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BACKGROUND & PURPOSE

MATERIALS & METHODS

Acute stroke is one of the most emergent and time-sensitive
examinations radiologists face. It is therefore logical that in
recent years many stroke-focused artificial intelligence
platforms have been developed, often reporting workflow
advantages such as improved efficiency and accuracy. In
fact, from 2018 - 2020, the number of Al-based medical
imaging companies tripled, and investments doubled to S1.17
billion!. The list of FDA-approved imaging algorithms is
expanding rapidly, and in 2018 the FDA published a fast-track
approval plan for Al medical algorithms?. It is therefore no
surprise that Al technology in recent years is increasingly
becoming a significant adjunct in clinical practice. Al-based
stroke analysis can assist with each aspect of the standard

A systematic literature review was performed analyzing published performance data on Al platforms, including: Aidoc, Canon
AutoStroke, Brainomix e-Stroke, RapidAl, and Viz.ai. The analysis was guided by the CLAIM tool (Checklist for Al in Medical Imaging) for
evaluating Al imaging literature and included: Al algorithm, study purpose, inclusion/exclusion criteria, study type, ground truth,
performance data, sample size, and author conclusions. Publications from the past byears(2016-2021) were collected via search inputs
in PubMed, RSNA and ASNR databases, Google Scholar, and Embase. Search criteria included platform name (e.qg. ‘Aidoc’) and ‘stroke’,
along with modifiers such as’large vessel occlusion’, ‘intracranial hemorrhage’, and ‘CT perfusion’. Studies were excluded if they did not
explicitly indicate a ground truth to which the Al algorithm was compared. A total of 44 publications were included. While other stroke
Al platforms are available, only Al platforms with substantial available published data were included.

Scan the QR code on the bottom right to view the full literature review table, as well as links to each of the included publications.
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NDINGS

't is widely known that artificial intelligence is demonstrating
Increasing significance in medical imaging, especially inregard to
the evaluation and interpretation of cases of acute hemorrhagic
and ischemic stroke. What may not be as apparent, however, are
the limitations of applying these automated algorithms into
clinical practice. We presented a series of literature reviews and
analyses breaking down major Al platforms into their features and
provided general limitations of Al as a whole. Potential barriers of
Al implementation in clinical practice can be divided into four
main categories: Performance overestimation and
misinterpretation, ethical and liability implications, technical
difficulties and monetary expense.
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OBJECTIVES

The major goals of this project are:

(1) To provide an educational resource for those interested
in potentially incorporating Al platforms in clinical
practice.

(2) To provide a fundamental understanding of Convolutional
Neural Networks (CNNs)-a widely used deep learning
algorithm in Al imaging.

(3) To provide practical considerations regarding stroke Al
applications, so their limitations are more thoroughly
understood.

AN INTENTIONAL OVERSIMPLIFICATION OF
CONVOLUTIONAL NEURAL NETWORKS

It isimportant to have a fundamental understanding of Al
mechanisms, however explanations are often overly complex
and can lead to more questions than answers. The majority
of Al algorithms use Convolutional Neural Networks(CNN).
Below is anintentional oversimplification of CNNSs.

Consider the game Where's Waldo. A

break him into simpler parts.

A CNN is organized into many different
layers called filters. Each filter scans
the image for Waldo's simpler parts
(scanning = convolution).

For example, the first filter may scan
for red-and-white striped items. Each
time ared-and-white striped item is
detected, a signal is placed onto a
feature map. This resultsin a map of all
the red-and-white striped items. This

then eyeglasses, etc. - producing the

white striped shirts are adjacent to
blue pants and eyeglasses.

The output of the second layer would
be the feature maps including adjacent
clothing items. Eventually, we would
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Aidoc user interface array demonstrating (from left to right): dynamic NCCT viewer, dynamic CTA viewer,
& dynamic CTP viewer. Orange dots on slider (bottom of each dynamic image) demonstrates regions
where Al flagged a positive result. Images courtesy of Aidoc.
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Brainomix e-CTP demonstrating(left to right): automated perfusion map with core infarct
(red)and penumbra(green)with mismatch volume and ratio on top; arterial input function
(AlIF)and venous output function (VOF)curves, relative vertebral blood volume (rCBV)and
Tmax. Images courtesy of Brainomix.

Mismatch Ratio: 7.42
Vol 1: 152.00mL
Tmax > 2.20 sec

Vol 2: 23.64 mL
rCBV >40.00%

The Canon AutoStroke solution incorporates Avicenna.ai's CINA ICH, CINA LVQO, CINA
ASPECTS (left image showing ASPECTS regions, score and ischemic regions), and Vitrea's

CT Perfusion(right, demonstrating core volume rCBV and penumbra volume Tmax). Images
courtesy of Avicenna.ai.
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Rapid LVO (left)demonstrating CTA MIP image of patient with right M1-MCA occlusion and
RAPID CTA detection of vessel paucity with a >45% reduction in blood vessel density with
heat map. Rapid CTP(right)demonstrating small core infarct (top series, purple annotation)
calculated by CBF<30% with 1mL volume; and relatively large penumbra(bottom series,

Tmax >

Hypoperfusion Index: 0.5

Viz.ai LVO(left)and CT perfusion maps (right) with axial series from inferior-most to
superior-most slice (top left to bottom right) with variations in hypoperfusion calculated by
adjustments to Tmax and their associated annotated variations in volume. Hypoperfusion

index may allow for prediction of brain regions with adequate collateral flow. images adapted
from Viz.ai training mobile app.
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e-CTA improvedinterclass
correlation between NRs from 0.58
to 0.77. For collateral flow, sens.
99%, spec. 94%

Mean difference and correlation of b
mL and r=0.85 between Als for core.
19 mL and r=0.77 for penumbra.
Correlation with FIV similar between
Al(r=0.57and 0.56 for e-CTP and
Rapid.

Correlation with FIV moderate in 3

FIV on CTP algorithms: Rapid r=0.64, Vizr
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Brainomix e-CTA provided real-
time automated collateral
scoring with potential to
improve consistency of

interpretationamongst NRs.
e-CTP and Rapid CTP

generated similar core and
penumbra volumes. Prediction
of FIV is limited in both, which
appears to be a generic

limitation of CTP modality.
e-CTP, Rapid CTP, and VizCTP

strongly correlate with each
other; however CTP
predictability of FIV remains
moderate and requires further
evaluation.
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Ischemic stroke
patientss/p MT
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without
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Ground

Truth n Performance Data

CINA sens. 91%, spec. 98%, AU
0.94. For small(<5cm?), PPV
73%. For medium (5-25¢cm?)
and large (>25cm?®) PPV 100 %.

ICH sens. 91%, spec. 98%. For
small(<bcm?), PPV 72%. For
medium (5-25cm?) and large
(>25cm?) PPV 100%. CINA LVO
sens. 94%, spec. 97%.

Vitrea more accurate than
Rapid CTP for FIV for patients
without intervention; r=0.74 an

2 NRs 255

Author Conclusions

C Limitations of missing
small volume ICH,
particularly with noise,
motion, or streak artifacts.

Al can assist with emergent
findingsin avariety of
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detection of small ICH and
distal M2 occlusion.
Vitrea noninferior to Rapid
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d differencesand

-1.bmL mean infarct difference  correlationswith FIVs for
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post-intervention cases.
a Fornon-intervention,
Vitrea performed superior.
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RAPID CTA had high
sensitivityand NPV for
LVO detection. It can be
usedto screenin
emergent setting.
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significantly reduced door-
to-puncture time without
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45%, NPV =96%. Majority of
Al missed LVOs were distal
M2 or posterior circulation
occlusions(60.8%).

Viz LVO demonstrated

screening tool for identifying
VO based on its high

NPV. It canimprove
workflow metrics.

Brainomix has yet to gain FDA
approval, however is currently
being utilized in practice in the
UK. Consistently reported
amongst CTP platforms is the
limitation of final infarct
volume prediction. While this
may be a generic limitation of
CT perfusion, it must be noted
that the evolution of penumbra
to core over time as well as
clinical intervention (e.qg. tPA)
will skew comparison of core
infarct volumes and make
comparison difficult, even if
follow-up imaging is performed

within a reasonable time frame.

A commonly seen flaw with Al
ICH algorithms is the
propensity of high false
positives for smaller
hemorrhages, where the Al may
mistakenly predict ICH in
regions of relatively higher
density, for instance, at a dural
venous sinus or along the falx.
Artifacts such as those listed in
the chart additionally seem to
be a substantial limitation of
these algorithms. Despite this,
Al may assist in screening
outpatients for ICH where there
may be a relative delay in care
compared to more urgent or
emergent studies from the ED.

It is important to note that

performances, one must be
aware of what specifically the
algorithm is designed to detect
- forinstance, Rapid LVO offers
indirect LVO detection by
searching for relative
reductions in collateral vessel
density, whereas other CNN-
based LVO algorithms like Viz
LVO or Brainomix e-CTA offer
direct LVO detection. This
makes sensitivity and
specificity comparisons
difficult, as one must compare
apples to apples, not apples to
oranges.

radiologist efficiency by
distraction by repeated case
flagging or “over-searching” on
a truly negative CT that has
been flagged positive by Al.

be made public to obtain FDA 510(k) clearance.
Ethlcal and Liability Implications

More than one disease or abnormality is often presentin the
same patient - Al may lead to the “satisfaction of search”
phenomenon in radiologists.

« Patient maleficence may arise as a result of Al error that
would have beenread appropriately by a human interpreter -
forinstance, automated CT perfusion map overestimating
penumbra/underestimating core infarct leading to
unwarranted endovascular intervention.

 C(Cloud-based or off-site servers may be subjected to cyber
attacks and patient information may be compromised.

Technical Difficulties

* |ssues of workflow integration may arise, especially in
smaller institutions without a robust IT department.

« Mayrequire more powerful GPUs which are more expensive
and less readily available than reqgular CPU workstations.

Significant Monetary Expense

« Substantial upfront cost without a guaranteed return on
investment.

« NTAP(New Technology Add-on Payment)often publicized by
Al companies)requires annual renewal, and only applies to
Medicare patients in cases where hospital losses are
incurred.

“...It turns out [when]you take that same Al system to an
older hospital down the street, with an older machine,
and the technician uses a slightly different imaging
protocol, that data drifts to cause the performance of
the Al system to degrade significantly. In contrast, any

CNN designed to find Waldo would 4% X éf‘* Paper Purpose Study Type Criteria Trgth | " Performance Data Author Conclusions when comparing algorithm human radiologist can walk down the street to the older

hospital and do just fine.”

Andrew Ng

Founderand CEO of Landing Al, deeplearning.ai
Adjunct professor at Stanford University

CONCLUSION

We hope this exhibit will educate viewers on
the currently available stroke-based Al
platforms and the importance of developing a
greater understanding of their algorithms
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