Enhancement of automated blood flow estimates (ENABLE) from arterial spin-labeled MRI
Abstract
Purpose: To validate a multi-parametric automated algorithm — enhancement of automated
blood flow estimates (ENABLE) — that identifies useful and poor arterial spin-labeled (ASL)
difference images in multiple post labeling delay (PLD) acquisitions and thereby improve

clinical ASL.

Materials and methods: ENABLE is a sort/check algorithm that uses a linear combination of
ASL quality features. ENABLE uses simulations to determine quality weighting factors based on
an unconstrained nonlinear optimization. We acquired a set of 6-PLD ASL images at 1.5T or
3.0T systems among 98 healthy elderly and adults with mild cognitive impairment or dementia.
We contrasted signal to noise ratio (SNR) of CBF images obtained with ENABLE vs.
conventional ASL analysis. In a subgroup, we validated our CBF estimates with single-photon

emission computed tomography (SPECT) CBF images.

Results: ENABLE produced significantly increased SNR compared to a conventional ASL
analysis (Wilcoxon signed-rank test, p<0.0001). We also found the similarity between ASL and
SPECT was greater when using ENABLE vs. conventional ASL analysis (N=51, Wilcoxon
signed-rank test, p<0.0001) and this similarity was strongly related to ASL SNR (t=24,

P<0.0001).

Conclusion: These findings suggest that ENABLE improves CBF image quality from multiple
PLD ASL in dementia cohorts at either 1.5T or 3T, achieved by multi-parametric quality features

that guided post-processing of dementia ASL.
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Introduction

Arterial spin-labeled (ASL) magnetic resonance imaging (MRI) permits non-invasive
quantification of cerebral blood flow (CBF) (1). Several dementia studies have shown
regionally-specific chronic reduction of resting CBF, which suggests the utility of physiological
imaging in dementia assessments (2,3). ASL is well suited for repeat scans and thus for
screening, monitoring dementia progression and treatment responses. The CBF-weighted ASL
difference (ASL-diff) images, however, have an intrinsically low signal to noise ratio (SNR)
because the labeled blood water is only a small fraction of the total water in any given tissue

voxel (1).

Prolonged arterial transit time (ATT) confounds CBF estimates in ASL; this tendency is more
pronounced in adults with vascular disease. ATT describes the travel time of the blood from the
labeling plane to tissue in the imaging plane. Prolonged ATT can compromise the CBF image
due to the incomplete delivery of the ASL tracer and consequently hyperintense intravascular
signal (1). Dai et al. found that accounting for ATT variability increased CBF values in the
regions where ATT was longer than the post labeling delay (PLD) (4). Other studies have
demonstrated multiple PLD (multi-PLD) ASL avoids intravascular ASL signal contamination

during CBF quantification (1,4) and improves accuracy (5,6).

Liu at el. (7), Dai et al. (4) and Mutsaerts et al. (8) reported positive association between age and
regional ATT in healthy adults and elderly with hypertension. Mak et al. found longer ATT in
adults diagnosed with Alzheimer’s disease compared to healthy elderly and an inverse
correlation between ATT and cognitive performance (9). Hence, the use of multi-PLD ASL is of

relevance to aging and dementia studies to account for the ATT variability.



Head motion between ASL control and label images can introduce spurious signals, posing a
challenge among older and clinical cohorts (10,11). A recent ASL white paper recommends
checking the individual ASL-diff images and evidence of head motion artifacts (1). Visual
inspection is, however, time consuming and subject to inter-rater variability. Fortunately, there
are post-processing algorithms available that automatically assess quality features in individual
ASL-diff images by: 1) pre-defined thresholds on mean and standard deviation of ASL signal in
tissue voxels (12), 2) maximizing ASL signal detectability (13) and 3) optimizing the correlation

with the mean ASL-diff image (14,15).

Given the systematic differences in ASL contrast for different PLDs, it is not clear how to
automatically evaluate quality of multi-PLD ASL images. For instance, short PLD images may
be more or less susceptible to head motion than long PLD images. Therefore, a general solution
to ASL image quality evaluation is of interest. A solution to this challenge should also strive to

preserve as much ASL data as possible given the limited number of ASL-diff images.

In this study, we propose a multi-parametric quality evaluation procedure — enhancement of
automated blood flow estimates (ENABLE) — to identify poor ASL-diff images in multi-PLD
acquisitions. ENABLE used simulations — based on noise features of 1.5T and 3T clinical data —

to determine quality criteria across any PLDs using several ASL quality features.



Materials and Methods
1. Simulation study

1.1. Overview of ENABLE
ENABLE is a sort/check algorithm to evaluate image quality for each PLD independently. We
first align control and label images separately to the mean control image and calculate ASL-diff
images. Second, we sort ASL-diff images based on their image quality with the goal of
preserving highest quality volumes. Third, we compute a quality criterion and exclude ASL-diff
images based on maximum of this quality criterion. To define a robust quality criterion, we used
a combination of four ASL quality features. We determined the weightings of the quality
criterion through simulations where ground-truth ASL-diff images were generated a priori.

1.2. Simulated ASL images
We used in-house tools based on FSL (18). We performed simulations using three sets of
ground-truth images: CBF, ATT and large arterial blood volume maps obtained from previous
empirical ASL analysis (Montreal neurological institute (MNI152; 2mm) template space, Figure
1A). We generated ASL image pairs — named ASLipgar — using these ground-truth
hemodynamic maps. This approach involved projecting the output images back to the original
data by relying on the two-compartmental ASL kinetic model (19) given the following PLDs:
100, 500, 900, 1300, 1700 and 2100ms PLDs (i.e., the corresponding schedule for the empirical
data acquired at 1.5T and 3.0T, described in the following section), shown in Figure 1B. To
create simulated ASL noise, we extracted noise features from empirical data (N=98) and added
them to ASLipear, images. We simulated three noise sources. First, we calculated thermal noise
features of each volume using non-brain voxels (13) and added Gaussian noise with the attained

parameters to ASLipear. Second, we added voxel-wise physiological noise features (20) to the



simulated noisy ASL images. Third, we introduced twelve head motion parameters — including
translations, rotations, scales and skews obtained from the motion correction process (MCFLIRT
(21)) — using the FLIRT tool, effectively the reverse of the head motion correction process.
Consequently, we generated ninety-eight simulated ASL datasets (i.e., 98 cases with 24 ASL-diff

images for each of the 6 PLDs) using noise features that resemble of 1.5T and 3T empirical ASL.

1.3. Sorting
The simulated control and label images underwent a sinc subtraction to generate twenty-four
ASL-diff images per PLD (22). We computed the quality of each ASL-diff image using contrast
to noise ratio (CNR). CNR is defined as the mean ASL difference signal in grey matter (GM)
divided by the standard deviation of non-brain voxels. Thereafter, we sorted ASL-diff images
based on their quality measures in descending order i.e., from the highest to the lowest CNR.

1.4. Quality criterion
We initially evaluated image quality from the six ASL-diff images with the highest CNR (23).
We generated temporal mean and standard deviation ASL-diff images — named ASL-diffean and
ASL-diffyq, respectively — to calculate image quality features. Quality features included: 1)
temporal CNR (tCNR: CNR of ASL-diffe.n in GM), 2) detectability metric (Det: the proportion
of ASL-diffy,can voxels with significantly greater than zero signal in GM) (13), 3) coefficient of
variation of ASL-diffi,ean (CoV: spatial standard deviation divided by spatial mean in GM) (24)
and 4) temporal signal to noise ratio (tSNR: spatial mean of ASL-diff;,c.n image divided by ASL-
diffyq image in GM). In addition, as an image similarity measure, we calculated a normalized
mean-square difference metric between the ASL-diffican and ASL-diffippar in GM. Thereatfter,

we recalculated quality features and similarity measures with the addition of each successive



ASL-diff image from the quality sorted series. We obtained the GM mask from MNI152
template space tissue segmentation map using a probability threshold of 70%.

We assessed overall quality using a linear combination of quality features at any given PLD:
Quality criterion(n,m) = W1xtCNR(n,m) + W2XxDet(n,m) + W3XxCoV (n,m) + W4xtSNR(n,m) (1)
Image similarity(n,m) = Y;(ASL dif fhoqn (0, m) = ASL diffi5za.)? / N(GM) 2)

where n represents the number of ASL-diff images (range = 6-24), m represents a simulated ASL

dataset (range = 1-98), i represents each voxel in GM and N(GM) is the number of GM voxels.

L.5. Training of ENABLE quality criterion
The goal was to use similarity measures to extract the quality weighting factors i.e., W1-W4. The
optimization cost function was based on the distance between the similarity measure and the

quality criterion:
Optimization cost function = ¥, ,(Image similarity(n,m) — Quality criterion(n, m))2 3)

We used an unconstrained nonlinear optimization tool (optimtool, MATLAB 2015) to find an
optimum set of factors, i.e. W1-W4, that minimized the cost function (Equation 2). The 1.5T and

3T simulated data were treated separately.

1.6. Pass/fail
The final step of the quality evaluation procedure was to identify corrupted ASL-diff images.
After obtaining the quality weightings, we computed the quality criterion for each ASL dataset.
The maximum of this overall quality function corresponded to highest similarity between ASL-
diffinean and ASL-diffipgar. for each simulated ASL image. Therefore, we sought the maximum of
a quality criterion and identified the corresponding ‘n” — number of ASL-diff images — as the

number of ASL-diff images retained by ENABLE. We classified ASL-diff images as ‘pass’ or



‘fail” based on their involvement in the maximum of quality criterion. In other words, including

‘fail” ASL-diff images decreased the overall quality metric and thus was discarded.

1.7. Evaluation of ENABLE on simulated data
We examined ENABLE performance against a conventional (CONV) multi-PLD ASL analysis,
i.e. no image quality evaluation (4,25-27). We modeled multi-PLD images with an established
ASL kinetic model tool (BASIL) (28) to generate CBF images. A free energy term provided a
goodness of fit estimate such that lower free energy corresponds to a better fit (28). We
calculated mean free energy in GM to compare CONV and ENABLE approaches. We also
computed the similarity of the CBFcony and CBFenapLe With CBFipgar; this was based on the

normalized mean-square difference metric in GM.

We performed statistical assessments in RStudio (R 3.2.2 GUI 1.66) with p<0.05 observed as
significant. Wilcoxon signed-rank test compared the similarity of CBFcony and CBFgnapLe With
CBFipgar. In addition, we compared the mean free energy in GM between the CONV and

ENABLE using Wilcoxon signed-rank test.

2. Empirical study

2.1. Image acquisition
The local Research Ethics Board approved the protocol of this study and all participants provided
informed consent. Ninety-eight adults participated in this study and comprised three groups:
healthy elderly (n=15, age range=59-86 years, female/male: 9/6), adults diagnosed with mild
cognitive impairment (16) (n=21, age range=>59-89 years, female/male: 11/10) and adults

diagnosed with dementia (16) (n=62, age range=53-88 years, female/male: 35/27).

We performed MRI on a 1.5T GE Signa system (General Electric Medical Systems, Milwaukee,

WI, USA) for sixty adults (mild cognitive impairment: n=21; dementia: n=39) and on a 3.0T GE



Discovery 750 system for thirty-eight adults (healthy elderly: n=15; dementia: n=23). The MRI
protocol included a pseudo-continuous ASL acquisition (identical for 1.5T and 3.0T) for CBF
estimation: 2D echo planar imaging, 64 x 64 x 17 matrix, 3.5 x 3.5 x 5.6 mm’, labeling duration
= 1500ms, 6 PLDs of 100, 500, 900, 1300, 1700 and 2100ms and 12 control-label pairs for each
PLD. TE/TR of 17ms/3.5-5s was used for a total ASL scan time under 10 minutes. A reference
ASL acquisition for absolute CBF quantification was also acquired at the beginning of each PLD
acquisition (17). Structural images were acquired for registration and tissue segmentation
purposes. For 1.5T system, these acquisitions included: 1) T1-weighted axial 3D SPGR with
TE/TR:5ms/35ms, flip angle 35°, 256 x 256 matrix, 0.9 x 0.9 mm” and slice thickness of 1.2 to
1.4 mm depending on the head size and 2) interleaved Proton Density and T2-weighted axial 2D
dual-echo spin echo: TE 30 and 80 ms, TR 3 s, 256 x 256 matrix, 0.78 x 0.78 mm?, slice
thickness of 3mm. For 3.0T system, these acquisitions included: 1) T1-weighted axial 3D
FSPGR with TE/TR/TI: 3.2/8.1/650 ms, flip angle 8°, 256 x 256 matrix, 0.86 x 0.86 mm?, slice
thickness of 1 mm, 2) interleaved Proton Density and T2-weighted axial 2D fast spin echo: TE
11.1 and 90 ms, TR 2.5s, 256 x 256 matrix, 0.86 x 0.86 mmz, slice thickness of 3 mm and 3) T2-
weighted Fluid Attenuated Inversion Recovery axial: TE/TR/TI: 140/9700/2200 ms, 256 x 256

matrix, 0.86 x 0.86 mm?, slice thickness 3 mm.

Participants imaged on the 1.5T MRI system received a corresponding single-photon computed
emission tomography (SPECT) CBF scan using a three-headed Philips system (Philips,
Amsterdam, The Netherlands). SPECT and MRI sessions occurred within 30 days of each other.
We obtained SPECT scans ninety minutes after administration of technetium-99m

99m;

hexamethylpropyleneamine oxime (" I'c-HMPAO) or sixty minutes after administration of



99m; 99m;

Tc ethyl cysteine dimer (" Tc-ECD) with high resolution fan beam collimators (voxel size:

3.56 x 3.56 x 1 mm”?).

2.2. Empirical evaluation
We analyzed empirical ASL data using both CONV and ENABLE approaches. ENABLE
resembled the analysis steps described in the simulation except that attained quality weightings
were used. We again used BASIL tool (28) for CBF estimation followed by spatial smoothing
with a Gaussian filter with full width at half maximum of 6mm. We calculated SNR of the
CBFcony and CBFgenapLe images. SNR is defined as mean CBF within the GM mask divided by
standard deviation of CBF. We performed the tissue segmentation in subject specific space using
semi-automated brain region extraction tool. Our tri-feature tissue segmentation for GM, white
matter and cerebrospinal fluid, was first based on a Gaussian fitting algorithm using localized
histograms from T1-weighted voxel intensities. This initial segmentation was further corrected
for misclassification errors due to atrophy and subcortical vasculopathy using proton density, T2-
weighted and/or T2-weighted Fluid Attenuated Inversion Recovery voxel intensities as
previously described (29). We co-registered these tissue masks to ASL space using ASL
reference images and the FLIRT tool (21). We compared CONV and ENABLE estimates as the

difference in SNR, i.e. ASNRgwm:

ASNRgy = (SNRENABLE,GM - SNRCONV,GM)XZ/(SNRENABLE,GM + SNRCONV,GM) X100 (4)

A positive value for ASNRgm favours ENABLE as a means of improving image quality, while a

negative favours CONV.
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An iterative algorithm (order subset expectation maximization) (30) reconstructed SPECT
images followed by attenuation correction process and spatial smoothing (31). We co-registered
SPECT CBF maps to the T1-weighted images and downsampled to Smm isotropic resolution.
We generated relative CBF maps by intensity normalization to mean CBF in GM. We performed
a similar processing for ASL CBFcony and CBFenagLE to obtain intensity normalized ASL
images. Thereafter, we assessed similarity between intensity normalized ASL (CONV and

ENABLE) with SPECT using generalized Jaccard index (JI) defined as the following (32):
J1 = ¥;min(ASL(i), SPECT (i) /% max(ASL(i), SPECT(i)) (5)
where 1 represents each voxel in CBF images.

2.3. Statistical tests
We performed statistical assessments in RStudio (R 3.2.2 GUI 1.66) with p<0.05 observed as
significant. We compared SNR and free energy between the CONV and ENABLE using
Wilcoxon signed-rank test. A general linear model examined the influence of field strength,
diagnosis and mean head motion on ASNRgm. We also assessed the effects of diagnosis, field
strength and mean head motion on the number of retained ASL-diff images by ENABLE using a
general linear model. For the SPECT subgroup, we assessed the similarity of intensity
normalized ASL CBFcony and CBFenapLe with SPECT using Wilcoxon signed-rank test.
Moreover, we used general linear models to evaluate the association between ASL-SPECT

similarity and ASL SNR as well as number of retained ASL-diff images based on ENABLE.



Results

1. ENABLE training

Tables 1 and 2 show resultant quality weighting factors for 1.5T and 3.0T data, respectively.
Large weights (i.e., numbers) in these quality matrices indicate greater influence for the
corresponding quality feature. For instance, for PLD=100ms, detectability had the dominant

influence on quality while £SNR had the dominant effect for PLD=900.

2. Evaluating ENABLE on simulated data
Simulations showed that CBFenagLe had greater similarity with CBFpgar than did CBFcony

(p=0.03). Mean free energy in GM improved with ENABLE compared to CONV (p<0.001).

3. Evaluating ENABLE on empirical data

Figure 2 shows quality features as a function of the amount of ASL data used. Figures 2A and
2B illustrate individual quality features and the quality criteria for three examples, respectively.
Figure 2C shows mean ASL-diff images with different amounts of ASL data used. The last row

shows the ASL-diffe.n images from ENABLE.

Sixteen out of ninety-eight datasets were removed from the empirical analysis due to
unavailability of anatomical images or poor tissue segmentation/co-registration. ASNRgym was
significantly greater than zero, i.e., SNR was higher for CBFgnapLe compared to CBFcony
(Wilcoxon signed-rank test, p<0.0001). There was a significant effect of mean head motion on
ASNRgm (N=82, t=4.3, p<0.001) but no effect of field strength or diagnosis (p>0.2). Figure 3A
shows the scatter plot of ASNRgw and mean head motion of ASL images. Figure 3B illustrates
CBFgenasLe and CBFcony examples for visualization purposes. The mean of CBFgnapLe in GM
was higher than CBFcony (Wilcoxon signed-rank test, p<0.001). Model fit index also improved

in ENABLE compared to CONV (Wilcoxon signed-rank test, p<0.001). The number of retained

11
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ASL-diff images by ENABLE ranged from 79 to 143 out of 144 volumes (123+12.5). We found

a negative association between the number of retained ASL-diff images with mean head motion

(N=82, t=-3.9, p<0.001) but no effect of field strength or diagnosis (p>0.15).

ASL-SPECT similarity was higher for CBFgnapLe compared to CBFcony (Wilcoxon signed-rank
test, p<0.0001). In addition, ASL-SPECT similarity was strongly associated with ASL SNR as
shown in Figure 4A (N=51, t=21, p<0.0001). ASL-SPECT similarity was not related to the
number of retained ASL-diff images based on ENABLE (p>0.2). Figure 4B illustrates ASL CBF

examples of moderate and high similarity with SPECT.

Discussion

This study shows that multi-parametric ASL quality features can be used for automated image
processing and produce higher quality CBF images. This work adds to the growing ASL
literature focused on maximizing the use of ASL in dementia imaging (1). With ENABLE, we
strived to identify corrupted ASL-diff images while preserving highest quality volumes. This

approach was deemed successful on the basis of simulations and validation with SPECT CBF.

Compared to previous ASL image processing procedures that focused on single quality features
(12—-15), ENABLE used an optimized combination of four quality features. Each of these
parameters represent a different ASL quality feature: tCNR shows the ASL signal changes in
GM compared to non-brain voxels as the number of included images increases, tSNR and CoV
demonstrate temporal and spatial variations of ASL signal in GM, respectively and detectability
is a measure of proportion of voxels with meaningful ASL signal in GM. This combination had
the effect of robust quality criterion that varied depending on the PLD. Negative weightings for
CoV and tSNR indicated these features had an inverse relationship with quality criterion,

whereas tCNR and detectability had a direct effect on quality criterion. In general, detectability
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and tSNR had the greatest influence by virtue of their higher weightings compared to CoV and

tCNR.

We validated ENABLE by two approaches: 1) simulations with the ground-truth CBF and 2)
empirically by direct comparison to SPECT CBF. Simulations revealed that CBFgnagLg had
higher similarity with the ground-truth. Empirical ASL also supported ENABLE since
CBFenabLe had a higher agreement with SPECT compared to CBFcony. These results argue that
conventional ASL processing will yield inferior CBF images compared to more sophisticated
image processing steps. Although all ENABLE steps, including simulations, were fully
automated and can be executed for different protocols, the reported weighting factors can be
used for similar ASL sequences. For acquisitions with crusher gradients or long label/long delay
sequences, weighting factors may be optimized by the simulations and reported for future
studies. A caveat of ENABLE would be heavily segmented 3D ASL where few if any ASL-diff

images are available.

This study addresses some of the challenges of clinical ASL, where the trade-off between scan
duration and image quality is paramount. This is particularly challenging with multi-PLD ASL
since fewer pairs are collected at each PLD, of which we started with 6 to be consistent with a
previous report on minimum number of required ASL-diff images (23). Our study showed
increased SNR of CBF images after quality evaluation indicating that ENABLE can properly
distinguish corrupted volumes from reliable ASL images. SNR improvement and number of
retained ASL-diff images was related to mean head motion meaning that people who tend to
move more gain more from the quality evaluation procedure. Since it is known that excessive
head motion is prevalent in older adults and clinical populations (10), incorporating ENABLE

maybe a valuable component of clinical ASL processing. It is, however, worth mentioning that
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post-processing improvements may not always be sufficient to achieve high quality CBF maps.
Figure 3B, representative 1 and Figure 4B, representative 3 are examples of poor acquisitions
that could not be resolved retrospectively and hence blood flow estimates could not be enhanced

during post-processing.

Our results suggest that accounting for ATT variability (i.e., multi-PLD acquisition) and
removing spurious ASL-diff images results in moderate to high similarity between 1.5T ASL and
SPECT — measured by generalized Jaccard index ranging from 0 (completely dissimilar) to 1
(identical) (32). This is in line with previous 3T ASL reports. For instance, moderate to high
similarity between 3.0T ASL and 'O positron emission tomography CBF images was reported
in vascular and dementia cohorts (27,33). Wang et al. (26) and Qiu et al. (34) reported moderate
similarity between multi-PLD ASL and CT in patients with delayed blood delivery i.e., long
ATT. Liu et al. compared 3.0T ASL and SPECT in young healthy adults and reported a high
similarity between CBF images (35). In addition, Sigurdsson et al. recently investigated the
feasibility of 1.5T ASL on healthy elderly and reported a moderate to high levels of repeatability
and reliability — comparable to younger populations (36). Altogether, these results show the
feasibility of conducting ASL at 1.5T for dementia assessments when a 3T system is not

available.

This study has some limitations. First, the quality weightings obtained from simulations were
data driven and potentially subject to change depending on the sample i.e., age, diagnosis, etc.
To examine this effect, we calculated quality weightings for random subgroups (size=20) and did
not observe significant differences in weighting factors (data not shown). This suggests that the
weightings are robust to the participant sample. A second limitation was the absence of SPECT

images for participants imaged at 3.0T MRI system due to clinical workflow at our site at the
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time of this study. Therefore, we were unable to investigate SPECT agreement at the more
desirable ASL field strength of 3T. In the 1.5T ASL-SPECT comparison, we observed a strong
correlation between ASL SNR and ASL-SPECT similarity. This accentuates the significance of
PLD schedule design since participants with prolonged ATT may have intravascular artifacts
decreasing the similarity between CBF modalities. Intravascular ASL artifact in CBF images
results in low SNR as recently shown by Mutsaerts et al (24). In hindsight, a maximum PLD
value of 2100ms in the current study may still be too short for some patients. Therefore,
optimizing the multiple PLD ASL sequence parameters can decrease intravascular artifact and
thus increase SNR, presumably leading to higher similarity with clinical CBF images. Further
research is needed to optimize scan time by decreasing the number of ASL pairs in some PLDs

(37) as well as optimizing PLD schedule in people with presumed delayed blood delivery.

In conclusion, we developed an image quality evaluation algorithm that works seamlessly within
an ASL image processing pipeline. Executing ENABLE on empirical multi-PLD ASL images —
acquired for clinical cohorts at 1.5T and 3.0T MRI systems — produced SNR improvements
compared to conventional ASL analysis. In addition, ENABLE improved the agreement between
ASL and SPECT CBF images. Our findings support the use of ASL at either 1.5T or 3T with
multi-PLD acquisition and multi-parametric quality evaluation particularly in clinical

populations where head motion and prolonged ATT are prevalent.
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Table 1: Quality weightings from the optimization process for 1.5T based simulated data.

Quality features tCNR  Det CoV  tSNR

PLD=100ms 0.5 1.3 -0.5 -1.2

PLD=500ms 0.7 1.2 -0.7 -1.0

PLD=900ms 0.7 1.0 -0.3 -1.1

PLD=1300ms 0.8 0.8 -0.4 -1.0

PLD=1700ms 0.2 1.5 -0.6 -1.0

PLD=2100ms 0.1 1.6 -0.7 -1.0

tCNR: temporal contrast to noise ratio, Det: detectability, CoV: coefficient of variation, tSNR:

temporal signal to noise ratio.



Table 2: Quality weightings from the optimization process for 3.0T based simulated data.

Quality features tCNR Det CoV tSNR
PLD=100ms 0.4 1.6 -0.9 -1.1
PLD=500ms 0.3 1.7 -0.9 -1.0
PLD=900ms 0.7 1.0 -0.3 -1.1

PLD=1300ms 0.1 1.8 -1.0 -1.0
PLD=1700ms 0.5 1.4 -0.8 -1.0
PLD=2100ms 0.3 1.8 -0.6 -0.8

tCNR: temporal contrast to noise ratio, Det: detectability, CoV: coefficient of variation, tSNR:

temporal signal to noise ratio.
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Figure legends:

Figure 1: Ideal “noise-free” ASL images (MNI152; 2mm template space). The ground-truth
cerebral hemodynamic images (A) generated ideal “noise-free” ASL difference images (B) based
on a two compartmental ASL kinetic model. These images served as reference images in the
simulations. The numbers in each column show post labeling delay values, i.e., 100, 500, 900,
1300, 1700 and 2100ms. We simulated noisy ASL datasets by adding noise features from
empirical data.

Figure 2: Quality criteria examples for ASL acquired at PLD=1700ms. A: Quality features with
respect to the number of included ASL-diff images. (tCNR: temporal contrast to noise ratio, Det:
detectability, CoV: coefficient of variation, tSNR: temporal signal to noise ratio) B: weighted
summation of quality features using weightings obtained from the optimization process. C: mean
ASL-diff images when 6, 12, 18 or 24 ASL-diff images were considered. The last row shows the
ENABLE result along with the corresponding number of included ASL-diff images. ASL signal
increase is visible in the last row (ENABLE) compared the second last row, which uses all pairs
and is defined as the conventional approach (CONYV). In addition, head motion related rim

enhancement decreases in ENABLE compared to CONV.

Figure 3: Empirical comparison of CONV and ENABLE. A: SNR improvement of CBF images
with respect to mean head motion. ASNRgy was significantly greater than zero and related to
mean head motion. B: Three examples of CBFcony and CBFenapLe images. The numbers of
retained ASL differences images based on ENABLE were 92, 113 and 127 out of 144 volumes
for representatives 1, 2 and 3, respectively. Representative 1 was an outlier removed from panel

A; MCFLIRT estimated mean head motion of 1.1 mm for this participant. CBF increase is



visible in CBFgnapLE compared to CBFcony for representatives 1 and 2. Head motion related rim

enhancement is diminished for representative 2.

Figure 4: ASL-SPECT comparison. A: The similarity measure (Jaccard Index) is strongly
correlated with the ASL SNR. B: Three examples of intensity normalized ASL and SPECT CBF
images. The number of retained ASL difference images based on ENABLE were 130, 133 and
116 out of 144 volumes for representatives 1, 2 and 3, respectively. The intravascular artifact is

visible in ASL CBF images with lower ASL-SPECT similarity e.g., representative 3.
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