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Abstract
Hyperintense white matter signal abnormalities, also called diffuse excessive high signal intensity
(DEHSI), are observed in up to 80% of very preterm infants on T2-weighted MRI scans at term-
equivalent age. DEHSI may represent a developmental stage or diffuse microstructural white
matter abnormalities. Automated quantitative assessment of DEHSI severity may help resolve this
debate and improve neonatal brain tissue segmentation. For T2-weighted sequence without fluid
attenuation, the signal intensity distribution of DEHSI greatly overlaps with that of cerebrospinal
fluid (CSF) making its detection difficult. Furthermore, signal intensities of T2-weighted images
are susceptible to magnetic field inhomogeneity. Increased signal intensities caused by field
inhomogeneity may be confused with DEHSI. To overcome these challenges, we propose an
algorithm to detect DEHSI using T2 relaxometry, whose reflection of the rapid changes in free
water content provides improved distinction between CSF and DEHSI over that of conventional
T2-weighted imaging. Moreover, the parametric transverse relaxation time T2 is invulnerable to
magnetic field inhomogeneity. We conducted computer simulations to select an optimal detection
parameter and to validate the proposed method. We also demonstrated that brain tissue
segmentation is further enhanced by incorporating DEHSI detection for both simulated preterm
infant brain images and in vivo in very preterm infants imaged at term-equivalent age.
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Introduction
Hyperintense white matter signal abnormalities (WMSA), also called diffuse excessive high
signal intensity (DEHSI) in preterm infants, are defined as higher signal intensity in
periventricular and subcortical white mater (WM) than in normal unmyelinated WM on T2-
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weighted images. It was first reported in preterm neonates by Maalouf et al. (1999), and has
been observed by other investigators (Counsell et al., 2003a, 2006; Inder, et al., 2003;
Woodward et al., 2006; Dyet et al., 2006; Krishnan et al., 2007; Rose et al., 2007; Cheong
et. al., 2009; Hagmann et al., 2009; Kidokoro et al., 2011; Skiold et al. 2010; Hart et al.,
2010, 2011; de Bruine et al., 2011; Iwata et al., 2012; Jeon et al., 2012). One plausible
hypothesis is that DEHSI represents a prematurity-related developmental phenomenon
rather than tissue injury, given its high incidence in preterm infants at term-equivalent age
(term) – up to 80% in Dyet et al. (2006) and Jeon et al. (2012) and absence after a
postmenstrual age of 50 weeks (de Bruine et al., 2011). Further, anterior and posterior
periventricular white matter regions, also known as crossroads, exhibit multiple crossing
fibers and high content of hydrophilic extracellular matrix that may contribute to the high
signal intensity observed on T2-weighted MRI and lower anisotropy on diffusion MRI
(Kostovic et al., 2002; Judas et al., 2005). Consistent with this hypothesis, a few
investigators have not observed an association between DEHSI and neurodevelopmental
impairments (Hart et al., 2011; de Bruine et al., 2011; Jeon et al., 2012). Conversely, it may
represent an early stage of white matter injury that has been closely linked with abnormal
white matter microstructure at term (Counsell et al., 2006; Cheong et al., 2009) and
cognitive impairments up to 9 years of age (Dyet et al., 2006; Iwata et al., 2012). Therefore,
accurately revealing the pattern and quantifying the severity of such abnormalities is critical
for resolving this debate and potentially identifying high-risk preterm infants that may
benefit from neuroprotective and early intervention therapies (Hagmann et al., 2009, Mathur
et al., 2010, Keunen et al., 2012).

Qualitative MRI studies have played an important role in evaluating brain development and
predicting neurodevelopmental abnormalities. However, qualitative/categorical scales
produce poor reliability with longitudinal studies. For example, a study by Mantyla et al.
(1997) compared 13 different visual rating scales rating WMSA severity and found
inconsistencies among previously published studies. In addition, the restricted range of
categorical scales may limit the power of association. For example, Woodward et al. (2006)
found a substantial proportion of infants with moderate/severe white matter did not develop
severe neurodevelopmental impairments. There is a growing interest in objective
quantitative studies (Counsell et al., 2002; Hagmann et al., 2009; Brickman et al., 2011),
which are more likely to produce reliable and reproducible indexes and greater study power
for abnormality severity.

The most commonly used quantitative approaches are semi-automated, requiring some
manual tracing or application of intensity thresholds that are operator-determined based on
intensity ranges (Gurol et al., 2006). This approach facilitates manual exclusion of non-
WMSA regions such as non-injured white matter, cerebrospinal fluid (CSF), and/or extra-
cranial tissues. The use of manual input however introduces subjectivity, resulting in lower
reliability. This also increases processing time, further limiting its application in large multi-
center studies (Yoshita et al., 2005).

Several investigators have successfully semi-automated/automated WMSA detection in
adults. Semi-automated approaches generally involve a manual modification of false
WMSA regions (Ramirez et al., 2011). Classification and atlas-based techniques (Swartz et
al., 2002; Anbeek, et al., 2004a, 2004b; Hulsey et al., 2012) typically rely on a training set:
the classification relies on a manually segmented training set. They may encounter
difficulties in some studies due to imaging variations produced by the variability across
subjects/centers. Other approaches employed include, intensity thresholding and region
growing (Brickman et al., 2011), clustering (Gibson et al., 2010), multispectral segmentation
(Maillard et al., 2008; Wang et al., 2012), fuzzy connected segmentation (Wu et al., 2006)
and artificial intelligence methods (Admiraal-Behloul et al., 2005). T1-weighted and FLAIR
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images are the most commonly used sequences for WMSA detection in adults, where CSF is
hypointense and distinct from WMSA.

At term-equivalent age, T2-weighted images provide greatest tissue contrast (Counsell et al.,
2003c). For T2-weighted sequence without fluid attenuation, DEHSI may appear in the
same intensity distribution as CSF (e.g. the signal intensity of DEHSI is fairly close to that
of CSF), making the distinction between them difficult (Yu et al., 2010). Furthermore, signal
intensities of T2-weighted images are susceptible to magnetic field inhomogeneity.
Increased signal intensities in a certain region caused by field inhomogeneity may be
confused with DEHSI, introducing errors (Hart et al., 2010).

T2 relaxometry has shown promise in preterm infants in providing additional quantitative
information that is not readily discernible on conventional MR imaging (Ferrie et. al., 1999,
Counsell et. al., 2003b). It was shown as an objective quantitative measure to assess WM
tissue regional variation in preterm infants at term (Hagmann et al., 2009). T2 relaxation
time is a physical property of brain water and varies by tissue environment, resulting in
tissue contrast. Its reflection of the rapid changes in free water content provides improved
distinction between CSF and DEHSI over that of conventional T2-weighted imaging.
Moreover, the parametric transverse relaxation time T2 is invulnerable to magnetic field
inhomogeneity.

The aim of this study was to develop a fully automated algorithm to detect DEHSI using
quantitative T2 relaxometry. We utilized computer simulations to select an optimal detection
parameter and to validate our proposed method. We also demonstrated that brain tissue
segmentation could be further enhanced by incorporating this DEHSI detection method for
both simulated preterm infant brain images and for extremely low birth weight (ELBW; BW
≤ 1000g) infants imaged at term.

Materials and Methods
Subjects

Parental informed consent was obtained for brain MRI scans and the study was institutional
review board approved. The study population was derived from a consecutively imaged
cohort of 50 ELBW infants without any major congenital anomalies cared for in the NICU
of Children’s Memorial Hermann Hospital from May 2007 to July 2009. Their mean
(standard deviation (SD)) gestational age was 25.2 (1.7) weeks and mean (SD)
postmenstrual age at MRI scan was 38.4 (2.3) weeks.

MRI Acquisition
The scans were performed on a 3 Tesla Philips scanner with use of an eight-channel
SENSE-compatible phased array receive head coil. MRI structural data were acquired with a
dual echo fast spin-echo sequence to reduce total scan time for both proton density (PD)-
and T2-weighted images. Parameters for PD- and T2-weighted images were: TE1 8.75 ms;
TE2 175 ms; TR 10000 ms; the imaging matrix 256 × 256 with a field-of-view (FOV) of
180 × 180 mm; slice thickness 2 mm; no gap between slices; flip angle 90°. All infants were
transported to the MRI scanner by an experienced neonatal transport nurse after feeding,
swaddling and placement of silicone ear plugs (E.A.R. Inc, Boulder, CO) and Natus
MiniMuffs (Natus Medical Inc, San Carlos, CA). All scans were completed without sedation
and were supervised by a neonatal research nurse and a neonatologist experienced in
neonatal MRI.
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Quantitative T2 Relaxometry Measurements
The T2 relaxation values are estimated from the early and late echoes (TE1, TE2) according
to standard spin-echo procedures assuming a single exponential model (Duncan et. al.
1996):

(1)

where S(TE1) and S(TE2) are signal intensities of the early and late echoes, respectively.

Spatial Fuzzy Segmentation (SFS)
Traditional fuzzy segmentation algorithm seeks to assign each image voxel to a certain class
based on its membership function, which indicates the probability of this voxel belongs to
the certain class. This is a voxel-by-voxel approach, that is, each voxel is considered
individually, and no spatial influence is incorporated. Since image noise and artifacts often
impair the performance of the traditional algorithm, in this work, we encode spatial
regularization through the mutual influences of neighboring voxels by means of Markov
Random Field (MRF) into a fuzzy segmentation framework to eliminate the intermediate
morphological operations and to improve the segmentation accuracy. We previously
proposed this algorithm to detect activations in functional MRI (He and Greenshields,
2008).

Let S be a set of voxels/locations in a brain image and xi (i∈S) be the corresponding
intensities. The aim of the proposed algorithm is to segment images, using both local
intensity and spatial information, into different tissue regions (background, WM, gray matter
(GM), and CSF), say ωj, j = 1, …m (m = 4) the representative parameter of the ωj as θj, the
dissimilarity between θj and xi as d(xi, θj). We denote P as a non-spatial membership matrix.
The corresponding (i,j) element of each matrix is p(ωj|xi). Normally, P can be derived
through minimizing a cost function J(θ, P) = Σi Σj p(ωj|xi) d(xi, θj) with respect to θj and P,
subject to Σj p(ωj|xi) = 1.

(2)

Local spatial interactions between neighboring voxels described via MRF, then spatial
membership is defined Pspat

(3)

where Z is a normalization parameter, β is a positive value to weight the influence of the
spatial context, and fuzzy energy function is defined in the neighborhood of xi, ζ{xi} as
U(ωj|xi) = Σxk∈ζ{xi} [1 − p(ωj|xi)]. To simplify,

(4)

The final segmentation is determined by a joint fuzzy membership 
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(5)

which contains two components to balance the statistical and spatial information: P(ωj|xi)
helps to preserve isolated voxels having high statistical values and Pspat(ωj|xi) tends to
eliminate them by considering local neighborhood interactions. By imposing such
constraints, we expect that the probability of a given voxel belonging to a certain class is
influenced by the probabilities of all voxels in its neighborhood.

Partial Volume Artifact Correction
The partial volume (PV) artifact is caused by an imaging voxel representing two kinds of
tissue types and therefore possessing a signal average of both tissues. It blurs the intensity
distinction between tissue classes at the border of the two tissues. For example, the
intensities of the mixed voxels between CSF and GM approximate the intensities of
unmyelinated WM in neonatal brains, and thus are commonly mislabeled as WM (Wang et
al., 2011). Similarly, mixed voxels between extra-axial CSF and skull are often mislabeled
as WM or GM. Similar to Xue et al. (2007), MRF is incorporated in our SFS scheme to
reduce PV effects. In order to obtain an optimum correction, the parameter β in equation (3),
controlling the spatial influence, needs to be optimized. Intuitively, PV artifact correction
needs strong spatial influence, while the preservation of isolated small regions of extra-axial
CSF needs moderate spatial influence. In this work, a moderate (which may not be optimal
in terms of PV correction) spatial influence parameter was considered (more specifically, the
effects from non-spatial and spatial components are equal), leaving residual PV artifact
present in the resultant segmentation. To correct the residual PV artifact, simple but
effective knowledge-based morphological corrections are further conducted. The correction
criteria are that the outer surface of extra-axial CSF contains no brain matters and the region
in between extra-axial CSF and GM contains no WM.

DEHSI Detection
The T2 relaxation time reflects the rapid changes in free water content, such that CSF is
readily distinguished from DEHSI, WM and GM via aforementioned SFS method. In
addition, our observation is that, as stated in (Oros-Peusquens et al., 2008), T2 relaxation
time for each tissue type (CSF, WM, and GM) can be modeled with Gaussian distribution.
After excluding CSF, T2 relaxometry distribution of the combination of WM and GM can
also be approximated by a Gaussian distribution, of which DEHSI contributes to the upper
bound. Voxels with values greater than or equal to α SD above the mean for cerebral tissues
are considered DEHSI. Mathematical morphological operations (e.g. filling holes in detected
DEHSI regions or removing erroneously randomly isolated extremely small regions) are
finally applied to enhance the detection.

Parameter Optimization
Computer simulations were conducted to determine an optimal α. Simulated preterm infant
brain PD- and T2-weighted images were constructed based on a normal anatomical model
from the Montreal Neurological Institute, McGill University (http://www.bic.mni.mcgill.ca/
brainweb/). Heuristically, we set the mean values of CSF, WM and GM in PD-weighted
images to be 500, 460 and 390; and those values for T2-weighted as 400, 260 and 190,
respectively. Three representative T2-weighted slices were selected, on which synthetic
DEHSI regions were manually drawn by a neonatologist with more than 8 years of brain
MRI research, as shown in Fig. 1. The binary masks of these DEHSI regions (considered as
ground-truth) were recorded and overlaid to the corresponding PD-weighted images. The
mean values of voxels in DEHSI regions were set to 480 and 330 in PD- and T2-weighted
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images, respectively. A multiplicative slowly-varying field of intensity non-uniformity
(INU) with a complex shape and range of 0.9 to 1.1 (20% level) was imposed to both PD-
and T2- weighted images as shown in Fig 2. Different levels of Rician noise were then
imposed to the noise-free PD- and T2-weighted images. DEHSI detections using various α
ranging from 0.5 to 2 were conducted and the one that facilitated maximum accuracy rates
was considered to be optimal. Without loss of generality, the same selection strategy is
conducted at different noise levels. As shown in Fig 3, irrespective of the level of noise, the
optimal α was 1.2.

Quantitative Validations
By superimposing ground-truth and automated detections, four different pixel categories are
generated: a is the number of correct detections that a voxel is negative; b is the number of
incorrect detections that a voxel is positive, c is the number of incorrect detections that a
voxel is negative, and d is the number of correct detections that a voxel is positive. Eight
metrics are then defined to evaluate and compare the results. The recall or true positive rate,
TP = d/(c + d); true negative rate, TN = a/(a + b); false positive rate, FP = b/(a + b); false
negative rate, FP = c/(c + d); precision is the proportion of the detected positives that are
correct, precision, P = d/(b + d) and accuracy is the proportion of the total number of true
detections, accuracy = (a + d)/(a + b + c + d). However, the accuracy sometimes may not be
an adequate performance measure when the number of negatives is much greater than
positives. Similarity index account for this by including TP is also defined: Dice (same as F1
score) = (2 × P × TP)/(P + TP) (Dice, 1945).

Application to Brain MRI Segmentation in Very Preterm Infants
Incorporated with DEHSI detection, SFS on term MRI in very preterm infants can be further
improved. The proposed strategy (named as SFS_DEHSI) comprises three major steps: 1.
An initial SFS is done on original T2-weighted images. Mean intensity value of segmented
WM is considered as a representative value of normal WM and recorded as mWM; 2. A
binary mask containing DEHSI information is overlaid on the corresponding T2-weighted
images. The intensities of these covered voxels are replaced with mWM to generate new T2-
weighted images, that is, the DEHSI regions in new T2-weighted images are corrected by
being filled with approximate normal intensity values of WM; 3. SFS is again applied to the
new T2-weighted images for the segmentation of WM, GM and CSF.

Results
Simulations

Automated DEHSI detection method was validated on simulated preterm infant brains
generated using the strategy proposed in the section of Parameter Optimization.
Qualitatively, Fig. 4 shows the DEHSI detection results have strong overlap with the ground
truth. In addition, quantitative comparisons displayed in Fig. 5 show very high similarity
index values and low false detection rates at each noise level. Noise levels for clinical
preterm infant MRI scans are different system-wise/parameter-wise. A general acceptable
noise standard deviation is about less than 25. When it is less than 15, the true negative and
positive rates, as well as Dice similarity index were consistently greater than 95%. The error
bars in Fig.5 were calculated from 25 random Monte Carlo realizations.

ELBW Data
The proposed automatic DEHSI detection approach was also tested on ELBW infant MRI
scans. The results were visually inspected by a neonatologist. Signal abnormalities that are
visible on T2-weighted MRI were more clearly delineated on T2 relaxometry maps. The
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automated segmentation closely approximated the boundaries apparent on the T2 maps.
Representative images with DEHSI segmentations from a single ELBW infant are presented
in Fig. 6.

Application to Brain MRI Segmentation in Very Preterm Infants
Twenty ELBW data sets were randomly selected from our cohort study database. Motion
artifacts were visually assessed, resulting in exclusion of five out of twenty cases that
exhibited severe motion artifacts. Of these 15 infants, nine infants were clinically diagnosed
with mild to moderate abnormalities other than DEHSI, one infant with severe, and five with
no abnormalities detected on anatomic MRI scans at term-equivalent age. All 15 subjects
exhibited mild (covering one-third of hemispheric white matter) or moderate degree of
DEHSI (covering two-thirds) per neuroradiologist assessment. Data sets were manually
segmented into regions of CSF, WM and GM by an experienced rater to assess segmentation
accuracy. Intra-rater reliabilities of all three tissue types were very high (Yu et al., 2010).
Representative segmentation results generated by the SFS, SFS_DEHSI and the manual
rater are shown in Fig. 7. Visually, SFS and SFS_DEHSI, in general, generated similar
segmentations compared with manual ones. SFS tended to mislabel DEHSI as CSF, since
their voxel intensity distributions appear similar. The detection errors were successfully
corrected by SFS_DEHSI. The detailed quantitative comparisons for each individual subject
are illustrated in Fig. 8 and a summary of the results displayed in Table 1. As described
above, the accuracies were measured by the metrics of accuracy, precision, Dice, TP, TN,
whose values range from 0 to 1 (the higher, the more accurate); the false segmentations were
measured by FP and FN, whose values are also from 0 to 1 (the lower, the more accurate).
Considerable segmentation improvements achieved by SFS_DEHSI over SFS were
observed in the 15 subjects. The segmentation improvements of CSF, WM and GM by
SFS_DEHSI over SFS measured by Dice were 3.57%, 4.71% and 1.14%, respectively.

Discussion
We present a fully automated procedure to detect DEHSI using quantitative T2 relaxometry.
T2 is an objective and quantitative measurement that could be readily obtained during
clinical MR imaging in preterm infants at term. Hagmann et al. (2009) reported higher T2 in
posterior WM than in central or frontal WM in infants with DEHSI as compared to preterm
infants with normal-appearing WM and term controls. The power of their study however
was limited due to subjective placements of regions of interest in visually assessed DEHSI
regions. Studies with long-term neurodevelopmental follow-up present the best likelihood of
determining the developmental and prognostic significance of DEHSI. To date, the
outcomes following development of DEHSI at term are conflicting. Two studies observed a
significant negative association between DEHSI and developmental quotient at 18 months
corrected age (Dyet et al. 2006) and IQ at 9 years of age (Iwata et al., 2012). Others however
reported similar rates of neurodevelopmental impairments in infants with and without
DEHSI (Hart et al., 2011; de Bruine et al., 2011; Jeon et al., 2012). Lack of consistent
outcomes could partly be explained by the difficulty in diagnosing DEHSI reliably. Hart et
al. (2010) reported poor inter- and intra-observer agreement with qualitative diagnosis of
DEHSI. Our use of computer simulations suggests the proposed automated approach yields
objectively quantified DEHSI volumes that may help resolve this debate and spur additional
research into the pathophysiology and histopathologic correlates of such signal
abnormalities. Whole brain tissue segmentation was also enhanced by incorporating DEHSI
detection.

In this work, dual-echo, turbo spin echo sequence was applied to acquire PD- and T2-
weighted imaging data and two-point method was used to calculate T2 relaxation time map
by assuming a single exponential decay, while most of the brain regions may show multi-
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exponential decay (Dula, et. al., 2010). Whittall el al. (1997, 1999) suggested that 32 echoes
were optimal to define the decay curve for a good fit and to enhance insights about the
underlying microscopic pathology. Although multi-echo acquisition produces more accurate
T2-relaxation values, it requires long scanning times (25 min for scanning a single slice as
reported in Whittall’s work) and is not capable of generating whole brain coverage (Jackson
et al., 1993). The emphasis of this work was to differentiate normal and abnormal tissue;
reproducible numbers rather than “true” T2 values was our goal, as this was more practical.
Moreover, the ability to generate whole brain coverage in less scan time is critical for
reducing motion artifacts, especially for unsedated infants. Previous T2 relaxometry studies
in newborns used 2 to 4 echo times for similar reasons (Ferrie et al. 1996; Thornton et al.,
1999; Shanmugalingam et al., 2006; Hagmann et al., 2009).

Other than quantitative T2 relaxonmetry, diffusion weighted imaging has shown reduced
fractional anisotropy (FA) and elevated apparent diffusion coefficient (ADC) values in
regions of DEHSI in preterm infants (Counsell et al., 2003a; Hagmann et al., 2009). Our
proposed procedure can readily be applied to detect DEHSI using FA and ADC maps. The
obtained detections could be used to verify the findings using T2 relaxation time maps. In
adults, efforts have been made to investigate whether spatial locations of WMSA (e.g.
periventricular or subcortical WMSA) reflect different underlying etiology or clinical
consequences (de Groot et al., 2000a, 2000b; Gouw et al., 2011). As such, automated
WMSA localization has been of great interest (DeCarli et al., 2005; Wu et al., 2006; van der
Lijn et al., 2012). Our proposed methods can be applied for a distinction of spatially variant
DEHSI by incorporating spatial information. Such work, when correlated with
neurodevelopmental impairments, will also allow us to improve our definition of DEHSI, in
particular, whether periventricular crossroads regions should be included or excluded as part
of the DEHSI definition (Maalouf et al., 1999; Kostovic et al., 2002; Judas et al., 2005). Our
approach could also be readily modified to automatically detect punctate WM lesions in
preterm infants and WM hyperintensities in adults with multiple sclerosis or diabetic
encephalopathy.

In summary, T2 produces objective and reproducible measurements that can improve our
understanding of preterm infant brain development and may prove to be a more accurate
quantitative biomarker for neurodevelopmental outcomes. We developed a fully automated
method for DEHSI detection in preterm infants at term using T2 relaxometry. Computer
simulations and experiments on clinical MRI data demonstrated very high DEHSI detection
accuracy and improved brain tissue segmentation in ELBW infants.
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Highlights

• We automate DEHSI detection in preterm infants using T2 relaxometry.

• We conduct computer simulations to select an optimal detection parameter.

• The proposed method is validated using both computer simulations and in vivo
data.

• Dice index is 95% when noise standard deviation is 20 in simulated infant brain.

• Average tissue segmentation improvement by incorporating DEHSI detection is
3.14%.
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Figure 1.
Manually drawn DEHSI regions in yellow on a simulated neonatal T2-weighted image serve
as ground truths for detection validations.
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Figure 2.
Non-uniformity magnetic fields are applied to, from left to right, T2-weighted and PD-
weighted images. Right-most quantitative parametric transverse relaxation time T2 map
derived from these images is invulnerable to the magnetic field non-uniformity.
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Figure 3.
Parameter optimization. DEHSI detections using various α (intensity standard deviation)
ranging from 0.5 to 2 were conducted and the one that facilitated maximum accuracy rates
was considered to be optimal. Without loss of generality, the same selection strategy is
conducted at different noise levels. Irrespective of the level of noise, the optimal α was 1.2.
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Figure 4.
Automated DEHSI detection on simulated infant axial MR images (noise standard deviation
10). From left to right: PD-weighted, T2-weighted, calculated T2 relaxometry map and the
detected DEHSI in yellow (superimposed on noise-free T2-weighted images) at three
different axial levels. Qualitatively, the DEHSI detection results have strong overlap with
the ground truth as shown in Figure 1.
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Figure 5.
Comparison of automated DEHSI detection on simulated infant MR images with ground
truth. Quantitatively, automated detection shows very high Dice similarity index values
(left) and low false detection rates (right) at each noise level with ground truth. Noise levels
for clinical preterm infant MRI scans are different system-wise/parameter-wise. Typical
noise standard deviation is less than 25. The error bars were calculated from 25 random
Monte Carlo realizations.
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Figure 6.
Automated DEHSI detection. From left to right: PD-, T2-weighted images; T2 relaxometry
map; and the automated detected DEHSI in yellow (superimposed on T2-weighted images)
at eight different axial levels. Signal abnormalities that are visible on T2-weighted MRI
were more clearly delineated on T2 relaxometry maps. The automated segmentation closely
approximated the boundaries apparent on the T2 maps.
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Figure 7.
Brain MRI segmentations in very preterm infants at eight different axial levels. From left to
right: original T2-weighted images; segmentations by manual rater; SFS; and SFS_DEHSI.
Visually, SFS and SFS_DEHSI, in general, generated similar segmentations compared with
manual ones. SFS tended to mislabel DEHSI as CSF, since their voxel intensity distributions
appear similar. The detection errors were successfully corrected by SFS_DEHSI.
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Figure 8.
Quantitative comparisons of CSF, WM, and GM automated detected by SFS (blue circle)
and SFS_DEHSI (red square) with manual segmentations (ground truth) for 15 randomly
selected ELBW infants. The accuracies were measured by the metrics of Dice, accuracy,
precision, true positive rate, true negative rate, whose values range from 0 to 1 (the higher,
the more accurate); the false segmentations were measured by false positive rate and false
negative rate, whose values are also from 0 to 1 (the lower, the more accurate). SFS_DEHSI
performed considerably better than SFS in our 15 ELBW subjects.
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