suggests that the accuracy these algorithms is dominated by the accuracy of
the initial segmentation, rather than the details of the cortical thickness measurement. The results from [35] are
the one exception, showing a much lower rate of age-related change than is supported by the other studies. The
same effect is seen in the comparison of whole-brain average rates of thickness change. The results presented by
[25] and [40] are consistent with those from the present study, but the results presented by Salat et al. show a
considerably lower rate of thickness change with age. We observe that the possibility of bias identified by [24] in
model-based algorithms, such as that used in the [35] study, could explain this effect: the constraints applied to
prevent self-intersection of the models and to aid in the modelling of the surfaces in tightly folded gyri would tend
to bias the model towards a fixed thickness, reducing the statistical power to age-related changes. Furthermore, the
bias would only manifest itself when a considerable mismatch was present between the effect of the constraints and
the true thickness, and could therefore vary according to the age range of the subjects or demographic differences,
explaining why they are not observed in all model-based studies. However, the present study is unable to ascribe
the low rate of age-related thickness change seen in the [35] study to any particular cause: we can merely observe
that it is inconsistent with the consensus of measurements from the literature, and with our own results. The rate
of thickness change in the data presented by [29], derived using an intensity-based technique, is also inconsistent
with the other studies. That study used the minimum inter-surface distance as the thickness measure. Again, we
observe that the use of the minimum distance as the thickness measure allows the directions of the vectors along
which thickness is measured to change between subjects in such a way that minimises the detected rate of thickness
change. However, the present study is unable to confirm whether this effect is in fact present. The inconsistencies
in measured rates of thickness change indicate that further study is required in order to elucidate the differences
between the various cortical thickness measurement algorithms in common usage.
In the results from the present study, median thickness almost universally showed a negative correlation with age,
whereas intracranial volume had little effect. The lack of correlation between median thickness and intracranial
volume supports the view that subjects with larger heads, hence larger brains, have an increased white matter
proportion, assuming that the surface area of the GM/WM boundary is directly proportional to the surface area
of the interior of the skull. The sex of the individual was significant in 10 of the 31 regions, although there was
no clear trend with cerebral lobe. The finding that females have a greater cortical thickness than males, by on
average 0.02mm over the whole brain is consistent with a study by [29] who found a 0.07mm difference. [14] found,
using CLASP, a significantly greater cortical thickness in females over the left frontal parietal and occipital lobes,
as well as in the right parietal lobe in corrected space, although this was reduced to only the left parietal lobe
when native space was used (as in the technique presented here). [23] also demonstrate a near-global increase
in thickness in females (although no difference values are quoted), both in stereotaxic and native space, albeit
with less significance in the native space. The reduction of GM thickness with age assumes that all subjects had
approximately equal GM thicknesses as young adults, and shows that volume reduction in the grey matter due
to atrophy can be observed as a reduction in thickness. Whether there is a correlation of the regional GM/WM
boundary surface area with age remains to be investigated, although regional surface area measurements would be
highly dependent upon the accuracy of the stereotaxic atlas and registration of the data to this atlas.

4.1

Limitations of the Study

The algorithm presented here was designed primarily to produce regional median thickness estimates. This approach was deliberately chosen in order to maximise the statistical power of the technique whilst minimising the
amount of smoothing or regularisation applied prior to obtaining the point-wise thickness measurements. In addition, the variability in brain structure brought about by cortical folding is less significant to the measurements.
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However, this approach does impose the requirement for a volumetric registration, and so the technique is not
inherently surface-based. It would therefore not be applicable to a dense, point-wise comparison of thickness
measurements from different subjects in its current form i.e. without a method of extracting a surface mesh. In
addition, a specific parcellation of the data is required in order to define regions in which median measurements
are made, and this may have drawbacks in some cases. For instance, in normal development the anterior superior
temporal gyrus increases in thickness whilst the posterior superior temporal gyrus decreases. Therefore, using
one superior temporal gyrus ROI would miss this trend. However, other authors have demonstrated the use of
deformable models in order to define homologous points on the cortical surfaces across different subjects and using
these in registration, for defining the points at which thickness measurements are made, and to define a surface
on which the results may be displayed, whilst still using only image intensities in the thickness measurement itself
[43, 22], applying some regional smoothing to the thickness measurements in order to remove outliers. The same
approach could be applied here, although this was not investigated in the current study and would considerably
increase processor time requirements.
The present study was also limited to normal subjects, and so more work is now needed to extend these measurements to disease groups. However, the ability of the algorithm to detect significant changes in cortical thickness
with age implies the ability to detect pathological changes. [12] present results from several studies on rates of
change of the volume of various structures within the brain in normals and Alzheimer’s disease, demonstrating
that pathological changes may occur up to an order of magnitude faster than age-related changes. Changes in
GM volume would be expected to produce a change in thickness, although the relationship might not be simple if
changes occur simultaneously in WM. Therefore, the ability to detect significant age related change confirms the
ability to detect pathological changes. In addition, several studies (listed in the Introduction) have demonstrated
correlations between disease states and cortical thickness. On the basis of the comparison of random errors to the
studies presented by [13] and [29], the algorithm presented here produces lower random errors, and so should also
be capable of quantifying such correlations.

5

Conclusion

Cortical thickness measurement algorithms can be coarsely divided into two groups: those that represent the
inner and outer cortical surfaces using deformable models, and those that are based solely on image intensities.
This paper has presented an algorithm that falls into the second group. The accuracy of the algorithm has been
confirmed by comparing measurements of cortical thickness in 119 normal subjects to previously published results.
These comparisons, within the limitations of the number of studies included, indicate that the algorithm is at least
as accurate than those presented in the literature with no evidence of systematic error. We therefore conclude that
the data-driven approach presented here has no disadvantage in terms of accuracy, but may have advantages in
terms of freedom from model bias, elimination of free parameters in the objective function that must be determined
empirically in model-based algorithms, and a reduction in the processor time required. The algorithm may therefore
be more suited to wide-scale clinical utilisation than the alternatives based on cortical surface models.

Appendix 1: Calibration of the Search Termination Criterion
As described in Section 2.3, a small proportion of searches along the normal vector to the inner cortical surface
failed to locate the outer cortical surface within a reasonable distance. These searches were terminated when they
exceeded a threshold distance, determined via a calibration experiment. Cortical thickness measurements were
made in one subject (male, age 40 years) with the search termination threshold varying from 5 to 40 mm. The
number of unterminated searches performed and the subsequent regional median thickness measurements in 31
cortical regions are shown as a function of termination threshold in Fig. 15. No change is apparent in the number
of unterminated searches above a threshold of approximately 15mm, indicating that at this point all searches
have either terminated on an edge or intensity dip, or will never terminate. This indicates that the searches still
proceeding at this point are spurious. The search termination criterion used in the final version of the algorithm
was set to 20mm, the the point at which the number of proceeding searches fell below 0.1% of the total number
of searches performed across all cortical regions. In practice, 0.06% of searches were still proceeding at this point;
this was a low enough proportion to ensure that the termination process did not bias subsequent regional median
thickness calculations.
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Figure 15: The dependence of the number of search vectors (a) and the resultant regional median thicknesses (b)
on the limit applied to the search along the normal vector to the inner cortical surface, for a single individual
(male, age=40).
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Figure 16: The dependence of regional median thickness calculations on applying a threshold to the definition of
a dip in intensity during the search along the normal vector to the inner cortical surface, for a single individual
(male, age=40).

Appendix 2: Evaluating the Effects of Placing a Threshold on the Dip
Detection
As described in Section 2.3, the search along the normal vector to the inner cortical surface considers dips in
intensity in order to increase the sensitivity to the outer cortical surface at points where it is obscured by partial
voluming. In this context a dip was defined as a point along the search at which the intensity was lower than at
the points on either side. This procedure raises the possibility of placing a threshold on the dip detection process,
in order to avoid false detections due to image noise.
In order to test this process, regional median cortical thicknesses were measured in a single subject (male, age
40 years) in 31 regions, with a threshold placed on the minimum absolute value of the intensity dip, in terms of
the proportion of the difference between the mean intensities of GM and WM as determined by the segmentation
stage of the algorithm. An intensity change greater than 50% of this value was defined as an edge, and so the
threshold was varied between 0 and 30%. The results are shown in Fig. 16 for all regions. As can be seen, the
median thickness measurement in insensitive to the imposition of a threshold on the dip calculation; therefore, no
threshold was used in the proposed algorithm.

Appendix 3: Reproducibility of the Measurement
Four young normals from Group 2 (see Table 1) were scanned twice, with the second scan occurring within 4-21
days of the first and at approximately the same time of day (mid-morning) in all cases. All eight datasets were
processed independently, and the results compared across 31 cortical regions, averaging the measurements from
the left and right hemispheres. The results are shown in Fig. 17.
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Figure 17: Median regional thicknesses for 31 cortical regions (averaged across the left and right hemispheres) in
repeated scans of four young normals, compared to the line x = y.
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Figure 18: Absolute values of the difference between median regional thicknesses in the left and right hemispheres
of a single individual (male, age=40 years), plotted against the interquartile range of the regional histogram. The
regression line was used to calibrate the calculation of random errors.
The results were used to evaluate the systematic and random errors on the median thickness calculations. The
systematic error on the measurements was calculated as the extent of the deviation of the√regression coefficients for
each subject from the line of equality, calculated as the RMS of the differences divided by 2 to account for the fact
that two measurements have been taken. The mean systematic error on the measurement in a given individual was
6.2%. The mean random error on any given region in any given individual, calculated from the scatter about the
regression line for that individual, was 0.06mm, and so the systematic errors were small compared to the random
errors.

Appendix 4: Calibration of the Error Calculation
In the absence of a gold-standard cortical thickness measurement to compare with the results of the proposed
algorithm, which is problematic to obtain for the reasons listed in 2.4, it is difficult to quantify the errors on the
regional median cortical thickness measurements. The reproducibility study described in Appendix 3 involved
comparisons between multiple images of the same subject, and so does not fully consider the effects of registration
error in comparisons between multiple subjects, who will have different brain shapes and therefore present a more
difficult registration problem. It therefore provides a lower bound on the error. A second study was therefore
performed to provide an upper bound on the error. The error on the calculation of a median thickness from a
regional histogram will be dictated by the width of that histogram, divided by the square-root of the number of
samples entered into it. However, the histogram is expected to contain outliers, and so a robust measure of the width
is required: the inter-quartile range was used for this purpose. Median regional cortical thickness measurements
were calculated in 31 regions for one subject (male, age 40 years) and the difference between the thicknesses in
equivalent regions in the left and right hemispheres was found. Since the left and right hemispheres are not expected
to be identical, this quantity can provide an upper bound on the measurement error. Figure 18 shows the left-right
thickness difference, divided by the square-root of 2 to account for the fact that two measurements have been
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taken, plotted against the inter-quartile range of the regional histogram divided by the number of samples entered
into it. The gradient of the regression line was 2.54; this value relates the upper bound on the random error in a
region to the statistical properties of the histogram from which it was derived. The coefficient of determination
was 0.80, indicating that the errors are, to a good approximation, dominated by these statistical properties. The
mean error on regional median thickness measurements, calculated using this method and averaged across the left
and right hemispheres, was 0.12mm. This differs from the lower bound obtained from the reproducibility study by
a factor of 2: considering that these are error calculation, this is a relatively close agreement. Therefore, the upper
error bound was used to determine the random errors on all regional median thickness measurements described in
this study from the inter-quartile range and number of samples in the regional histograms from which they were
calculated.
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