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as it can bias the automatic segmentation results [19]. Some ssegmented by a human expert and analyzed to study morpho-
cessful attempts have been made to solve this problem, althouggtric differences betwednst-episode schizophrenia patients,
current techniques are tailored and tuned to $pesegmen- brst-episode affective psychosis patients, and normal control
tation problems [2@f23]. Moreover, the tuning results in as-subjects [30]. We repeat the statistical group comparison with
sumptions making the implementations ofteridiflt to adjust our automated parcellations abdd similar group differences
to other segmentation problems that deviate from the bpecifor all structures except the left superior temporal gyrus, where
scenario. For example, the segmentation of compartments with do not reach sightance . To our knowledge,
large spatial variations within a population, such as lesions tinis is theprst time that a fully automatic parcellator has been
elderly patients, are ditult to segment with methods based orvaluated by revisiting a previously published statistical group
label propagation viaimage registration of atemplatefff2g]. comparison study based on manual segmentations.
Furthermore, many of these methods are restricted to MR im-The remainder of this paper is organized as follows. In
ages from a certain acquisition protocol (e.g., high-bandwid8ection Il, we introduce the parcellation framework that is
multiecho FLASH [21]). guided by the tree structure. The tree describes each anatomical

This paper makes the following original contributions: Watructure of the segmentation problem in terms of its relation
describe a segmentation algorithm guided by prior informatida other structures and structure-sgreciprior information.
represented within a tree structure. The tree captures the hide modify a class of EM segmenters [7], [9], [13], [17] to
archical relationship between anatomical structures and edehguided by the tree structure. We provide an example of an
subtree corresponds to a limited segmentation problem witleM implementation in which the Buence of prior and image
solution estimated through an expectation-maximization (ENfformation is varied throughout the tree. These rirodtions
implementation. We evaluate the accuracy of our algorithm lajylow these segmenters to partition the major brain compart-
revisiting the clinical study by [30] segmenting 50 cases intments into their substructures ashded by the segmentation
the major brain compartments and the superior temporal gyrtessks. In Section Ill, we revisit the previously published sta-
amygdala, and hippocampus. Based on our automatic segmestical group comparison betwedmst-episode schizophrenia
tations, we detect similar group differences as in [30] betwegatients prst-episode affective psychosis patients, and normal
brst-episode schizophrenia patieritsst-episode affective psy- control subjects [30] to evaluate the performance of our new
chosis patients, and normal control subjects with the exceptisegmentation approach.
of the left superior temporal gyrus in which only a trend was
observed but no signbcant difference. Il. METHODS

We relate the segmentation of medical images to a treeAutomatic segmentation algorithms for MR images usually
representing the hierarchical relationship between anatomigalat every anatomical structure as an independent object or at
structures. Unlike [3H[33], where the tree structure containpest model local dependencies. For example, algorithms mod-
the image at different resolutions, the nodes of our tree repeging the segmentation problem via Markov randeetds [11],
sent anatomical structures and the edges of the tree capture[13§, [34], [35] enforce spatial consistency within an anatom-
hierarchy between different regions of interest. For exampleal region but do not explicitly dene large-range dependencies
the structuredrainOis a parent node dyray matte) @hite across anatomical structures. We propose to model the anatomy
matterd and GcerebrospinaRuid. O The key idea is that prior with a hierarchical data structuriede) that dénes the substruc-
information and segmentation parameters can be storedtuat relations and organizes structure-speditlas information.
each node and standard cldssition algorithms can be usedThe approach provides a systematic 8aglible framework that
to perform the segmentation. The process starts at the rootcah be easily adapted to many different segmentation problems.
the tree, segmenting the image into the children of the rodt.also subdivides the segmentation process into subproblems
A recursive process follows where each child becomes a rahat are easier to solve than trying to parcellate all structures
and the region of interest (ROI) associated with the new rootas once. In this paper, we use this principle to design a robust
segmented into its children. and Bexible segmentation algorithm, where a solution to each

One advantage of this technique is fiexibility. For ex- subproblem is determined via an instance of the EM algorithm.
ample, designing a new segmentation framework only requirdswever, this type of hierarchical method is not restricted to
the modbpcation of the tree structure and its associated prioEM implementations.
and parameters. ) ) _

We show how an EM segmentation algorithm can make ffr Tree Representation for Anatomical Regions
use of the tree structure. Unlike [7], [9], [13], and [17], the ob- As described above, for the purpose of segmentation, we rep-
served data of our EM model is composed of image data and tksent anatomical information with a tree data structure. The
tree structure. This results in an algorithm that can, for examptept of the tree describes the region to segment, the leaves rep-
parcellate gray matter into its substructures. resent thebnal structures of interests and the inner nodes are

We provide a validation of our algorithm using clinical dataintermediate coarser anatomical ROIs. A nodes a child of
We automatically segment 50 MR volumes into gray mattesinother node if the structure associated with is a substruc-
white matter, and cerebrospirfalid and further parcellate the ture of the structure associated with Fig. 2 shows an example
gray matter into the superior temporal gyrus, the amygdalz, a tree where an image is to be segmented into background
and the hippocampus. The data set was previously manugdBG), cerebrospinaBuid (CSF), white matter (WM), and gray
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B. An Anatomically-Guided EM Approach The expected value in (3) depends on structure-tpeio-

EM segmentation algorithms have become a popular tool tfccl)rrmatlon associated with each child (e.g., a Gaussian inten-

MR mage segmertaton 7,5 (13, 17) Thy ot nly seq2 108, & At probsbilty sty e we esrved
ment the image into a label map, which is the unknown data’in » ONlY j '
expected value needs to be ex-

the EM formulation, but also incorporate an estimation of P ressed as the sum over all the indices associated with the leaves
rameters related to either the image acquisition (e.g., intensit _
the tree, whichwe name . The MAP

inhomogeneities [7]), or the segmentation process (e.g., attas. '™~ “'*

registration parameters [36]). To achieve this, the EM algorithffiimation problem then expands to

basically alternates between computing the unknown data (its

expectation) given the parameters and observed data and re-

Pning the estimation of the parameters based on the observed

data and the newly computed expected value of the unknown (4)

data [37]. We modify the underlying structure of these tech-

nigues by incorporating the tree structure as part of the structufdte EM algorithm determines a solution to (4) in two steps.

speckc information associated with the segmentation problerfihe Expectation-Step (E-Step) computes@veightQ which is
In most voxel-based EM segmenters, the class assignmehts posterior probability of an anatom-

of the voxels, , are considered to bieiddendata, while the ical structure associated with indexeing present at a spéci

image is observeddata, and the parameterg&ncompass the voxel , giventhe estimate of the parameters and the image

image acquisition parameters, usually the effect of the intensityUsing Bayeérule, the weights are ¢heed as

inhomogeneity. At each iteration the method improves the

estimate of the maximuma posteriori(MAP) probability

solution by solving the following estimation problem:

(®)

In the class-conditional model on image intensities,
Q) represents the intensity model (often
debned to be a Gaussian distribution) and
represents space-conditioned probabilities (i.e., a probabilistic
We modify this MAP estimation problem with the dataatlas) associated with each structure [9]. We provide examples
tree structure resulting in an algorithm that can be used for the two conditional probabilities in the next section.
, the segmenter in the earlier kleed Algo- The second step of the EM algorithm is the Maximization-
rithm 1. Based on Algorithm 1, the input to the algorithnStep (M-Step), which improves the estimate based on the
is the image , the region of interest  , the weights
set of indices into which the
should be segmented, and a set of structure-bpaétiormation
that is déened by the tree structure. We incorporatein
the probabilistic model of (1) by expanding the underlying (6)
incomplete data model. The observed data is now composegnce the EM process has converged, we need to extract the
of the image and the structure-spém data  so that (1) |aheling of the debned at  into its substructure. This
becomes is achieved bybrst computing the weight of each child,
based on the weights of its leaves

2
(7
The voxel class assignments,, are represented by a

space-indexed collection of indicator random vectors, ) _ _ ) )
where represents one of the voxels¥e call hierarchical weightsWe then assign each voxel in

in the and stands for the number of structures to b&e to the index of the child with maximum hierarchical
segmented. The vector is equal to one at position and zero weight
everywhere else. If we assume voxel-wise independence of ®)

then the MAP estimation problem changes to

The label map is returned to the hierarchical algorithm as
3) described in Section II-A. _
If we now deéPne the structure-spdss parameters as
N the set of all leaves and the
where we abbreviate with  the sum over all voxels in the leaves of all children of the rodtl then we can replace the
domain . function call in Algorithm 1 with the previously
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developed EM implementation, whose schematic description is
given in as follows.

Algorithm 2 : SEGMENT [ 1Cc I D )

repeat
E-Step: Calculate  according to (5)
M-Step: Update 6 according to (6)

until 6 converges in I
define according to (7)
define label map £ according to (8)

return £

C. Segmenting Different Types of Boundaries

A robust and automatic parcellator for MR images needs to
accurately model different types of boundaries. For example,
the debnition of boundaries often depends on the MR acquisi-
tion pulse sequence. In Fig. 1, the boundary between dura (blue
in the label map) and CSF (green) is shown in the T>-weighted
image, and the T';-weighted image visualizes the boundary be-
tween white matter (red) and the cortical substructures (gray).
A segmentation problem is simplibed in the existing segmen-
tation framework by restricting each partial segmentation task
towards one type of boundary.

However, the current framework does not capture the rela-
tionship between the boundaries and their appearances in the ob-
served image data. For example, in the images of Fig. 1, the seg-
mentation algorithm guided by the tree structure of Fig. 2 brst
detects the boundary between air and CSF, and subsequently
identiPes the remaining structures. For both segmentation tasks,
the algorithm considers the T;- and Ts-weighted images as
equally important, which is clearly not the case. This debciency
can negatively bias the results due to image artifacts, such as
partial voluming and noise. We address this issue by expanding
the hierarchical structure-specibc information with GnRRuence
parametersOthat control the impact of different components of
the observed data on the segmentation result.

The choice of infRuence parameters is closely linked to the
specibc EM implementation. We conbne our discussion to a
model similar to Wells et al.[7]. This model is easily adapted to
our problem of brain tissue parcellation. We note, however, that
the concept of inBuence parameters can also be integrated into
the voxel-based segmenter such as [9], [13].

In [7], the parameter 6 captures the image inhomo-
geneity. Based on this model, the conditional probability

= ¢;|0 ) is debned to be independent of the param-

eters and the likelihood I| = e; 6 ) only depends on
the intensity I of image I at voxel = so that (5) simplibes to

=l =gt ) =gl ) @

If we now ignore the hierarchical parameter , then we can
debne (9) according to current EM models. Using the intensity
model by [7], the likelihood T | =ej)=N1T +

1205

; Y;) is debned as a Gaussian distribution of the intensity /
with the mean intensity ; and variance Y'; of label j, and
being the image inhomogeneity  at voxel z. Unlike in [7], the
prior = e,) is spatially varying over the image domain
as originally suggested in [9]. This distribution over space is
captured by the probabilistic atlas  j ) of index j enabling
the algorithm to distinguish anatomical structures with similar
intensity patterns.

In the remainder of this section, we extend the previous dis-
cussed distributions to our hierarchical concept within the EM
framework, which is summarized by the maximization problem
of (6). We do so by including GnRuence parametersQcontrolling
the impact of structure-specibc information on the segmentation
results into =e¢;| )and I | =e; ).

1) Intensity-Based Conbdence Parametdnsgeneral, each
input channel in an MR acquisition sequence provides contrast
for a different set of boundaries (see Section I). We incorpo-
rate this observation into our hierarchical model by controlling
the impact of the input channels at each segmentation task. We
add to the structure-specibc information  the vector of inten-
sity based inf3uence-parameters ¢ , with ¢ =~ debning the in-
Buence of input channel % in the segmentation task. We can then
extend the original structure-specibc Gaussian intensity distri-

bution '+ ; T;) with { by creating the following dis-
tribution in a lower dimensional space
| =e¢; )=NT1 ¢ + ;)¢ T().
(10)

This model makes the assumption that ¢ is of the form ( =
e , which is equivalent to ignoring all input channels except the
k*® one. We note that it is straightforward to extend this model
to multiple input channels.

We now return to our previous example to show how ¢
is adjusted to the two different segmentation tasks described
by Fig. 2. We debne the T;-weighted as the brst and the
T>-weighted as the second input channel. For the brst seg-
mentation task the boundary between background and ICC is
clearly debned by the T5-weighted, but not the T-weighted
input channel, which results in {;niage = eo. For the second
segmentation task, the boundary between WM, GM, and CSF
is clearly outlined by the T;-weighted images, so that the
inlBuence parameter is alteredto {1 = ey.

We have now extended the hierarchical framework by the
inlBuence parameters ¢ that debne the infBuence of the input
channels in a given segmentation task.

2) Regulating the InBuence of Spatial PrioiSome bound-
aries are not visible in any of the input channels (see Section I).
Our method identibes these boundaries via spatial priors. Spa-
tial priors are also important for distinguishing ROIs with sim-
ilar intensity patterns. However, they increase the risk of intro-
ducing biases in the segmentation results. We address this issue
by carefully tailoring the use of spatial prior information to each
segmentation task.

We control the impact of spatial priors by altering the debni-
tion of = eg| )inasimilar fashion to the conditional in-
tensity probability of the previous section. We add the parameter

€ [0 1] to the hierarchical parameter debnition , where
debnes the inBuence of the spatial prior in . The condi-
tional probability for each structure j € e f is debned as the



POHL et al.: A HIERARCHICAL ALGORITHM FOR MR BRAIN IMAGE PARCELLATION

1AMY-HIP

Automatic Expert 1 Expert2

1209

rSTG

Automatic Expert 1 Expert2

Saggital Axial

Coronal

3D

Fig. 6. Comparison of automatic and manual segmentations for one scan. The red line outlines the segmentation generated by the rater of the study in Hirayasu
et al. [30]. The label maps and 3-D models correspond to the segmentations of our method (Automatic) and the two experts of the comparison study. The green
lines in the last row represent the coronal and axial slice. The example illustrates the difbculties in segmenting structures with ambiguous boundaries as is evident

from the variations among the experts segmentations.

TABLE II
COMPARING MEAN DICE SCORE OF AUTOMATIC SEGMENTATIONS WITH THE
ONES PRODUCED BY TWO EXPERTS USED FOR THE COMPARISON STUDY IN [30]

Method || ISTG 1STG 1AMY rAMY IHIP  rHIP

Manual 0.767 0.762  0.877 0.873  0.862 0.857

Automatic || 0.701 0.714 0.853  0.830 0.826 0.828
p = 0.04) and the LSD revealed a signibcantly smaller

volume in Prst-episode schizophrenics compared to controls

p = 0.04). The One-Factor ANOVA also revealed a signib-
cant group difference in the left hippocampus ( 24 = 5.567,
p = 0.0007) and the LSD revealed a signibcant smaller
volume in Pbrst-episode schizophrenics compared to controls
p = 0.002) and brst-episode affective psychosis group
p = 0.024). Although no signibcant results were found for
the STG, the LSD test showed a trend of decrease in volume in
Prst-episode schizophrenic compared to controls p = 0.07).

E. Discussion of the Results

In our comparison study, we observed:

¥ asignibcantly smaller right AMY in SZ compared to NC;

¥ a signibcantly smaller left HIP in the SZ group compared
to the other two groups;

¥ atrend of smaller left STG in the SZ group than in the NC

group.

Our statistical analysis based on automatic segmentations
agreed with the manual segmentation results except for the
left superior temporal gyrus. This analysis is also consistent
with reports in the literature, as the superior temporal gyrus
and medial temporal regions (e.g., amygdala-hippocampal
complex) are among the most consistently reported regions
where schizophrenic patients exhibit volume debcits using
both manual ROl methods [3] and voxel-based morphometry
(VBM) [43]. Of further note, hippocampal volume debcits are
consistently reported in schizophrenia [3], [44]. Functionally,
the amygdala is more related to emotional processing, and
anatomically the amygdala has substantial neuronal connec-
tions with the subgenual anterior cingulate cortex that has been
reported to be specibcally altered in affective psychosis [45].
Our failure to reproduce the left STG results shows that the
framework can still be improved. The STG is a highly convo-
luted structure, especially in schizophrenia [46], and the spatial
prior atlas may contain too much uncertainty to accurately
debne the boundary. We also note that human raters have more
difbculty segmenting this structure than the amygdala-hip-
pocampal complex (see Section I1). We are hopeful that with
more data to dePne the spatial priors and a different tuning of
the parameters we will be able to better segment this structure.
One interesting question about using automatic segmenters
for this type of study is the impact of the atlas on the results. On
the one hand, if one uses one atlas per population in order to get
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TABLE IV
THE RESULT OF THE STUDY DESCRIBED IN SECTION Il WHEN GENERATING THE AUTOMATIC SEGMENTATION BY USING A SEPARATE ATLAS FOR EACH
GROUP. FOR FIVE OUT OF THE SIX STRUCTURES, THE P-VALUE IS SIGNIFICANTLY LOWER THAN THE STUDY BASED ON THE MANUAL SEGMENTATIONS
(SEE TABLE I). THE HIGHER SIGNIFICANCE OF THIS STUDY IS PROBABLY A RESULT OF THE BIAS INTRODUCED BY SEGMENTING THE CASES
BASED ON SEPARATE ATLASES FOR EACH GROUP

Region Schizophrenic Affective Controlled One-Factor ANOVA!
left superior temporal gyrus 0.55 +£0.07% 0.61 £0.07% 0.62 £0.04% P4 = 4.64 p = 0.015
right superior temporal gyrus 0.59 £0.09% 0.61 £0.05% 0.57 £0.04% 47 =099 n.s.
left amygdala 0.14 £0.02% 0.12 +0.01%> 0.14 £0.01% | Fr47 = 11.69 p = 0.0001
right amygdala® 0.12 £0.01% 0.12 £0.01% 0.15 £0.02% | Fr47 =17.66  p < 0.0001
left hippocampus 0.21 £0.02%* 0.25 +£0.02% 027 £0.02% | F>47 =35.17  p < 0.0001
right hippocampus 0.26 £0.02%° 0.28 +0.02% 0.27 +0.02% P47 =4.04 p = 0.024

covariates were the age of the subject at the time of the MR acquisition and the parental socioeconomic status.

2Signibcantly smaller (post-hoc test: for schizophrenics p

4Signibcantly smaller (post-hoc test: affective psychosis p

0001, control groups p = 0 004).
3Signibcantly smaller in both patient groups compared to the controlled group (post-hoc test: p
0 001, control groups p

0 001).
0 001).

5Signibcantly smaller compared to affective psychosis group (post-hoc test: p = 0 016).

solved by a voxel-based segmenter. The tree structure can be
modibed and the segmenter can be replaced to adapt our algo-
rithm to other segmentation problems.

We provided an implementation of our parcellation approach
using an EM segmenter for brain tissue classibcation. We modi-
Ped the approach by expanding its observed data model with our
tree structure. In addition, we introduced inRuence parameters
that control the impact of spatial priors and image information
at each segmentation subproblem. These new features enabled
the brain tissue classiber to further partition the tissue classes
into their substructures.

We evaluated the accuracy of the implementation by revis-
iting the study of [30]. The study consists of 50 subjects sep-
arated into prst-episode schizophrenia, brst-episode affective
psychosis, and the normal controls. Our study Pnds similar re-
sults for all structures except the left STG, where we detected a
trend for a smaller volume in SZ but no statistically signibcant
difference p = 0.07). We discussed how choosing the correct
atlas can impact the performance of the algorithm and statistical
analysis. We are hopeful that with more training data some of
the challenges faced in this study can be overcome. To aid in this
effort, we plan to investigate robust ways of computing accurate
atlases that do not bias the statistics.

APPENDIX

We repeated the study of Section Il automatically seg-
menting each case with an atlas associated with the corre-
sponding group. The group-specibc atlases were created by
applying the instructions of Section I11-B2 to the data set of
each group. For example, the atlas for the brst-episode schizo-
phrenic was based on segmentations assigned to that group.
The results of this study are shown in Table IV.

The table shows much lower p-values in the One-Factor
ANOVA in every structure but the right superior temporal gyrus
compared to the manual segmentations reported in Table III.
This is coupled with additional bPndings in the post-hoc anal-
ysis. These additional bndings are properly due to the bias

introduced by segmenting the subjects with group specibc
atlases.
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