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Abstract

The anatomical structure of the thalamus renders its segmentation on 3DT1 images harder due to its low tissue contrast, and not
well-defined boundaries. We aimed to investigate the differences in the precision of publicly available segmentation techniques
on 3DT1 images acquired at 1.5 T and 3 T machines compared to the thalamic manual segmentation in a pediatric population.
Sixty-eight subjects were recruited between the ages of one and 18 years. Manual segmentation of the thalamus was done by three
junior raters, and then corrected by an experienced rater. Automated segmentation was then performed with FSL Anat, FIRST,
FreeSurfer, MRICloud, and volBrain. A mask of the intersections between the manual and automated segmentation was created
for each algorithm to measure the degree of similitude (DICE) with the manual segmentation. The DICE score was shown to be
highest using volBrain in all subjects (0.873 +0.036), as well as in the 1.5 T (0.871 +0.037), and the 3 T (0.875 + 0.036) groups.
FSL-Anat and FIRST came in second and third. MRICloud was shown to have the lowest DICE values. When comparing 1.5 T
to 3 T groups, no significant differences were observed in all segmentation methods, except for FIRST (p = 0.038). Age was nota
significant predictor of DICE in any of the measurements. When using automated segmentation, the best option in both field
strengths would be the use of volBrain. This will achieve results closest to the manual segmentation while reducing the amount of
time and computing power needed by researchers.
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Abbreviations FSL FMRIB Software Library
BBB Blood-Brain Barrier MRI Magnetic resonance imaging
DICE  DICE Similarity Index WI Weighted Images
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FIRST FMRIB’s Integrated Registration and
Segmentation Tool
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regions. It plays a major role in the regulation of conscious-
ness, alertness, arousal, and attention and is considered part of
the limbic system (Duan et al. 2007). Damage to the thalamus
can be associated with motor and somatosensory disturbances,
and cognitive decline. Thalamic changes in terms of volume
and intensity are reported in various neurological disorders
such as hypoxic-ischemic brain injury, some metabolic dis-
eases, schizophrenia (Ganzola et al. 2014), bipolar disorder
(Sassi et al. 2002), obsessive compulsive disorder (Rotge
et al. 2009), post-traumatic stress disorder (Jatzko et al.
2006), and depression (Koolschijn et al. 2009). The normal
development of the thalamus in children is therefore of great
importance to insure its major role of hub for the majority of
incoming sensory and motor functions.

Several methods have been previously developed and in-
troduced to perform automatic and semi-automatic regional
segmentation as accurately and specifically as possible. Such
tools accelerate data analysis in large studies, and deliver re-
producible and consistent outcomes, which are crucial for
obtaining reliable results (Mulder et al. 2014). However, man-
ual segmentation by expert operators of brain structures name-
ly the thalamus, remain the gold standard. Still, it is a tedious,
laborious, time-consuming, and not reproducible task, consti-
tuting a difficult challenge even for an expert radiologist.

When performing brain segmentation, 3DT1-weighted im-
ages (WI) are optimal. This pulse sequence fulfills the require-
ments for spatial resolution and contrast-to-noise ratio between
GM and white matter (WM) structures at a tolerable measuring
time. However, the anatomical structure of the thalamus ren-
ders its segmentation harder on conventional MRI due to the
thalamic low tissue contrast, noise, and unclear and not well-
defined boundaries. Thalamic segmentation requires therefore
the use of higher resolution anatomical MR images or magne-
tization transfer images. Unfortunately, with the increase of the
images’ resolution, the acquisition time is also increased, which
is challenging in a clinical setting. Similarly, some segmenta-
tion methods such as thresholding, and region growing give
poor results because they only use image intensity information.
It is therefore why, in this study, we aimed to emphasize the
importance of using recently developed or updated, publicly
available, automated segmentation algorithms (FIRST, FSL-
Anat, Freesurfer, volBrain, and MRICloud) by testing their
precision and accuracy to segment the thalamus.

Materials and Methods

Subjects

In this retrospective study, 126 MRI scans for subjects be-
tween the ages of one and 18 years were identified from our

brain development database study, from October 2008 to
August 2016. Only subjects reported to have normal brain
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MRIs by a neuroradiologist with more than 20 years of expe-
rience, were included in this study. Exclusion criteria includ-
ed: subjects under one year old due to the confounding factors
of incomplete myelination; presence of a brain tumor; history
of repeated seizures and epilepsy; indications of mental dis-
abilities charts; brain infarcts or hemorrhage; diffuse brain
abnormalities on MRI like leukodystrophy or atrophy; lesions
around and in the thalamus and gray matter; periventricular
lesions; subjects with only gadolinium enhanced images per-
formed. The reports and clinical indications for getting an
MRI of patients were reviewed, and those who met the criteria
had their images uploaded and reviewed. The most common
indications for undergoing MRIs were: headache, hearing
problems, retinoblastomas, and suspicion of one time only
seizure-like activity. The Institutional Review Board (IRB)
of our institution approved this retrospective cross-sectional
study and waived the requirement to obtain informed consent.
Research has also been conducted in full accordance with the
World Medical Association Declaration of Helsinki.

MRI Processing

MRI images were acquired on either a 1.5 T (N =39 subjects)
ora 3 T (V=29 subjects) scanner (Ingenia, Phillips). All sub-
jects underwent only one MRI acquisition on either the 1.5 T
or the 3 T machines. Positioning is done parallel to the inferior
border of the corpus callosum on the axial plane and perpen-
dicular to the hippocampus on the coronal plane. Image pa-
rameters for the 3DT1 at the 1.5 T scanner were: TR/TE =7.5/
3.4 ms, matrix =220x216mm, spatial resolution = 0.859 x
0.859 mm, slice thickness=1.1 mm. Image parameters for
the 3 T scanner were: TR/TE =8.2/3.7 ms, matrix =
240x222mm, spatial resolution=0.937 x 0.937 mm, slice-
thickness = 1 mm. Before introducing MRI images to the bat-
tery of segmentations, a quality control step was performed to
rule out and exclude any images with major artifacts that could
implicate an error during segmentation. Upon visual inspec-
tion of the images by an experienced operator with more than
twelve years of experience, 19 out of the 126 subjects were
excluded due to the bad quality of their images (movement
artifacts and bad signal to noise ratio). Thirty nine other sub-
jects had only 3DT1 images acquired after gadolinium admin-
istration, making them unsuitable for segmentation as gado-
linium affects the segmentation outcomes (Hannoun et al.
2018). This brought the total number of normal subjects with
3DT1-WI to 68 (36 females (age=10.98 £4.66 years) & 32
males (age=10.71 £+ 5.54 years)).

Manual Segmentation
Manual segmentation of the thalamus was performed by three

junior raters on 3DT1-WI using the Medical Imaging
Interaction Toolkit (MITK v.2016.11). A fourth senior
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experienced rater (neuroscientist with more than 12 years of
experience in brain anatomy) reviewed, corrected, and ap-
proved all manually segmented masks of the thalamus. To test
for interrater reliability for the manual segmentation, all raters
segmented the thalami of a randomly selected set of 33 sub-
jects. Thalamic boundaries were defined as followed: The
anterior and posterior boundary of the thalamus were defined
by the posterior aspect of the interventricular foramen the
Pulvinar nucleus respectively. The wall of the third-ventricle
served as medial boundary while the lateral aspect was de-
fined by the posterior limb of the internal capsule. The supe-
rior boundaries were measured at the fornix and the inferior at
the level of the hypothalamic sulcus (Felten et al. 2010).
Thalamic masks were adjusted in all three planes: axial, cor-
onal and sagittal. Thalamus manual delineation took around
30 to 45 min per subject.

Automatic Segmentation

The following provides a brief overview of the methods used
for thalamic automatic segmentation: volBrain, MRICloud,
FSL (FIRST & FSL_Anat), and Freesurfer. Default parame-
ters were used for all segmentation algorithms.

volBrain volBrain is an online MRI brain volumetry system
(http://volbrain.upv.es). It is a pipeline of processes aimed to
automatically analyze MRI brain data (around ten minutes of
processing time). It provides the volumes of the main
intracranial cavity tissues and some macroscopic areas.
Finally, automatic subcortical structure segmentation is
performed, and related volumes and label maps are provided.

MRICloud MRICloud provides a fully automated cloud service
for brain parcellation of MPRAGE images based on Multiple-
Atlas Likelihood Fusion algorithm, JHU multi-atlas invento-
ries with 286 defined structures, and an Ontology Level
Control technology (https://mricloud.org). The atlas used for
the processing of our data was the pediatric_286labels
I11atlases VS5L.

FSL FMRIB Software Library (FSL5.0) is a comprehensive
library of analysis tools for MRI brain imaging data (http:/
fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL). FSL comprises two tools
for subcortical GM segmentation: FMRIB’s Integrated
Registration and Segmentation Tool (FIRST) and FSL_Anat.

I) FIRST. FIRST is a model-based segmentation/
registration tool that uses manually segmented models.
The shape and appearance model are based on multivar-
iate Gaussian assumptions. Shape is expressed as a mean
with modes of variation. FIRST searches through linear
combinations of shape modes of variation for the most

probable shape instance given the observed intensities in
aT1-WL

II) FSL Anat. FSL Anat provides a general pipeline for
processing anatomical images. Most of the pipeline in-
volves standard use of FSL tools. The stages in order are:
1-reorient the images to the standard (MNI) orientation,
2-automatically crop the image, 3-bias-field correction,
4-registration to standard space (linear and non-linear),
5-brain-extraction, 6-tissue-type segmentation, 7-
subcortical structure segmentation using FIRST.

Freesurfer FreeSurfer image analysis suite (v5.3) provides a
full processing stream for structural MRI data that includes
skull stripping, B1 bias field correction, and GM/WM segmen-
tation (http:/freesurfer.net). It also includes reconstruction of
cortical surface models, labeling of regions on the cortical
surface, subcortical brain structures, nonlinear registration of
the cortical surface of an individual with a stereotaxic atlas
and statistical analysis of group morphometry differences.

Statistical Analysis

To create a reliable value for statistical analysis, we generated
the Sorensen-Dice similarity index (DICE). This index mea-
sures the similarity between two masks, more in detail, it
compares the number of identical voxel pairs between the
two masks (Neass-Schmidt et al. 2016). The resulting values
are bounded between zero and one. These were created by
multiplying the manual segmentation with the automated
one for each subject; this generates a mask consisting of
shared areas of each measurement. This was then divided by
the total volume of the manual and automated measurements.
The resulting equation is as follows:

2(ManualNAuto)

DICE = .
Manual + Auto

Data were then analyzed using Statal4.1 (StataCorp, TX,
USA). Interrater reliability for the manual segmentation per-
formed by all raters was measured using a weighted Kappa.
The Shapiro-Wilk test was first applied to test the normality of
our data. Subjects were divided in two groups depending on the
field strength: 1.5 T (V=39 subjects) or a 3 T (N =29 subjects).
Gender and age comparisons were made using the Wilcoxon
rank-sum test. This test was also used to test the segmentation
differences between both 1.5 Tan 3 T groups. A linear regres-
sion was conducted to examine the relationship between DICE
values for each method and age and repeated for each field
strength. A One-way Anova test with a Bonferroni correction
for multiple comparisons was performed to test the differences
between the DICE values of the techniques. An intraclass
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correlation (ICC) between the five segmentation techniques
DICE values was also performed.

Results

The average volume of the manually segmented gold standard
thalamus in all subjects was 13.23 +2.34 cm® (females =
13.24+2.40 cm’; males = 13.21 £2.32 ¢cm®). Results of the
automatic segmentations are illustrated in Fig. 1 and Table 1.
There were no significant sex or age differences in the simil-
itude indices. Interrater reliability for manual segmentation as
measured by weighted Kappa was high (0.908, p <0.001),
indicating a high level of agreement between all raters (agree-
ment = 98.04%; expected agreement = 82.60%).

There was an overestimation of the mean thalamic volumes
in all methods except for MRICloud and volBrain, which
showed smaller volumes compared to the gold standard.

The DICE score was shown to be highest using volBrain in
all subjects as well as in the 1.5 T and 3 T group (Table 2,
Fig. 2). FSL-Anat and FIRST came in second and third,
followed by Freesurfer. MRICloud was shown to have the
lowest median DICE (Min-Max) value at 0.736 (0.580—
0.808) for all subjects, 0.736 (0.580-0.808) for the 1.5 T
group, and 0.738 (0.641-0.805) for the 3 T group.

We first examined the differences in DICE scores between
the 1.5 T and 3 T groups. The Wilcoxon rank-sum test con-
ducted for each segmentation method revealed no significant
differences in DICE values when comparing both field
strengths except with FIRST where the 3 T segmentations

Fig. 1 Image of the manually
segmented Thalamus in yellow
(a) superimposed on the
automatic segmentation done
with volBrain (b), MRICloud (c),
FSL Anat (d), FIRST (e), and
FreeSurfer (f). Areas in red
represent voxels where no
intersection was seen between
manual and automatic
segmentations. Areas in orange
represent voxels where both
manual and automatic
segmentations intersected
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had higher DICE than the 1.5 T segmentations (p =0.038).
Similitude indexes tended to be higher in the 3 T compared
to the 1.5 T group (Table 2, Fig. 2).

We secondly studied the impact of age on the DICE values
generated from the manual and automated segmentation tech-
niques. Results show no significant effect of age on DICE
values in any of the applied segmentation methods.

One-way Anova test showed volBrain DICE values to be
significantly the highest (FSL-Anat and FIRST p<0.01;
Freesurfer and MRICloud p <0.001) and MRICloud DICE
values to be the lowest (p <0.001) when compared to the
other techniques. No significant differences were observed
when comparing FSL-Anat, FIRST and Freesurfer between
themselves. The estimated correlation between individual rat-
ings was 0.124, indicating little similarity between ratings
within a target (subject), low reliability of individual target
ratings, or no target effect. The estimated intraclass correlation
between ratings averaged over k=35 judges (segmentation
techniques) is higher, 0.414. The estimated intraclass correla-
tion measures the similarity or reliability of mean ratings from
groups of five judges. We also have statistical evidence to
reject the null hypothesis that neither ICC is zero based on
confidence intervals and the F test.

Discussion

Along with the advances of medical imaging, MRI has be-
come a non-invasive soft tissue contrast imaging modality; it
provides information about shape and size of brain structures
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Table 1 Median (Min-Max) volume values in mm® for manual and automatic segmentation methods in all subjects as well as in in the 1.5 Tand 3 T

groups
All subjects 15T 3T

Manual 12912.4 (6942.1-21291.4) 12815.3 (6942.1-20035.2) 13595.8 (8391.5-21291.4)
FSL-Anat 15279.4 (9764.5-20786.4) 15371.0 (11207.9-20786.4) 14540.7 (9764.5-18169.5)
FIRST 15150.0 (9101.0-20178.4) 15708.6 (11218.2-20178.4) 14189.8 (9101.0-17522.8)
FreeSurfer 14183.2 (7672.3-18734.9) 14277.6 (9745.6-18734.9) 13783.8 (7672.3-16788.8)
MRICloud 10141.6 (5136.9-13037.9) 10251.4 (6394.9-13037.9) 9764.6 (5136.9—-12520.8)
volBrain 11978.1 (7183.2-16574.6) 12007.0 (7945.1-16574.6) 11882.0 (7183.2-13708.2)

without exposing the patient to ionization radiation (Liang and
Lauterbur 2000). In current clinical routine, the images of
different MRI sequences are employed for the diagnosis and
delineation of brain abnormalities (lesions, tumors,
hyperintensities, etc....). Among these sequences, the non-
enhanced 3DT1-WI allows an easy delineation of brain anat-
omy. However, field strength plays a major role in providing a
better segmentation quality.

In this study, we aimed to investigate the performance of
publicly available automatic segmentation techniques on non-
enhanced 3DT1-WI acquired on 1.5 T or 3 T MRIs. The
implementation of automated techniques makes large scale
populations studies much easier to conduct. Manual delinea-
tion of specific regions of interest or even whole brain seg-
mentation could be tedious and time consuming. To this end,
several segmentation techniques have been developed, each
based on different algorithms, some being semi-automatic,
others fully automatic. Automatic segmentation has the poten-
tial to positively impact clinical medicine by freeing physi-
cians from the burden of manual labeling. It can also provide
robust and quantitative measurements to aid in diagnosis and
better understanding of the disease. Indeed, the MRI evalua-
tion of thalamic volume can help differentiate multiple scle-
rosis from other diseases that cause white matter abnormalities
(Solomon et al. 2017). It has also been identified early in the
disease course of multiple sclerosis, including pediatric and
pre-symptomatic cases as well as clinically and radiologically
isolated syndromes (Aubert-Broche et al. 2011; Azevedo et al.
2015; Bergsland et al. 2012). Thalamic volume loss has also
been shown to be a predictive marker of progression in

various diseases and disorders including Parkinson’s disease
(Lee et al. 2011), Alzheimer’s disease (De Jong et al. 2008),
traumatic brain injuries (Fearing et al. 2008), and some psy-
chological disorders such as bipolar disorder (Radenbach et al.
2010), autism spectrum disorders (Tsatsanis et al. 2003) and
Obsessive Compulsive Disorder (Rosenberg et al. 2000).
Different acute and chronic clinical situations including sys-
temic metabolic diseases such as Tay Sach’s, Krabbe’s dis-
ease, and Refsum, and vascular conditions such as hypoxic-
ischemic brain injury (Ricci et al. 2006) can additionally affect
the basal ganglia and the thalami bilaterally causing change in
thalamic size.

A key problem in medical imaging is the automatic seg-
mentation of MRI images via different processes. Some
labs such as FMRIB, have even developed multiple tools in-
cluding FAST (for brain tissue segmentation), FIRST (mor-
phometric subcortical segmentation) and FSL-Anat (anatom-
ical processing pipeline combining both FIRST and FAST)
(Smith et al. 2004). These tools can differ in their outcome
as well as their precision, accuracy, parameters, and atlases
they use to segment structures of interest. The use of different
registration techniques and several adult atlases can even im-
prove the reliability of segmentation (Aljabar et al. 2009). In
contrast, pediatric populations segmentation improves when
applying manually delineated pediatric atlases (Murgasova
et al. 2007). Furthermore, specialized segmentation algo-
rithms as previously mentioned prove to be superior when
used with pediatric populations (Weisenfeld and Warfield
2009). In highly variable brain MRI data, it may be difficult
for these segmentation tools to properly model the thalamus.

Table 2 DICE Median (Min-Max) values for each segmentation method in all subjects as well as in in the 1.5 T and 3 T groups

All subjects 15T 3T p*
FSL-Anat 0.859 (0.726-0.907) 0.851(0.726-0.907) 0.862(0.781-0.892) 0.152
FIRST 0.860 (0.724-0.897) 0.851 (0.724-0.896) 0.865 (0.796-0.897) 0.038
FreeSurfer 0.838 (0.753-0.883) 0.836 (0.753-0.883) 0.841 (0.814-0.882) 0.213
MRICloud 0.736 (0.580-0.808) 0.736 (0.580-0.808) 0.738 (0.641-0.805) 0.669
volBrain 0.882 (0.772-0.924) 0.879 (0.775-0.924) 0.888 (0.772-0.913) 0.642

*Wilcoxon rank-sum test applied to test the significance of differences between the 1.5 T and 3 T groups
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To address this issue, several technics such as multi-atlas label
fusion, multi-atlas segmentation techniques, patch-based
methods have been introduced (Neass-Schmidt et al. 2016).
However, these new approaches are still not yet publicly avail-
able, thereby less used in clinical research. In the case of brain
development, one problem is the automatic segmentation of
certain brain regions such as the thalamus. We have therefore
examined the degree of overlap between five different segmen-
tation techniques (FSL-Anat, FIRST, volBrain, FreeSurfer,
MRICloud) and the gold standard manual segmentation. We
found that volBrain segmentation had the best outcome in
terms of accuracy with regard to the manual segmentation with
a median DICE of 0.882 (0.772—0.924) for all subjects, 0.879
(0.775-0.924) for the 1.5 T group, and 0.888 (0.772-0.913) for
the 3 T group. On the other end of the spectrum, MRICloud
proved to have the lowest values with a DICE of 0.736 (0.580—
0.808)for all subjects, 0.736 (0.580-0.808) for the 1.5 T group,
and 0.738 (0.641-0.805)for the 3 T group. Our findings in
volBrain are in accordance with a previous study that found
the highest accuracy in volBrain as well when using other MRI
sequences (Naess-Schmidt et al. 2016). Other studies using T1-
WI, found higher DICE (0.887) using FSL (Patenaude et al.
2011). This difference may be related to the importance of
coherent labelling protocols and similar imaging parameters
within the template library (Neess-Schmidt et al. 2016).

When comparing the DICE values obtained from the
1.5 T to those from the 3 T group, no significant differ-
ences were observed except with FIRST (p =0.038). These
differences could be due to the MRI field strength itself. This
transition from 1.5 T to 3 T is accompanied by techni-
cal differences in signal-to-noise and contrast-to-noise.
Several studies have already shown that such field
strength differences also appear to influence volume
measurements (Jovicich et al. 2009; Tardif et al.
2010). The effect of field strength differences is even
added to the already known variability induced by the
acquisition parameters and processing pipelines that
confound the measurement of brain volumes (Bakshi
et al. 2005). Indeed, even though FSL-Anat uses
FIRST to segment the subcortical GM structures, it did
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not show any significant differences. This is probably
due to the additional pre-processing steps that FSL-
Anat performs (such as reorientation of the images to
the standard (MNI) space, bias-field correction, ...) be-
fore applying FIRST, that could impact the quality of
the segmentation.

Since our population was of a brain development study, a
further variable to consider in using automated segmentation
techniques is age. The relationship with age between the dif-
ferent methods remained relatively stable throughout, with no
major shifts. Indeed, none of the segmentations were influ-
enced by age. Although age plays a major role in volumetric
assessment in brain development studies, it does not have any
significance in our study. Indeed, since the measure in ques-
tion is the DICE which indicates the degree of similitude be-
tween two segmentation methods, no matter the volume of the
segmented structure, the outcome will be the same.

Besides the imaging modality, the performance of the
software can be associated with the image quality, the
segmentation parameters, and the algorithm. It may there-
fore be useful to address the above-mentioned variables
separately to test their effect on the software’s outcome.
A possibility to take this study further would be to use
data that has been optimized for use with FSL and
FreeSurfer. Studying differences in optimized data can also
provide us with better imaging guidelines. It could also be
more interesting to establish an image-processing pipeline
to meet a practical clinic requirement. Testing other tech-
niques that were not accessible to our lab would also be
good to examine other methods available. Additionally,
while most studies usually use T1-WI for structural anal-
ysis, it is often the case in retrospective studies that non-
enhanced images are not available, as is the case with the
30% of identified subjects that we excluded from our
study. Therefore, there is a need to assess the extent of
the effects of gadolinium-enhancement on automated sub-
cortical GM segmentation tools. This point constitutes one
of our study’s limitations. Indeed, the lack of pre- and
post-contrast images obtained on the same subject are re-
quired to test the validity of the segmentations on
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gadolinium enhanced images. This is due to the selection
criteria from a clinical database. Such studies may not be
feasible, especially with pediatric populations as they mean
longer scan times which may negatively impact image
quality due to increased possibilities of motion artifacts.
A future study in our center will target the segmentation
differences between T1 enhanced and non-enhanced im-
ages using the same subjects. This would give an even
better understanding of how enhancement can affect auto-
mated segmentation.

Conclusion

Among five automated segmentation techniques,
volBrain proved to have the best outcomes in non-
enhanced 3DT1-WI. T1 non-enhanced image segmenta-
tion using volBrain would appear to be the ideal meth-
odology for segmentation of the thalamus.

Information Sharing Statement

All software distributions utilized in this work can be accessed
by the general public:

volBrain (http://volbrain.upv.es); MRICloud (https://
mricloud.org); FMRIB Software Library (FSL5.0) (RRID:
SCR 002823, http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL);
FreeSurfer image analysis suite (v5.3) (RRID:SCR_
001847, http://freesurfer.net).
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