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Abstract

Objectives To investigate whether utilizing a convolutional neural network (CNN)-based arterial input function (AIF)
improves the volumetric estimation of core and penumbra in association with clinical measures in stroke patients.

Methods The study included 160 acute ischemic stroke patients (male =87, female=73, median age=73 years)
with approval from the institutional review board. The patients had undergone CTP imaging, NIHSS and ASPECTS
grading. convolutional neural network (CNN) model was trained to fit a raw AlF curve to a gamma variate function.
CNN AIF was utilized to estimate the core and penumbra volumes which were further validated with clinical scores.

Results Penumbra estimated by CNN AIF correlated positively with the NIHSS score (r=0.69; p <0.001) and negatively
with the ASPECTS (r= —0.43; p<0.001). The CNN AIF estimated penumbra and core volume matching the patient
symptoms, typically in patients with higher NIHSS (>20) and lower ASPECT score (< 5). In group analysis, the median
CBF <20%, CBF < 30%, rCBF <38%, Tmax > 10 s, Tmax > 10 s volumes were statistically significantly higher (p <.05).

Conclusions With inclusion of the CNN AIF in perfusion imaging pipeline, penumbra and core estimations are more
reliable as they correlate with scores representing neurological deficits in stroke.

Critical relevance statement With CNN AIF perfusion imaging pipeline, penumbra and core estimations are more
reliable as they correlate with scores representing neurological deficits in stroke.

Key points
1. CNN-based AIF improves the estimation of penumbra and infarct core volumes.
2. CNN AIF identifies patients with core regions which were ignored by conventional approaches.
3. Core and penumbra assessment with CNN AIF correlates well with clinical scores.
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With CNN AIF perfusion imaging pipeline, penumbra and core estimations are more reliable as they
correlate with scores representing neurological deficits in stroke

Introduction
Computed tomography perfusion (CTP) analysis, which
is dynamic, contrast-enhanced, and non-evasive, remains
an important diagnostic tool for triaging decisions in
acute stroke [1-3]. The assessment of irreversibly dam-
aged infarct core and hypoperfused tissue or penumbra
from CTP datasets is a useful paradigm for selecting
stroke patients for reperfusion therapies [1, 4-7]. Fol-
lowing a precise assessment of the core and penumbra,
cerebral reperfusion saves brain tissues that are in danger
and significantly improves the patients’ clinical condition
[7]. Thresholding CTP parameters determine the optimal
core and penumbra volumes, which are Tmax>6 s for
penumbra and relative CBF <30% (a.u) for core [8].
Deconvolution of two time-dependent functions, con-
centration time function Cy(f) and arterial input function
(AIF) C,(2), is required for CTP parameter estimation
(Eq. 2) [9]. The predefined contrast agent input of a large
arterial vessel is referred to as the arterial input function
(AIF) [10]. AIF curves, in general, have a baseline period,
a first passage, and a recirculation part [11]. AIF with a
distorted baseline, shape-amplitude errors in the first
passage, and non-identical recirculation portions pre-
dicts incorrect perfusion parameters [12]. These inherent

errors may lead to the identification of incorrect core and
penumbra volumes.

The estimation of the CTP parameters can be
improved by curve fitting (CF) of hemodynamic mod-
els to the AIF, according to recent studies [13]. Arte-
rial concentration time curves plotted against time
points signify that contrast agent is injected into a
blood vessel upstream and dilutes downstream [11].
Curve fitting can assure an AIF with a constant base-
line, a first passage with a peak amplitude, and iden-
tical recirculation portions [13, 14]. To achieve this,
previous studies modeled arterial concentration time
curves by using the gamma variate function, which
has the value [13]:

C(t)gym = k(t — AT)* exp (—(t — AT)/ B) (1)

Here ¢ represents the time points, AT is the bolus
arrival time, K is the constant scale factor, and to describe
the shape of the curve a and S are used as arbitrary
parameters.

Due to their ability to accurately predict AIF and final
stroke lesions from acute brain imaging data, deep con-
volutional neural networks (CNNs) methods have been
significantly used in CTP imaging in recent years [2, 15,
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16]. The benefit of CNNs is that they exhibit human-like
cognition and automatically extract features from brain
images using numerous hidden layers [17]. There is no
requirement for manual feature identification; instead,
CNN models predict AIF and core with accuracy in a
short amount of time, directly assisting in patient diagno-
sis [2, 15, 17, 18].

Apart from the thresholded perfusion parameters,
medical professionals also refer to the NIHSS and
ASPECT scores to make thrombectomy decisions
[19-22]. Clinical trials require a severity assessment;
NIHSS is considered as the gold standard for stroke
severity rating as it has been shown to be a predic-
tor of both short- and long-term outcome of stroke
patients [23, 24]. In the NIHSS scale (0-42), score of
1-4 represents minor stroke, 5-15 indicates moderate
stroke, 16—20 characterizes moderate to severe stroke,
and a score of 21-42 indicates that the patient has
severe stroke [23].

ASPECTS measures early ischemic changes in ante-
rior circulation hyperacute ischemic stroke [25].
For ASPECTS, a normal brain has a score of 10 and
the score falls as more brain regions are affected
[26]. Patients with ASPECT score 0-5 benefit from
mechanical thrombectomy without increasing the
risk of symptomatic intracerebral hemorrhage [27].
The American Stroke Association recently updated
their stroke management guidelines, and one of the
key selection criteria now includes ASPECTS. Patients
with baseline ASPECTS > 6 are advised to receive end-
ovascular therapy [28].

The current study investigates whether AIF estima-
tion based on CNN, which combines features of consist-
ent baseline, peak amplitude, and identical recirculation
portions, improves volumetric assessment of core and
penumbra. It is hypothesized that core and penum-
bra assessment with CNN AIF could be validated with
clinical scores such as NIHSS and ASPECTS. We expect
CNN-based AIF to identify core and penumbra in stroke
patients where traditional AIF methods fail. This may
aid clinicians in making thrombectomy and reperfusion
therapy decisions.

Methods

Patient population

The current study used CTP datasets of 160 ischemic
stroke patients with large-vessel occlusions (male=287,
female=73, median age=73 years). These datasets
were obtained from the Veterans General Hospital in
Taipei and its branch in Hsinchu, Taiwan. The institu-
tional review boards for human studies gave this study
their ethical approval (IRB-TPEVGH 2021-06-016 BC,
IRB-2020-02-006B).
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Imaging protocol

A dose of 70 mL of contrast agent (iodine) was injected
at a rate of 4 mL per second. Images were acquired on
a clinical CT scanner (Phillips: Ingenuity CT) using a
sequenced acquisition (KVP/X-ray Tube Current/slice
thickness/slices 80 kv/190 mA/5/16) with a 24-h onset-
to-imaging time. Three experienced neuroradiologists
scored the NIHSS and ASPECTS, with the median
NIHSS being 10 (4-19) and the median ASPECTS being
8 (6-10).

Core and penumbra estimation from CNN-based AIF

The workflow to estimate perfusion parameters is dem-
onstrated in Fig. 1. Initially, CTP datasets were randomly
divided into training (128 datasets) and validation data-
sets (22 datasets). A clustering algorithm is used to seg-
ment AIF labels for the CNN [29]. The algorithm draws
a region of interest (ROI) in the MCA region. Then, it
uses a repeated clustering analysis on the ROI to seg-
ment the AIF voxels. For more details of the method and
codes used, readers can refer to [29]. Clustering algo-
rithm estimated three AIFs for each dataset in the train-
ing and validation sets to generate training and validation
AIF curves. To estimate the AIF, this clustering algorithm
employs recursive cluster analysis in the middle cerebral
artery (MCA) region [29, 30]. Training dataset density
was improved for model training performance using
feature augmentation and spline interpolation. Mirror-
ing, rotation, and both mirroring and rotation were used
for data augmentation. Initially, AIFs obtained from the
clustering algorithm on 128 training datasets contain
intrinsic errors associated with shallow peak, distorted
baseline, and non-identical recirculation phase.

Training AIF curves are curve fitted (CF) to gamma
variate hemodynamic function (C_GVM) (Eq. 1) by well-
known past algorithms in MATLAB and used as labels to
adjust these shape-based errors [14]. Following augmen-
tation, 1152 distorted arterial curves estimated by the
clustering method were used as input sources, and 1152
curve fitted arterial curves were used as labeled data for
the CNN'’s supervised training.

The CNN model architecture was built with Python’s
Keras library. The CNN architecture consists of a single
input layer that accepts input in the form of an interpo-
lated AIF curve (500 points), two convolutional layers
(kernel length=2), a pooling layer, a flattening layer, and
two dense layers that are fully connected to the output
layer. To connect the convolutional layer with the average
pooling layers, the ReLu activation function was used. To
connect the 36-neuron dense layer to the output nodes,
the softmax function was used. With a batch size of 32
and 17,238 total trainable parameters, the network was
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Fig. 1 Workflow to estimate perfusion parameters

trained for 300 epochs. The optimizer was root-mean-
square propagation with an initial learning rate of 0.001.
The CNN model training was done on a workstation with
hardware: Intel I5/Ram:16 GB/GPU: 1070 (8 GB).

Validation was performed on 22 datasets following
model training. For the testing phase, distorted AIFs
were chosen from a location other than the AIF location
of the training dataset. The CNN model takes as input
a distorted AIF curve and outputs a probability map of
gamma variate fitted AIF curve (Fig. 1). This gamma
variate fitted AIF curve obtained from trained CNN is
referred as CNN AIF. Deconvolution of concentration
time curves (C;) with the CNN AIF (C,)] estimates the
residue function R(¢#) (Eq. 2), which further estimates
core by thresholding CBF <30% (Eq. 3) and penumbra by
thresholding Tmax >6 s (Eq. 4). The core and penumbra
volumes estimated by using CNN AIF are compared with
the volumes obtained from the AIF selected by the clus-
tering algorithm.

C@) = G(®) @ R(?) (2)
CBF = 100.60 Max(R(¢)) (3)
Tmax = arg mtax [R(D)].[s] (4)

Statistical analysis

Spearman’s correlation coefficient was used to assess the
agreement of the NIHSS and ASPECTS with core and
penumbra volume. Mean volumetric differences were
demonstrated using Bland—Altman plots. Wilcoxon

Residue Function

Y

signed rank test was used at the group level to compare
perfusion parameters. MedCalc software (https://www.
medcalc.org/) was used for all statistical analysis.

Results

Figure 2 depicts the curve fitting performed by the CNN
model. AIF location is marked as a red dot on an axial
CTP slice for a single dataset (Fig. 2a). The raw AIF is
the concentration curve of this arterial location plot-
ted against time (Fig. 2b). The CNN model accepts the
curve as input after interpolation. As an output, the CNN
model predicts gamma curve fitted AIF (Fig. 2c).

Volumetric correlation of penumbra and infarct core

with NIHSS and ASPECTS

Tissue at risk volumes calculated with the CNN AIF was
positively related to the NIHSS score (r=0.69; p 0.001)
and negatively related to the ASPECTS (r=-043; p
0.001). (Fig. 3a, b). Table 1 shows that when penum-
bra volume is estimated using the CNN AIF, it has a
stronger positive correlation with the NIHSS score.
When Tmax>4 s, 8 s, and 10 s volumes are calculated
using the CNN AIF, they have a higher positive NIHSS
correlation (Table 1). According to the Bland—Altman
plots, the mean volumetric difference between the tissue
at risk estimated by the CNN AIF and without CNN AIF
was 12.1 mL (limits of agreement,—311.5 to 335.8 mL;
Fig. 3c).

Infarct core estimated by CNN AIF correlated nega-
tively with the ASPECTS (r= —0.49; p<0.001) (Fig. 3e).
Table 2 shows that Tmax>6 s volumes estimated from
CNN AIJF have higher negative correlation with the
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a AIF location
Fig. 2 Curve fitted AIF for a single dataset (a) AIF location is marked as a red dot. b AIF curve without CF. ¢ Predicted gamma curve fitted AlF curve
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Table 1 Association between CT perfusion parameters and NIHSS

scores (Spearman’s correlation)

ASPECT score. Infarct core prediction using CNN AIF or

without it both demonstrates negative and similar corre-

CNN CF Without CF
r p value r p value
Trmax>10's 070 <0001 050 <0001  66.4 MI; Fig. 3f).
Tmax>8's 071 <0.001 0.54 <0.001
Tmax>6's 068 <0.001 054 <0001  Group-level analysis
Tmax>4s 058 <0.001 046 <0.001

lation to ASPECTS (Table 2). Mean volumetric difference
for the infarct region estimated from CNN AIF without
CNN AIF was 4.0 mL (limits of agreement,—58.5 to

Group comparison of penumbra and core volume for
stroke patients with CNN AIF and without CNN AIF is
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Table 2 Association between CT perfusion parameters and
ASPECTS scores (Spearman's correlation)

CNN CF Without CF

r p value r p value
Tmax>8's —-040 <0.001 —-045 <0.001
Tmax>6s -043 <0.001 -039 <0.001
Tmax>4s -035 <0.001 -0.25 0.003
CBF <20% -0.46 <0.001 -047 <0.001
CBF<30% -049 <0.001 -049 <0.001

demonstrated in Table 3. Wilcoxon signed rank test indi-
cated that the median CBF <20%, CBF <30%, CBF <38%,
Tmax>10 s, volumes estimated with CNN AIF were
statistically significantly higher. The median infarct core
(CBF<30%) with CNN AIF is 12 mL, whereas without
CNN AIF the median core volume is 0 (Table 3). As these
people have stroke, so the median of infarct core volume
as zero might not reflect the hypoperfusion in patients.

In some cases, penumbra and core regions estimated
without CNN AIF were not rational for patient symp-
toms suffering from severe stroke. These patients were
typically scored with higher NIHSS (>20) and lower
ASPECTS (<5). We demonstrate this visually with
an example of a stroke patients in Fig. 4. Patient 1 was
reported for NIHSS score of 23 (severe stroke), ASPECTS
of 0 and acute occlusion of the left main coronary artery
(LMCA occlusion). Without CNN AIF, penumbra vol-
ume was 99 mL along with absence of infarct core on
left side representing flawed estimates. With CNN AIF,
penumbra volume was 123 mL and volume of core region
was 10 mL (Fig. 4).

Another stroke patient had a NIHSS score of 23 (severe
stroke) and right internal carotid artery (RICA) occlu-
sion. This patient reported for ischemic region at bilat-
eral brain without CNN AIF, which was not reasonable
for his symptoms as ischemia should be on the right side
only. Penumbra estimated without CNN AIF was 736 mL
along with absence of infarct core (Fig. 5). With CNN
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ATF, penumbra volume was 137 mL and volume of infarct
core was 6 mL along with presence of ischemic and core
region mostly on right side (Fig. 5). Out of 150 stroke
patients there were 30 cases where core of patients with
higher NIHSS score (severe stroke) was reported as zero
without using CNN AIF. With CNN AIF mean core vol-
ume for these patients was 5 mL with median of 2 mL.

Discussion

In this study, we study the effect of using a CNN curve
fitted AIF on the perfusion parameters. CNN AIF esti-
mates penumbra and infarct core size matching with
the patient symptoms. Curve fitting approach had better
correlation of penumbra and infarct volume with NIHSS
and ASPECT scores, which are quantitative measures of
stroke-related neurological deficits.

A recent study investigated whether the NIHSS score
could be used to predict the short-term outcome of
patients with intracerebral hemorrhage [31]. The NIHSS
was found to have a significant positive correlation with
intracerebral hematoma volume, as well as an independ-
ent predictive value of 30-day mortality [31]. A previous
study found a link between NIHSS scores and the results
of an arteriography performed within the first hours
after an ischemic stroke. Arteriography is likely to reveal
a vessel occlusion in patients with an NIHSS score of 10
[32]. Another previous study found a higher correlation
(r=0.96, p 0.001) between perfusion parameters and
NIHSS by comparing PWI lesion volume to NIHSS [33].
In patients with large-vessel occlusion, a recent study dis-
covered a stronger correlation between ASPECTS and
CTP core volume [34]. These results support the use of
ASPECTS and NIHSS scores as a surrogate marker for
validation of penumbra and core estimation [31, 32].

Traditional AIF calculation is done either manually or
by using automatic methods such as clustering and arte-
rial likelihood methods [11, 30]. For manual AIF selec-
tion, a trained clinician operator based on his experience
selects a small number of pixels on brain image as AIF
[11, 29]. In arterial likelihood methods, the AIF detection

Table 3 Mean and median volume comparison of CT perfusion parameters (Wilcoxon signed rank test)

Mean with CNN AIF (mL) Mean without CNN AIF Median CNN AIF (mL)  Median without CNN AIF pvalue
(mL) (mL)

CBF <20% 13 10 3 0 <0.001
CBF<30% 23 19 12 0 <0.001
CBF<38% 32 25 18 0 <0.001
Tmax>10s 70 50 27 6 0.002
Tmax>8s 86 67 47 27 0012
Tmax>6's 13 101 64 55 0.386
Tmax>4s 243 213 140 163 0416
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Fig. 4 Comparison of infarct core and penumbra for a patient with severe stroke. a CBF maps derived with CF CNN AIF and without CF. b Infarct
core (CBF <30% mL) estimated with CF CNN AIF and without CF. ¢ Tmax maps derived with CF and without CF. d Penumbra (Tmax>6.0 s mL)
estimated with CF CNN CF and without CF

CNN AIF Clustering AIF CNN AIF Clustering AIF

i
@jﬂ?

CBF<30% : 6 mL CBF<30% : 0 mL

o

w

Fig. 5 Comparison of infarct core and penumbra for another patient with severe stroke. a CBF maps derived with CF CNN AIF and without CF. b
Infarct core (CBF <30% mL) estimated with CF CNN AIF and without CF. ¢ Tmax maps derived with CF and without CF. d Penumbra (Tmax>6.0 s mL)
estimated with CF CNN CF and without CF
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algorithm uses a cost function to search for locations
with signals of above-average amplitude over the entire
brain slice [33]. The clustering-based method uses a
recursive cluster analysis to select the AIF voxels [29].
Manual estimation of AIF is not preferred due to proce-
dure reproducibility [29]. Flawed selection of AIF from
arterial likelihood method arises from multiple penalty
factors used for cost function. Conventional AIF calcula-
tion approach without fitting the AIF to a hemodynamic
model could yield penumbra and core volumes having a
mismatch with patient symptoms [11].

The deconvolution-based model without CF used in
recent stroke studies to estimate ischemic regions is lin-
ear, despite the fact that estimation of core and penum-
bra depends on a variety of factors [2, 11, 35]. Certain
risk factors for ischemia include distorted CTP signals,
collateral status, and gray/white matter content [15, 34].
Using perfusion thresholds without correcting for dis-
torted AIF signals may result in negligible core estimates.
Fitting distorted AIF to hemodynamic models greatly
reduces distortion in the recirculation and baseline parts
of the AIF curve (Fig. 2) [13, 14]. The advantage of the
CNN-based AIF algorithm is that it solves the AIF distor-
tion problem and allows for the selection of the best AIF
curve corresponding to distorted data points while ignor-
ing noise or errors.

In the current study, certain stroke patients with high
NIHSS and lower ASPECT scores underwent thrombec-
tomy and reported for flawed perfusion parameter esti-
mates. There was no core volume reported for these
patients (see Figs. 4, 5). As a result, in the group analy-
sis, the median core volume in the absence of CNN AIF
was reported as zero mL (Table 3). With CNN AIF, these
patients had specific penumbra and core volume. The
inclusion of the CNN AIF in perfusion parameter calcu-
lations is clinically significant because estimation of core
and penumbra volumes validated by scores could aid in
triaging thrombectomy and reperfusion decisions.

Despite the fact that secondary prevention is started
right away after utilizing information from visual
assessment of core and penumbra, recurrent stroke still
poses a hurdle. Recent studies discussed the potential
of 3D CNN to assist accurate prognostication in recur-
rent stroke patients [36]. 3D deep learning-based risk
prediction system (RPS) was purposed to predict the
probability of stroke recurrence in form of stroke recur-
rence risk score (SRR score) [36]. This study concluded
that deep learning-based models can outperform con-
ventional risk scores with higher accuracy of penumbra
estimation [36]. Another study proved that 3D CNN is
feasible for recurrent ischemic stroke detection from
computed tomography angiography source images [37].
Infracted regions were labeled with a 0.93 sensitivity
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and 0.82 specificity in patients who had been diagnosed
with a recurrent stroke [37].

There are some limitations associated with the imple-
mentation of CNN-based algorithm. The results in the
present study are based on CTP with limited dataset
for training and limited choice of ground truth used for
CNN model. It would be interesting to see how curve fit-
ting of hemodynamic models other than gamma variate
function would associate with NIHSS scores. The train-
ing of CF CNN model may be further improved with use
of larger datasets along with use of other relevant clini-
cal and imaging variables. It would also be interesting to
apply curve fitting in perfusion analysis of magnetic reso-
nance perfusion (MRP) datasets to see whether it char-
acterizes core and penumbra at a similar level. Also, in
spite of advancement in Al and deep learning algorithms
in the field of medical imaging, the final decision regard-
ing the patients’ management and practical implementa-
tion of these algorithms will always rely on the discretion
of the treating physician.

In patient cohort with acute focal neurological impair-
ments, it is crucial to quickly identify stroke mimics, such
as seizures [38]. Major use of CTP is to identify stroke
patients who may benefit from reperfusion therapy [32].
Recent studies suggested CT perfusion as a promis-
ing tool for determining the cause of seizures [38]. The
present study has been done on limited CTP dataset of
ischemic stroke patients. The availability of CTP and
MRP datasets of a different patient cohort is subject to
protocols and ethics approval from the clinics. It would
also be interesting to apply curve fitting in perfusion
analysis of CTP datasets in first seizure patients to see
whether it characterizes the seizure activity at a similar
level.

In conclusion, CNN-based AIF improves the estima-
tion of penumbra and infarct core volumes. Better cor-
relation of penumbra and infarct volume with NIHSS and
ASPECT scores was obtained using the CNN AIF. This
serves as a motivation as well as evidence to include CF
prior to Tmax/CBF estimations. CF AIF could identify
patients with core regions likely to be ignored by conven-
tional approaches. The inclusion of CF AIF can provide
physicians with reasonably accurate and precise perfu-
sion parameter brain images and statistics that may aid
them to determine suitable triage, transport, and treat-
ment decisions for stroke patients.

Abbreviations

AIF Arterial input function

ASPECTS  Alberta Stroke Programme Early CT Score
CBF Cerebral blood flow

CF Curve fitting

CNN Convolutional neural networks

NIHSS National Institutes of Health Stroke Scale



Bal et al. Insights into Imaging (2023) 14:161

Acknowledgements
We appreciate the consultation and support provided by the staff of Taipei
Veterans General Hospital, Taipei, during the data acquisition.

Author contributions

Conceptualization, investigation, formal analysis, and writing of manuscript
were done by SSB. Data curation, funding acquisition, supervision were done
by FGY, GSP. Project administration and resource management were done by
JHY, KC, N-FC, C-CH. Software analysis was done by SSB, T-JW. Statistical analy-
sis was done by N-FC. All authors have read and agreed to the final version of
the manuscript.

Funding
The study was funded by the Stroke Treatment and Research Society, Taiwan,
and by the MOST Grant (110-2622-8-038-003-5B).

Availability of data and materials
The data that support the findings of this study are available from the cor-
responding author upon reasonable request.

Declarations

Ethical approval and consent to participate

This study had ethics approval from the Institutional Review Board for human
studies of the Taipei Veterans General Hospital, Taipei (IRB-TPEVGH 2021-06-
016 BC), and Hsinchu branch (IRB-2020-02-006B). Written informed consent
was waived by the institutional review board.

Consent for publication
Authors provide consent for publication.

Competing interests
The authors report no competing interest.

Author details

'Department of Mathematical Sciences, University of Liverpool, Liverpool,
Merseyside, UK. >Center for Cognition and Mind Sciences, National Tsing Hua
University, Hsinchu, Taiwan. >Department of Foreign Languages and Literature,
National Tsing Hua University, Hsinchu, Taiwan. “Department of Radiology,
Graduate School of Dentistry, Osaka University, Suita, Japan. >Neurological
Institute, Taipei Veterans General Hospital, Taipei, Taiwan. °Department of Neu-
rology, Tri-Service General Hospital, National Defense Medical Center, Taipei,
Taiwan. ' Department of Computer Science, National Yang Ming Chiao Tung
University, Hsinchu, Taiwan. ®Division of Neurology, Department of Internal
Medicine, Taipei Veterans General Hospital, Hsinchu Branch, Hsinchu County,
Taipei, Taiwan. °Board of Directors, Wizcare Medical Corporation Aggregate,
Taichung, Taiwan. '°Department of Medical Management, Taipei Medical
University, Taipei, Taiwan.

Received: 18 April 2023 Accepted: 23 June 2023
Published online: 29 September 2023

References

1. Campbell BCV, Christensen S, Levi CR et al (2012) Comparison of
computed tomography perfusion and magnetic resonance imaging
perfusion-diffusion mismatch in ischemic stroke. Stroke 43:2648-2653

2. Winder A, d'Esterre CD, Menon BK, Fiehler J, Forkert ND (2020)
Automatic arterial input function selection in CT and MR perfu-
sion datasets using deep convolutional neural networks. Med Phys
47:4199-4211

3. Suh CH, Jung SC, Cho SJ et al (2019) Perfusion CT for prediction of hem-
orrhagic transformation in acute ischemic stroke: a systematic review and
meta-analysis. Eur Radiol 29:4077-4087

4. Warach S (2001) New imaging strategies for patient selection for throm-
bolytic and neuroprotective therapies. Neurology 57:548-52

5. Donnan GA, Davis SM (2008) Breaking the 3 h barrier for treatment of
acute ischaemic stroke. Lancet Neurol 7:981-982

20.

21

22.

23.

24.

25.

26.

27.

28.

Page 9 of 10

Othman AE, Brockmann C, Yang Z et al (2015) Effects of radiation dose
reduction in volume perfusion CT imaging of acute ischemic stroke. Eur
Radiol 25:3415-3422

Friedrich B, Kertels O, Bach D et al (2014) Fate of the penumbra after
mechanical thrombectomy. AJNR Am J Neuroradiol 35:972-977

Abels B, Villablanca JP, Tomand| BF, Uder M, Lell MM (2012) Acute stroke:
a comparison of different CT perfusion algorithms and validation of
ischaemic lesions by follow-up imaging. Eur Radiol 22:2559-2567
Calamante F, Gadian DG, Connelly A (2000) Delay and dispersion effects
in dynamic susceptibility contrast MRI: simulations using singular value
decomposition. Magn Reson Med 44:466-473

Yang F, Bal SSB, Sung YF, Peng GS (2020) Mathematical framework of
deconvolution algorithms for quantification of perfusion parameters.
Acta Neurol Taiwan 29(3):79-85

. Calamante F (2013) Arterial input function in perfusion MRI: a compre-

hensive review. Prog Nucl Magn Reson Spectrosc 74:1-32

Bal SS, Yang FPG, Sung Y-F, Chen K, Yin J-H, Peng G-S (2022) Optimal scal-
ing approaches for perfusion mri with distorted arterial input function
(AIF) in patients with ischemic stroke. Brain Sci 12:77

Forkert ND, Kaesemann P, Treszl A et al (2013) Comparison of 10 TTP

and Tmax estimation techniques for MR perfusion-diffusion mismatch
quantification in acute stroke. AJNR Am J Neuroradiol 34:1697-1703
Forkert ND, Fiehler J, Ries T et al (2011) Reference-based linear curve
fitting for bolus arrival time estimation in 4D MRA and MR perfusion-
weighted image sequences. Magn Reson Med 65:289-294

YuY, Xie Y, Thamm T et al (2021) Tissue at risk and ischemic core estima-
tion using deep learning in acute stroke. AJNR Am J Neuroradiol. https://
doi.org/10.3174/ajnr.A7081

Kuang H, Qiu W, Boers AM et al (2021) Computed tomography perfu-
sion—based machine learning model better predicts follow-up infarction
in patients with acute ischemic stroke. Stroke 52:223-231

Fan S, Bian Y, Wang E et al (2019) An automatic estimation of arterial input
function based on multi-stream 3D CNN. Front Neuroinform 13:49
Tuladhar A, Schimert S, Rajashekar D, Kniep H, Fiehler J, Forkert ND (2020)
Automatic segmentation of stroke lesions in non-contrast computed
tomography datasets with convolutional neural networks. I[EEE Access
8:94871

. Tei H, Uchiyama S, Usui T (2007) Clinical-diffusion mismatch defined

by NIHSS and ASPECTS in non-lacunar anterior circulation infarction. J
Neurol 254:340-346

Cheng Z, Geng X, Rajah GB et al (2021) NIHSS consciousness score com-
bined with ASPECTS is a favorable predictor of functional outcome post
endovascular recanalization in stroke patients. Aging Dis 12:415-424

Wu HM, Lee IH, Luo CB, Chung CP, Lin YY (2021) Clinical-CT mismatch
defined NIHSS > 8 and CT-ASPECTS > 9 as a reliable marker of candidacy
for intravenous thrombolytic therapy in acute ischemic stroke. PLoS

One 16:€0251077

Tsogkas I, Knauth M, Schregel K et al (2016) Added value of CT perfu-
sion compared to CT angiography in predicting clinical outcomes of
stroke patients treated with mechanical thrombectomy. Eur Radiol
26:4213-4219

Lyden P (2017) Using the National Institutes of Health Stroke Scale. Stroke
48513-519

Adams HP, Davis PH, Leira EC et al (1999) Baseline NIH stroke scale score
strongly predicts outcome after stroke. Acute Stroke Treat 53:126-126
Barber PA, Demchuk AM, Zhang J et al (2000) Validity and reliability of

a quantitative computed tomography score in predicting outcome of
hyperacute stroke before thrombolytic therapy. Lancet 355:1670-1674
Mokin M, Primiani CT, Siddiqui AH, Turk AS (2017) ASPECTS (Alberta
Stroke Program Early CT Score) measurement using hounsfield unit
values when selecting patients for stroke thrombectomy. Stroke
48:1574-1579

Kaesmacher J, Chaloulos-lakovidis P, Panos L et al (2019) Mechanical
thrombectomy in ischemic stroke patients with alberta stroke program
early computed tomography score 0-5. Stroke 50:880-888

Powers WJ, Derdeyn CP, Biller J et al (2015) 2015 American Heart Associa-
tion/American Stroke Association Focused Update of the 2013 guidelines
for the early management of patients with acute ischemic stroke regard-
ing endovascular treatment. Stroke 46:3020-3035


https://doi.org/10.3174/ajnr.A7081
https://doi.org/10.3174/ajnr.A7081

Bal et al. Insights into Imaging

29.

30.

31.

32.

33

34

35.

36.

37.

38.

(2023) 14:161

Peruzzo D, Bertoldo A, Zanderigo F, Cobelli C (2011) Automatic selection
of arterial input function on dynamic contrast-enhanced MR images.
Comput Methods Progr Biomed 104:e148-157

Bal SS, Chen K, Yang F-PG, Peng G-S (2022) Arterial input function
segmentation based on a contour geodesic model for tissue at risk
identification in ischemic stroke. Med Phys 49:2475-2485

Tong DC, Yenari MA, Albers GW, O'Brien M, Marks MP, Moseley ME (1998)
Correlation of perfusion- and diffusion-weighted MRI with NIHSS score in
acute (<6.5 hour) ischemic stroke. Neurology 50:864-869

Nannoni S, Ricciardi F, Strambo D et al (2021) Correlation between
ASPECTS and core volume on CT perfusion: impact of time since stroke
onset and presence of large-vessel occlusion. AJNR Am J Neuroradiol.
https://doi.org/10.3174/ajnr.A6959

Straka M, Albers GW, Bammer R (2010) Real-time diffusion-perfusion
mismatch analysis in acute stroke. J Magn Reson Imaging 32:1024-1037
Lee MJ, Son JP, Kim SJ et al (2015) Predicting collateral status with mag-
netic resonance perfusion parameters. Stroke 46:2800-2807

Knutsson L, Lindgren E, Ahlgren A et al (2015) Reduction of arterial
partial volume effects for improved absolute quantification of DSC-MRI
perfusion estimates: comparison between tail scaling and prebolus
administration. J Magn Reson Imaging 41:903-908

Jing J, Liu Z, Guan H et al (2023) A deep learning system to predict recur-
rence and disability outcomes in patients with transient ischemic attack
or ischemic stroke. Adv Intell Syst 5:2200240

Kolmos M, Christoffersen L, Kruuse C (2021) Recurrent ischemic stroke - a
systematic review and meta-analysis. J Stroke Cerebrovasc Dis 30:105935
Davis E, Elnagi F, Smith T (2021) CT perfusion: stroke, seizure or both? BMJ
Case Rep 14:€245723

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 10 of 10

Submit your manuscript to a SpringerOpen®
journal and benefit from:

» Convenient online submission

» Rigorous peer review

» Open access: articles freely available online
» High visibility within the field

» Retaining the copyright to your article

Submit your next manuscript at » springeropen.com



https://doi.org/10.3174/ajnr.A6959

	Core and penumbra estimation using deep learning-based AIF in association with clinical measures in computed tomography perfusion (CTP)
	Abstract 
	Objectives 
	Methods 
	Results 
	Conclusions 
	Critical relevance statement 

	Key points 
	Introduction
	Methods
	Patient population
	Imaging protocol
	Core and penumbra estimation from CNN-based AIF
	Statistical analysis

	Results
	Volumetric correlation of penumbra and infarct core with NIHSS and ASPECTS
	Group-level analysis

	Discussion
	Acknowledgements
	References


