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ABSTRACT

Introduction: Stroke is a leading cause of adult disability and death worldwide. Automated detection of stroke on
brain imaging has promise in a time critical environment. We present a method for the automated detection of
intracranial occlusions on dynamic CT Angiography (CTA) causing acute ischemic stroke.

Methods: We derived dynamic CTA images from CT Perfusion (CTP) data and utilised advanced image processing
to enhance and display major cerebral blood vessels for symmetry analysis. We reviewed the performance of the
algorithm on a cohort of 207 patients from the International Stroke Perfusion Imaging Registry (INSPIRE), with
Large Vessel Occlusion (LVO) and non-LVO strokes. Included in the data were images with chronic stroke,
various artefacts, incomplete vessel occlusions, and images of poorer quality. All images were annotated by
stroke experts. In addition, each image was graded in terms of the difficulty of the task of occlusion detection.
Performance was evaluated on the overall cohort, and with respect to occlusion location, collateral grade, and
task difficulty. We also evaluated the impact of including additional perfusion data.

Results: Images with a rating of lower difficulty achieved a sensitivity and specificity of 96% and 90%, respec-
tively, while images with a moderate difficulty rating achieved 88% and 50%, respectively. For cases of high
difficulty, where more than two experts or additional data were required to reach consensus, sensitivity and
specificity was 53% and 11%. The addition of perfusion data to the dCTA images increased the specificity by
38%.

Conclusion: We have provided an unbiased interpretation of algorithm performance. Further developments
include generalising to conventional CTA and employing the algorithm in a clinical setting for prospective
studies.

1. Introduction

endovascular clot retrieval (ECR) was initially limited to a benefit within
six hours of stroke onset, CTP patient selection has subsequently shown a

Modern brain imaging has led to considerable advances in patient
assessment for acute ischemic stroke. Imaging assessment of tissue
pathophysiology has been instrumental in predicting tissue and clinical
response to treatment [1]. Computed tomography perfusion (CTP) im-
aging is now widely used to estimate the volume of salvageable brain
tissue that may be targeted by reperfusion therapies [2-5]. Although

benefit up to 24 hours [6-8].

Selection of patients for thrombectomy relies on the identification of
a retrievable thrombus on either angiography or non-contrast CT
(NCCT). There have been numerous efforts to automate occlusion
detection in order to facilitate the early identification of patients
requiring thrombectomy in centres without imaging expert assessment.
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Prior studies e.g., [9] have prioritised the detection of large vessel oc-
clusions (LVOs) over occlusions of more distal, smaller vessels. In this
prior study [9], where 217 subjects were included overall, positive cases
were restricted to a definition of LVO (intracranial occlusions of the
internal carotid artery (ICA) and the M1 segment of the middle cerebral
artery (M1-MCA)), and performance was reported with high sensitivity
and specificity. While LVOs are often the most disabling strokes, they
constitute only 15% of all cases that present at hospitals or clinics.
Another study [10] tested an occlusion detection algorithm on two
different datasets, one with 1110 patients and another with 646 pa-
tients, with ICA, M1-MCA and M2-MCA patients present in both data-
sets. Performance varied significantly between the two datasets, making
it challenging to judge overall performance.

There is major clinical importance in detecting non-LVO occlusions,
as such patients are still eligible for reperfusion therapy. While occlu-
sions of the peripheral segments are expected to result in a smaller
infarct volume, when they affect an eloquent region, they can cause
significant clinical and functional impairment [11]. It is therefore
valuable to achieve accuracy across different locations. Even while non-
LVOs generally represent a lesser threat than LVOs, they still represent a
therapeutic dilemma. In the case of M2 and M3 occlusions, the decision
to offer reperfusion therapy (e.g., IV lysis versus endovascular occlusions
retrieval versus no reperfusion therapy) is more complex than in M1 and
ICA occlusions, and computational assistance may therefore prove more
useful in those cases than with LVOs, where the decision is less
controversial. Indeed, it has been estimated that 54% of M2 patients
achieve a good functional outcome without treatment [12]. However,
occlusions of more distal, smaller vessels are often difficult to detect,
particularly for less expert clinicians [13]. An occlusion detection tool
that succeeds with difficult or complex cases would be useful in envi-
ronments without a specialist stroke neurologist or neuroradiologist;
such sites include nearly all rural and regional hospitals [14].

Within the LVO population, there is also some challenge in detecting
occlusions that are incomplete (i.e., where the vessel lumen is not totally
occluded and there is still some antegrade flow), or occlusion sites where
robust collateral flow effectively supplies the occluded vessel’s territory
distal to the occlusion [15]. Prior automated occlusion detection studies
have not included data where there is patient motion, more distal or
complex occlusions, or partial (incomplete) occlusions. As such, the
occlusion detection results in prior studies are not generalisable to
everyday clinical practice.

In the present study we sought to use a more representative, clinical
cohort that may be generalisable to real-world scenarios to develop and
validate a new occlusion detection algorithm with the aim of improving
the reliable occlusion detection in patients with a suspected acute
ischemic stroke.

2. Methods
2.1. Dataset

We included retrospective data from 209 patients that were previ-
ously recruited from two different comprehensive stroke centres be-
tween 2010 and 2020. All patients included in this study had been
prospectively enrolled as part of the International Stroke Perfusion Im-
aging Registry (INSPIRE). INSPIRE was approved by the Hunter New
England Local Health District Human Research Ethics Committee in
accordance with Australian National Health and Medical Research
Council guidelines (Reference No. 11/08/17/4.01). All INSPIRE pa-
tients were recruited at participating stroke centres. An opt-in consent
approach was initially used (requiring subjects to submit a form of
consent) and was later changed to on opt-out consent approach under
new government policy. This required subjects to submit a form if they
wish to be removed from the INSPIRE database. All data is de-identified
and not re-identifiable. Data from this study will be shared at the request
of other researchers via an institutional email address made to the
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corresponding author in a reasonable timeframe.

Inclusion criteria was as follows: All patients presented to one of the
two stroke centres under suspicion of acute ischemic stroke and un-
derwent diagnostic CTP imaging. Any datasets with missing data were
not included. High resolution, complete, datasets were selected from
INSPIRE based on the physical spacing between pixels (less and or equal
to 1 mm) and the amount of physical coverage (total brain). At this stage
of development, under these criteria, only data from the Toshiba
Acquilion ONE scanner (Toshiba Medical Systems; Tokyo, Japan) was
available to include.

2.2. Image acquisition

All patients underwent whole brain CTP imaging with the Toshiba
Aquilion scanner. Nineteen time points were acquired over 60 s for CTP
imaging. The image acquisition commenced seven seconds after the
initiation of 40 mL contrast injection at 6 mL/s (Ultravist 370 Bayer
HealthCare; Berlin, Germany). Images were acquired across two sepa-
rate sites, both comprehensive stroke centres. Two patient datasets were
excluded due to severe noise artefact; Two patient datasets were anno-
tated but later discarded due to failed registration to a template (see
Appendix A).

Site 1 (n = 115): The perfusion image acquisition consisted of three
phases: the first phase was a one frame baseline image (80 kV, 310 mA);
the second phase started at three seconds and acquired 13-time points
(80 kV, 150/300 mA) with two second intervals; the third phase started
at 40 s and acquired five time points (80 kV, 150 mA) with five second
intervals. One gantry rotation time was 0.75 s, and it resulted in 320
axial slices with 0.5 mm thickness. Field of view (FOV) was 220 x 220
mm and matrix size was 512 x 512.

Site 2 (n = 94): The perfusion image acquisition consisted of three
phases: the first phase was a one frame baseline image (80 kV, 310 mA);
the second phase started at three seconds and acquired 13 time points
(80 kV, 150/300 mA) with two second intervals; the third phase started
at 40 s and acquired five time points (80 kV, 150 mA) with five second
intervals. One gantry rotation time was 0.75 s, and it resulted in 160 or
180 axial slices with 0.5-1 mm thickness. Field of view (FOV) was 220 x
220 mm and matrix size was 512 x 512.

Raw CTP DICOM (Digital Imaging and Communications in Medicine)
data was processed using MIStar (Apollo Medical Imaging, Melbourne,
Australia). Dynamic CT Angiography (CTA) data was derived from the
raw CTP data. The algorithm performed motion correction and dis-
carded any acquisition points with severe motion artefacts. The arterial
phase of the CTP acquisition protocol was the time points corresponding
to the first peak in contrast, as determined by the Arterial Input Function
(AIF). The mean arterial phase was the mean of all peak arterial phase
time frames (usually two or three frames). This was calculated auto-
matically for each patient dataset. An example is shown in Fig. 1. Maps
of cerebral perfusion were also processed via MIStar on the same dataset
and were used by the raters to assist in locating the occlusion, and by the
algorithm to assist in detecting occlusions.

2.3. Expert annotations

All images were reviewed by a team of four expert stroke neurolo-
gists with 6 or more years of stroke and neurology training (AS, JB, MV,
VY). Readers were presented with fully anonymized images in a Neu-
roimaging Informatics Technology Initiative (NIfTI) format, along with
the age and sex of each patient, and instructed to interpret cases
approximating clinical practice as closely as achievable. All readers used
ITK-SNAP (compatibility version 3.4.10) [16] to view the images, able
to adjust intensity values (windowing) to view vessels in high contrast,
and to scroll through slices in all axes. In addition, perfusion data was
supplied to the readers. The perfusion data could be viewed alone in ITK-
SNAP or overlayed directly on the patient CTA. Perfusion data showed
the presence of a perfusion lesion as calculated by MIStar. For each
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Fig. 1. Mean arterial phase image. An axial slice shown in (a); slices (displayed
image intensity is limited (windowed) to between 0 and 200 Hounsfield units to
highlight soft tissue and the vessel contrast agent) of the axial, sagittal and
coronal planes are shown in (b), (¢) and (d), respectively, to display vessels
more clearly.

patient dataset, two readers reviewed the images together (either AS or
VY, or JB and MV), only providing an annotation once an agreement was
made. If there was no consensus, an independent reviewer (senior stroke
neurologist, MP) was called in to adjudicate. For each image, the
following consensus information was recorded: occlusion presence (yes:
n = 164; no: n = 43), occlusion location (ICA; 8, M1-MCA; 82, M2-MCA;
48, M3-MCA; 7, ACA; 4, PCA; 9 and Basilar; 6), occlusion hemisphere
(right; 75, left; 83) and quality of collateral flow (good; 43, moderate; 74
and poor; 47).

Three patients had occlusions that were not visible within the
imaged volume, e.g., extracranial or proximal ICA, and were marked as
having no visible occlusion. Seven patients had also suffered a previous
stroke which was visible on the CT image. Of these seven patients, six
patients were suffering from an acute ischemic stroke at the time of
imaging, and one was not. None were excluded as they represented real-
world diagnostic scenarios. Evaluation on these cases were necessary to
gauge real-world performance.

2.4. Algorithm process

Fig. 2 outlines the process graphically. Each step is described below,
with reference to each stage shown in Fig. 2. Further detail found in
Appendix A such that the process may be reproduced.

(a) Registration to template. Mean arterial phase images were regis-
tered to a publicly available template using the Advanced Normalization
Toolkit (ANTs) [17,18] and skull stripping was performed; b) Vessel
enhancement. A Hessian-based vesselness filter was applied using the
Insight Toolkit [19], highlighting vessel-like objects only; (c) Sliding
Maximum Intensity Projection (MIP) image. Using the output of the ves-
selness filter, a novel MIP image was created, which we call a Sliding
MIP. Exact details on how to create this image is shown in Appendix A.
The effect, seen in Fig. 2, created a clear picture of vessel from which the
location of the occlusion can be visually identified; (d) Difference map. A
difference map was created by flipping the sliding MIP around the
vertical axis and subtracting the original image from the flipped image.
This was done to enhance the site of any difference in contrast between
hemispheres that may indicate a deficit of contrast in vessels on one side;
(e) Seeds. Connected Component Labelling (CCL) was performed on the

European Journal of Radiology 164 (2023) 110845

difference map using ITK. The function of CCL is to assign a unique label
to all pixels that form part of a connected component. Each connected
component was treated as the potential site of a deficit and called a
‘seed’. All detail on this step is given in Appendix A for reproducibility;
(f) Ranking. All seeds were given a score based on size, location, and
severity (the amplitude of the difference between sides). Details on how
these were quantified is in Appendix A; (g) Perfusion. If the perfusion
data was available, it was only used as follows: A seed was required to lie
in the same hemisphere as a perfusion lesion. If a seed was in a difference
hemisphere, it was discarded; (h) Coronals. Step (c) was repeated to
create a Sliding MIP in the coronal plane. Steps (d) — (g) were then
repeated for deficits in the coronal plane. If a detection in the axial plane
lay at the same position as the coronal plane, an occlusion detection was
made.

2.5. Performance evaluation

Each image was marked upon visual inspection by a clinical expert
(MP) with a true positive (TP), false positive (FP), true negative (TN) or
false negative (FN). If the ranking seed that was selected coincided with
the correct occlusion position or the perfusion deficit that was a direct
result of the occlusion, a TP was assigned. If an occlusion was present but
the detection was too far from the occlusion site to be considered a TP, a
FP was assigned.

The performance of the algorithm was measured using sensitivity,
specificity, positive predictive value (PPV), negative predictive value
(NPV), diagnostic odds ratio and accuracy. Where possible, confidence
intervals (95%) were calculated using a bootstrap method, by randomly
sampling the dataset and calculating each metric for each sample. A
sample size of 50 was used and sampling was performed 1000 times.
Performance was also evaluated over subsets of the data, measuring
performance of datasets that are homogeneous with respect to occlusion
location (ICA, M1, M2 and M3) and collateral flow (good/moderate/
poor). Confidence intervals were not calculated for data subsets due to
the relatively small sample sizes. The impact of adding perfusion data to
the algorithm was also evaluated. In the event of a false positive
detection, it was determined whether the detection correlated with the
presence of a perfusion lesion either from a chronic stroke, or occlusion
that was not within the image field-of-view (FOV). In addition, the al-
gorithm was evaluated with respect to the difficulty of each case (low,
moderate, and high difficulty). It is well known that larger vessel oc-
clusions are more easily detected than occlusions of smaller vessels.
Moreover, patients with robust collateral flow, or partial occlusions with
residual antegrade flow and reconstitution of blood flow immediately
distal to the occlusion presented a difficult challenge for detection.
Therefore, each patient was categorized according to the difficulty of the
case presented. Labels were designated by expert human raters as pre-
senting a low, moderate, or high degree of difficulty in occlusion
detection. Cases of low difficulty consisted of LVOs with abrupt cut-off
and no residual flow, cases of high difficulty were such that more than
two experts, or additional information, was required to locate the oc-
clusion. Cases of moderate difficult did not require any additional in-
formation by the experts to locate but were less detectable than abrupt
cut-off LVOs due to well-known reasons such as a more distal position,
residual flow through the occlusion, or anatomical variation. Examples
of each are shown in Fig. 3.

3. Results
3.1. Dataset characteristics

Of the total study population, 99 (48%) were females. The median
age was 72 (IQR 63-80) and the median baseline National Institutes of
Health Stroke Scale (NIHSS) was 12 (IQR 6-18). The time of stroke onset
was known for 165 (79%) of patients, and the median time between
stroke onset and CTP imaging for these patients was 114 min (IQR 89 —
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Fig. 2. Schematic of the algorithm process. This patient had an occlusion of the right M1 branch of the Middle Cerebral Artery; there is an abrupt vessel cut off with
no residual flow. The raw image was registered to template and processed using a ‘vesselness’ filter. The Sliding Maximum Intensity Projection (MIP) highlighted
deficit areas — shown here in a single slice. Left-right subtraction was used to identify areas where there are differences between hemispheres. Connected Component
Labelling (CCL) was used to form “seeds”, shown in different colours. (In this case, a region corresponding to the right Posterior Cerebral Artery (PCA) was joined by
CCL to the region corresponding to the deficit in the right M1-MCA due to their proximity). Each area received a ranking, with the areas of greatest concern receiving
the highest ranking. Perfusion data (if available) was then used to confirm the detection. The process was then repeated in the coronal plane to ensure that a detection
was present in both perspectives. Details of each step can be found in the main text with additional information in Appendix A.

166 min). For the remainder 20 patients (10%) were reported as ‘Wake-
Up Stroke’ and 24 (11%) had an unknown time of stroke onset. Of the
study population, 75 (36%) were treated with IV thrombolysis, 55 (26%)
underwent endovascular (or intra-arterial — IA) therapy, and 38 (18%)
received both therapies. Of the patients that received IV alone, two
patients were planned to undergo IA therapy, but it was not delivered.
Forty patients (19%) received no treatment for revascularization and
one patient’s treatment was not documented. Table 1 shows the occlu-
sion characteristics for each level of difficulty, and overall.

3.2. Performance evaluation outcome

Fig. 4 shows examples of successful occlusion detections. Further

results are shown in Appendix B.

Fig. 5 shows two results from patients with occlusions close to the
midline. The first example (labelled 1 in Fig. 5) is of a basilar occlusion.
The analysis of left-right difference via CCL revealed the site of a
contrast deficit associated with this occlusion, leading to a false positive.
The second example (labelled 2 in Fig. 5) shows an ACA occlusion. Two
axial slices are shown. While CCL return several potential regions, upon
analysis, none were selected as a final detection.

Table 2 shows results of the occlusion detection algorithm. From
twenty-five False Positive results, thirteen coincided with the presence
of a perfusion lesion. One of these was due to the presence of an oc-
clusion that was not within the image slab (proximal ICA), and another
was due to the presence of an old stroke. For the remining two
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Fig. 3. Examples of Low, moderate and high levels of difficulty in images. Fig
a) (low difficulty); (i) - (iii) are slices from M1 occlusions (with the occlusion in
ii tapering off) and (iv) represents an occlusion in the internal carotid artery
(outside the FOV). Fig b) (moderate difficulty); Both (i) and (ii) are M2 oc-
clusions, (iii) is an image of an M1 occlusion with anatomical variation (early
branching) so that one M2 branch has flow, and iv is an M1 occlusion with
residual flow and reconstitution of flow distal to the occlusion. Fig c) (high
difficulty); (i), (i), (iii) and (iv) are all partial occlusions that were difficult for
expert raters to see as there is reconstitution of vessel distal to the occlusion due
to residual antegrade flow.

Table 1
Occlusion characteristics for patients overall, and for each category of difficulty,
decided on by consensus among the expert raters.

Difficulty rating All = 207 Low = 106 Moderate = 45 High = 56
No visible occlusion 43 30 6 7
ICA 8 8 0 0
MCA-M1 82 67 9 6
MCA-M2 48 1 29 18
MCA-M3 7 0 0 7
ACA 4 0 0 4
PCA 9 0 1 8
Basilar 6 0 6
Good Collaterals 43 15 11 17
Moderate Collaterals 74 27 20 27
Poor Collaterals 47 34 8 5

extracranial occlusions, both were not visualised by the algorithm.
Table 3 shows the results when perfusion data was not available. In
summary adding perfusion lesion data to the algorithm increased
specificity by 38% overall, albeit reducing sensitivity by 8%. Table 4
shows the prevalence of occlusion types in the dataset and in the
INSPIRE registry, overall. INSPIRE consists of consecutively enrolled
acute ischemic stroke patients, prospectively recruited at comprehen-
sive stroke centres.

When perfusion data was included, for cases of low difficulty, the
sensitivity and specificity were 96% and 90%, respectively. For
moderately difficult cases, specificity reduced to 50%. For cases with a
high difficulty rating - many of which required consensus of an addi-
tional expert and/or perfusion data to confirm — the algorithm achieved
a sensitivity of 53% and a specificity of 11%. On the entire cohort, a
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sensitivity of 83% and specificity of 58% was achieved.

Performance metrics were evaluated over other subsets of data.
Images of patients with poor collateral flow returned a sensitivity of
95%, better than those with robust collaterals: 78%. Specificity values
were similar at 73% for poor and 76% for good collaterals. Sensitivity
for datasets with M1 and M2 occlusions were 94% and 81%, respectively
and specificity were 80% and 65%, respectively.

In addition, performance was evaluated for each site. For Site 1 (112
patients analysed), sensitivity and specificity were 89% and 68%,
respectively. For Site 2 (93 patients analysed), sensitivity and specificity
were 77% and 43%, respectively.

4. Discussion

We have presented the method and results of a high sensitivity oc-
clusion detection algorithm that may be applied to whole-brain contrast-
enhanced time series perfusion CT images. We have evaluated the al-
gorithm in a thorough manner which we believe better reflects real-
world performance (and the heterogeneity of stroke pathophysiology)
compared to other studies. For images of low difficulty (which past
studies have restricted themselves to), the algorithm presented here
reached a sensitivity of 96% and a specificity of 90%. For images of high
difficulty, the high false positive result was an undesirable outcome,
however the results in this group exceeded expectations.

A major issue with quantitative and computational medical tasks
that are reported in the literature is that, without a thorough and sen-
sible performance evaluation, metrics for performance can be almost
impossible to interpret. There must be a meaningful interpretation of
such algorithms such that the reader understands its usefulness in a
clinical setting. We have presented a meaningful performance evalua-
tion, whereby we stratify performance metrics with respect to the dif-
ficulty of the tasks, as well as disease characteristics which are known to
impact detectability i.e., location, collateral flow. Therefore, we propose
that these results represent what can be expected from real clinical
implantation with naturally occurring patient variability and input scan
quality variability. Referring to Table 4, there is variation in the prev-
alence of M2 occlusions between this study and the entire INSPIRE
registry, however occlusions in large distal M2 segments can simulate an
M1 occlusion, and vice versa, making the actual prevalence of M2 oc-
clusions subject to debate [20,21]. Indeed, some estimate that M2 oc-
clusions number as many as half the number of M1 occlusions [22], as is
the case in this study where the data was annotated by a team of stroke
experts.

The high sensitivity for M2 occlusions has not previously been re-
ported, or patients with an M2 occlusion excluded due to the distal
nature of the occlusion making it challenging to automatically detect. A
significant portion of our data are patients with M2 occlusions and we
consider the sensitivity (81%) of the algorithm towards M2 occlusions a
significant result.

We have also investigated the benefits of including perfusion data in
the model. When perfusion data was made available, it was used to
provide evidence of occlusion presence. While it is an impressive feat to
detect on one data type alone, all available data should be integrated
into computational tools to produce the best possible result for the pa-
tient. By presenting this study, clinicians know what to expect when
perfusion data is not used.

Performance was also evaluated over separate sites, with a signifi-
cant drop in performance for Site 2 (e.g. 77% sensitivity, down from
89%). This demonstrates that performance can be expected to vary
across sites, even with the same scanner make and model, possibly due
to the differences in acquisition. Future studies will include data from
more sites and scanner types.

There were some limitations to this study. First, the algorithm
required pre-registered data. Due to the probabilistic nature of the
registration process, there may be slight variation to the image with each
attempt at registration. However, applying spatial normalization is
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Fig. 4. Successful occlusion detections. The ground truth locations of each occlusion are indicated with the yellow arrow on the top row. The bottom row shows the
results of the algorithm, returning regions (red) based on lack of contrast in vessel structures. Images of low (a), moderate (b) and high (c) difficulty are represented.
In d) an ICA occlusion returned a large area, covering both the occlusion and contrast deficit.

Fig. 5. Occlusions close to the midline. a) A basilar occlusion. (i) the ground
truth annotation is shown on an axial slice of the sliding MIP; (ii) all seeds for
potential occlusion locations; (iii) seed chosen as site of contrast deficit asso-
ciated with the occlusion. This case is marks as a True Positive. Note the right
M1 branch of the Middle Cerebral Artery (MCA) is highlighted due to natural
vessel variation and was joined to the deficit region due to its close proximity,
as in Fig. 2; b) An anterior cerebral artery (ACA) occlusion. (i) Axial slice
showing MCA territory; (ii) axial slices showing the ground truth annotation;
(iii) all seeds for potential occlusion locations. Upon analysis of seeds none were
selected as the location of deficit due to an occlusion. This case received a
False Negative.

highly beneficial as it facilitates the use of a priori knowledge to provide
spatial context. Second, this method used dynamic CTA (derived from
CTP) rather than conventional single timepoint CTA. For this phase of
development, CTP images were used, but with further development, this
method may be generalised to CTA images. This will resolve difficulties
relating to extracranial ICA occlusions out of the image field-of-view, as
neck coverage is included in conventional CTA acquisitions for acute
stroke. Third, the algorithm focused on lack of contrast and a left-right
comparison to exploit the symmetry of the brain. A healthy subject may

have returned a false positive result due to natural variation from one
hemisphere to another. Due to this, the difference map (see Section 2.4)
may return healthy areas that are inherited by the seeds (see Fig. 2 and
Fig. 5; in the former, the PCA is highlighted along with the M1-MCA, in
the latter the M1-MCA is highlighted together with the basilar territory).
Hard-cut offs were used to reduce false positives, but these resulted in
difficulties detecting some cases, such as those lying on the midline
(Fig. 52 and Fig B1). Additional solutions were employed to manage
natural variations between hemisphere and details on this can be found
in the appendices. Further developments are planned that will replace
hard cut-offs with more robust solutions that do not exclude occlusions
lying on the midline and vessel with regular hemispheric variation. Deep
Learning methods may improve on the algorithms ability to identify
healthy vessels when they are not symmetrical and are being currently
investigated as an alternative.

Further testing is required to optimized and justify each element in
the algorithm pipeline. At this stage, performance was evaluated qual-
itatively, and reviewed carefully by two or more experts. This was an in-
depth and lengthy process but ensured that results are reliable. Devel-
oping a robust computational method for evaluation will allow for study
into each component of the pipeline. However, any automated evalua-
tion will have to be thoroughly evaluated before it can be represented as
an accurate metric of performance. A method is currently in develop-
ment. Further studies investigating the implementation of the algo-
rithms in a clinical setting and their impact on clinical workflows are
required. In particular, the application of this algorithm in the context of
multimodal Flat-detector CT (FD-CT) is a worthy future development.
By using FD-CT as a one-stop-shop for stroke diagnosis, treatment can be
expedited. The benefit of algorithmic assistance in this context should be
investigated.

5. Conclusion

In summary, our method for automated occlusion detection in dy-
namic CTA images is highly sensitive. We found that specificity is
improved by using perfusion data where it is available. Compared to
other studies, we have presented a cohort with a large variety of oc-
clusions in terms of location and significance. We have reviewed the
performance of our algorithm in a thorough manner, including judging
the performance of the algorithm with respect to the difficulty of the
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Table 2
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Table of results when perfusion data was available. The number in each group is included (N). Metrics included are sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), diagnostic odds ratio (DOR) and Accuracy. 95% Confidence interval are added where it was calculated, in square brackets.

N Sensitivity Specificity PPV NPV DOR Accuracy
All cases 205 0.83 [0.74-0.95] 0.58 [0.49-0.85] 0.83 [0.73-0.95] 0.58 [0.37-0.85] 7.06 0.76 [0.66-0.86]
Low difficulty 106 0.96 0.9 0.96 0.9 219 0.94
Mod. difficulty 45 0.88 0.50 0.83 0.5 7.25 0.78
High difficulty 56 0.53 0.11 0.54 0.11 0.14 0.39
IC-ICA 8 1 0.81 0.5 0.81 inf 0.84
MCA-M1 83 0.94 0.80 0.89 0.8 59.11 0.89
MCA-M2 48 0.81 0.65 0.6 0.65 7.63 0.71
MCA-M3 7 0.6 0.78 0.23 0.78 5.25 0.76
Good Collaterals 43 0.78 0.76 0.74 0.76 10.96 0.77
Poor Collaterals 48 0.95 0.73 0.75 0.73 53.85 0.83
Table 3

Table of results when perfusion data was not available. The number in each group is included (N). Metrics included are sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), diagnostic odds ratio (DOR) and Accuracy. 95% Confidence interval are added where it was calculated, in square brackets.

N Sensitivity Specificity PPV NPV DOR Accuracy

All 205 0.91 [0.84-1.00] 0.2 [0.14-0.35] 0.66 [0.55-0.79] 0.2 [0.05-0.35] 2.46 0.65 [0.54-0.78]
Low difficulty 106 0.97 0.41 0.79 0.41 24.63 0.8

Mod. difficulty 45 0.96 0.06 0.63 0.06 1.69 0.62
High difficulty 56 0.68 0.04 0.43 0.04 0.08 0.37
IC-ICA 8 1 0.35 0.22 0.35 inf 0.45
MCA-M1 83 0.96 0.32 0.7 0.32 11.72 0.72
MCA-M2 48 0.96 0.24 0.36 0.24 8.62 0.47
MCA-M3 7 0.6 0.33 0.09 0.33 0.75 0.36
Good Collaterals 43 0.82 0.31 0.48 0.31 2.01 0.53
Poor Collaterals 48 1 0.3 0.53 0.3 inf 0.61

References
Table 4

The prevalence of occlusion locations in this study as compared with the
INSPIRE population.

Occlusion Location Study prevalence (%) INSPIRE prevalence (%)

n =207 n = 3063

IC-ICA 4 18
MCA-M1 41 41
MCA-M2 24 12
MCA-M3 4 3

ACA 2 1.9
PCA 4 3.1
Basilar 3 0.8
No Visible Occlusion 22 15

task. In doing so, we have provided an unbiased, real-world interpre-
tation of algorithm performance that should generalise to a clinical
setting. Further developments include generalising to conventional CTA
and developing automated performance evaluation for future studies.
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