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28 Abstract

2 Purpose: Perfusion parameters such as cerebral blood flow (CBF) and Tmax have
0 been proven to be useful in the diagnosis and prognosis for Ischemic stroke. Arterial
31 input function (AIF) is required as an input to estimate perfusion parameters. This
2 makes the AIF selection paradigm of clinical importance.

3 Methods: This study proposes a new technique to address the problem of AIF selec-
3 tion, based on a variational segmentation model that combines geometric constraint in
3% a distance function. The modified model uses discrete total variation in the distance
3% term and via minimizing an energy locates the arterial regions. Matrix analysis is
37 utilized to identify the AIF with maximum peak height within the segmented region.
38 Results: Group mean differences indicate that overall the AIF selected by purposed
0 method has better arterial features of higher peak position (16.7 a.u and 26.1 a.u) and
2 fast attenuation (1.08 seconds and .9 seconds) as compared to the other state of the
a art methods. Utilizing the selected AIF, mean CBF and Tmax values were estimated
2 higher than the traditional methods. Ischemic regions were precisely located through
e the perfusion maps.

4 Conclusions: This AIF segmentation framework worked on perfusion images at levels
45 superior to the current clinical state of the art. Consequently, the perfusion parameters
16 derived from AIF selected by the purposed method were more accurate and reliable.
a7 The proposed method could potentially be considered as part of the calculation for
18 perfusion imaging in general.

40

so. keywords : Cerebral perfusion imaging, dynamic susceptibility contrast, cerebral blood
51 flow, variation model, AIF measurements.
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. Introduction

Ischemic stroke may result in dysfunctions, disorders and death!. Diagnosis and treatment
of stroke rely on accurate measurement of cerebral perfusion done after the injection of MR
paramagnetic contrast agent?>. Cerebral perfusion refers to rate of blood delivery to the
brain tissues*. Among different MRI methods Dynamic Susceptibility Contrast (DSC) MRI
perfusion imaging method is preferred for diagnosis due to the features of fast acquisition

45 Perfusion model based on indicator dilution

time and optimal contrast-to-noise ratio
theory is fitted on the information obtained from perfusion data sets to obtain certain perfu-
sion parameters as an output result®%%. Output from PWI include the Cerebral blood flow
(CBF), cerebral blood volume, perfusion-diffusion mismatch, which are used to identify the

infarct core and tissue at risk or the penumbra’.

DSC perfusion data sets posses the information of concentration of contrast agent

268 According to

present in the brain tissues in the form of concentration -time curves
the perfusion model concentration -time curves are considered as a convolution of the re-
sponse function with the Arterial Input Function (AIF), which is the concentration of the
contrast agent over time in a brain-feeding artery®. To analyze blood flow in the ischemic
tissue, deconvolution of concentration -time curves with the AIF is necessary. The AIF is a
key reference curve used in the deconvolution model to obtain quantitative CBF, CBV and
perfusion-diffusion mismatch estimation. Selection of the AIF curve influences the result of

the deconvolution operation and this makes AIF a key aspect of CBF quantification using
DSC MRI*®.

There has been plenty of progress in recent years regarding how and where to measure
AIF*. Although the AIF should, in principle, be measured from inside an artery (or at
least from a voxel that contains primarily arterial contributions), but many studies in past
often considered measuring the AIF from the region outside or from a region in the vicinity
of an artery?. Also, from a practical point of view, due to the coarse spatial resolution of
DSC- (the typical voxel size is 2x2x5 mm3) it is difficult to measure the signal from inside a
small artery'°. Usually in MR-PWI studies suitable AIF voxels are chosen by inspecting the

peak shape characteristics (e.g., arrival time, height, width, etc.) in a region in and around
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arteries. The name given to this input function is generally Arterial Input function (AIF).

To improve reliability, quality, and reproducibility of the AIF selection several automatic
and semiautomatic methods have been proposed®!%12, The majority of the toolboxes pre-
installed in MR scanners use either manual, clustering or arterial likelihood methods for AIF
estimation. For manual AIF selection, a trained clinical operator based on his experience
and judgement selects a small number of pixels containing region of one of the principal
arterial vessels'®>. Manual location of AIF is not preferred as this reduces the procedure

reproducibility °. Low spatial resolution of MR-PWI data also makes manual selection dif-

ficult on contrast-MRI-PWI images™''.

Automatic methods were developed to overcome the shortcomings of the manual AIF se-
lection procedure®'%!3. The clustering based method uses the middle cerebral artery (MCA)
as a elliptical region of interest (ROI) and then utilizes a recursive cluster analysis to select
the arterial voxels®. Inefficient AIF selection usually occurs in the cases where the elliptical
ROI does not segment the MCA precisely and some of the arterial voxels are left on the

boundary or in the vicinity of the elliptical marker.

Some softwares use arterial likelihood methods so as to select the potential AIF to
match the arterial features!!. This includes minimizing the bolus arrival time, peak width
and maximize the peak height. AIF detection algorithm searches for locations or voxels
with signals of above-average amplitude or height along with below-average width and early
bolus-arrival time using a cost function. Final AIF locations are selected in a region with
the highest sum of the clustered values of cost function. Incorrect or flawed selection in this
method arises from the weighting factors used as the penalty factor used for peak height is
much lower than the other penalty factors used in calculation of cost function. This results
in selection of an AIF voxel with a shallow or low peak height. Apart from these methods
several studies use different approaches, like a local AIF extraction method was introduced
to replace the global AIF%!415  Despite of the presence of multiple studies to select AIF,
in this study we mainly focus to use to a model to select a AIF with higher amplitude and

early time to peak.
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To overcome the limitation of past methods, we purpose an improved convex segmentation
model. The PWI images are usually of low contrast which makes detection of edges difficult*.
To solve this problem we use a new idea of discrete Total Variation (TV) in a convex
geodesic model. This TV helps in locating the boundary of arterial regions to separate
homogeneous regions or intensity jumps'®. The modified segmentation model via minimizing
an energy can locate the arterial regions more accurately. After segmenting the arterial
region, we use matrix analysis to find the voxel with maximum peak height within the
contour to overcome the problem associated with shallow or low peak height AIF selection.
Furthermore, to demonstrate better accuracy and arterial features obtained by the proposed
model, a statistical comparison based on PWI dataset of 15 patients is made between the

present method and the previous methods.

[I. Methods

In the proposed method, we focus on the selective segmentation or specifying the location
of the potential voxels which could be used as AIF in the vicinity of an artery. Initially a
contour representing a region of interest (ROI) is drawn in the surrounding of the arterial
location (Figure 1). For this purpose, convex based geodesic selective model is used to draw
the contour on the middle slice of the brain axial images'’. The advantage with a contour-
based selective segmentation is exclusion of the CSF region as the contour model segments
the ROI region based on homogeneous intensity values. After the segmentation of the ROI,
the matrix analysis is used to find the potential voxel with maximum peak height within the
contour (Figure 1). This ensures that the location or pixel with maximum height within the

contour is selected as the potential AIF.

II.LA. Proposed contour based AIF Segmentation method

The energy functional of convex geodesic selective model differs from initial segmentation
models as it includes intensity fitting terms as well as distance penalty term which uses
geodesic distance from the marker set rather than the Euclidean distance!!®1°. Here, we
utilise a Total Variation function in the distance term of the model for denoising the image

(cf.'® for more information on the Discrete TV utilised in the model). The contour model
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involves a convex function and is to be minimized to achieve segmentation. The minimizer
of this function specifies the criteria to segment selective objects. The minimizer of the

function is in the form of partial differential equation. The definition of the function is -

Let 2(z,y) represent the input PWI image, defined on a image domain Q C R?* . u
represents the level set of initial contour . ¢;, ¢y are average intensities of z inside and

outside u. The functional is in the following form-

Fu,er,c3) = [ 9(IV =z, y)]) [VuldQ+

Q

fn (2@, 9) — 1) — Mo(2(z, y) — €)Y ud + 0 /ﬂ Do (. 9)ud + a fn v (w)dQ (1)

(1)

6,1,A1, A2 are non negative parameters. The term ¢(|Vz|) is the edge detector which is
g(s) = 1/1 + Bs? where f8 is tuning parameter. The last term is an exact penalty term due
to convex formulation of the functional, where v(u)= maz{0,2|u — 1| — 1}. This is done to
achieve unconstrained minimization as this encourages the minimizer to be in range [0,1].
We refer the reader to!™!¥2° for more information on the model. Next we illustrate the
calculation of Geodesic term Dj;.'7.

The geodesic distance from the marker set M is given by Dy (z,y) = 0 for (z,y) € M
DRI(I,'_U)

and Dy (z,y) = T e for (z,y) & M, where DY;(z,y) is the solution of the following
M LS

PDE:
VD (z,y)| = f(z,y), Dy (20,30) = 0, (0,30) € M. (2)

To improve noise robustness and qualitative nature of segmentation results, we considered

TV denoising by utilising the new definition of TV. The formulation of the discrete TV to
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be used in the geodesic term is'® -

TVp(z) = min{||vg|lr2 + [|ve e + [[ofli2 : Liog + Live + Lo, = Dz} (3)

Here, v is the whole gradient field, which is the concatenation of vy, v,,, v vector fields
solution to above equation. Its elements ’Ui(nl, n2), Ve (n1,n2), v.(n1,n2) are vectors located
at positions (ni + 3,m2), (n1,n2 + 1), (n1,n2). The proposed TV is the l;5 norm of the
gradient field v associated to the image x, defined on a grid three times more dense than
the one of x'. Defining it on a three times finer grid allow this TV to detect edges in low
contrast regions, when used in segmentation model (cf.'® for more information). The new f

is formulated as -

f(xay) :ED+JBG|vSp(z($:y))|2+UDE($:y) (4)

Here VS, z(z,y) represents the gradient field achieved after denoising is done with the
new purposed TV and Dg is the euclidean distance. We use calculus of variation and solve
above equation (1) with respect to ¢; and ¢y with u fixed ( cf.!® for more information on

solving the equation). This leads to-

e ®

_ fﬂ(l _ u)z(a:,y))dQ
N Jo (1 —u)d

eo(u)

(6)

Using calculus of variation and solving above equation with respect to u with fixed ¢; and

¢, leads to Euler’s equation %%

Vu

m)— Mi(z(z,y)—c1)2 = Xo(2(z, y) — e2)2] —0D¢(z, y) —avi(u) = 0 (7)

1V (g(|Vz(z,y)|)

We also have Neumann boundary conditions th: = 0 on 6€2 where n is the outward unit nor-
mal vector. The Numerical solution of the above equation decides the contour that segments

the Arterial region (cf.'™?! for information on the numerical solution and the scheme used).
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II.B. Purposed Matrix analysis to find the potential AIF within
the contour

Matrix analysis was utilized to select the potential AIF voxels out of all the voxels in the
contour. The steps used to select appropriate voxels inside the segmented region were as

following-

1) The coordinates (i, j) of segmented region inside contour represented by u were formed

into a array A.

A= ((i1,51) (G2 G2) w(insdn)” 8)

2) Matrix C' had the information of concentration of contrast agent at each (z,y, 2,t) of the
brain images, where x, y were location of coordinates in brain image, z was the slice selected

for AIF extraction and t represented time points.

C= (x,y,z,t) (9)

3) For the the n segmented (i,j) coordinates in the A array, we form following 1 x n row

vector C1,05,..Cy at different time points k.
Cr = (Concl(iy, j1,2, k) Concl(iz, j2, 2, k) coveeeeenc. Conc(in, jn, 2, k)) (10)

This is done to form a final k& x n concentration matrix F' which represents information of
concentration of contrast agent in all the selected voxels inside contour at different time

point in a row wise manner.

F=(C, C .C)" (11)

4) Maximum of F' matrix will be the highest amplitude of concentration curves among
all time points and all the voxels. This purposed analysis is used to trace back the spatial
location of the best potential AIF voxels. Finally, global AIF for perfusion analysis is repre-

sented by the contrast agent concentration of the selected AIF voxel.
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[I.C. Perfusion Data acquisition

During the diagnostic MR procedure, fifteen ischemic stroke patients underwent perfusion
imaging. A clinical 1.5 T MR scanner at the Tri-service General Hospital, Taipei (Signa;
General Electric) was used to acquire contrast-enhanced T2*-weighted images. Single-shot
gradient-echo EPI sequence was utilised (TR : 1800 ms, TE : 40 ms). During Perfusion
imaging, bolus injection (Magnevist; gadopentetate dimeglumine, Bayer Health Care phar-
maceuticals Inc.) was injected with the speed of 5 ml/sec and quantity was 20 ml. After
the contrast agent passes through the tissues, the decrease in signal intensity depends on
the contrast agent concentration, which is considered as a proxy for perfusion. The acquired
time series data are then postprocessed to obtain perfusion maps with different parameters.
The additional benefit of using this type of dataset is to accentuate local magnetic homo-
geneity effects to aid in the detection of hemorrhage, core and better segmentation?2. This

study was granted IRB approval from the Tri-Service General Hospital, Taipei, Taiwan.

[I.D. Statistical analysis and Perfusion parameter estimation

Statistical analysis

AIF location on the brain axial slices was decided by utilising different methods: clustering
method, arterial likelihood method and contour based AIF segmentation method. Due to
the different patient conditions, physical condition, severity of the disease, the contrast injec-
tion time, and due to variable time to start the scan, statistical comparisons are only made
by using the differences of the curve parameters'®. These curve parameters are amplitude
(peak), the center position of the peak of concentration curve or time to peak, the differ-
ences are represented by A amplitude (a.u), A center (sec). One-way ANOVA statistical
test was used to establish whether there is a significant difference in terms of amplitude of

AIF selected by the different three methods.

Perfusion Parameter estimation

Perfusion DSC model was used to compute the Perfusion parameters (CBF and Tmax)

with the global AIF's deduced from different methods: clustering method, arterial likelihood
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method and contour based AIF segmentation method. Perfusion analysis was done once
global AIF was decided by the AIF selection methods. On the lines on past perfusion
studies in ischemic stroke, perfusion analysis was done by deconvolution of the tracer kinetic
equation %2425

C: = Ca @ R(t) (12)

All the image analysis were implemented in MATLAB. (Mathworks, Natick, MA). Here
C(t) denotes the tissue concentration curve at each pixel, Cy(t) is the AIF either using one of
the three AIF selection methods described above, symbol ® represents the convolution oper-
ator and R(t) represents the residue impulse response function. Deconvolution of Eq. [12] to
estimate CBF, Tmax was done using the singular value decomposition method (SVD)®?26:27,
Deconvolution of Eq. [12] for known values of C,(t) , C;(t) at each pixel of axial slices leads
to evaluation of the residue function R(t). CBF is measured as the maximum of R(t)!.
Tmax is the time ¢ for which R(t) attains maximum value'!?>. After estimating CBF and

Tmax for all brain tissues, CBF and Tmax are represented visually on axial slices. Tissue

at risk was identified by thresholding the Tmax values by Tmax >6 seconds.

[1l. Results

IIILA. Statistical analysis of Curve Characteristics

Subjectively, the concentration curve of AIF extracted by contour based AIF segmentation
method confirmed to the arterial characteristics, such as large amplitude, small width, fast
attenuation, and gamma-like shape (Figure 2). In terms of AIF location, it is visible that the
location selected by contour based AIF segmentation method is quite close or in proximity
of the AIF location selected by arterial likelihood method (Figure 2). In terms of curve
characterstics comparison, contour based AIF segmentation method selects AIF curve with
larger amplitude or higher peak position and with fast attenuation represented by early time
to peak or positive A center (Figure 2, Figure 4). We also calculated the similarity of the
AIF concentration curves. The similarity was calculated by Correlation Coefficient, which

indicates that the curves are positively correlated (Table 1, Table 2, Table 3).
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The AIF curve characterstics of all other subjects are represented in the form of sta-
tistical tables (Table 1, Table 2). We also show the Group mean differences between the
contour based peak height AIF method and the previous AIF selection methods to get a
group overview. The group mean differences indicate that overall the AIF selected by con-
tour based AIF segmentation method has better arterial features of higher peak position
(Figure 5(a)), and fast attenuation as compared to the other AIF selection methods (Table
3). A one-way ANOVA (Figure 4) revealed that there was a statistically significant difference
in AIF amplitude (peak) between the three AIF selection methods (F(2, 42) = 5.66, p =
.0067).

The clustering method and arterial likelihood methods have the same peak for patients 12-15
(Tables 1 and 2). The contour-based method uses a matrix based approach to ensure that
out of all the potential AIF voxels in the marked contour the selected AIF voxel has the
maximum peak concentration. In subjects 12-15 the other two methods miss out AIF with
maximum peak which is a feature of utilizing the matrix analysis post selection of ROI for

AIF by contour-based model.

In figure 2 we have shown the cases where the contour method selects AIF with better
arterial features i.e., high peak and early time to peak than the latter two methods. In
figure 3, both the methods select a similar AIF voxel and this represents that in some cases
both arterial likelihood method and contour-based method may yield the same result for
AIF i.e. in this case arterial likelihood method may not miss out the peak AIF voxel. In
contrast, for all other subjects both the AIF locations are quite close but the arterial like-
lihood method misses out the location with highest peak (Figure 2). This could be due to
the varying physical conditions, severity of the disease, noise associated with signals and
the variability of contrast injection time among different patients. Although we processed
all the samples, considering the number of samples, we only showed selected AIF location
and corresponding concentration curve of three of them. For a patient, the contour method
yields an AIF curve after 14 s (seconds). Time taken by the clustering method and arterial
likelihood method for the AIF estimation was 9 s and 13 s. (Intel I5/Ram :8gb/ MATLAB
2020(a)).
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[11.B. Perfusion maps

We derived the Perfusion parameters (CBF, Tmax) corresponding to the AIF given by all
three methods in each pixel in each sample. For comparison we used a similar SVD decon-
volution method with the optimal standard threshold?®. The perfusion maps were accessed
by an experienced clinical from veterans hospital. Based on the feedback investigators con-

cluded that perfusion parameter maps could be utilised for diagnosis.

The distribution of CBF and Tmax maps based on the AIF selected by all three meth-
ods is basically the same, however ischemic regions or tissues at risk can be clearly located
through the perfusion maps given by contour based segmentation method (Figure 5, Figure
6). The mean and standard deviation of perfusion parameters (CBF and Tmax) over a
cohort of all patients are shown in Table 4. The other two AIF selection methods estimate
lower Tmax and higher CBF values, which misleads us in terms of severity of Ischemia and
the size of tissue at risk. The mean CBF values obtained by our method are in general
lower than those obtained by the other two methods (Figure 5, Table 4). The mean Tmax
values obtained by Contour based AIF selection method are higher than those obtained by
the other two methods (Table 4). Higher Tmax and lower CBF values reported are due to
the early time to peak and the larger peak value of the AIF curve.

With the help of a sample example of a stroke patient we illustrate that tissue at risk
was clearly located with improved visual specificity (Figure 6). The clustering based AIF
method failed to estimate the tissue at risk in this case (Figure 6). Contour based method
estimated the size and volume of tissue at risk similar to the size estimated by a widely used

commercial software considered as golden standard for perfusion processing outcome.
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V. Discussion

IV.A. AIF and contour based models

Contour based segmentation models have been widely used for object segmentation in images
with noise and in homogeneous intensities!”?%?°, They are usually based on a functional and
the minimizer of this functional decides the accuracy of segmentation'®2%2°, However,up to
date this has not yet been applied for AIF estimation in PWI studies. Experimental and
comparison results suggest that the discussed method performs better in terms of AIF esti-
mation as compared to earlier methods. The present method has been proved to be robust
to detect voxels with large amplitudes, small width, fast attenuation, and gamma-like shape
as potential AIF. The utilization of discrete TV allows the contour model to deal with noisy

data sets as well as with in homogeneous intensities.

Recent studies utilized a deep convolutional neural network (CNN) to automatically iden-
tify AIFs in computed tomography perfusion (CTP) and perfusion-weighted MRI (PWI)
datasets'?3?. These studies concluded that CNN network models could be potentially viable
as the cross-correlation values of manual AIFs with CNN AIFs were observed higher than
the AIF decided by the traditional methods®°. The CNN-derived AIF's for the PWI data-sets
showed marginally greater peak heights and early time to peak. CNN models require the
choice of ground truth as an input and this ground truth is mainly a manual selected AIF.
Here, to provide ground truth user has to inspect each voxel which is inside the Arterial
ROI. This might be time consuming and there are high chances of missing a voxel which
could represent a AIF with better arterial features. Comparatively, the purposed method
is selective and just requires a single click to set a marker point or to localize the Arterial

region as region of interest (ROI) and find a suitable AIF voxel.

IV.B. Tissue at risk and limitations

Tissue at risk or Ischemic penumbra denotes the stroke region that is at risk of progressing

11,31

to infarction but is still salvageable ™", Ischemic penumbra is usually located around an

infarct core which represents the infarcted or blocked necrotic tissue®2. Cerebral perfusion
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in terms of parameters is the key information that helps to locate the penumbra around the
infract core!%?232 AJF plays a central role in cerebral perfusion estimation. PWI studies
proved that AIF measured with a lower amplitude, large width and slow attenuation could
produce a four times blood flow overestimation along with inaccurate ischemic penumbra??.
We could observe that (Figure 6) difference in AIF selection makes a substantial bias in the

estimation of ischemic penumbra.

With the help of an example (Figure 6) we demonstrate that the accuracy and visual
reliability to identify tissue at risk with our model is promising. Among the three methods,
contour-based AIF method has the closest prediction of the tissue at risk in comparison
to a commercial software. Detection of ischemic infraction is important because of narrow
window of therapeutic efficacy. Inclusion of this fast and efficient AIF selection algorithm
presented in this study in clinical settings may optimise the delivery of stroke care. The
proposed method could potentially be considered as part of the calculation for perfusion

imaging in general.

This study has several limitations. In this study, we used MR-PWI data set of 15
patients. In clinical settings, collecting the data-sets for a broader patient cohort is chal-
lenging due to the restricted access to urgent MR-PWI and the contraindications (e.g.,
uncharacterized metallic foreign bodies) related to MR-PWI acquisition®®. Recent studies
have demonstrated that Computed Tomography perfusion (CTP) can provide information
related to treatment decision making at a level similar to MR-PWI?®. Due to the greater
accessibility of CTP, further CTP studies on a large data set with variability of onset of
stroke are required to demonstrate the consistency of purposed AIF selection method. Also,
it would be worth to see if the proposed model can deal with the noise and in-homogeneity

in the CT perfusion images.
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V. Conclusion

This study proposed a contour-based segmentation model for estimating AIF curves in brain
perfusion images. This segmentation framework worked on perfusion images at levels supe-
rior to the current clinical state of the art. The model estimated AIF curves with higher
amplitude and early time to peak along with a good performance in identifying the tissue
at risk. Inclusion of this improved AIF selection methodology discussed in the study will
facilitate prediction and localization of the ischemic penumbra ,which in turn may optimise

the delivery of stroke care and surgical pharmaceutical treatments.
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Conversion of MR signal to transverse relaxivity
concentration values.

v
‘ Selection of region of interest (ROI) for AIF by Contour ‘

based model-using denoising in geodesic term.

¥
Matrix analysis to select AIF within the ROl with higher
peak and lower time to peak

h 4

Deconvolution

v

Computation of perfusion maps (CBF, TMAX)

h
Tissue at risk estimation (Tmax >6 sec)

Figure 1: Model Pipeline used to estimate perfusion parameters after extracting AIF by a
contour based geodesic model.
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Figure 2: AIF voxels selected by the contour based AIF (green), arterial likelihood selection
method (yellow) and clustering method (red) (left column) (b) Zoomed in images of contour
(dark red) used for AIF selection demonstrates that the voxels selected for contour based AIF
(green), arterial likelihood selection method (yellow) were very close to each other. (central
column) (c¢) Concentration curves of the selected AIF voxels (Right column). contour based
AIF segmentation method (green curve) selects AIF curve with larger amplitude or higher
peak position, and fast attenuation represented by early time to peak or positive A center
than the latter two methods. Each row demonstrates different patient
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Figure 3: Similar AIF voxel (Green) selected by the contour based AIF and arterial likelihood
selection method (left column) (b) Zoomed in images of contour (dark red) used for AIF
selection demonstrates similar voxel selected for contour based AIF (green) and arterial
likelihood selection method (central column). (¢) AIF Concentration curves of the selected
AIF voxel (right column).
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One-Way ANOVA [Average % Standard Deviation]

Group 1 Group 2 Group 3
Contour Based AIF Arterial liklihood method Clustering Method

AlF amplitude (a.u)
o (=]
(=] o

(=]

Figure 4: Comparison of AIF amplitude for the AIF selected by the three methods in
the patient cohort. A one-way ANOVA revealed that there was a statistically significant
difference in AIF amplitude (peak) between the three AIF selection methods ( F value =
5.66 , P value = .0067).
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Clustering AIF Arterial AIF Contour AIF

Figure 5: CBF maps estimated by AIF from (A) clustering (B) arterial likelihood method
and (C) contour based AIF from left to right. CBF values obtained from the contour based
AIF method are lower than the latter two methods due to the larger peak and lower time
to peak of the AIF. This allows to locate the core regions with decreased blood flow more
precisely and accurately.
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Figure 6: Tissue at risk (Red) maps estimated by AIF from (A) clustering (B) arterial
likelihood method and (C) contour based AIF from left to right. (D) Tissue at risk identified
by the commercial software. Tissue at risk is identified by Tmax> 6 sec and is overlaid on
brain masks. Among the three methods, contour based AIF method has the closest prediction
of Tissue at risk (168 mL) with the tissue at risk identified by the commercial software (175
mL) considered as golden standard for perfusion processing outcome.
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Table 1: The difference of curve characteristics between the arterial liklihood method and
contour based peak height AIF selection method.

| Sample | amplitude (a.u) | center (s) | Correlation |
Contour based AIF  Arterial likelihood Aamplitude (a.u) | Arterial likelihood Contour based AIF  Acenter (s)
1 29 21 8 414 39.6 1.8 0.8
2 414 414 0 17.7 17.7 0 1
3 90.8 27 63.8 27 27 0 0.8
4 46 20 26 43.2 414 1.8 0.6
5 80.6 64.3 16.3 33.9 37.5 -3.6 0.8
6 12 43 7.7 50.4 45 5.4 0.7
7 36 19.6 16.4 48.6 46.8 1.8 0.9
8 59.7 13.2 46.5 43.2 45 -1.8 0.7
9 39.5 33.7 5.8 45 43.2 1.8 0.9
10 50.1 12.2 37.9 43.2 414 1.8 0.9
11 53.8 33.7 201 414 414 0 0.9
12 69.7 64.1 5.6 39.6 37.8 1.8 0.8
13 425 16.1 26.4 34.2 34.2 0 0.9
14 109.5 42.8 66.7 36 37.8 -1.8 0.7
15 56.5 10.8 45.7 414 36 5.4 0.8
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Table 2: The difference of curve characteristics between the clustering method and contour
based peak height AIF selection method.

| Sample | amplitude (a.u) | center (s) | Correlation |
Contour based AIF Clustering method A amplitude (a.u) | Clustering method Contour based AIF  Acenter (s)
1 29 34 25.6 41.4 39.6 1.8 0.8
2 41.4 29.8 11.6 19.5 17.7 1.8 0.8
3 90.8 45.7 45.1 30.6 27 3.6 0.2
4 46 36 10 41.4 41.4 0 0.8
5 80.6 65.2 15.4 37.8 37.8 0 0.8
6 12 60.1 -48.1 50.4 45 5.4 0.7
7 36 61.7 -25.7 50.4 46.8 3.6 0.9
8 59.7 48.9 10.8 39.6 45 -5.4 0.7
9 39.5 10.2 29.3 43.2 43.2 0 0.9
10 50.11 36 14.11 39.6 41.4 -1.8 0.9
11 53.8 46.7 7.1 39.6 41.4 -1.8 0.9
12 69.7 64.1 5.6 41.4 37.8 3.6 0.8
13 42.5 16.1 26.4 36 34.2 1.8 0.8
14 109.5 42.8 66.7 37.8 37.8 0 0.7
15 56.5 10.8 45.7 39.6 36 3.6 0.8
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Table 3: Group mean difference between the Contour based peak height AIF method and
the previous AIF selection methods.

‘ Method ‘ amplitude (a.u) center (s) Correlation coefficient
Clustering method 16.7 1.08 0.7
Arterial likelihood method 26.1 0.9 0.8
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Table 4: Perfusion parameters ( Tmax and CBF ) for different AIF selection methods.

Method Tmax (s) CBF (a.u)
Contour Based AIF Mean 1.87 81.9

SD 2.09 64.7
Arterial Likelihood method Mean 1.6 178.3

SD 3.01 139.9
Clustering method Mean 1.13 296.5

SD 2.8 229.6
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Figure legends

Figure 1 : Model Pipeline used to estimate perfusion parameters after extracting AIF by a

contour based geodesic model.

Figure 2: AIF voxels selected by the contour based AIF (green), arterial likelihood selection
method (yellow) and clustering method (red) (left column) (b) Zoomed in images of contour
(dark red) used for AIF selection demonstrates that the voxels selected for contour based AIF
(green), arterial likelihood selection method (yellow) were very close to each other. (central
column) (c¢) Concentration curves of the selected AIF voxels (Right column). contour based
AIF segmentation method (green curve) selects AIF curve with larger amplitude or higher
peak position, and fast attenuation represented by early time to peak or positive A center

than the latter two methods. Each row demonstrates different patient

Figure 3: Similar AIF voxel (Green) selected by the contour based AIF and arterial likeli-
hood selection method (left column) (b) Zoomed in images of contour (dark red) used for
AIF selection demonstrates similar voxel selected for contour based AIF (green) and arterial
likelihood selection method (central column). (¢) AIF Concentration curves of the selected

AIF voxel (right column).

Figure 4: Comparison of AIF amplitude for the AIF selected by the three methods in the
patient cohort. A one-way ANOVA revealed that there was a statistically significant differ-
ence in AIF amplitude (peak) between the three AIF selection methods ( F value = 5.66 ,
P value = .0067).

Figure 5: CBF maps estimated by AIF from (A) clustering (B) arterial likelihood method
and (C) contour based AIF from left to right. CBF values obtained from the contour based
AIF method are lower than the latter two methods due to the larger peak and lower time

to peak of the AIF. This allows to locate the core regions with decreased blood flow more
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precisely and accurately.

Figure 6: Tissue at risk (Red) maps estimated by AIF from (A) clustering (B) arterial likeli-
hood method and (C) contour based AIF from left to right. (D) Tissue at risk identified by
the commercial software. Tissue at risk is identified by Tmax> 6 sec and is overlaid on brain
masks. Among the three methods, contour based AIF method has the closest prediction of
Tissue at risk (168 mL) with the tissue at risk identified by the commercial software (175

mL) considered as golden standard for perfusion processing outcome.
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