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ARTICLE INFO ABSTRACT

Keywords: Purpose: The lack of inter-method agreement can produce inconsistent results in neuroimaging studies. We
Brain MRI evaluated the intra-method repeatability and the inter-method reproducibility of two widely-used automatic
Segmentation segmentation methods for brain MRI: the FreeSurfer (FS) and the Statistical Parametric Mapping (SPM) software
Repeatability packages.

Reproducibility

Methods: We segmented the gray matter (GM), the white matter (WM) and subcortical structures in test-retest
MRI data of healthy volunteers from Kirby-21 and OASIS datasets. We used Pearson’s correlation (r), Bland-
Altman plot and Dice index to study intra-method repeatability and inter-method reproducibility. In order to test
whether different processing methods affect the results of a neuroimaging-based group study, we carried out a
statistical comparison between male and female volume measures.

Results: A high correlation was found between test-retest volume measures for both SPM (r in the 0.98-0.99
range) and FS (r in the 0.95-0.99 range). A non-null bias between test-retest FS volumes was detected for GM
and WM in the OASIS dataset. The inter-method reproducibility analysis measured volume correlation values in
the 0.72-0.98 range and the overlap between the segmented structures assessed by the Dice index was in the
0.76-0.83 range. SPM systematically provided significantly greater GM volumes and lower WM and subcortical
volumes with respect to FS. In the male vs. female brain volume comparisons, inconsistencies arose for the OASIS
dataset, where the gender-related differences appear subtler with respect to the Kirby dataset.

Conclusions: The inter-method reproducibility should be evaluated before interpreting the results of neuroi-
maging studies.

1. Introduction

In the last 20 years, magnetic resonance imaging (MRI) has allowed
to non-invasively study brain structure at high resolutions. In neu-
roscience research, segmenting a brain MRI into different structures is a
widely used pre-processing step [1,2]. Even though the manual seg-
mentation is considered the gold standard [3], it is operator-dependent,
laborious, and time-consuming. Automated segmentation tools are used
to segment the brain regions in a reasonable amount of time and thus
they are essential for investigating large datasets. These automatic
methods have been used in a large number of research studies on
psychiatric and neurological disorders. However, the reliability of their
measurements is a matter of debate [4], in terms of both reproducibility

and repeatability. The reproducibility is the measure of agreement be-
tween the results obtained with the two methods on the same scan of a
subject. The repeatability is the degree of agreement between brain
volumes obtained with the same method on an identical subject in two
subsequent acquisitions (test-retest analysis).

Several studies [4-7] focused on the test-retest repeatability as-
sessment of automatic segmentation methods. For example, Chard et al.
[5] investigated the repeatability of gray matter (GM) and white matter
(WM) volumes obtained with the Statistical Parametric Mapping (SPM)
software package, showing that SPM99 was reliable to segment GM and
WM, with Pearson’s correlations of 0.908 and 0.895, respectively. In
addition, they showed that the inhomogeneity correction improves the
repeatability.  Several studies reported high inter-method
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reproducibility between automatic segmentation methods, but some of
them highlight the presence of method-specific biases [6-12]. In fact,
processing methods can systematically either underestimate or over-
estimate the volumes of different brain regions with respect to a re-
ference volume, defined for instance by manual segmentation. Relevant
differences between SPM and FreeSurfer (FS) were shown by Katuwal
et al. [8] in the estimated GM and WM volumes. In that case, the vo-
lumes obtained with SPM8 were closer to manual segmentations than
those obtained with FS v5.3; in particular, SPM8 overestimated GM and
WM volumes with respect to FS v5.3, by 40% and 26%, respectively. In
the study by Wenger et al. [9], FS v5.3 was shown to overestimate the
hippocampal volume with respect to manual segmentation. However,
even though Kazemi et al. [10] showed the superior accuracy of SPM8
in segmenting brain tissues with respect to other automated methods,
they also pointed out that it is not suitable for the segmentation of
subcortical structures. Perlaki et al. [13] showed that FS v4.5/v5.3 was
less accurate in the segmentation of putamen with respect to FSL-FIRST.
The discrepancies in volume estimates between different segmentation
algorithms could reside in the different image processing algorithms
implemented (e.g. the use of different templates and image registration
methods) [8].

The reliability of automatic segmentation methods and the com-
parison between automated segmentation software packages has been
evaluated in various studies [14-16]. A summary of structural MRI
studies on the repeatability of automatic segmentation software is re-
ported in Table 1, together with the investigated brain regions and used
methods.

In this work we provide a direct and appropriate comparison be-
tween the latest versions of the software packages of two popular seg-
mentation methods, Statistical Parametric Mapping (v12) [17,18] and
FreeSurfer (v6.0) [19,20], using two publicly available datasets, namely
Kirby [21] and OASIS [22].

The aim of this work is to analyze the intra-method repeatability,
the inter-method reproducibility and the possible systematic bias in the
volume estimates generated by the two automatic segmentation soft-
ware, focusing on six regions of interest (ROIs): two global measures
(GM and WM) and four subcortical structures (hippocampus, putamen,
caudate and brainstem). The reliability of each method and the quan-
tification of any discrepancy are relevant for the correct interpretation
of the results of longitudinal studies and for quantitative considerations
in meta-analyses.

In order to test how the use of different segmentation algorithms
could affect the results of volume group comparisons, we analyzed the
differences in brain volume measures between male and female sub-
groups in both OASIS and Kirby data samples, using SPM12 and FS
v6.0.

Table 1
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2. Materials and methods
2.1. Data samples

We examined two publicly available data samples: the Kirby-21
(Kirby) dataset [21,23], and the OASIS dataset [22,24].

The Kirby dataset consists of 3D T1-weighted images of 21 healthy
volunteers (11 males and 10 females; age: 32 + 9years) that were
acquired using a 3T MRI scanner. The acquisition protocol included
whole-brain high-resolution anatomical 3D images (MPRAGE sequence,
TE/TR 6.7/3.1ms, 1 X 1 X 1.2mm voxel size, flip angle 8°). For re-
peatability studies, MRI images were acquired twice: after the first
session, each subject left the scan room for a short break and then he/
she was repositioned in the scanner for an identical session with the
same acquisition parameters [21].

The OASIS dataset consists of 3D T1-weighted images of 20 healthy
volunteers (8 males and 12 females; age: 23.4 + 3.9 years), acquired
using a 1.5 T MRI scanner. The acquisition protocol included a whole-
brain high-resolution anatomical scan (MPRAGE sequence, TE/TR 4.0/
9.7 ms, 1x1x1 mm voxel size, flip angle 10°) [16,25]. The 20 subjects
were scanned twice with a time delay in the range of 1-89 days (mean
delay of about 21 days) to enable repeatability studies [22,25].

An example of anatomical scans of two datasets is shown in Fig. 1.

The test-retest analysis allows estimating a tool’s reliability in
measuring a given quantity in the successive repetition of the mea-
surement under the same conditions. MRI data may be affected by
confounding factors that may vary between scans, like the field of view,
or patient positioning. In addition, there are effects such as hydration
levels that cause possible day-to-day variations in the brain structures
[4,26].

2.2. Segmentation and volume measures

We estimated the volumes of six different brain tissues: GM, WM
and four subcortical structures (hippocampus, putamen, caudate and
brainstem), using two processing methods: FS v6.0 and SPM12. Both FS
and SPM are a set of tools and algorithms to extract measures from
neuroimaging data for the study of the human brain in healthy and
pathological conditions.

FreeSurfer is used as a pre-processing workflow for structural MRI
data (recon-all analysis pipeline) [19], which performs all cortical re-
construction through 31 processing steps. The FS pipeline is shown in
Fig. 2(a).

To carry out brain tissue segmentation, FS takes advantage of a lot
of information, e.g. image intensities, global position within the brain
and position relative to neighboring brain structures. Then, it uses

Structural MRI studies on the repeatability assessment of automatic segmentation methods.

Reference

Brain regions

Methods

Chard et al. [5] Gray Matter, White Matter
Jovicich et al. [15]
Katuwal et al. [8]
Kazemi et al. [10] Gray Matter, White Matter, Cerebrospinal Fluid
Maclaren et al. [4]
Morey et al. [28]

Ochs et al. [7]

Hippocampus, Thalamus, Caudate, Putamen, Pallidum, Amygdala, Lateral Ventricles, Inferior Lateral Ventricles, Intracranial

Gray Matter, White Matter, Cerebrospinal fluid, Total intracranial volume

Hippocampus, Lateral ventricles, Amygdala, Putamen, Pallidum, Caudate, Thalamus, Cerebral White Matter
Amygdala, Brain Stem, Hippocampus, Lateral Ventricles, Nucleus Accumbens, Caudate, Putamen, Pallidum, Thalamus

Total intracranial volume, Whole brain parenchyma, Cortical gray matter, Lateral ventricle, Inferior lateral ventricle, 3rd

SPM99

FS 4.0

SPMS, FSL 5.0.4, FS 5.3
SPMS8, FSL 4.1, Brainsuite
FS 5.1

FSL-FIRST 1.2, FS 4.5

FS 5.3, NeuroQuant. 1.4

ventricle, 4th ventricle, Total cerebrospinal fluid, Caudate, Putamen, Pallidum, Thalamus, Amygdala, Hippocampus, Ventral

diencephalon, Cerebellar white matter, Cerebellar gray matter, Cerebellum, Brain Stem

Perlaki et al. [13] Caudate, Putamen

Tae et al. [14] Hippocampus

Wenger et al. [9] Hippocampus

FSL 5.0.7, FS 4.5, FS 5.3
FS 3.0.4, IBASPM (SPM2)
FS 5.3
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Fig. 1. Original axial, sagittal, coronal view of the 3D brain MRI data of two datasets OASIS (left) and Kirby-21 (right).
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Fig. 2. (a) FreeSurfer analysis pipeline showing the main steps of interest from motion correction to automated subcortical segmentation; (b) SPM preprocessing
pipeline, including also the use of the Neuromorphometric atlas.
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probabilistic atlas in which coordinates have anatomical meaning and
the Markov random field (MRF) model is used to find local spatial re-
lationships between labeled structures. FS implements a model based
on a mixture of a small number of Gaussians for each structure for each
point in the space and maximum posterior estimate of the model
parameters to assign one of the 37 ROI labels to each voxel [27].
FreeSurfer allows for manual editing of segmentation results; however,
it is an extremely time-consuming procedure and McCarthy et al. [28]
did not find significant differences between segmented volumes with
and without manual corrections. The volumes of the ROIs used in this
study have been extracted from the aseg.stats FS output [19].

SPM allows the segmentation of brain structural data in GM, WM
and cerebrospinal fluid (CSF), and implements a variety of processing
algorithms and statistical functions to make voxel-wise group analyses.
The SPM analysis pipeline is shown in Fig. 2(b). Before segmenting the
brain structures it needs to align the image on the anterior commissure
to avoid possible segmentation algorithm failure. The spm prepoc run
script allows the segmentation into different tissue classes, using a
modified Gaussian Mixture Model. It includes three steps: 1) non-uni-
formity intensity correction; 2) registration to the tissue probability
maps representing the prior probability of different tissue classes; 3)
posterior probability computation using Bayes model to combine the
prior probability with the tissue type probabilities derived from voxel
intensities. It is a circular process that includes classification, bias
correction and registration treads [29]. To mitigate the effect of partial
volume it is appropriate to set the number of Gaussians to 2 for each
tissue since a voxel could contain a signal from a number of different
tissues [18]. To preserve the total amount of GM and WM the mod-
ulation operation is applied, in order to correct for regional enlarge-
ment/shrinkage of the volumes during spatial normalization, the
warped images are multiplied, voxel-by-voxel, with the relative vo-
lumes of tissue (i.e. the Jacobian determinants of the deformations). To
segment the subcortical structures for this study (hippocampus, pu-
tamen, caudate and brainstem) an extension of SPM has been con-
sidered, implementing the atlas Neuromorphometric labels [17], which
can be used to mask GM and WM probability maps. Brain tissues vo-
lumes were obtained by using the spm_get volumes script [8].

We extracted the brain tissue volumes (GM, WM) and subcortical
structures volumes (hippocampus, putamen, caudate, brainstem) ob-
tained with SPM and FS for all the subjects of both data samples, and we
used these values to carry out the repeatability and reproducibility
analyses.

2.3. Repeatability, reproducibility and bias measures

Firstly, we quantified the intra-method repeatability of each method
in estimating brain structures volume through a test-retest analysis.
Secondly, we evaluated the inter-method reproducibility of estimated
volumes comparing the two processing methods. These analyses were
conducted in parallel for the two available data samples.

To evaluate the intra-method repeatability, we first computed the
Pearson’s correlation between the volumes obtained for each brain
structure of each subject in the test and retest scans; then, to quantify
the agreement we implemented the Bland-Altman (BA) plot re-
presentation [30], reporting the percentage differences between test
and retest measures for each subject. In this plot, for each pair the
percentage difference of the two measurements _Ysan=Yescan_x70( s

(Vscan + Vrescan)
2

reported as a function of the average measured volume Yean* Viescan =
gether with the mean (d) of this average percentage difference and the
limits of 95% confidence interval (C.I.) agreement.

We checked the normality of the distribution of the differences with
the Shapiro-Wilk test. We used Bland-Altman plots to detect possible
systematic biases between test and retest scans. The test-retest mea-
sured volumes can be considered equal if the percentage difference is
null within the limits of agreements.
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To evaluate the inter-method reproducibility, we used the brain
structures volumes obtained in the segmentation of the first set of scans,
for each dataset separately. We computed Pearson’s correlation be-
tween the volume measures obtained with the two different software.
This analysis was performed for both datasets. In addition, to estimate
possible systematic differences between the segmented volumes with
the two different methods, we implemented the BA plot representation.

2.4. A practical example of between-group comparison

To investigate whether the use of the two different preprocessing
pipelines (SPM12 and FS v6.0) has a direct impact on the results of a
neuroscience study, we compared the brain volume measures obtained
with each software for the male and female subsamples, in order to
reveal gender-related volume differences [11,16,31-33].

For each method, we tested male-female differences in all brain
volumes on both datasets with t-test and calculated the effect sizes,
Cohen’s d [34] as:

Mmale - Mfemale
SDpooled

d=

(nmale - 1)Ur%tale + (nfemale - 1)0)%e'male
SDpooled =
(Mate + Nfemale — 2)
Possible variations in the shape of the segmented regions have been
quantified in terms of the Dice (D) similarity index, which is an overlap
measure between two binary images, defined as:

_2AnB
Al + IB]

and ranging from O to 1. A Dice index equal to 0 means that there is no
overlap, whereas D equals to 1 means that the overlap is perfect [35].
To compare SPM and FS segmented volumes, the SPM tissues prob-
ability maps were binarized using a 0.5 threshold. We visually verified
that brain masks derived using such thresholds were more accurately
defined than by using other values [36].

By contrast, FS segmented ROIs are already provided as binary
masks. The spatial comparison has been carried out in the native space
of the images. Thus, it was necessary to transform back to the native
space the segmented ROI maps for both methods. For FS we used the
library function ‘mri label2vol’, which converts a label mask into a
mask in the native space [19]. For SPM we transformed back to the
native space the brain masks using the ‘spm_normalize_to write’ and
the ‘spm_realign’ scripts [17].

3. Results

3.1. Intra-method repeatability

Pearson’s correlations between the volumes obtained on test and
retest MRI data are reported in Table 2 for both Kirby and OASIS data
samples. SPM showed high Pearson’s correlation values on both data
samples (r in the 0.98-0.99 range for GM, MW and in the four con-
sidered subcortical regions). FS showed high values of r on the Kirby
dataset (r in the 0.98-0.99 range for GM and MW, r in the 0.95-0.99
range for the four subcortical regions). We also reported in Table 2 the
average percentage differences (d) between test-retest volumes, their
standard deviation (s) over the sample and the limits of agreement
corresponding to the 95% C.I. in the measure of d for both SPM and FS
on the Kirby and OASIS data samples.

The Bland-Altman plots are shown in Figs. 3 and 4 for GM and WM.
The BA plots for the subcortical volumes are provided in the
Supplementary Material.

The mean percent differences for SPM are always consistent with
zero, showing that the volume estimates are repeatable, whereas for FS
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Table 2
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Intra-method repeatability measurements for SPM and FS evaluated on the Kirby and OASIS data samples: Pearson’s correlation and Bland-Altman plot parameters,
e.g. mean (d) and standard deviation (s) of percent difference and limits of agreement corresponding to the 95% C.I. in volume difference.

Kirby dataset

SPM FS

Brain region Pearson’s correlation d (%) s (%) Limits of agreement Pearson’s correlation d (%) s (%) Limits of agreement
GM 0.99 0 1.1 —-22to0 2.1 0.98 1.0 2.0 —2.9to0 5.0
WM 0.99 0 0.8 -1.6t0 1.5 0.98 -0.7 1.8 —-4.21t02.8

Hippocampus 0.99 -0.2 0.7 -15t01.2 0.95 -1 3 -7t06

Putamen 0.99 -0.3 1.7 —3.6 to 3.0 0.99 -0.4 1.7 —3.9t0 3.0
Caudate 0.99 -0.1 0.8 -18t0 1.5 0.99 0 1.5 —-2.81t029
Brainstem 0.99 -0.4 0.7 -1.7t0 1.0 0.99 0.2 1.5 —2.81t03.2

OASIS dataset

SPM FS
Brain region Pearson’s correlation d (%) s (%) Limits of agreement Pearson’s correlation d (%) s (%) Limits of agreement
GM 0.99 0.1 1.4 —2.71t029 0.99 4.6 1.3 2.1-7.1
WM 0.99 -0.5 1.3 -29t0 1.9 0.99 -2.8 1.2 —-51to —0.5
Hippocampus 0.98 -1.3 0.8 —2.81t00.2 0.96 —-2.7 2.0 —6.6to 1.2
Putamen 0.98 3.1 3.0 —2.7t0 8.9 0.98 1.0 2.6 —4.0to 6.1
Caudate 0.99 0.7 1.3 —19to 3.2 0.99 1.2 2.1 —2.9to05.2
Brainstem 0.99 -0.1 1.7 —-3.5t03.3 0.99 -0.5 2.3 —5.0 to 3.9
this consideration is true in all comparisons except for the GM and WM 3.2. Inter-method reproducibility
volumes obtained on the OASIS database. For these quantities the test
measures are systematically higher, d = (4.6 = 1.3) % and lower The inter-method reproducibility analysis has been conducted on
d = (—2.8 = 1.2) % than the retest measures, respectively. the measures obtained from the first scan for each data sample. Bar
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Fig. 3. Bland-Altman plots of segmented GM and WM by SPM (above) and by FS (below) in scan-rescan analysis on the Kirby-21 dataset. Bland-Altman plots of the
four segmented subcortical structures are shown in the Supplementary Material.
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Table 3

Inter-method reproducibility measurements between SPM and FS evaluated on
the Kirby and OASIS data samples: Pearson’s correlation; Bland-Altman para-
meters e.g. mean (d) and standard deviation (s) of percent difference and limits
of agreement corresponding to the 95% C.I. in volume difference; Dice indices

D).

Kirby dataset

Brain region Pearson’s d (%) s (%) Limits of D
correlation agreement
GM 0.94 11 3 4-17 0.80 = 0.03
WM 0.98 -13 2 —-10to —17  0.81 = 0.03
Hippocampus 0.72 -21 6 —34t0 -8 0.78 = 0.03
Putamen 0.86 -34 5 —24to —45  0.76 = 0.04
Caudate 0.80 -23 8 —39to —8 0.80 = 0.02
Brainstem 0.95 -26 5 —-36to —17 0.84 = 0.02
OASIS dataset
Brain region Pearson’s d () s (%) Limits of D
correlation agreement
GM 0.96 13 3 9-18 0.83 + 0.01
WM 0.95 -11 3 —-17to - 5 0.83 + 0.02
Hippocampus 0.78 -17 5 —28to — 7 0.78 = 0.02
Putamen 0.84 —-34 6 —47 to — 22 0.77 = 0.04
Caudate 0.93 -23 6 -35to — 11  0.79 * 0.02
Brainstem 0.95 -34 3 —-40to — 29  0.80 + 0.02

plots of the volumes for the six ROIs are shown in Fig. 5(a) and (b) for
Kirby and OASIS data samples, respectively. In Table 3 we report the
Pearson’s correlations between SPM and FS measures, as well as the
percentage differences (d) averaged over the subjects, their standard
deviations (s) and the 95% C.I. limits on d.

The Bland-Altman plots obtained with the measures of the Kirby and
OASIS data samples are reported in Figs. 6 and 7 for GM and WM,
respectively. The BA plots for the subcortical volumes are provided in
the Supplementary Material. The Pearson’s correlation coefficients are
above 0.8 for all measures on both Kirby and OASIS data samples, ex-
cept for the hippocampus (r = 0.72 on Kirby and r = 0.78 on OASIS).
The Bland-Altman plots show systematic biases: SPM provides a sig-
nificantly greater volume of GM and significantly lower volumes of WM
and the subcortical ROIs with respect to FS.

These findings are consistently detected on both Kirby and OASIS
data samples. Dice’s similarity coefficients between SPM and FS seg-
mentations for each brain structure are reported in Table 3. Dice values
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60
-=-= mean
=== d+1.96s
40 === d-1.96s

® percentage difference

% Percentage Difference

60 7 . : . ' :
500000 550000 600000 650000 700000 750000
Average mm?

________________________________________________ -

1

i

White Matter H

60 1

-== mean !

9 ~== d+1.96s i
O 4

€ 0 --- d-1.96s 1

o ® percentage difference :

£ 20 1

[ i

1

& o I

E —————————————————————— rom== [ e Jr e 3~ !

c el Feft gt T % axadel Sl St :

v -20 1

o 1

g :
-40

8 i

1

—60 : . ; . . !

350000 400000 450000 500000 550000 H

1

1

1

1

1

1

Physica Medica 64 (2019) 261-272

are in the 0.76-0.83 range. Consistently on both data samples, the
smaller structures (hippocampus, putamen and caudate) show the
worst overlap, generally below 0.8, whereas brain tissues (GM and WM)
and the brainstem show Dice values generally above 0.8. The modest
overlap of segmented structures (D < 0.8) occurs in particular in ROIs
with poor contrast or difficulties in the boundary definition between
GM and WM matter, such as those reported in Fig. 8 (putamen, caudate
and hippocampus). Fig. 9 shows the overlay of the GM masks obtained
with SPM and FS, where the difference in the definition of the brain
regions belonging to the GM is clearly visible. For example, the tha-
lamus is not included in the GM tissue identified by SPM. We reported
the overlay of the ROI masks obtained by SPM and FS, for the worst
cases of the Kirby and the OASIS data samples, respectively in Figs. 10
and 11.

3.3. Consistency test of male vs. female volume comparison

The two-sample t-test between volume measures of the male and
female subgroups obtained with SPM12 and FS v6.0 consistently re-
vealed significant gender-related differences on the Kirby data sample.
In that case, the Cohen’s d effect sizes [34] range from 0.76 (large) to
0.84 (huge) for both FS and SPM (see Table 4 and Fig. 12a). By contrast,
gender-related differences appear subtler on the OASIS data sample,
and no statistically significant differences are actually detected for the
global WM and for the hippocampus, caudate and brainstem volume
measures, consistently for SPM and FS (see Table 4 and Fig. 12b).
Among the subcortical structures, only the putamen volume is found to
be significantly larger in the male cohort and with very large Cohen’s d
values consistently for both segmentation methods. A relevant incon-
sistency between the two different segmentation methods was found for
the GM volume. In fact, a significantly larger GM volume is found for
the male cohort with a large Cohen’s d according to FS measures, while
the analysis of the SPM GM measure does not confirm this finding.

4. Discussion

We examined the intra- and inter-method agreement of two popular
automatic brain MRI segmentation tools (SPM and FS), using the pub-
licly available Kirby and OASIS datasets, containing high-resolution
structural MRI images of healthy subjects. The choice of the methods
and of the data samples makes this study reproducible and extendable
by other researchers.

Although extremely high Pearson’s correlation coefficients between
test and retest measures have been found for both SPM and FS, the BA

Average mm?3

Fig. 6. Bland-Altman plots of segmented GM and WM by FS and SPM in the inter-method reproducibility analysis on the Kirby-21 dataset. Bland-Altman plots of the

four segmented subcortical structures are shown in the Supplementary Material.
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Fig. 7. Bland-Altman plots of segmented GM and WM by FS and SPM in the inter-method reproducibility analysis on the OASIS dataset. Bland-Altman plots of the

four segmented subcortical structures are shown in the Supplementary Material.

Fig. 8. Highlight of the poor contrast and difficult of boundary definition for some subcortical anatomical structures for one example subject: zoom on the putamen

and caudate area (left); zoom on the hippocampus area (right).

plots revealed very good repeatability of both methods only on the
Kirby dataset. By contrast, on the OASIS data sample, the BA analysis
detected non-null biases for the FS measures: for example, for GM and
WM d = 4.6% and d = —2.7% respectively. On the contrary, SPM
showed no or smaller bias on them (d = 0.1% and d = —0.5% for GM
and WM respectively).

The OASIS dataset presents several differences with respect to the
Kirby dataset. First of all, there is a significant average time between
test-retest is about three weeks (while Kirby retest acquisitions are
made in the same day). However, a reduction of the GM close to 5% is
not likely in this time-lapse, and a simultaneous increase of the WM
close to 3% is definitely unrealistic. Another difference between the two
datasets is the field strength (3T for Kirby and 1.5 for OASIS).
Regarding this point, literature reports consistency in volume estima-
tion at 1.5T and 3T, for both FS and SPM [37]. Eventually, it is not
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possible to exclude the existence of differences in the populations un-
derlying the two datasets (for example, the mean age in Kirby is
32 + 9 and 23.4 + 3.9 in OASIS). However, the subjects are healthy
volunteers in both datasets and a significant difference in brain volumes
is not expected.

These considerations lead us to conclude that SPM is more robust
with respect to any variation that may have occurred between test and
retest scans on that data sample.

It is worth noticing that on both data samples the standard devia-
tions of the test-retest percent volume differences are generally higher
when using FS, indicating that small differences in patient’s orienta-
tions due to repositioning may have a greater effect on FS than on SPM
measures.

The inter-method reproducibility analysis revealed discrepancies
between the volumes calculated by SPM and FS. These discrepancies
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— SPM
Bl 1S

Fig. 9. GM ROI masks obtained with SPM (white) and FS (red). The difference
in the definition of brain regions are clearly visible in the image (white: SPM;
red: FS; pink: common regions). For example, the thalamus is not included in
the GM tissue identified by SPM.

.
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are visible both in the BA plots and in terms of the Dice indices. Larger
values have been systematically found by FS for the WM and the four
subcortical ROIs with respect to SPM. By contrast, the GM volume es-
timated by FS is lower with respect to the one estimated by SPM. Of
note, one recently published study [38] found that SPM12 over-
estimates the segmented volumes, in line with our results. Indeed, their
results suggest that FreeSurfer cortical thicknesses were lower com-
pared to SPM12 values. These differences in the definition of the
boundary between GM and WM can be due to the implementation of
different segmentation algorithms in SPM and FS, including the adop-
tion of different reference atlases (ICBM-452 [35] T1 brain atlas in
SPM12 [17] and MNI 305 [39] in FS).

The Dice indices highlighted an overlap between the ROIs seg-
mented with the two methods of about 80%, with lower values in case
of subcortical ROIs. This result, which is consistently found on both
data samples, can be understood in terms of the larger surface-to-vo-
lume ratio of smaller structures. In fact, smaller structures are more
prone to segmentation discrepancies due to the different definitions of

B s

Gray Matter

White Matter

BrainStem

Fig. 10. Overlay of segmented ROIs by SPM and by FS onto a single subject anatomical image in the native space for the worst case of the Kirby-21 data sample. GM
and WM are visible on the first line; hippocampus and caudate on the second and third lines, respectively.
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B s

Gray Matter

Caudate

White Matter

Putamen

BrainStem

Fig. 11. Overlay of segmented ROIs by SPM and by FS onto a single subject anatomical image in the native space for the worst case of the OASIS data sample. GM and
WM are visible on the first line; hippocampus and caudate on the second and third lines, respectively.

the boundary between GM and WM by the two algorithms. Additional
sources of discrepancy in segmenting subcortical structures are pro-
vided by the arbitrariness in some cases in defining their boundaries
with respect to surrounding structures, as the case of the hippocampus
and the confining amygdala.

To test for possible inconsistencies in group comparison results due
to the choice of different segmentation algorithms, we set up a two-
group comparison between the only subgroups available in this study,
i.e. the male and female cohorts. According to numerous studies
[11,16,31-33], males are expected to have on average larger absolute
brain volumes with respect to females. This result has been confirmed
by the analysis of brain volume features obtained both with FS and SPM
on the Kirby data sample. By contrast, on the OASIS data sample, this
effect is not noticeable, except for one of the subcortical ROIs, con-
sistently for both SPM and FS calculated measures.

The only concerning inconsistency between the two methods we
could identify with this case study is the significant greater GM volume
of the male cohort, obtained only in the analysis of the FS measures.
This kind of inconsistent findings, obtained by straightforward com-
parisons of the volume measures provided by two widely used

segmentation tools, can definitely affect the results of neuroimaging
studies and their interpretation and lead to irreproducible results in the
literature.

Among the possible limitations of this study is the choice of the
selected ROIs. With respect to segmented brain tissues, we limited to
GM and WM because the CSF is not provided by FS. The choice of the
four subcortical regions (hippocampus, putamen, caudate and brain-
stem) included both larger and smaller structures, characterized either
by different contrasts or by hardly defined borders with respect to
surrounding tissues. Another possible limitation is the quite small
number of subjects available for each dataset (21 subjects for Kirby and
20 for OASIS). Nevertheless, these data samples allowed identifying
systematic intra- and inter-method discrepancies. In addition, this
sample size corresponds to the minimal dataset size generally adopted
in research studies.

It was not possible to make an absolute evaluation of the accuracy of
the segmentation methods, because no gold standard segmentation is
available for the data samples we analyzed.

Recently, with the introduction of artificial intelligence, research is
heading towards new solutions [40,41] that have the potential to
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Gender differences in brain structures volumes of interest [ml] for SPM and FS evaluated on the Kirby and OASIS dataset: mean, standard deviation (SD) and statistic

measures, t, p-value and Cohen’s d. *on p-value > 0.05.

Kirby dataset

FS SPM
Brain region Mean *+ SD Statistic measures Mean * SD Statistic measures
Male Female t p-value Cohen’s d Male Female t p-value Cohen’s d
GM 677 * 34 590 *+ 57 4.0 0.001 1.9 744 = 32 663 = 59 3.7 0.002 1.7
WM 543 *+ 33 485 * 53 2.8 0.01 1.3 472 * 31 423 * 46 2.7 0.02 1.2
Hippocampus 87 £ 0.7 79 = 0.7 2.4 0.02 1.1 7.1 £ 0.3 6.4 £ 0.5 3.5 0.003 1.6
Putamen 11 + 0.8 9.8 + 1.1 2.6 0.02 1.2 7.9 £ 0.4 6.8 £ 0.7 4.1 0.001 1.9
Caudate 7.6 £ 0.8 6.7 + 0.8 2.5 0.02 1.2 6.0 £ 0.4 53 = 0.5 3.3 0.004 1.5
Brainstem 224 = 1.6 18.6 = 2.7 3.7 0.002 1.7 17 £ 1 145 = 1.8 3.6 0.003 1.7
OASIS dataset
FS SPM
Brain region Mean + SD Statistic measures Mean + SD Statistic measures
Male Female t p-value Cohen’s d Male Female t p-value Cohen’s d
GM 714 = 39 662 = 60 2.2 0.04 1.0 800 = 42 765 = 72 1.3 0.21* 0.6
WM 528 *+ 35 513 * 63 0.6 0.53* 0.3 482 *+ 34 456 *+ 53 1.3 0.22* 0.6
Hippocampus 8.4 £ 0.6 7.8 + 0.6 1.9 0.08 0.9 7.0 £ 0.3 6.6 £ 0.6 1.9 0.07 0.8
Putamen 11.5 £ 09 10.2 £ 1.1 2.8 0.01 1.3 8.0 £ 0.5 7.2 09 2.3 0.03 1.0
Caudate 7.9 £ 0.8 7.1 = 1.1 1.6 0.13* 0.7 6.1 £ 0.5 57 = 0.7 1.5 0.16* 0.6
Brainstem 225 = 21 213 = 21 1.1 0.28* 0.5 16 = 1 15.0 = 1.7 1.5 0.16* 0.6
| |

GM GM

WM WM

Hippocampus Hippocampus

SPM
Putamen Putamen HFs
Caudate Caudate
BrainStem BrainStem
0 02 04 06 08 1 12 14 16 18 2 0 02 04 06 08 1 12 14 16 18 2
a) Cohen'sd b) Cohen'sd

Fig. 12. Histograms of the Cohen’s d effect sizes (a) on the Kirby-21 dataset, (b) on the OASIS dataset. Green bars indicate the gender effect size obtained with SPM;

red bars indicate the gender effect size obtained with FS.

overcome some limits that these approaches still present. Therefore, it
could be useful to apply the presented analysis also to the new machine
learning-based segmentation algorithms.

5. Conclusions

This paper has provided a comparison between SPM and FS in terms
of the intra-method repeatability and inter-method reproducibility of
ROI volumes, evaluated on two different data sets. The considerations
above lead us to support SPM as a more consistent tool to evaluate ROI
volumes. In any case, as the two methods rely on different algorithm
pipelines, which can be differently affected by the presence of ab-
normalities, image artifacts, or variations in the acquisition protocol
parameters, we suggest to cross-validate the findings of each research
study against different segmentation methods before proceeding to
their interpretation.
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