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Recent advances in multi-atlas based algorithms address may of the previous limitations
in model-based and probabilistic segmentation methods. Hwever, at the label fusion
stage, a majority of algorithms focus primarily on optimiag weight-maps associated
with the atlas library based on a theoretical objective furion that approximates the
segmentation error. In contrast, we propose a novel method—Atocorrecting Walks
over Localized Markov Random Fields (AWoL-MRF)—that aims animicking the
sequential process of manual segmentation, which is the gdtstandard for virtually all
the segmentation methods. AWoL-MRF begins with a set of canidate labels generated
by a multi-atlas segmentation pipeline as an initial labeligtribution and re nes low
con dence regions based on a localized Markov random eld (EMRF) model using
a novel sequential inference process (walks). We show that\WoL-MRF produces
state-of-the-art results with superior accuracy and robutess with a small atlas library
compared to existing methods. We validate the proposed apprach by performing
hippocampal segmentations on three independent datasets(1) Alzheimer's Disease
Neuroimaging Database (ADNI); (2) First Episode Psychospmatient cohort; and (3)
A cohort of preterm neonates scanned early in life and at terrequivalent age. We
assess the improvement in the performance qualitatively asell as quantitatively by
comparing AWoL-MRF with majority vote, STAPLE, and Joint lteel Fusion methods.
AWoL-MRF reaches a maximum accuracy of 0.881 (dataset 1), 897 (dataset 2),
and 0.807 (dataset 3) based on Dice similarity coef cient meic, offering signi cant
performance improvements with a smaller atlas library(10) over compared methods.
We also evaluate the diagnostic utility of AWoL-MRF by anaing the volume differences
per disease category in the ADNI1: Complete Screening dat&t. We have made the
source code for AWoL-MRF public at: https://github.com/CdoraLab/AWoL-MRF.

Keywords: MR Imaging, segmentation, multi-atlas label fusion,
psychosis, premature birth and neonates
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INTRODUCTION optimal combination of a collection of segmentations. STEPL
has been explored in several studies for improving a variety of
The volumetric and morphometric analysis of neuroanatorhicasegmentation tasksCommowick and War eld, 2010; Akhondi-
structures is increasingly important in many clinical apptioas.  Asl and War eld, 2012; Commowick et al., 2012; Jorge Cardoso
For instance, structural characteristics of the hippocampasseh et al., 2013
been used as an important biomarker in many neuropsychiatric Alternatively, a majority of modern multi-atlas approaches
disorders including Alzheimers disease (AD), schizoplaeni treat label fusion as a weight-estimation problem, where the
major depression, and bipolar disorde{rrison, 2004; Frey objective is to estimate optimal weights for the candidate
et al., 2007; Lerch et al., 2008; Kempton et al., 2011; Meda et segmentation propagated from each atlas. In a trivial cade wit
2013; Weiner, 2093 The gold standard for neuroanatomical uniform weights, this label fusion technique boils down to a
segmentation is manual delineation by an expert human ratesimple majority vote. In other casesl{abar et al., 2009 the
However, with the increasing ubiquity of magnetic resor@nc weights can be used to exclude atlases that are dissimilar to
(MR) imaging technology and neuroimaging studies targeting target image to minimize the errors from unrepresentative
larger populations, the time and expertise required for manuaanatomy. In a more general case, weight values are estimated
segmentation of large MR datasets becomes a critical bettlen using some similarity metric between the atlas library and
in analysis pipelines\(azziotta et al., 1995, 2001; Pausova et althe target image. A comprehensive probabilistic generative
2007. Manual rater performance is dependent on specializetamework is provided bySabuncu et al. (201@hat models
knowledge of the neuroanatomy. A generic manual segmeanmtati such an underlying relationship between the atlas and targe
protocol leverages this anatomical knowledge and uses it idata, exploited by the methods belonging to this class. More
tandem with voxel intensities to enforce structural bounda recently, several methodS¢upé et al., 2011; Rousseau et al.,
conditions during the delineation process. This is, of ceurs 2011; Wang et al., 201 Bave extended this label fusion approach
the premise of many automated model-based segmentatidny adopting spatially varying weight-maps to capture similarit
approaches. at a local level. These algorithms usually introduce a biasdur
Multi-atlas based approaches have been shown to improvebel fusion when the weights are assigned independentlgdb e
segmentation accuracy and precision over model-basedtlas, allowing several atlases to produce similar labersrr
approaches(ollins et al., 1995; Pruessner et al., 2000; War elThese systematic (i.e., consistent across subject cohoaiser
et al., 2004; Heckemann et al., 2006, 2011; Aljabar et &9, 20can be mitigated by taking pairwise dependencies betweersatlas
Chakravarty et al., 2009, 2013; Leung et al., 2010; Lotjonémto account during weight assignment as proposed in the Joint
et al., 2010; Sabuncu et al., 2010; Wolz et al., 2010; Warhg et babel Fusion (JLF) approach/ang etal., 2012; Yushkevich etal.,
2012; Yushkevich et al., 201The processing pipelines of these2019.
approaches can be divided into multiple stages. First, several In contrast, the proposed method—Autocorrecting Walks
atlas images are registered to a target image, i.e., an itpageover Localized Markov Random Field (AWoL-MRF)—pursues
be segmented. Subsequently, the atlas labels are propagateé tdi erent idea for tackling the label fusion problem. We
produce several candidate segmentations of the target imade/pothesize that we could achieve superior performance by
Finally, a label fusion technique such as voxel-wise voiing mimicking the behavior of the manual rater, since virtuadlly
used to merge these candidate labels into the nal segmiemtat segmentation methods use manual labels to de ne the gold-
for the target image. For the remainder of the manuscript westandard. Consequently, the label fusion objective d@eslo
refer this latter stage within a multi-atlas based segntémta here comprises capturing the sequential process of manual
pipeline as “label fusion,” which is the core interest of thissegmentation rather than optimizing atlas library weighéséd
work. on similarity measure proxies and/or performing iterative
Traditionally, in many image processing and computer visiorinference to estimate optimal label con gurations based on
applications in neuroimaging, the use of Markov RandomMRFs. Hence the novelty of the approach lies in the
Field (MRF) has been a popular approach for modelingnethodological procedure as we combine the strong prior
spatial dependencies and has been used in several modekatomical information provided by the multi-atlas framewor
based segmentation techniques. Existing software packageith the local neighborhood information specic to the given
such as FreeSurfefigchl et al., 2002and FMRIB Software subject.
Library (Smith et al.,, 2004 use MRF for gray matter, In the context of segmentation of anatomical structureshsuc
white matter, and cerebrospinal uid classication as wellas hippocampus, the challenging areas for label assignment
as for segmentation of multiple subcortical structures. Fomre mainly located at the surface regions of the structure. W
example, FreeSurfer uses an anisotropic non-stationary MRbbserve that a manual rater traces these boundary regions
that encodes the inter-voxel dependencies as a function dfy balancing intensity information and anatomical knowdel
location within the brain. Pertaining to multi-atlas labilsion  while enforcing smoothness requirements and tackling phrtia
techniques, STAPLE (Simultaneous Truth And Performanceolume e ects. In practice, this behavior translates into a
Level Estimation;War eld et al., 200}, uses a probabilistic sequential labeling process that depends on information alere
performance framework consisting of an MRF model and arby the local neighborhood around a voxel of interest. For
Expectation-Maximization (EM) inference method to computeinstance, a manual rater would begin by marking a boundary
the probabilistic estimate of a true segmentation based on aof a structure that they believe to be correct (high-con de
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based on anatomical knowledge. Next, the rater would identi MATERIALS AND METHODS

certain regions that require further re nement (low-conahce). . . .
Then, region-by-region (patches), the rater would perforragh Baseline MU|tI'AtIa_S Segmentatlon Method .
MAGeT-Brain (https://github.com/CobraLab/MAGeTbrain)—a

re nements by moving from high-con dence areas to low in a ) iDali iously develoned b / q
sequential manner, while taking into account the inforneati  S€9Mentation pipeline previously developed by our group, Is use
as a baseline method for comparisoRif{itone et al., 2004

o ered by neighborhood voxels from orthogonal planes. While

not all groups may use this process, this tends to be a dominahfAGeT-Brain uses multiple manually labeled anatomical aﬂgs
order-of-operations for those using the Display tool from theand a bootstrapping method to generate a large set of candidate

MINC toolkit. This process has been used in many publicationd@P€!S (votes) for each voxel for a given target image to be
by our group Chakravarty et al., 2008, 2009: Wmterbumsegmented.These labels are generated by rst randomigtseje

et al., 2013: Park et al., 2Q14nd serves as intuition for the a subset of target images, which is referred as a templatayibr
development of AWoL-MRF Then the atlas segmentations are propagated to the template

The proposed label fusion method attempts to incorporatéibrary yia transformations - estimated by. nonlinear. image
these observations into an automated procedure and Eegistration. Subsequently, these template library segatient

implemented as part of a segmentation pipeline previousl?re propagated to each target image and these candidate labels

developed by our groupRipitone et al., 2074 The algorithmic are fused using a label fusion method. The number of candidat

steps of AWOL-MRF can be summarized as follows Firslf:lbels is dependent on the number of available atlases and
based on a given multi-atlas segmentation method, we Iiziéia number of templates. In a default MAGeT-Brain con guration,

the label distribution for a neuroanatomical structure te b 1€ candidate labels are fused by a majority vote. _In previous
segmented. This initial label-vote distribution is levged to nVestigations by our groupdhakravarty et al., 2013; Pipitone

partition the given target volume in two disjoint subsets ! al., 2014 we observed no improvements when we used

comprising regions with high and low con dence label valueross correlation and normalized mutual information based

based on the vote distribution at the voxels. Next we corms$tru weighted_ voting $_tudho|me etal., 1999:orthe purposes of this .
a set of local 3-dimensional patches comprising a certairp ratimanuscript, candidate labels generated using MAGeT-Braiin wil

of high and low con dence voxels. The spatial dependencies ine used tq SErve as the mpu_t to AWOL-MRF, STAPLE, anc_j the
these patches are modeled using independent MRFs. Finally, \% fault_majorlty_ v_ote_ label fusion methods. The use of caa_tdad
traverse these patches moving from high to low con dence lmxela els is non?trwlal in the case C_’f label fusion with ‘_]LF’msf t
in a sequential manner and perform the label distribution ufega method requires goupled atlas image gnd label pairs as.mput.
based on a localized (patch-based) MRF model. We implementTJ]e permutations in MAGeT-Brain pipeline generate candidate

novel spanning-tree method to build these ordered sequea)i:eslabEIS totallqg tonumber of atlases numbt_ar of templates i
voxels (walks). These candidate labels no longer have unique corresponding

We provide a description and extensive validation of oufntensity images associated with them. The use of identitas a

approach in this manuscript, which is organized as foIIowsgor template) library images as proxies is likely to deterierat

First, we describe the AWoL-MRF method and the underlyingthe performance_of JLF, as it mo_dels the joint probat_)ility qf
assumptions in detail. Then, we provide a thorough vaIidatiorP’,"o_ at!ases making a.segmentatlon error based. on Intensity
of the method for the whole hippocampus segmentation b imilarity between a pair of atlases and the target imager(g

conducting multi-fold validation over three independentteaets etal, 2_01)2 Therefore, no template library is us_ed_ during JLF
that span the entire human lifespan. The quantitative acopracevalu_at'on' Note that even though MAGe_T-B_raln_ls u_sed as a
evaluations are performed on three datasets: (1) a subskeof goaseline me.thod for the performance va!ldat|on in this work,
Alzheimer's Disease Neuroimaging Database (ADNI) dafé@pt AWoL-MRF is a generic label fusion algorithm that can be used

a cohort of First Episode Psychosis (FEP) patients: and (3) vsollith any multi-atlas segmentation pipeline that produces a$et

cohort of preterm neonates scanned early in life and at termgaml'date labels.
equivalent age. Additionally we evaluate the diagnostilityut .
of the method by analyzing the volume di erences per diseasETOPOSed Label Fusion Method:

category in the ADNI1: Complete Screening dataset. We asseAWWoL-MRF

the accuracy and robustness of this proposed method (sourde generic label fusion method involves some sort of voting
code: https://github.com/CobraLab/AWoL-MRF) by comparingtechnique, such as a simple majority or some variant of
it with three other approaches. Our group has recently validateweighted voting, which combines labels from a set of cartdida
the performance of MAGeT-Brain Hjpitone et al., 2004 segmentations derived from a multi-atlas library. Thesengt
pipeline against several other automated methods. Here, wechniques normally yield accurate performance at labelive t
make use of MAGeT-Brain to generate candidate labels ocore regions of an anatomical structure; however, the dvera
which variety of label fusion methods can be implementedperformance is dependent on the structural variability acted

We rst compare the performance of AWoL-MRF with the by the atlas library. Especially in cases where only a smalbeum
default majority-vote based label fusion used in MAGeT-of expert atlases are available, the resultant segmentafion
Brain. In addition, we compare AWoL-MRF with STAPLE a target image can be split into two distinct regions - areas
(War eld et al., 200¥ and JLF (Vang et al., 200)2label fusion with (near) unanimous label votes and areas with dividectlab
methods. votes. The proposed method incorporates this observation by
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partitioning the given image volume into two subsets baseis a computationally expensive task. Additionally, the unied
on the label vote distribution (number of votes per label permodel usually considers global averages over an entiretatel
voxel) obtained from candidate segmentations. Subsetyyentduring parameter estimation for choice of prior distributigns
these partitions are used to generate a set of patches on wkich such a$?(intensityj labe), which may not be ideal in cases where
construct MRF models to impose homogeneity constraints in théocal signal characteristics show spatial variability.réfee, we
given neighborhood spanned by each patch. Finally, the voxefsopose a patch-based approach, which further divides the given
in these localized MRFs are updated in a sequential mannémage in smaller subsets (3-dimensional cubes) compri§ing
incorporating the intensity values and label informationtbE  as well asS nodes. The subsets are created with a criterion
neighboring voxels. A detailed description of this procedisre imposing a minimum number requirement 0§, nodes in

provided below. a given patch. This criterion essentially dictates the nedati
o composition ofS4 and§ nodes in the patch—which is referred
Image Partitioning as the “mixing ratio” parameter in this manuscript. The impatt o

Let Sbe a set comprising all voxels in a given 3-dimensionais heuristic method of patch generation is discussed iriGec
volume. Then an image comprising gray-scale intensities and parameter Selection. The basic idea behind this approach is to
the corresponding label volume are de ned as: utilize the information o ered by theSy neighbors via pairwise
interactions (doubleton clique) along with the local intsty
|__g rfxzg !t R (1) information to update the label-likelihood of voxels. The
U.g:fx29!f 0 1g (2) implemented algorithm to generate these patches is described
below.
Thus, ! represents thgth candidate segmentation volume First, theS nodes are sorted based on the numbegghodes
comprising binary label values (background:0 and structjre in their 26-node neighborhood. Next, thresholding on thedniy
for a given image. Then with) candidate segmentations, ratio parameter, tof§ nodes from the sorted list are selected as
we can obtain a label-vote distribution through voxel-wiseseeds. Then, the patches are constructed centered at thelse see
normalization. with pre-de ned length {parcr). Figure 1A shows the schematic
P WL(9 representation of thesy, § partitions based on initial label
- (3) distribution (V(9), as well as the overlaying patch-based subsets
J comprisingSy andS_ nodes. Note that depending on parameter
Where, W is the weight assigned to théth candidate choice (mixing-ratio and patch-length), these patches mayeo
segmentation. Now,V .S represents the label probability strictly disjoint. In this case, the nodes in overlapping pagh
distribution over all the voxels in the given image. For anare assigned to a single patch based on a simple metric, such
individual voxel, it provides the probability of belonging o~ @s its distance from the seed node. Additionally, these patche
particular structureV .xi/ D P.L.x/ D1/ D 1 P.L.x/ D 0/. may not cover the entir§_region. These unreachabfie nodes
Now, we split seSinto two disjoint subset§ (high-con dence ~ are labeled according to the baseline majority vote. Thesge t

V.9 D

region) andS_ (low-con dence region) such that. edge cases can be mitigated with sophisticated graph pairtition
methods—nevertheless based on our exploratory invesiigati
S D fx2 SjV.x/ > |_$[ V.x/ > L.ll.g such methods prove to be computationally expensive, and yield
S D fx2 Sjx2Syg (4) minimal accuracy improvements.

where,L9 and L} are the voting con dence thresholds far D Localized Markov Random Field Model

0 andL D 1, respectively. Note that in the generic majority AS seen fronFigures 1A,B the MRF model is built on nodes in
vote scenarid.? D L% D 0.5 andS collapses to an empty @ given patch ). The probability distribution associated with
set. In order to identify and separate low-con dence regionsthe particular eld con guration (label values of the voxelstime
these thresholds are set at higher value®.6) and can be patch) can be factorized based on the cliques of the underlying
adjusted based on empirical evidence (see Section Parame@aph topology. With rst-order connectivity assumption, we
Selection). As mentioned earlier, voting distributionsualy ~ get a 3-dimensional grid topology, where each node (excluding
form a near consensus (uni-modal) toward a particular labePatch edges) has six connected neighbors along the Cartesian
at certain locations, such as the core regions of structaed ~ axes. Consequently, this graph topology yields two types of
therefore these voxels are assigned to the high-con demoset. ~ cliques. The singleton cliqués() of S is a set of all the voxels

In contrast, other areas that have split ( at) label distrilmm are ~ contained in that patch. Whereas the doubleton cliq@)(is a

assigned to low-con dence subset. set consisting of all the pairs of neighboring voxels in thesgi
_ patch. Then, for the MRF model, the total enerdy) (of a given
Patch Based Graph Generation label con guration ) is given by the sum of all clique potentials

From here on, we will refer to voxels as nodes, in keeping witliVc) in this MRF model:

graph-theory convention. The partitioning operation reduces

the number of nodes to be re-labeled by a signi cant amount.

However, considering the size of the MR images, selecting@ ¥ D ¢ V) D 26, Ve, (i) C i2Cs Ve, (Y5 i)
single MRF model consisting of &l nodes and their neighbors (5)
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FIGURE 1 | (A) The segmentation of a sample hippocampus in sagittal view ding various stages of algorithm. Row 1: The target intensitimage to be segmented.
Row 2: The voxel-wise label vote distribution map for the tget image based on candidate labels. Row 3: Image partitiongncomprising two disjoint regions (high
con dence: red, low con dence: white). Row 4: Orange Patches (ocalized MRFs:) comprising low con dence voxels. Row 5: Fusd target labels.(B) Image
partitioning into certain and uncertain regions and genetan of patches. (C) Transformation of MRF graph into spanning tree represent&m. The tree is traversed
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where)y : fL.xi/ jxi 2 $9 Now, assuming that voxel gray-scaleMRF patches into directed spanning trees (Begure 10. Then
intensities (f; D | .x;/ ) follow a Gaussian distribution given the we compute the posterior label distributions one voxel at a time
label value, we get the following relation for the singletbque  as we traversew@lK) through the directed tree exhaustively.
potential based on the MRF model. The directed tree structure mitigates the need for itemativ
inference over loops within the original undirected graph.eTh
following is a brief outline of the implementation of the infarce

. — f i rocedure:
Ve, vi D logPE) D  logl2 ) -t @ P
Vi 1. Initialize all voxels to the labels given by the mode otbas
. . . label distribution.
The mean and variance of the Gaussian model can be estlmatgd Transform the graph consisting & nodes within an MRF
for each patch .empmcally., utilizing th&y nodes in the given patch into a directed tree graph, specically a spanning
patch as a training set. This approach proves to be advantageoustree graph with seed voxels as the root of the tree. This
especially in the context of T1-weighted images of the brasn,

) SR . transformation is computed using a minimum spanning tree
intensity distributions tend to uctuate spatially. The dobleton (MST) method (Prim's Algorithm®Prim, 1957, which nds
clique potentials are modeled to favor similar labels at the ’ ! '

; : . . . the optimal tree structure based on a prede ned edge-weight
neighboring nodes and are given by the following relation. criterion. In this method, the weights are assigned based on
. the node adjacency and voxel intensity gradients.

Ve, ¥ yp D dys;y D YDy, (7
' ' C ify; 6Dy )
fi ff7ifdx;x D1

W Xi; X D .
A 1 if d xi; x; 6D1

The parameter can be estimated empirically using the atlas (10)

library (Sabuncu et al., 20J.0As increases the regions
become more homogeneous. This is discussed further in
Section Parameter Selection. Finally, the posterior prdibabi
distribution of the label con guration can be computed using

. s . 3.
Hammersley-Cli ord theorem, and is given by:

where d x;; xj is a graph metric representing distance
between two vertices.

Traverse through the entire ordered sequence of the MST to
update the label at each voxel using Equation (9).

1 4. Repeat this process for all MRF patches.
P yif D Eexp Uy

. X P_— Pyl VALIDATION EXPERIMENTS
P yjf / i2C1 log 2  C —2
X yi Datasets
2 d vy (8) Forcomplete details please refer to the Supplementary Materials.
’ 2

Experiment I: ADNI Validation

Data used in this experiment were obtained from the Alzheimer

Disease Neuroimaging Initiative (ADNI) database (httpdita

loni.usc.edu/). The dataset consists of 60 baseline scarein t

yMAP argmay; P yif D argmirk,U(y) 9) ADNI1: Complete 1Yr 1.5T standardized Qataséac(k et al,,
2011; Wyman et al., 20).3The demographics of this cohort

The posterior segmentation can be computed using a variety &€ summarized inmable 1 _The manual segmentations for the
optimization algorithms as described in the next section. hippocampus (ADNI-speci ¢) were generated by expert raters
following the Pruessner-protocoP(uessner et al., 2000These

Inference manual segmentations were used for validation and perforraanc
This section provides the details of the optimization techuisiq comparisons.

used to compute posterior label distribution. Common itevati

inference and learning methods such as Iterated Condifiong€Experiment Il: First Episode Psychosis (FEP)

Modes (ICM) and Expectation Maximization (EM) are Validation

computationally intensive, and ICM variants often su er from Data used in this experiment were obtained from the Preventio
greedy behavior that results in local optima. Here, we presernd Early Intervention Program for Psychoses (PEPP-Montreal)
an alternative approach that computes the posterior labed specialized early intervention service at the Douglas Mental
distribution in a non-iterative, online process, minimign Health University Institute in Montreal, Canada/@lla et al.,
computational costs. The intuition behind this approach is t02003. The dataset consists of structural MR images (1.5T) of
mimic manual tracing protocols where the delineation proces81 subjects. The demographics of this cohort are summarized
traverses from higher-con dence regions to lower-con den in Table 2 The manual segmentations for the hippocampus
regions in a sequential manner. In order to follow such a preceswere generated by expert raters following the Pruessneepobt

we transform the undirected graph structures de ned by the(Pruessner et al., 2000

whereZ is the partition function that normalizes con guration
energy (U ) into a probability distribution. The maximuna
posterioriMAP) label distribution is given by:
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TABLE 1 | ADNI1 cross-validation subset demographics.

CN (N D 20) LMCI (N D 20) AD (N D 20) Combined (N D 60)
Age (Years ) 72.2,75.5,80.3 70.9, 75.6, 80.4 69.4, 74.9, 801 70.9, 75.2, 80.2
Sex (Female) 50% (10) 50% (10) 50% (10) 50% (30)
Education 14.0, 16.0, 18.0 13.8, 16.0, 16.5 12.0, 15.5, 18.0 13.0, 16.0, 18.0
CDR-SB 0.00, 0.00, 0.00 1.00, 2.00, 2.50 3.50, 4.00, 5.00 0.00, 1.75, 3.62
ADAS 13 6.00, 7.67, 11.00 14.92, 20.50, 25.75 24.33, 27.00, 2.09 9.50, 18.84, 26.25
MMSE 28.8, 29.5, 30.0 26.0, 27.5, 28.2 22.8,23.0, 24.0 24.0,27.0, 29.0

CN, Cognitively Normal; LMCI, Late-onset Mild Cognitive Impairnm¢; AD, Alzheimer's Disease; CDR-SB, Clinical Dementia Ratir§iam of Boxes; ADAS, Alzheimer's Disease Assessment
Scale; MMSE, Mini-Mental State Examination; Values are presented as lowguartile, median, and upper quartile for continuous variables, or as a peroéage (frequency) for discrete

variables.

TABLE 2 | First Episode Psychosis subject demographics.

N* FEP (N D 81)
Age 80 212326
Gender: M 81 63% (51)
Handedness: ambi 81 6% (5)
Left 5% (4)
Right 89% (72)
Education 81 111315
SES: Lower 81 31% (25)
Middle 54% (44)
Upper 15% (12)
FSIQ 79 88 102 109

Ambi, ambidextrous; SES, Socioeconomic Status score; FSIQ, Full & 1Q. Values are
presented as lower quartile, median, and upper quartile for continuous viables, or as a
percentage (frequency) for discrete variables. Ns the number of non-missing values.

Experiment Ill: Preterm Neonatal Cohort Validation
This cohort consists of 22 premature neonates whose anasbmi

weeks after birth when clinically stable and again at thenter
equivalent age (total of 44 images: 22 early-in-life anc2tage

equivalent). The whole hippocampus was manually segment

c
images (1.5T) were acquired at two time points, once in thé rs

mild cognitive impairment, CN: cognitively normal). Then in
the second part of analysis, we compared the mean hippocampal
volume measurements of two MCI sub-groups: MCI-converters
(65 subjects converting from MCI to AD diagnosis) and MCI-
stable (285 subjects with stable MCI diagnosis) within 1 year
from the screening time-point. Furthermore, during both pgrt

we performed analysis using a linear model predictive of
hippocampal volume based on diagnostic category along with
“age,” “sex,” and “total-brain-volume” as covariates (dased
from ADNIMERGE table from the ADNI database).

Label Fusion Methods Compared

We compared the performance of AWoL-MRF against MAGeT-
Brain majority vote, STAPLE, and JLF. The basic approach of
these label fusion methods is described below.

MAGeT-Brain Majority Vote

As described in Section Proposed Label Fusion Method: AWoL-
MRF, the MAGeT-Brain pipeline uses a template library sampled
from the subject image pool. Consequently, the total number
of candidate labels (votes) prior to label fusion equals nemb
of atlases number of templates. In the default MAGeT-Brain
con guration, these candidate labels are fused based oplsim

Inajority vote.

by an expert rater using a 3-step segmentation protocol. Thgjmultaneous Truth and Performance Level

protocol adapts histological de nitionsXuvernoy et al., 2005

Estimation (STAPLE)

as well as existing whole hippocampal segmentation protocolgtapy g (Simultaneous truth and performance level estimation

for MR images Pruessner et al., 2000; Winterburn et al., 2013{y4¢ eld et al.

Boccardi et al., 20)3o0 the preterm infant brain Guo et al.,
2015.

Experiment IV: Hippocampal Volumetry

200, is a probabilistic performance model that
tries to estimate underlying ground-truth labels from a &6t
manual or automatic segmentations generated by multiplesate
or methods. Note that STAPLE does not consider the intensity
values from the subject image in its model comprising MRF.

The volumetric analysis was performed using the standaddizesTAPLE carries out label fusion in an Expectation-Maxiniczat

ADNI1: Complete Screening 1.5T datasétyman et al., 2013

framework and estimates performance of a manual rater or

comprising 811 ADNI T1-weighted screening and baseline MRy automatic segmentation method for each label class—which
images of healthy elderly (227), MCI (394), and AD (190)s then used to nd the optimal segmentation for the subject
patients. The segmentations were produced using 9 atlaspgage. Software implementation of STAPLE was obtained from

(segmented following the Pruessner-protocol) with eachtioét  the Computational Radiology Laboratory (http:/www.crl.med
For majority vote, STAPLE, and AWoL-MRF the number ofnaryard.edu/software/STAPLE/index.php).

templates was setto 19. As mentioned earlier, the use of téaspla

is not possible with JLF due to coupling between image andoint Label Fusion (JLF)

label volumes from the atlas library. In the rst part of analjs Among the modern label fusion approaches incorporating
we compared the mean hippocampal volume measurements pspatially varying weight-distribution, JLF also accounts tfor
diagnosis (AD: Alzheimer's disease patients, MCI: subjeits dependencies within the atlas libraryv@ng et al., 2002 These
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dependencies are estimated based on an intensity similari§onstrained by the size of the Premature Birth and Neonatal
measure between a pair of atlases and a target image indataset and the quality of certain images which caused dtiesl
small neighborhood surrounding a voxel. This approach allows the registration pipeline, we simply performed a single round
mitigation of bias typically incurred by the presence of samil of validation to determine if the results that we found in
atlases. Software implementation of JLF was obtained from thexperiments | and Il were generalizable to brains with rallijca
ANTs repository on Github (https://github.com/stnava/ANTs di erent neuroanatomy. Due to incomplete myelination of the

blob/master/Scripts/antsJointLabelFusion.sh).

Evaluation Criteria
For experiments|, Il, and Ill, we performed both quantitatiaed
qualitative assessment of the results. The segmentatimuracy

brain, the neonatal MR images have drastically di erent castr
levels. The intensity values for the hippocampus are reversed
relative to T1-weighted images of the adolescent or aduthéuu
brains. These distinct attributes make it an excellent “reald
sample” or “independent test-set” for performance evaluation.

was measured using Dice similarity coe cient (DSC), given a Thus, for this dataset, the quantitative scores are averager

follows: left and right hippocampi over a single validation round.
) ) Additionally, we also veried the segmentation precision
DSCD M (11) using surface based metric analogous to the Hausdor distanc
JAICjB (Chakravarty et al., 2009The details of this evaluation are

. . . reported in th lementary Materials.
whereA and B are the three dimensional label volumes being eported in the Supplementary Materials

compared. We also evaluated the level of agreement between

automatically computed volumes and manual segmentationRESULTS

using Bland-Altman plots Eland and Altman, 19896 Bland-

Altman plots were created with segmentations generated frofcxperiment I: ADNI Validation

5 to 19 templates con guration. For the ADNI and FEP For ADNI dataset, the mean Dice score of AWoL-MRF
datasets, we performed three-fold cross validation andinbth maximizes at 0.881 with 9 atlases and 19 templates. As seen
the quantitative scores by averaging over all the validatiofrom Figure 2 AWoL-MRF outperforms both majority vote
rounds, as well as the left and right hippocampal segmentationf.862), STAPLE (0.858), and JLF label fusion (0.873) msthod
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FIGURE 2 | Experiment | DSC: All results show the average perfor  mance values of left and right hippocampi over three-fold valida tion. The top-left
subplot shows mean DSC score performance of all the methodsRemaining subplots show the mean DSC score improvement ovezompared methods for different
number of templates (bootstrapping parameter of MAGeT-Biia).
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Number of Atlases: 3

FIGURE 3 | Experiment | DSC: Statistical comparison of the perfo
reported for pairwise comparisons fp < 0.05, **p < 0.01, ***p < 0.001).
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FIGURE 4 | Experiment | Bland-Altman Analysis: Comparison betw

are shown for each method. Note that the points above the mealifference indicate underestimation of the volume with rggect to the manual volume, and vice versa.

0.5*(Manual + Computed)

een computed and manual volumes (in mm 3) for single parameter con guration of 9
The overall mean difference in volume, and limits of agreeme(LAC/LA : 1.96 SD) are shown by dashed horizontal lines. Linear t liree
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Particularly compared to JLF, more improvement is seen witlSpeci cally, we see that in all four methods, the volumes of
fewer atlases as AWoL-MRF reaches mean Dice score of 0.88@ smaller hippocampi are overestimated, whereas the larger
with only 6 atlases. The improvement diminishes with anhippocampi are underestimated. Nevertheless, AWoL-MRF
increasing number of atlases and a smaller number of templatshows the smallest magnitude of mean bias, along with tighte
(bootstrapping parameter for generating candidate labels)imits of agreement across the cohort. STAPLE displays simila
Additionally, AWoL-MRF helps reduce the bias introduced bymean bias values, but higher variance in volume estimation
certain majority vote techniques while arbitrarily breagivote- compared to AWoL-MRF, which is evident by its steeper line-
ties in the cases of even number of atlases, as previouslytmascr slope and wider limits of agreements. Majority vote and JLF show
by our group and othersH{eckemann et al., 2006; Pipitone et al.,the highest amount of positive mean bias indicating a tenglenc
2019. We nd that AWoL-MRF corrects these decreases intoward underestimation of hippocampal volume.
performance, which is evident by the extra boosts in accuimcy ~ Qualitatively, improvement in segmentations is seen on the
the cases with an even number of atlases. surface regions of the hippocampus. As seeRigure 5, spatial
DSC distribution comparisons for a four sample homogeneity isimproved as well.
con gurations (number of atlase® 3, 5, 7, 9; number of
templatesD 11) are shown irFigure 3 These plots reveal that Experiment 1l: FEP Validation
AWoL-MRF provides statistically signi cant improvement For the FEP dataset, the mean Dice score of AWoL-MRF
over all other methods regardless of size of the atlas §brarmaximizes at 0.897, with 9 atlases and 19 templates. Similar
As expected, we also notice the reduction in variance with ato Experiment |, the AWoL-MRF consistently outperforms
increasing number of atlases. the majority vote (0.891), STAPLE (0.892), and JLF (0.888)
The Bland-Altman plots reveal the biases incurred with themethods; however, the improvement is comparatively modest.
application of each automatic segmentation method duringMore improvement is seen with fewer atlases when compared
volumetric analysisFigure 4 shows that all four methods have to JLF, as AWoL-MRF surpasses the mean Dice score of 0.890
a proportional bias associated with their volume estimatesyith only 3 atlases (sd€gure €). The improvement diminishes

FIGURE 5 | Experiment | Qualitative Analysis: Comparison of man  ual vs. automatic segmentation methods.  The red rectangle illustrates a section where
the superiority of the AWoL-MRF approach is particularly gmrent. The segmentations are performed using 3 atlases, ahthe Dice scores are as follows: Majority
Vote: 0.806 STAPLE: 0.833 JLF: 0.804 AWoL-MRF: 0.854. The sgmentation of the left hippocampus is shown in sagittal view
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FIGURE 6 | Experiment Il DSC: All results show the average perfo  rmance values of left and right hippocampi over three-fold valid ation. The top-left
subplot shows mean DSC score performance of all the methodsRemaining subplots show the mean DSC score improvement ovetompared methods for different
number of templates (bootstrapping parameter of MAGeT-Biia).

with an increasing number of atlases and a smaller number AWoL-MRF consistently outperforms the majority vote (0.775),
templates. In addition to a smaller atlas library requiremien STAPLE (0.775), and JLF (0.771) methods by a large amount.
the ability to reduce the bias introduced by the majority &ot More improvement is seen with fewer atlases when compared to
technique is also observed in this experiment. JLF, as AWoL-MRF surpasses the mean Dice score of 0.800 with

DSC distribution comparisons for four sample con gurations only four atlases (sefeigure 10. The improvement diminishes
(number of atlase® 3, 5, 7, 9; number of templat€s 11) are as the number of atlases increases the number of templates
shown inFigure 7. These plots reveal that AWoL-MRF providesdecreases. Also, due to the single fold experimental design f
statistically signi cant improvement over all other meth®d this dataset, higher performance variability is observeaeislly
regardless of the size of the atlas library. Similar to amoyr with a smaller number of templates.
gains, the variance of the Dice score distribution is alsaln DSC distribution comparisons for four sample con gurations
compared to ADNI experiment. (number of atlase® 3, 5, 7, 9; number of templat€> 11) are

The Bland-Altman plots (sedrigure 8 show that both shown inFigure 11 These plots reveal that AWoL-MRF provides
AWoOL-MRF and majority vote exhibit the smallest meanstatistically signi cant improvement over all other method
proportional bias. In comparison, STAPLE and JLF show strongegardless of the size of the atlas library.
biases characterizing considerable overestimation (heghias) The Bland-Altman plots show that both AWolL-MRF and
and underestimation (positive bias) of hippocampal volumeJLF can estimate hippocampal volume with an extremely small
across the cohort, respectively. Quantitatively, AWoL-MRF sti proportional bias (se€igure 12. Compared to the ADNI and
outperforms the other three methods, as evident from the #nal FEP datasets, the magnitude of the bias is signi cantly ipwe

line-slope and tighter limits of agreement. with AWoL-MRF producing the best result. In comparison,
Similar to the ADNI experiment, qualitative improvement is majority vote consistently underestimates and STAPLE
seen at the surface regions of the hippocampuskegee 9). consistently overestimates hippocampal volumes across the
. cohort.
Experiment Ill: Preterm Neonatal Cohort Similar to the previous two experiments, qualitative
Validation improvement is seen at the surface regions of the hippocampus

The mean Dice score of AWoL-MRF maximizes at 0.807, with ¢seeFigure 13. Note that the intensity values for hippocampus
atlases and 19 templates. Similar to the rst two experimehts, are reversed due to incomplete myelination.
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FIGURE 7 | Experiment Il DSC: Statistical comparison of the per  formance of all methods for different atlas library sizes. The statistical signi cance is

reported for pairwise comparisons {p < 0.05, **p < 0.01, ***p < 0.001).

FIGURE 8 | Experiment Il Bland-Altman Analysis: Comparison bet

9 atlases and 19 templates. The overall mean difference in volume, and limits of agreeme(LAC/LA : 1.96SD) are shown by dashed horizontal lines. Linear t lire
are shown for each method. Note that the points above the mearlifference indicate underestimation of the volume with rgzect to the manual volume, and vice versa.

ween computed and manual volumes (in mm

3) for single parameter con guration of
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FIGURE 9 | Experiment Il Qualitative Analysis: Comparison of ma  nual vs. automatic segmentation methods. ~ The red rectangle illustrates a section where
the superiority of the AWoL-MRF approach is particularly gmrent. The segmentations are performed using 3 atlases, ahthe Dice scores are as follows: majority
vote: 0.875, STAPLE: 0.878, JLF: 0.856 AWoL-MRF: 0.891. Theegmentation of the right hippocampus is shown in sagittal iew.

Experiment IV: Hippocampal Volumetry metric. In the comparison using a linear model, AWoL-MRF
Group Comparisons between CN, MCI, and AD continues to show signi cant volumetric di erenceg € 0.05)

As seen fromFigure 14A mean volume decreases with thebetween these two groups.

severity of the disease for all methods. The volumetridsites .

are summarized inTable 3 Based on Cohen's d metric as aParameter Selection

measure of e ect size, we see the largest separation betwed$ studied the impact of parameter selection on the performance
“CN vs. AD” diagnostic categories, followed by “CN vs. Mcof AWoL-MRF with joint consideration of the segmentation
categories, and lastly between “MCI vs. AD” categories. Th@ccuracy and con_*an_JtationaI cost. The four parameters that need
reslts show that the e ect sizes are most pronounced in AwoL 0 be chosera priori are: con dence thresholdd § and L3),
MRF and JLF in all pairwise comparisons. All four methodsPatch-1ength Lpac), mixing-ratio .S4=§/paen and the
show strong volumetric di erencesp(< 0.001 orp < 0.01) parameter of the MRF model. Recall that the Gaussian
between “CN vs. AD” categories followed by “CN vs. MCI;” whic distributi_on parameters in the MRF are _estimated for each patch
show relatively weaker di erences. JLF also shows volumetrtitomatically using th&; nodes in the given patch. o

di erences between “MCl vs. AD” categories with a much weaker First, the con dence threshold parameters are heuristycall
signi cance level|§ < 0.05) compared to the other two pairwise derived from the voting distribution. As mentioned befolmth
comparisons. In the linear model analysis, all four methdums  LT° and Lt* values need to be greater than 0.5 to produce

signi cant di erences p< 0.001 op < 0.01) only between “CN  hon-empty low-con dence voxel set. Based on the assumptions
vs. AD” and “CN vs. MCI” comparisons. that the high-con dence regiongy) comprises more structural

voxels L.xi/ D 1) than the total number of voxels in the

Group Comparisons between MCI-Converters and low-con dence region § ), we de ne a following metric:

MCI-Stable Cohorts iSi
Figure 14B shows that the MCI-converters have relatively m
smaller volumes compared to MClI-stable group. The volumetric

statistics are summarized infable3 AWoL-MRF shows Then we choose con dence thresholcﬂ#(andL% ), which fall in
statistically signi cant p < 0.05) volumetric di erences between the parameter space bounded by (0.5, 1).Figure 15Ashows
these two groups, with strongest e ect size based on Cohen'sah example of these bound values—computed for the ADNI

(12)
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FIGURE 10 | Experiment Il DSC: Preterm Neonate Cohort Valida tion: All results show the average performance values of left an d right hippocampi
over three-fold validation.  The top-left subplot shows mean DSC score performance of athe methods. Remaining subplots show the mean DSC score
improvement over compared methods for different number ofémplates (bootstrapping parameter of MAGeT-Brain).

dataset in Experiment | (left hippocampus). Note that the larger Lastly, the  parameter of MRF model controls the
threshold values imply larg&g region, and consequently higher homogeneity of the segmentation. It is dependent on the
computational time. Based on this heuristic, we chbs®D 0.8 image intensity distribution and the structural propertie$ o
andLt! D 0.6 for experiments I, II, and IV; andr°D LD 0.7 the anatomical structure. The large value of results in
for the experiment lIl. more homogeneous regions giving a smoothed appearance to a
As described in Section Validation Experiments, the patchstructure. We selectedD 0.2 based on the results of training
length and the mixing ratio parameters are interrelated andghase where we split the atlas pool into two groups and used one
directly a ect the coverage of region. From a performance setto segment the other.
perspective, these have higher impact on the computational time
than the segmentation accuracy (seigures 15B,3. Higher DISCUSSION AND CONCLUSIONS
Lpatchimplies larger MRF model on the sub-volume and therefore
requires higher computational time. Conversely, smallecipes |n this work, we presented a novel label fusion method
would reduce the computational time; but would run a risk that can be incorporated into any multi-atlas segmentation
of insu cient coverage ofS region and consequently oer pipeline for improved accuracy and robustness. We validated
poor accuracy improvement. The third parameter choice othe performance of AWoL-MRF over three independent datasets
mixing ratio a ects the total number of seeds/patches for apanning a wide range of demographics and anatomical
given image. A higher ratio necessitates a searcl§farodes variations. In Experiment I, we validated AWOL-MRF on an
surrounded with a large number d nodes, which reduces Alzheimers disease cohorN(D 60) with median age of 75.
the total number of patches as well as the computational timgnp Experiment I, validation was performed on rst episode
Based on the accuracy vs. computational cost trade-o arglysbf psychosis cohortN D 81), with median age of 23. In
with respect to these parameter choices, we selected a patgfkperiment Ill, we applied AWoL-MRF to a unique cohort
length of 11 voxels and a minimum mixing ratio of 0.0075(N D 22  2) comprising preterm neonates scanned in the
which translates into seed nodes surrounded by a minimum ofrst weeks after birth and again at term-equivalent age with
10 & nodes in the 26-node neighborhood, for all validationdistinctly dierent brain sizes and MR scan characteristics
experiments. from our rst two datasets. In all of these exceptionally
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FIGURE 11 | Experiment Ill DSC: Statistical comparison of the p  erformance of all methods for different atlas library sizes. The statistical signi cance is
reported for pairwise comparisons {p < 0.05, **p < 0.01, ***p < 0.001).

FIGURE 12 | Experiment Ill Bland-Altman analysis: Comparison b etween computed and manual volumes (in mm 3) for single parameter con guration

of 9 atlases and 19 templates. The overall mean difference in volume, and limits of agreeme(LAC/LA : 1.96 SD) are shown by dashed horizontal lines. Linear t
lines are shown for each method. Note that the points above th mean difference indicate underestimation of the volume i respect to the manual volume, and vice
versa.
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FIGURE 13 | Experiment Ill Qualitative Analysis: Comparison o f manual vs. automatic segmentation methods. The red rectangles illustrate sections where
the superiority of the AWoL-MRF approach is particularly gmrent. The segmentations are performed using three atlase and the Dice scores are as follows: majority
vote: 0.748, STAPLE: 0.760, JLF: 0.746, AWoL: 0.807. The segentation of the left hippocampus is shown in sagittal viewNote that for this particular dataset, the
brain structures are mostly unmyelinated causing a reversaf the intensity values for the hippocampal structure—askown in the top row.

heterogeneous subject groups, AWoL-MRF provided superidmages and speeds up the analysis pipelines. From a robustness
segmentation results compared to all three competing methodperspective, we notice a reduction in the two types of biases, Fi
majority vote, STAPLE, and JLF, based on DSC metric asWolL-MRF mitigates the issue of degenerating accuracy caused
well as proportional bias measurements. In Experiment IV, wéy the vote-ties with a small, even number of atlases. Themem
validated the diagnostic utility of AWoL-MRF by analyzing importantly, we see a consistent reduction of proportional bias
the standardized ADNI1: Complete Screening 1.5T dataset. W&s evident by the Bland-Altman analysis.
found signi cant volumetric di erences between “CN vs. AD”  There are several novel features that distinguish AWoL-
and “CN vs. MCI” groups, as well as, “MCl-converters vs. MCI-MRF from other label fusion algorithms, particularly due
stable” groups. to its methodological similarities to manual segmentation
In the rst three experiments, we see that AWoL-MRF o ers procedures. For instance, a manual rater estimates the voxel
superior performance with a remarkably small atlas library, antensity distribution conditioned on a label class purelprfr
very desirable quality in a segmentation pipeline. AWoL-MRRhe neighborhood of the target image itself and not from
provides mean DSC scores over 0.880 with only six atlasdse atlas library. AWoL-MRF translates this into estimatitg t
(Experiment 1), 0.890 with only three atlases (Experiment 2)intensity distributions based on the statistics collecteshf the
and 0.800 with only four atlases (Experiment Ill) compared tohigh-con dence voxels in a given localized patch in the targe
other methods, which require larger atlas libraries to d&liv image. Thus, one of the key di erences between AWoL-MRF
similar performance. This is an important bene t as it reducesand the existing multi-atlas label fusion techniques inles the
the resource expenditure on the manual delineation of MRlecoupling from the atlas library in the post-registration &ag
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FIGURE 14 | (A) Hippocampal volume (in mn?) vs. diagnoses (NL vs. MCI vs. AD). Cohen's d scores (effectze) and statistical signi cance is reported for pairwise
comparisons between diagnostic groups.(B) Hippocampal Volume (in mn?) vs. MCI subgroups (converters vs. stable). Cohen's d scoee(effect size) and statistical
signi cance is reported for pairwise comparisons between goups.

Once we obtain the initial label-vote distribution, we contplg The key benets of the AWoL-MRF implementation are
rely on the intensity pro le of the target image and avoid anytwo-fold. First we o er state-of-the-art performance using a
computationally expensive pairwise similarity comparisongwi small atlas library € 10), whereas most existing segmentation
the atlas-library. Additionally, even though we use a comiyo pipelines typically make use of large atlas libraries comprising
used MRF approach to model spatial dependencies, the nov@0—-80 manually segmented image volumEsugssner et al.,
spanning-tree based inference technique that attempts toicmim2000; Heckemann et al., 2Q@hat require specialized knowledge
the delineation process of a manual rater di erentiates AWoL-and experience to generate. Secondly, from a computational
MRF from traditional iterative optimization techniques suchk a perspective, AWoL-MRF mitigates several expensive operations
iterative conditional modes or Expectation-Maximizatiovia@i common among many multi-atlas label fusion methods. Firgt, b
Leemput et al., 2003; War eld et al., 2004 eliminating the need for pairwise similarity metric estinatj
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TABLE 3 | Hippocampal Volumetry Statistics of ADNI1: Complete S creening 1.5T dataset per diagnosis [subjects with Alzheimer 's disease (AD), subjects
with mild cognitive impairment (MCI), healthy subjects/cogni tively normal (CN), as well as, MCI-converters and MCI-stabl e subgroups].

Volumetric statistics: CN vs. MCI vs. AD Comparisons

CN MCI AD
Method Mean Std. dev Range Mean Std. dev Range Mean Std. dev Ra nge
Majority Vote 2084.7 615.3 [1010.0, 3364.0] 1960.5 599 [9015, 3685.5] 1897.2 582.3 [940.0, 3422.0]
STAPLE 2236.6 659 [1097.5, 3557.0] 2124.2 649.3 [988.0, 403.5] 2068.2 655.4 [1008.5, 3936.0]
JLF 1943.6 593.5 [796.0, 3280.5] 1803.3 572.6 [807.0, 34630] 1697.3 551.6 [782.0, 3242.5]
AWoL-MRF 2312.9 676.3 [1133.5, 3736.5] 21475 652 [991.0, £94.5] 2047.7 631.3 [982.5, 3731.0]
Cohen's d Linear Model

CN vs. MCI CNvs. AD MCI vs. AD CN vs. MCI CNvs. AD MCI vs. AD
Majority Vote 0.1727 0.3194 0.123 3.875%* 3.662%* 0.402
STAPLE 0.1463 0.2688 0.1005 3.424%*= 3.001** 0.101
JLF 0.202 0.4343 0.2155 4,195%* 4,884 1.451
AWoL-MRF 0.2092 0.4111 0.1783 4,424 4.657** 0.987

Volumetric Statistics: MCl-converters vs. MCl-stable Compa risons

MCl-converters MCl-stable
Method Mean Std. dev Range Mean Std. dev Range
Majority Vote 1846.2 489.6 [1036.0, 2980.0] 1995.7 619.3 [@1.5, 3685.5]
STAPLE 2000.7 542.8 [1093.0, 3205.5] 2163.6 668.0 [988.0, ©26.5]
JLF 1686.8 483.9 [932.5, 2831.0] 1842.2 586.3 [807.0, 34630]
AWoL-MRF 2007.4 534.6 [1115.0, 3251.0] 2186.6 672.6 [991.Q 4094.5]
MCI-converters vs. MClI-stable: Cohen's d MCI-converters v s. MCl-stable: Linear Model

Majority Vote 0.185 1.708

STAPLE 0.181 1.616

JLF 0.192 1.844

AWoL-MRF 0.204 1.965*

Effect sizes of pairwise differences between groups are based on Coh&nd metric. All t-values and signi cance levels from a linear modetomprising “Age,” “Sex,” and
“total-brain-volume” as covariates. fp < 0.05, **p < 0.01,***p < 0.001).

we avoid computationally expensive registration operatidva t allows the label fusion step to capture local charactesstfche
increase rapidly with the size of the atlas library. Furtherey image based on high-con dence regions without requiring th
several extensions based on patch-based comparisons betwéerative parameter estimation and inference methods such a
an atlas library and a target image make use of a variant &M. Lastly, other con dence based label fusion methods such as
a local search algorithm or a supervised learning approachhang et al. (2011utilize local image appearance based metric
(Coupe et al., 2011; Rousseau et al., 2011; Wang et al., 20éstimated from forward and backward matching procedures
Hao et al., 2014; Wu et al., 2014or instanceCoupé et al. involving computationally expensive k-NN search. In contrast
(2011) uses a non-local means approach to carry out labeAWoL-MRF simply uses label-vote distribution at each voxel to
transfer based on multiple patch comparisohisio et al. (2014) compute the con dence estimate.

uses a supervised machine-learning method to train a classi ~ We believe that the performance improvements provided
using similar patches from an atlas library. Computationallypy AWoL-MRF can be explained by two major factors. First,
these patch-based approaches, especially the implementatioms argue that the utilization of intensity values and local
that incorporate non-local means, are expensiéa(ig et al., neighborhood constraints act as regularizers, which helpsda
2013 and require a considerable number of labeled imageever- tting to the hippocampal model represented by the atlas
(Hao et al., 2014; Wu et al., 201Moreover, compared to the library. Both majority vote and STAPLE do not consider intiyns
single uni ed MRF models, the localized MRF model reducesalues in their label fusion stage and thus are more likely
the computational complexity while maintaining the spatialto ignore minute variations near the surface areas of the
homogeneity constraints in the given neighborhood. It alscstructure, which are not well represented within the atlaslilp.
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FIGURE 15 | Parameter selection. (A) Effect of con dence threshold values on image partitioning. represents the ratio of low-con dence voxels over

high-con dence structural voxels. The highlighted region énotes the heuristically “good” region for threshold selet@n. (B) Effect of mixing ratio andLpatch on DSC
performance. Mixing Ratid is the minimum required number ofSy nodes in the 26-node neighborhood for a given seed voxel. Netthat with a largerLpaich
performance improves. Whereas, with a smalletpaich Or @ higher mixing rati¢ the performance worsens due to poor coverage oves, region. (C) Effect of mixing
ratio and Lpaech On computational cost. The light blue line shows the number Bpatches for given con guration as a reference. Note that thecomputation time
increases exponentially with a highetpatch and a smaller mixing ratié (Note: mixing ratid represents the equivalent number of minimunsy node requirement in the
26-node neighborhood for the seed node selections).

JLF, which does take intensity information into account and From a diagnostics perspective, the volumetric assessment of
implements a patch-based approach, tends to perform bettexdl four methods shows signi cant di erencep € 0.001 orp <
than majority vote and STAPLE with a relatively higher numbe 0.01) between “CN vs. AD” and “CN vs. MCI” groups. Consistent
of atlases:>4 in Experiment | and>6 in Experiment Ill. with the Bland-Altman analysis (s&égure 4), JLF and majority
Therefore, we speculate that JLF is more likely to deliver soperivote underestimate the volume compared to AWoL-MRF and
performance in cases with larger atlas library availabilitgich ~ STAPLE across all diagnostic categories. Even though teetdi
again comes with the cost of generating manual segmentatiorvolumetric comparisons based on JLF yield signi cant di ereac
Second, the spanning tree based inference method tries taanim(p < 0.05) between “MCI vs. AD” groups, these di erences
the manual delineation process by starting with regions withvanish in the linear model that includes “age,” “sex,” anotét-
strong neighborhood label information and moving progresty  brain-volume” as covariates. These ndings are consistettt wi
toward more uncertain areas. Compared to iterative methoda variety of studiesMouiha and Duchesne, 20;15abuncu
(e.g., EM) or graph-cut based approach&go(z et al., 2009; et al., 2011; La Joie et al., 2phighlighting the heterogeneity
Lotjonen et al., 2000the sequential inference process may notin hippocampal volume within MCI subjects, which results
be optimal in a theoretical sense; i.e., spanning-tree doés nm smaller di erences between MCI and AD groups. This is
guarantee the global minimum for the MRF energy function.particularly typical in the ADNI-1 cohort MCI subjects used
Nevertheless, we argue that the procedural similarity betviee  in this analysis, which were recently re-classi ed under enor
automatic and manual labeling process provides more accurapgogressed stages of MCI or late-MQli¢en et al., 2000 The
results, since the ground truth is de ned by the latter. volumetric comparison between MCI-converters and MCI-$gab

Additionally, decoupling of label fusion process fromgroups reveals that the subjects from latter group comprise
similarity comparisons with the atlas library allows AWoL-MRFrelatively larger hippocampal volumes at the screening time-
to utilize bootstrapping techniques that augment the pool ofpoint. These ndings are consistent with a previous study
candidate labels as used by the baseline segmentation gipeltonducted on the ADNI baseline cohorR{sacher et al., 20D9
(MAGeT-Brain) in this work @ipitone et al., 2004 Use of We also nd that these di erences remain statistically sigrant
such techniques is not trivial with approaches using intgnsitin the linear model that includes “age,” “sex,” and “tota&in-
information from the atlas library. volume” as covariates.
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TABLE 4 | Summary of automated segmentation methods of the hippoca mpus.

No of atlases DSCmean Reference study Validation Dataset (ground-truth)
9 0.881 AWoL-MRF Three-Fold MCCV on 60 subjects ADNI (Pruessr)
9 0.897 AWoL-MRF Three-Fold MCCV on 81 subjects FEP (Pruesen)
9 0.807 AWoL-MRF One-Fold MCCV on 44 subjects 3-step segmerattion protocol
9 0.869 Pipitone et al., 2014 10-Fold MCCV on 60 subjects ADNI (Pruessner)
9 0.892 Pipitone et al., 2014 Five-Fold MCCV on 81 subjects FEP subjects
9 0.79 Guo et al., 2015 One-Fold MCCV on 44 subjects 3-step segmentation protoccﬂ
30 0.82 Heckemann et al., 2006 LOoCV Controls
21 0.862 Morra et al., 2008 LOOCV ADNI (SNT)
55 0.86 Barnes et al., 2007 LOOCV Controls and AD
275 0.835 Aljabar et al., 2009 LOOCV Controls
80 0.89 Collins and Pruessner, 2010 LOOCV Controls
30 0.885 Lotjonen et al., 2010 Segmentation of 60 subjects ADNI (SNT)
55 0.89 Leung et al., 2010 Segmentation of 30 subjects ADNI (SNT)
30 0.848 Wolz et al., 2010 Segmentation of 182 subjects ADNI (SNT)
16 0.861 Coupé et al., 20112 LOOCV ADNI (Pruessner)
20 0.897 (L-HC) Wang et al., 2012 10-Fold MCCV on 20 of 139 subjects Landmark based semi-autoratic
segmentation C manual correction
0.888 (R-HC)
15 0.862(L-HC) Wang et al., 201F Segmentation of 20 subjects (JLF) BrainCOLOR
0.861(R-HC)
15 0.872(L-HC) Wang et al., 2013 Segmentation of 20 subjects (With corrective BrainCOLOR
learning)
0.871(R-HC)
9 0.841 Pipitone et al., 2014 10-Fold MCCV on 69 subjects ADNI (SNT)

AD, Alzheimer's Disease; MCI, Mild Cognitive Impairment; CN, Codiviely Normal; FEP, First Episode of Psychosis; LOOCYV, Leave-one-oubss-validation; MCCV, Monte Carlo cross-
validation; SNT, Surgical Medtronic Navigation Technologies semautomated labels; L-HC, Left hippocampus; R-HC, Right hippocampus.

aAD: 0.838, MCI: n/a, CN: 0.883.

bSee Guo et al. (2015)for manual segmentation protocol details.

¢The method were applied in the 2012 MICCAI Multi-Atlas Labeling Chalige.

A direct comparison against other methods from theupper bound for performance measures is likely to be di erent.
current literature is di cult due to dierences in the choice However, the inter-rater reliabilities inWinston et al. (2013)
for gold standards, evaluation metrics, and hyper-parameteinderscore the need for a reliable segmentation methodology
con guration, among other variables. NevertheleSable 4 that is not subject to the same confounds as a manual rater
shows a brief survey of several segmentation studies. Mate t in terms of consistency across raters. Our method, like many
many of these studies have relied on SNT—Iabels provideathers, will always provide the same output for the automated
by ADNI—for the ground-truth (manual) segmentations. A segmentation given the same input and parameter con guration
performance comparison of the baseline method based on SNT Despite the dierences in the experimental designs,
labels is discussed in our previous woik{itone et al., 2014  comparisons with the other methods show that AWoL-
where we noticed several shortcomings of the SNT protocdVIRF delivers superior performance with a signi cantly smaller
(Winterburn et al., 2013; Pipitone et al., 2(Q,Lland therefore atlas library requirement. For ADNI cohort validation, lvarg
we have evaluated the presented method against the manube ground-truth label dissimilarities, methods presentey
label based on the Pruessner protoceiuessner et al., 2000 Leung et al. (2010).6tjonen et al. (2010have equivalent DSC
Moreover, we would like to emphasize that the quality andscores; however, the atlas library sizes for these methed30a
consistency of an anatomical gold-standard is an importanand 55, respectively. Moreovertjonen et al. (2010use atlas
consideration when assessing the accuracy of an automatedlection procedure that adds another computational step to
segmentation methodology. The Pruessner protocol used itheir pipeline. It may be possible that using similar number of
this work reports reliabilities (Dice kappa) of 0.94 for bothatlases would improve our automated segmentation procedure.
intra- and inter-rater over 40 subjects. Other methotlgiiston ~ However, this is unlikely given the plateau e ect on the number
et al., 201B report the intra- and inter-rater reliability for of atlases used. Moreover, to the best of our knowledge, neroth
manual segmentations to be 0.891 and between 0.82 and 0.8#4ydy has used three drastically di erent datasets spanrtirg t
respectively, using 18 subjects. Thus, depending on theelobic entire human lifespan to validate the robustness of its method
gold-standard for assessment of automatic methods, theategge Other recent approaches ¢ng et al., 2013; Zikic et al., 2014
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make use of machine-learning based techniques also rep@égmentation pipeline). JW: Expert rater—developed
similar performances. Speci callyong et al. (2013jnake use Winterburn manual segmentation protocol and corresponding
of sparse coding and dictionary learning techniques thaldyie atlases for Experiment 3. TG, ED, and SM: Data acquisition and
Dice scores of 0.864-0.879 depending on atlas library sizpeeprocessing for Experiment Ill. AV: Co-superviser of NB and
(10-30), atlas selection, and oine training con guratisn JP, ML: Data acquisition and preprocessing for Experiment Il
More recently, similar learning based approaches comprisingCP: Expert rater—developed Winterburn manual segmentation
sparse multimodal representations and random forests havgrotocol and corresponding atlases for Experiment I, 1. MC:
been proposed for infant brain segmentationdéng et al., 2014, Superviser of NB.
2019 for tissue-based classi cation. Nevertheless, the ingin
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