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Magnetic resonance imaging (MRI) has become increasingiyportant in ischemic stroke
experiments in mice, especially because it enables longitlinal studies. Still, quantitative
analysis of MRI data remains challenging mainly because segentation of mouse brain
lesions in MRI data heavily relies on time-consuming manuélacing and thresholding
techniques. Therefore, in the present study, a fully autontad approach was developed
to analyze longitudinal MRI data for quanti cation of ischiic lesion volume progression
in the mouse brain. We present a level-set-based lesion segentation algorithm that
is built using a minimal set of assumptions and requires onlgne MRI sequence (T2)
as input. To validate our algorithm we used a heterogeneous ata set consisting of
121 mouse brain scans of various age groups and time points &ér infarct induction

and obtained using different MRI hardware and acquisition grameters. We evaluated
the volumetric accuracy and regional overlap of ischemic $&ons segmented by our
automated method against the ground truth obtained in a semautomated fashion that
includes a highly time-consuming manual correction step. Gr method shows good

agreement with human observations and is accurate on hetegeneous data, whilst
requiring much shorter average execution time. The algohin developed here was
compiled into a toolbox and made publically available, as wkas all the data sets.

Keywords: automated segmentation, quanti cation, ischemic s troke, MRI, lesion, volume, mouse

INTRODUCTION

In pre-clinical research on ischemic stroke, histologicahleation of brain infarct volume
is accepted as the gold standard. However, errors introduded to changes in brain
morphology during processing of brain sections (swellingfdtage of tissue) combined with
its manual-labor-intensive nature make it a suboptimal easibn method. Moreover, animal
sacri ce makes longitudinal studies and multiple readoméis impossible, or, alternatively, will
considerably increase the number of animals used in casdlglageoups are investigated. Hence,
magnetic resonance imaging (MRI) has become increasingly itapbto assess infarct volume
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development in animal experiments. With MRI, ischemic strokepublished guidelines for reporting animal research studies
can be analyzed in the rst few days after induction using spin (Kilkenny et al., 201)0 To the best of our knowledge, there are
spin relaxation time contrast T2Jécobs et al., 20Q)Gvhich is  no automated methods that have been developed to segment
sensitive to vasogenic edemaijkhuizen and Nicolay, 2003 ischemic lesions in MRI mouse brain data.
Using MR, infarct characteristics such as infarct volume and Thus, the goal of this study was to develop an automated
progression can be examined in a longitudinal manrieoé¢hn-  approach to quantify ischemic lesion volumes in MRI data of
Berlage et al.,, 1995a,b; Weber et al., Y0&xcient use of mouse brains and to make it publicly available. Our algorithm
computational image processing methods allows for automateid built upon existing segmentation paradigm (level sets) with a
reproducible quantitative analysis of such data. minimal set of assumptions and requires only one MRI sequence

In clinical research, several algorithms for detection(T2)as input. We validated our algorithm on heterogeneousda
segmentation and classi cation of di erent brain abnorntas  consisting of 121 mouse brain scans, that covered various age
(brain tumors, trauma lesions, hematoma, edemas, Alzh&sme groups, time points after infarct induction and were obtained
disease) in both MRI and CT have been developgedgsh et al., with dierent MRI hardware and acquisition parameters.
2019. However, segmentation of brain lesion in MRI animal Performance of our automated approach was compared against
(especially mouse) imaging data still heavily relies on nahnuthe ground truth obtained in a semi-automated fashion by
tracing and semi-automated thresholding techniquéskik two observers, evaluating the volumetric accuracy andregi
et al., 2012; Leithner et al., 2GX¥a0 et al., 2015; Yin et al., 2015; overlap of segmented ischemic lesions. Our approach showed
Zheng et al., 2015; Donath et al., 2016; Moraga et al., 20i46; Ygood agreement with results obtained by the human observers
et al., 201} making the analysis time-consuming, with low and high accuracy on heterogeneous data, whilst having much
inter- and intra-observer reproducibility Niimi et al., 2007; shorter execution times. Thus, it has considerable poteitial
Ghosh et al., 2011; Rekik et al., 2)1A4so, there is considerable replacing the biased manual labor in quantifying ischemioles
variability between research centers with respect to théhott  volume in mouse brain MRI data and might be of value for MRI
used to calculate lesion volume using MRVli([donis et al., stroke volume analysis in a multicenter setting.
2015, which can result in unjusti ed conclusions.

When it comes to ischemic brain tissue segmentation o\JATERIALS AND METHODS
pre-clinical data, only a few (semi-) automated algorithms
have been developed. These algorithms typically use data frofnimals
multiparametric MR imaging, more speci cally by combining the Our computational approach was tested on three main groups
apparent di usion coe cient (ADC) maps with T1, T2, T1- and of male mice that were labeled dsiden-Set,” “Cologne-Set-1"
T2-weighted images to distinguish and characterize hgaltid  and“Cologne-Set-2iepending on the origin of the data and data
ischemic brain tissuesipehn-Berlage et al., 1995a; Li et al., 2002acquisition protocol.

Sotak, 2002; van Dorsten et al., 2002; Wang et al.,)2@0idsh . . .
Leiden-SetC57BL/6J micen(D 65) were further subdivided
et al. (2011, 2012, 2014jeveloped an automated method— into three age groups (3- to 5-, 12- to 14- and 20- to 24-month-

Hierarchical Region Splitting (HRS)—where adaptive threshold - . . .
. . o old). Mice were repeatedly scanned at di erent time points:
are automatically selected to detect, quantify and distisiy . . . :
. - . . 4 h, 24 h, 48 h and 8 d after infarct induction (see Section
between core and penumbral tissue regions in T2-weighted MRI, . N . . \
Experimental Infarct Model”). Histological specimens were

data of HIl Sprague-Dawley ratégcobs etal (1999a,b, 2900’ obtained on a small subset of animat¥ 6) and used for visual
2001a,b)developed an unsupervised segmentation algorithm .~ .
validation of the infarct area.

based_on K means clustering |terat|ve_self orga_mlzmgada Cologne-Set-1C57BL/6J micen( D 6; 3-month-old) were
analysis technique (ISODATA)—for analysis of multipararitet ) . .
. R . scanned at 18 h and 4 d after infarct induction.
MRI data of focal cerebral ischemia in Wistar rats that was ) . . . .
Cologne-Set:2Transgenic mice expressing luciferase under

validated with histology databing et al. (2004, 200@pplied a doublecortin control (DCX-LucCouillard-Despres et al., 20P8

modi ed version of the same me_thod o anal_yze embO“C gtroke(n D 10; 2- and 12-month-old) were scanned at 48 h after infarct
rat data. A comprehensive overview of all available imagkysisa induction

methods for ischemic stroke lesion and a discussion of thieis
and cons was provided byekik et al. (2012) The group of 3- to 5-month-old mice from theeiden-Se®24 h
Most of the aforementioned methods were developed for ratsfter stroke induction, was used as a primary validation coasr
are age- and disease-speci ¢ and require manual interventio it was the largest grougable 1) and because the 24-h time point
The only two automated segmentation methods developed fas often chosen in cerebral infarction experiments. For drett
pre-clinical data—HRSQhosh et al., 2011, 2012, 2)pland assessment of the performance of our method on di erent irffarc
ISODATA (Jacobs et al.,, 1999a,b, 2000, 20Q+=gbtained shapes and volumes, we subdivided this cohort into stri&#l) (
promising results but speci cally focused on neonatal andladu and corticostriatal (Ct€ Str) lesions.
rat and were validated on relatively small data sets. Animals were housed with littermates, in a temperature-
Moreover, current pre-clinical stroke studies arecontrolled environment, with food and watexd libitum. All
compromised by reproducibility issue®ifnagl, 2016; Llovera animal experiments performed at the Leiden University Medical
and Liesz, 2006 Having a reproducible automated method Center (LUMC) were approved by the local committee for animal
available might be of particular value when consideringhealth, ethics and research of LUMC. All animal experiments
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TABLE 1 | Overview of all the used mice and accompanying MRI data sets: origin/acquisition protocol, number, age, time points after experimental infarct
induction.
Data sets

Leiden-Set Cologne-Set-1 Cologne-Set-2

C57BL/6J C57BL/6J DCX-Luc
Age (months) 3-5 12-14 20-24 3 2 12
Infarct induction 4h 24 h 48 h 8d 4h 24 h 48 h 4h 24 h 48 h 18 h 4d 48 h
N 11 36 8 6 7 9 8 5 7 5 6 3 5 5

MRI ACQUISITION PARAMETERS

Magnet strength (T) 7 11.7 11.7
Repetition time (ms) 4000 5000 4500

Echo time (ms) 9 10.25 10
Number of echoes 20 16 16
Number of averages 2 1 1

Field of view (mn@) 15 15 14 14 20 20
Matrix 128 128 128 128 196 196
Number of slices 16 10 10 12
Slice thickness (mm) 0.50 0.80 0.60

Voxel size (mn%) 0.12 0.12 0.50 0.11 0.11 0.80 0.10 0.10 0.60
Inter-slice gap (mm) no gap no gap no gap
Bandwidth (Hz) 59,523.8 50,000 75,000
Acquisition time 12 min 48 s 10 min 40 s 9min 18 s

conducted at the Max Plank Institute for Metabolism Reseanch i bu ered PFA (Paraformaldehyde P6148; Sigma-Aldrich Co. LLC,
Cologne were performed in accordance with the German AnimaBaint Louis, MO, USA). Brains were collected, processed and
Welfare Act and approved by the local authorities (Landesé@mt f sectioned. Sections were stained with Nissl (Cresyl Vibletck
Naturschutz, Umwelt und Verbraucherschutz NRW). Millipore, Billerica, MA, USA) using standard protocol.

_ Magnetic Resonance Imaging
Experimental Infarct Model Scans were acquired with small-animal Bruker MRI systems
Infarcts were induced using a modi ed transient middle dena  using a Multi-Slice Multi-Echo sequence protocol at di erent
artery occlusion fMCAo0) model rst described by onga et al. time points after infarct induction. Animals from theeiden-Set
(1989) Mice were anesthetized using iso urane (3% inductionwere scanned at 7 T (Pharmascan, Bruker BioSpin, Ettlingen,
1.5% maintenance) in 70% pressurized air and 3¢¥@inkiller ~ Germany), whilst animals from th€ologne-Setsere scanned
carprofen (5 mg/kg, s.c.; Carporal, 50 mg/mL, AST Farma B\at 11.7 T (Biospec 11.7 T/16, Bruker BioSpin). Quantitative T2
Oudewater, the Netherlands) was given before surgery.rguri maps were calculated from the multi-echo trains using Pai@wis
surgery, the mouse body temperature was maintained a€37 5.1 software (Bruker Pharmascan) for theiden-Seand IDL
using a rectal probe and feedback system. During the surgicgbftware for theCologne-Sef§able 1shows a complete overview
procedure, a silicone-coated nylon mono lament (7017PK5Reyf all 121 scans, together with a summary of the main imaging
Doccol Company, Redlands, CA, USA) was inserted into thecquisition parameters.
right common carotid artery and advanced via the internal
carotid artery and circle of Willis to eventually block théddle ~ Ischemic Lesion Segmentation Challenges
cerebral artery (MCA) at its origin (decreasing blood ow The ischemic lesion is characterized by elevated T2 valiths w
substantially in the MCA territory, in the right hemisphere) respect to the healthy brain tissue. However, it is not posditbl
and the skin was sutured. During the occlusion period, thesegment the ischemic lesion with a simple threshold as skevera
mouse was allowed to wake up in a temperature-controlledther objects, like ventricles, structures surrounding thrain
incubator (V1200; Peco Services Ltd, Brough, UK). After 3@ miand other regions in the periventricular zone of the brainash
of occlusion, the mouse was re-anesthetized in order to r@mo similar T2 values to that of the infarct lesion. Also, both the
the suture and withdraw the mono lament to allow reperfusion ventricles and the stroke regions vary considerably in shape a
After surgery, the animal was allowed to recover for 2 h in thesize between di erent subjects and di erent time points after
incubator to maintain body temperature at 32, with easy access infarct induction, and in many cases the stroke region efgul
to food and water. At the end of the experiment, brains werdhe ventricles making the segmentation task even more ditcu
xated by transcardially perfusing the mice using fresh cé Manual delineation of the ischemic lesion by experts takes int
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account all this information, together with possible strolendity M3. Infarct ROl segmentatio@onfounding regions (ventricles
di erences and contiguity of the lesion area throughout the MRI and other non-infarct-related high-intensity areas)
image stack. were manually removed by both observers individually

Semi-Automated Ischemic Lesion

Segmentation
Semi-automated segmentation was performed in a slice-by-
slice manner by two trained observers (IM and SdJ) using

(thereby highly relying on anatomical knowledge, left-
right symmetry, density and experience), resulting in the
delineated infarct lesiorFHigure 1M3).
M4. Infarct ROI volume quanti cationFor each observer, the
number of voxels located inside the ROIs representing
the infarcted area of each MRI slice was multiplied by
the voxel size to obtain the total infarct lesion volume

freely available ImageJ software (https://imagej.nihighvsee (Figure 1M4)
Figure 1 '

M1.

M2.

Threshold determinatiohe threshold, the same for both

observers, was determined as the mean plus two standaAiutomated Ischemic Lesion Segmentation
deviations of a vector containing average T2 values withiThe infarct lesion was segmented on the T2 map based on
a ROI in the contralateral hemisphere for every group ofits elevated T2 values with respect to the healthy brain ¢issu
animals (concerning time point, age and data set originHowever, as mentioned above, several other objects appearing

(Figure 1M1). the T2 map share similar T2 values to that of the infarct lesio
Threshold maskA mask was compiled of all high-intensity To discriminate the infarcted area from other brain strus
pixels above the threshold valugigure 1M2). and to quantify the infarct lesion volume, we developed ayfull

FIGURE 1 | The pipeline for the animal model, data acquisition an  d lesion segmentation. The transient middle cerebral artery occlusiortfICAo) model was
used for infarct induction in mice of different age groups. Multi-Slice Multi-Echo MRI scan was acquired for determirtéon of quantitative T2 maps at multiple time
points (T D 4 h, 18 h, 24 h, 48 h, 4 d and 8 d) aftertMCAo0. A subset of infarcted brains was used for histologicalalidation. All MRI scans were analyzed in a
semi-automated fashion by two observers (IM and SdJ) using teshold determination(M1), threshold mask (M2), manual exclusion of non-infarct-related areagM3)
and lesion volume determinatio(M4). Automated lesion segmentation was performed using imageegistration (A1), brain segmentation(A2.a), contralateral ventricle
segmentation (A2.b), ventricles segmentation(A2.c), infarct ROl segmentation(A3) and infarct ROl volume quanti cation(A4).

Animal model and data acquisition
C578BI/6J and DCX-Luc 30 min tMCAo MRI

R .

Nissl staining
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automated approach that integrates a series of image progessiarge deformations occur in stroke brains, a non-rigid B-seli

steps depicted ifrigure 1 registration was necessary to compensate for the large local
Our approach is based on two general assumptions thathanges (especially in the ipsilateral hemisphere and the

(i) T2 value distribution of the infarct lesion di ers from tt  ventricles region). A Gaussian image pyramid was employed

of the healthy tissue; and (ii) only the ipsilateral hemisgherin all registration steps, applying four resolutions for the

is a ected by the infarct, whereas the contralateral hemisphe rigid and two for the ane and B-spline registrations each.

remains una ected. Thus, we use the latter to learn the T2lormalized Correlation Coe cient was used as a similarity

value distributions of the ventricles and of the healthyibra metric.

tissue and apply this information to segment the infarcted

area. All segmentations were performed on 3D image volumeSegmentation

using a modication of the region-based level sets method-or each particular segmentation, we used a level set function

of Chan and Vese (2001)The parameters of our method (x) to partition the image spaces into two classes,

(listed in Table 2 were optimized on the_eiden-Seaind xed  further referred to as “object’s(o D fx2« : .x/ 0g and

for all three data sets during validation. The remainder of‘background’ ¢ g D fx2 ¢ : .x/ < 0g), respectively. Herg2

this section provides a detailed description of each particulas R3 are the Cartesian coordinates. The level set function

step. .x/ was evolved from its initial state o(x) for the prede ned
number of iterationsnie; or till the stopping criterion was
Image Registration reached. The energy function&{ ) contains both image-based

In this step, each brain scan was registered to a template braamd regularization-based terms and, in its most generahfas

consisting of a number of manually drawn labels: whole4brai given by the following equatiorRousson and Deriche, 2002

(Mwg), ipsilateral hemisphereéVgy), contralateral hemisphere

(Mcpn), ipsilateral ventriclel)y ), contralateral ventricleNlcv)

and periventricular zoneMpyz); seeFigure 1ALl The template

labels were propagated to each subject and used to initialize logP I(x)I+ o logP I(X)l* g .

the subsequent steps. In the following, by referring to aaeqgi

being occupied by a certain label we mean the result of the labgiere g.x/ is the gradient map Qufour et al., 200p that

propagation. can be optionally used to drive the segmentation toward
For each subject, the sum of all its echo images was us@ge boundaries of the structures of interest, andand

to register the scan of that particular subject to the refeeen are weights. Parameter values for di erent segmentatiopsste

brain scan. Consequently, the template labels were propatmteddescribed in the remainder of this section are summarized in

the individual data sets using the information provided byeth Tgple 2

deformation eld for each subject-to-reference regiswat The

labels were used to initialize the segmentation of the whodén

and the ventricles as described in the next section. The tyuali

and success of the registration was visually inspected thr o .
9 y 1hsp Be cropped to the rectangle containing the volume of intereste Th

independent observers (AK, OD and IM). ) tanal d q th llest tanale that
Registration was performed in a coarse-to- ne fashion CTOPPING rectangle was dened as the smallest rectangie tha

Initially, rigid registration was performed to compensate fo contains 'the brain maSMWB op?alned as result of the label
translation and rotation. Afterwards, ane registration ag propagation. The volume intensities were consequently s¢aled

conducted to compensate for di erences in brain size. Becau§Qe[0l_ 1] range. _For the ecr_]o Images we per_formed an addmc_mal
per-slice intensity normalization by mapping the cumulative

intensity distribution of each slice to that of the choseference

slice (the one with the maximum entropy) and rescaling the
TABLE 2 | Parameters of the level-set-based segmentation algo  rithm for image intensity accordingly.
different segmentation steps.

E. /D g Lengthh@e«/C Area.c o/

Data preprocessing
After the label propagation was completed, each scan was

Whole Contralateral ~ Ventricles Stroke Whole brain Segmentation
brain ventricle In this step, the segmentation was performed by minimizing
the energy functionalE. / on the fourth echo image;

I(x 4th echo T2 ma| T2 ma| T2 ma|
;T(x)l-o Gaussian Gauss’i)an Histogr:am; xed Histog’:am See F.igure 1A2.a The Ievel. set function in_this case was
. ) , , ) initialized by the whole-brain masiMwg obtained as result
PIx)epg Gsusaan Gaussian Histogram Histogram; xed of label propagation. The nal result, denoted &VB, was
) R Rean Rwe Ren®v [ Meva)  ohiained by: (1) Applying the morphological hole lling
ot Mws Mev Mv REY and morphological opening with a disk of radius of two
° 01 2 03 pixels as the structure element on the result of the level
2 0 15 0 set propagation; and (2) Selecting the largest connected
Niter 80 120 120 80 component. The parameter values for this step are provided in
9-x/ ¢ Table 2
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Contralateral ventricle segmentation drawn based on the Allen Brain AtlasS(inkin et al., 2013
Contralateral ventricleRcy was segmented from the T2 map http://www.brain-map.org/) using AMIRA (v5, FEI Software,
by running the level sets starting from the result of theHillsboro, OR, USA). Both registration and segmentation were
label propagation; sekigure 1A2.h In this case, the level set implemented in MATLAB R2012b (The MathWorks, Inc.,
evolution was restricted to the contralateral hemispheggy D Natick, MA, USA) and compiled into a toolbox that can
RwenMgH, the rest of the parameter values are listedable 2  be downloaded from the following webpage (www.lkeb.nl).
) ) The registration scheme was implemented using the open-
Ventricles segmentation source image registration toolboglastix  (v4.700; Klein
VentriclesRy were segmented on the T2 map by evolving thest 51 201) Information on the used registration parameters
level sets insid&®wg; seeFigure 1A2.c The object (ventricle) can pe found on theelastix ~ website (http:/elastix.bigr.
energy was calculated from the segmented contralaterg|yyikiiindex.php/Par0038). Average computational time for
ventricle and kept xed. To prevent the segmentation fromeyecuting the entire segmentation routine on one data set on
leaking into the stroke area touching the ventricles, weduse3 g0 GHz Intel(R) Xeon(R) computer with 32 GB RAM was:
the gradient map that was dened agx) D 1 €(X), 4s for segmentation and 309s for prior registration and label
whereg,.x/ D 10gPgaussian! (X)| Rcy is the energy (assuming propagation.
the Gaussian intensity distribution) scaled to thel IQ
interval, and parameters of the Gaussian distribution werdPerformance Measures and Statistical
calculated fromRcy (the region occupied by the contralateral Analysis

ventricle). Ischemic lesion regions segmented by the observers and the

proposed automated approach were compared using two primary

Stroke segmentation X . . L
9 %easures: total volume of the ischemic lesion and Dice index

Finally, the stroke area was segmented from the T2 map; s
Figure 1A3 To initialize the level set function, we initially
calculated the area where the histogram-based energy of tR8
brain region Rywg with the ventricles and the periventricular iRi\ Ry
area excludedRwsn(Ry [ Mpyz)) was larger than that of the Dice indeXRy,R)) D 2————.
contralateral hemispherd&tgun(Ry [ Mpyz)): IRy C Ry

ice, 194% that measures overlap between two regidis
2.

Intraclass Correlation Coe cient (ICC) and the accompangin

-
R" D P L.x/ I1Ren(Ry [ Mpvz) trend line were also calculated for each group of intereB€ |

(2-way mixed with absolute agreement) was determined

> P 1)1 Regrn(Ry [ Mpvz) with SPSS (SPSS Statistics 23; IBM Corp., Armonk,

NY, USA) to investigate the correlation between the
mean of the two observers and the calculated automated
volumes.

Consequently, connected components that did not interseftt w
dense areas oRM were lItered out. The dense areas were
de ned as binary masks composed of all voersFJ‘@it for
which at least 75% of their neighbors (the neighborhood wa
in this case de ned as the circle of radius 4 around the voxe
of interest) belong td?"snit. In this case, evolution of the level

set function was restricted ®igin(Ry [ Mpvz) (the ipsilateral |, acquired at di erent time points after infarction induci

hemisphere without the ventricles and the periventriculagat are shown in Eigure 2 Supplementary Material 1 provides
The energy of the background was assumed xed and equal {0 9 pp y b

that calculated from the contralateral hemisph&ssy. The rest porrespondlng segmenta.Uon results on all 1.21 dalta Gegare 3
. illustrates segmented striatal (Str) and corticostriataix(CStr)
of the parameters are provided Table 2

lesions, as well as those with fragmented infarct areas aitd w
Parameter selection large edema and morphed ventricles. The results show good
The parameters (, , nier) for the level-set-based Segmemaﬁonagreement between both segmentation methods as well as with
were optimized on thé eiden-SetSuitable parameter values for the accompanying histological sections.

segmenting the whole brain region, the contralateral vieter The results of experiments for all age groups at the various
and both ventricles were determined by trial and error. Thelime points after stroke induction frori.eiden-Seand Cologne-
parameters for the stroke segmentation were determined b§etsin terms of the absolute volume di erence, ICC and Dice

maximizing the Dice indexQice, 194% via exhaustive search index are reported inTable 3 The mean per-group absolute
within an empirically selected range of feasible values foh ea Volume di erence in theeiden-Setanged from 5.9 to 18.4 mf

parameter. The nal values used for validation of our method or the Cologne-Set-it was 15.3 mr (for 18h) and 14.2mrh

ESULTS

Sample segmentation results on the data sets of di erent origin

the same for all three data sets, are reporte@idble 2 (for 4d) and for the Cologne-Set-& was 22.0mm. Infarct
volumes of all groups, from both observers and by the autothate
Implementation method are presented iRigure 4.

All the data are publically available and published as a datarte The mean per-group Dice index for Observerd Observer 2
(Mulder et al., in review). The template labels were manuallyvas between 0.79 and 0.98, whereas for automatezbservers
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Data sets of different originlLeiden-Set (A-D), Cologne-Set (E)] were acquired at different time points after

infarction induction [4 h(A), 24 h (B), 48 h (C,E) and 8 d (D)]. For each of the image panels, the rst row illustrates refonatted raw image stack and the rest of the
rows provide overlaid segmentation results by: automatedgfeen)vs. Observer 1 (red), automated (greenys. Observer 2 (red), Observer 1 (greenjs. Observer 2 (red),
respectively. The regions where two segmentations overlagre colored in yellow. Image intensity was enhanced for visliaation purposes.

FIGURE 2 | Examples of segmentation results.

it was ranging from 0.63 to 0.88 (Observer 1) and from 0.63 to@ur primary group, for both Str and CRStr lesions. This plot

0.89 (Observer 2). shows very high degree of correlation with an ICC of 0.957
Figure 5A illustrates the mean infarct volume obtained by (ICC D 0.966 for Str lesions and ICO 0.944 for CtCStr

the two observerss the corresponding automated volume for lesions) Figures 5B—Eshow the corresponding information for
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Semi-automated infarct segmentation Automated infarct segmentation Semi-automated vs. Automated overlay

Striatal
infarct

A
|

Vaue=11.41 mm?® Dice index (Vops, Vaur) = 0.82

- S
Corticostriatal v
infarct

N IR,

Vobs1 = 66.10 mm?® Vue = 58.52 mm?® Dice index (Vopsz, Vaue) = 0.91

Fragmented
infarct

Viue = 70.82 mm?® Dice index (Vopsz, Vaue) = 0.92

Large edema
and infarct

Vops: = 106.14 mm® Viue = 88.73 mm?® Dice index (Vopss, Vau) = 0.88

FIGURE 3 | Example traces of different infarct anatomies in a sing le slice and complete 3D brain.  Lesions (striatal, corticostriatal, fragmented and witratge
edema compressing the ventricle) were segmented using theesni-automated (red delineated area) and automated (greenetineated area) approaches. The fth
column shows the overlap between both methods, in yellow. Té last column shows the overlay of both approaches on the coasponding Nissl stained histological
section. “A” stands for anterior.Vppg1 corresponds to the volume obtained by performing semi-autmated stroke segmentation by Observer 1 (IMVa corresponds
to the volume obtained by the automated method. The Dice inde between Observer 1 and Observer 2 for the same data sets wa$.82 for striatal infarct, 0.91 for
corticostriatal infarct, 0.92 for fragmented infarct and @8 for the large edema case.

TABLE 3 | Comparison of performance for infarct lesions for differen t groups of interest in terms of absolute volume difference, ICC and Dice index.

Age (months) Infarct induction Absolute volume ICC Dice index
difference (mm 3)

Automated vs. Observer 1 Automated vs. Observer 2 Observer 1 vs. Observer 2

3-5 4h 9.2 8.0 0.806 0.78 0.08 0.78 0.07 0.87 0.04
24 h 84 49 0.957 0.87 0.08 0.87 0.08 0.92 0.05
24 h (Str) 59 37 0.966 0.80 0.12 0.79 0.12 0.88 0.06
24 h (CtxCStr) 84 49 0.944 0.88 0.06 0.88 0.06 0.93 0.04
48 h 80 656 0.971 0.84 0.13 0.84 0.13 0.91 0.07
8d 11.3 101 0.491 0.65 0.17 0.63 0.21 0.79 0.13
10-12 4h 184 113 0.384 0.63 0.14 0.63 0.13 0.79 0.08
24 h 154 9.7 0.622 0.78 0.18 0.78 0.15 0.87 0.09
48 h 111 6.3 0.934 0.81 0.13 0.81 0.11 0.90 0.08
20-24 4h 129 100 0.445 0.80 0.03 0.77  0.04 0.84 0.04
24 h 150 73 0.852 0.77 0.19 0.72 0.17 0.88 0.05
48 h 16.8 5.1 0.878 0.73 0.26 0.68 0.29 0.84 0.16
3 18 h 153 6.4 0.793 0.88 0.03 0.89 0.03 0.98 0.01
4d 142 4.4 0.964 0.85 0.01 0.87 0.01 0.97 0.00
2,12 48 h 220 122 0.552 0.86 0.07 0.85 0.07 0.97 0.02

Different row colors correspond to different data sets: Leiden-Segwhite), Cologne-Set-1 (beige) and Cologne-Set-2 (blue), respectively.
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FIGURE 4 | Comparison of total stroke volume between our automat ed method and human observers, for all test data sets, different t imes after stoke
induction and different mouse ages.

all the other groups. At 24 h and 48 h, the data match theand ICCD 0.491 at 8 d for 3- to 5-month-old mice, ICD 0.384
primary validation group. However, at 4h and 8 d after strokeat 4 h for 12- to 14-month-old mice and ICO 0.445 at 4 h for
induction the regression line is less perfect: |0.806 at 4h 20- to 24-month-old miceFigure 5Eshows that our method is
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also robust with respect to data obtained from di erent imagiin challenges by estimating intensity distributions per scamfr
hardware using di erent acquisition parameters, time afteoke  the contralateral, una ected, hemisphere and comparing these
induction and age: ICO® 0.793at 18 h, ICDO 0.964 at 4 days and with the a ected hemisphere. With our approach, an ischemic
ICC D 0.552 for 1- to 2-year-old mice scanned at 48 h after strokéesion in a mouse brain can be successfully segmented from
induction. Figure 6shows distribution of Dice index for di erent T2 MR images Nlilidonis et al., 201pin a fully automated
time points. Here, again, the results of the 24 h and 48 h groupsianner.

are superior to those of the 4 h and 8 d groups: mean Dice index of Our approach has a number of advantages over existing

0.68 0.87 at24h and 48h and of 0.63.80 for 4 h and 8 d for
all groups, respectively. Finallyigure 7 provides segmentation
results on the data sets that exhibit large disagreememtedsat
two observers. These data sets are outliers of the corresmpnd
box-whisker plot orFigure 6.

We have also performed a parameter sensitivity study to assess

stability of our algorithm with respect to the parameters. Eos,

we changed, in turn, the value of each of the parameters listed
in Table 2by  50% and recalculated the results. Our approach

turned out to be highly robust with respect to both validation
metrics: maximal change for the mean absolute volume di eeen

was less than 6%, and for the mean Dice index it was less

than 1.2%.

DISCUSSION

The major challenges in stroke segmentation in pre-clinical MRI

are (i) irregular lesion volume and shape, (ii) low resolatio
compared to clinical imaging data, (iii) uctuating contriaand
(iv) considerable brain deformation and asymmetry beceanise

methods for stroke segmentation in small animal data:

1) A main asset of our automated analysis approach is that
it takes only few minutes to analyze an MRI volume
(containing 16 slices) and is therefore at least an order
of magnitude faster than the semi-automated method
( 60min). It is also more robust because of its objective
character excluding potential observer bias. Thus, althoug
histology remains the gold standard for assessment ofrlesio
formation in pre-clinical stroke research, its downsides {tha
one needs to sacrice the animal for a given time point
and the fact that results are confounded by morphological
changes due to the processing of fragile tissue) make MRI
more desirable when one investigates the development
of lesions over time. It is not unexpected that MRI is
establishing itself as the main diagnostic modality for such
studies, as it allows automated data processing and was
shown to correspond well with histologylidonis et al.,
2015.
2) Our method is robust with respect to dierent infarct
shapes and volumes, even for small fragmented lesions or

the induced stroke. The presented approach addresses theseextremely large lesions where ventricles become deformed
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FIGURE 7 | Examples of segmentation results that exhibit large disagreement between two observers.  Data sets were acquired at different time points after|
infarct induction [4 h(A,B), 24 h (C), 48 h (D,E) and 8d (F)]. For each of the image panels, the rst row illustrates refonatted raw image stack and the rest of the rows
provide overlaid segmentation results by: automated (gre® vs. Observer 1 (red), automated (greenys. Observer 2 (red), Observer 1 (green)s. Observer 2 (red),
respectively. The regions where two segmentations overlagre colored in yellow. Image intensity was enhanced for visliaation purposes.
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3)

due to edema formation in and around the lesion. It5) Our approach is generic as we do not make any specic
performed well for a heterogeneous group of 121 brain scans, assumptions or create a general model that would describe
including di erent MRI scanners (noise levels, resolution), all of our data. Instead, the stroke area is segmented on
dierent lesion anatomies (cortical, corticostriatal, Wit each mouse brain MR volume by using the intensity
large edema, fragmented), over di erent time points after distributions of the background and the ventricles
infarct induction (from 4h up to 8d). In particular, calculated from the very same image. In all validation
it exhibited robust performance on data acquired from experiments, our method was completely blinded to the
di erent MRI hardware—with di erences in slice number properties (origin, age, time point) of each particular
and thickness—without the need for modi cation of the  brain volume, meaning that the same parameter settings
model or registration/segmentation parameter settings. We were used for all data sets (including those acquired
expect that our method is also suitable for other MRI with dierent hardware and software compared to the
lesion detection sequences, such as DWI, and perhaps eventraining set).

for di erent roden ies, with only limited model an L o . .
or di erent rodent species, with only ted model and The main pitfall of our approach is its multi-step nature. This

parameter adjustments required. It is important to pointt e of complex algorithm. and our method in particular. is
out that, as we have mentioned in Section “Parameteryp P 9 ! P !

o . o qsensitive to propagation of errors made at earlier stages. Our
Selection,” all parameters of our algorithm were optimize experiments show that success or failure of the registratibim w
with respect to the entireLeiden-Setwhich means that P 9

our method was completely blinded to the properties of!abel propagation, the rst step in our algorithm, has sigramut

each particular data set. However in our analvsis Wlmpact on subsequent segmentation steps. More precisely, the
P . ; ’ Y ?argest segmentation errors were caused by inability tarately
subdivided theLeiden-Setinto smaller groups, based on - . o
age and time after infarct induction. and also re c)rtsegment the ventricles, e.g., when they were virtuallysiblg
regsults on two unseen sets of imé €0l ne-Se)fs due to a large stroke area. In particular, inability to ackibigh-
This naturally results in suboptimal er?ormange on eachquality registration due to large di erence between the asiean
. M P P . and the rest of the data, also explains suboptimal performafce o
particular group, con rmed, e.g., by lower ICCs reported in

. ) . . our method onCologne-Sets
Figure 5 and Table 3 This e ect is especially pronounced - . .
. ; In the absence of histology, semi-automated segmentation
in relatively small groups as these were underrepresented at
- L y experts has always been used as the reference standard

the parameter tuning stage. Optimizing the parameters for L . :

. . . . In stroke quanti cation, which was also the case for this
each particular group will help improving the performance,

which, however, will inevitably be limited by complexity oéth work. Thu_s, during development OT any agtomated stroke
data. segmentation method the main goal is to achieve performance

Unlike numerous published methods in the eldigcobs comparable to that by experts. This would allow bypassing

et al., 1999ab, 2000, 2001a,b: Bernarding et al., 2000;”&? manual observer bias and, hence, lead to more objective

et al.. 2002 Sotak 2002: van Dorsten et al.. 2002: Soitani guanti cation of the stroke region. In this work, we evaledt

Zadeh et al., 2003; Wang et al., 20Gir algorithm operates he performance of our method by comparing it to two observers

on a single contrast (T2) and does not require a pre-\(/zergt‘)riﬁtjly and combined) and by analyzing the inter-olserv
scan. :

. . Our results indicate that quanti cation of the infarct inst
Unlike other methods developed for small animal dataacute hase (4 h after induction) remains challenging, both f
(HRS by Ghosh et al., 2011, 2012, 20afd ISODATA P ging.

by Jacobs et al, 1999a,b, 2000, 200iafe ischemic our automated approa_ch and for the human observers. Dgrmg
. . this early phase of lesion development, T2 enhancement is still
lesion segmentation approach presented here onl

makes use of the quantitative T2 maps. Contrary to T2_¥ery weak as edema is only slowly evolving, so that in some

weighted MRI data, true quantitative MRI maps (T2 or cases it may barely reach apove th_e norm_al contralateraéyhlu
should be stated that also histological lesion demarcadiahis
others) are comparable across research centers, wheréas . L . . . .

. . . very early time point is unreliable, which admittedly compliesit
parameter-weighted images (T2-weighted or others) are ) ) AN
S ' : ... . Infarct detection during the rst hours after stroke indtuot in

subjective estimates derived for better dlscr|m|nat|onex erimental animal models

of the object of interest from the background and are P '

not comparable across research centers due to arbitrary

operator choice of TE and TR values. A combinationAUTHOR CONTRIBUTIONS

of complementary quantitative parameters, for instance,
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