Pre prints.org

Review Not peer-reviewed version

Artificial Intelligence as A
Complementary Tool for Clinic Decision-
Making in Stroke and Epilepsy

Smit P Shah ~and John D Heiss
Posted Date: 15 February 2024
doi: 10.20944/preprints202402.0810v1

Keywords: Artificial; Intelligence; Neurology; Stroke; Epilepsy; Neuroimaging

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/3408052

Preprints.org (Wwww.preprints.org) | NOT PEER-REVIEWED | Posted: 15 February 2024 doi:10.20944/preprints202402.0810.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Review

Artificial Intelligence as A Complementary Tool for
Clinic Decision-Making in Stroke and Epilepsy

Smit P. Shah MD ! and John D. Heiss MD 2

1 Resident Physician, University of South Carolina School of Medicine, PRISMA Health Richland, Columbia, SC, 29203,
USA

2 Senior Clinician and Neurosurgical Residency Director, Surgical Neurology Branch (SNB), Building 10; Room 3D20; 10
Center Drive, Bethesda, MD 20814.

* Correspondence: spshah1991@gmail.com; spshah031591@gmail.com; john.heiss@nih.gov

Abstract: Neurology is a quickly evolving specialty that requires clinicians to make precise and prompt
diagnoses and clinical decisions based on the latest evidence-based medicine practices. In all Neurology
subspecialties, Stroke and Epilepsy in particular, clinical decisions affecting patient outcomes depend on
neurologists accurately assessing patient disability. Artificial intelligence (AI) can predict the expected
neurological impairment from an AIS (Acute Ischemic Stroke), the possibility of ICH (IntraCranial
Hemorrhage) expansion, and the clinical outcomes of comatose patients. This review article informs readers of
artificial intelligence principles and methods. The article introduces the basic terminology of artificial
intelligence before reviewing current and developing Al applications in neurology practice. Al holds promise
as a tool to ease a neurologist’s daily workflow and supply unique diagnostic insights by analyzing data
simultaneously from several sources, including neurological history and examination, blood and CSF
laboratory testing, CNS electrophysiologic evaluations, and CNS imaging studies. Al-based methods are
poised to complement the other tools neurologists use to make prompt and precise decisions that lead to
favorable patient outcomes.
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Introduction

In the coming years, the complexity of data used in Neurology’s clinical and research aspects
will proliferate. Electronic medical records hold vast amounts of information. Major health systems
rely on data-heavy technology to analyze clinical and genomic information. Computer analysis of
digital medical data could aid the neurologist in making diagnoses, detecting disease patterns, and
detecting health vulnerabilities. With its sophisticated machine learning algorithms, Al offers
efficient and practical tools to clinicians to better interpret, access, and understand clinical
information and narrow differential diagnoses in simple and complex cases (1). Al can help usher the
era of personalized medicine into routine neurology clinical practice.

Basic Terminology and Concepts of Al

Key AI terms include ‘Machine Learning,” ‘Supervised Learning,” ‘Unsupervised Learning,’
‘Model and Training,” ‘Artificial Neural Network,” ‘Deep Neural Network,” ‘Convolutional Neural
Network,” ‘Black Box’ and “‘Reinforcement Learning’ (2,9).

Machine Learning: Machine Learning (ML) is a field of Al associated with developing, studying,
and generalizing statistical algorithms over time to perform tasks without specific instructions. A
developed algorithm encodes statistical regularities extrapolated inherently from a database of
examples to assess parameters for future predictions. (2,3)

Supervised Learning: Supervised Learning (SL) uses previously established expert-labeled
training examples to create an algorithm to assess parameters for future predictions. Its paradigm is
analogous to machine learning because input and output values are used to train the algorithm model
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and derive the function relating input to output values. The SL function analyzes new data and
derives the expected output values. Because SL creates a learning algorithm from training data, it
may misinterpret data related to situations or diagnoses not present in the training data. SL is
susceptible to errors from incomplete training data, so-called generalization errors. (2,4)
Unsupervised Learning: Unsupervised Learning (UL) is less constrained than Supervised
Learning because algorithms are learned and developed from the patterns in unlabeled data. In UL,

machine learning algorithms discover patterns or data groupings without human intervention. (2,5)

Modeling and Training: Modeling trains a machine-learning algorithm to make predictions from
unseen data. Training coincides with modeling, where machine learning algorithms are fed examples
from a training data set to update and calibrate parameters for future predictions. In model training,
information types and their weights and bias fit into a machine learning algorithm to improve
function over the predictive range. (2)

Artificial Neural Network (ANN): A machine learning technique that amalgamates and processes
many layers of information, each holding essential parameters extracted incrementally from training

data. Brain neuron network organization inspired this concept. Signals travel from input to output
after traversing all layers multiple times. (2,6)

Deep Neural Network: A deep neural network (DNN) is an artificial neural network (ANN) with
multiple layers between the input and output layers. The various types of neural networks share

these components: neurons, synapses, weights, biases, and functions. These components function
together like brain neural networks. A DNN can be trained like other ML algorithms. (2,7)

Convolutional Neural Network: Like the human visual cortex, the convolutional neural network
displays connectivity patterns. It is a feed-forward neural network that learns feature engineering via
filter optimization. (2,8)

Black Box: Black box Al models arrive at conclusions or decisions without explaining how they
were reached. The precise steps leading to the Black Box model’s predictions cannot be explained
because the predictions arise from unexplained parameters being processed by a highly complex
analysis maze that is machine-derived and not a direct product of human consciousness and thought
processes. (2).

Reinforcement Learning:

Reinforcement learning (RL) is a machine learning training method that develops decision
algorithms by rewarding desired behaviors and punishing undesired ones. RL depends on
environmental interactions. The algorithm receives rewards or penalties according to the desirability
of behaviors and learns through this editing to make better decisions over time. The RL algorithm
completes tasks without earlier instructions. It can learn while failing to complete the task. It derives
basic rules guiding future predictions from experience performing the task. (9)

Discussion:

A growing body of literature suggests that artificial intelligence is becoming an invaluable tool
for stroke and epilepsy clinicians. Studies report Al applications complementing traditional
neurological care and improving diagnostic accuracy and clinical outcomes. As discussed above,
early Al applications in the 2000s used clustering to analyze MRI sequences for regional brain
perfusion properties. Al applications are standard care tools at the major level in CSCs
(Comprehensive Stroke Centers) for analyzing CT perfusion studies and detecting large vessel
occlusion (LVO). The field of Stroke Neurology has improved its care systems by perfecting
diagnostics and hastening stroke care. For example, Al tools can help minimize transfer time and
improve outcomes by shortening the time to treatment with thrombolytics or mechanical
thrombectomy. CT perfusion studies hold data critical to evaluating the cerebral vascular physiology
after a stroke. A fundamental measure is rCBF (relative Cerebral Blood Flow), the flow rate through
the vasculature in the brain region of interest (ROI). Other measures include rCBV (relative Cerebral
Blood Volume), the volume of blood within the ROI vasculature; MTT (Mean Transit Time), the
average time for arterial-to-venous blood transit through infarcted tissue; and TTP (Time-To-Peak)


https://doi.org/10.20944/preprints202402.0810.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 February 2024 doi:10.20944/preprints202402.0810.v1

the time interval between first appearance to peak enhancement of contrast-containing blood in the
arterial vessels (44). These CT perfusion imaging factors help assess the Mismatch Ratio and the
infarct Core. Clinical decisions on the likelihood of improvement with mechanical thrombectomy
consider these measures and the Modified Ranking Score (mRS). Al assures clinical decisions are
evidence-based, consistent with diagnostic and treatment guidelines, and give proper weight to
relevant diagnostic and prognostic factors.

Acute decision-making in AIS uses Al for rapid and reliable analysis of perfusion and vessel
imaging (Table 1). Al has vessel-imaging applications beyond the AIS setting. For example, in the
setting of intracranial atheromatous disease or multiple vascular risk factors, Al can help predict
cognitive impairment and other patient outcomes in a patient. Physicians can explore the
nonemergent role of Al in vessel imaging by using Deep Convoluted Neural Networks and
Generative Adversarial Networks to generate automated perfusion maps that stratify a patient’s AIS

risk.
Table 1. Summary of some studies showing the application of Al for initial neuroimaging in AIS
(Acute Ischemic Stroke) between 2000 and 2023.
Year Authors Research Question Outcomes Measures/Conclusions

Does supplying an LVO detection algorithm
2023 (10) Field N.etal.  notification to the thrombectomy team’s cell
phone improve ischemic stroke workflow?
Does CTA derived from CT Perfusion (CTA-DF-  CTA derived from CTA-DF-CTP had
CTP) give better image quality and diagnostic diagnostic accuracy comparable to
accuracy than traditional CTA in AIS? traditional CTA and CTA-DF-CTP.
NIHSS of MT group-CTP guided (at 6h,
24h, 7 days, and 30 days) was
significantly better (P < 0.05); however,
infarct core volume approximation was
too high or too low for this group.

Transfer time and Mechanical
Thrombectomy (MT) Initiation

Zhaou X. et

2023 (11) o

Is it feasible to apply computed tomography
perfusion (CTP) imaging-guided mechanical
thrombectomy in acute ischemic stroke patients
with LVO beyond the therapeutic time window?

2023 (12) Xiangetal.

In patients with ICAS (Intracranial
Atherosclerotic Stenosis) in the anterior
circulation, is Al based on CBF (Cerebral Blood
Flow) or sCoV (Spatial Coefficient of Variation)
better for predicting vascular cognitive

Cognitive impairment seems better
predicted by Al analysis of sCoV than
CBF.

2023 (13) DuB.etal

impairment?

AG-DCNN, using only admission DWI,

Can AG-DCNN (Attention Gated Deep predicted infarct volumes at 3-7 days

Farsani S. et

2023 (14) Convoluted Neural Network) predict infarct ) .
al. volume and size? after stroke onset with accuracy like
' models using DWI and PWI.
How can modern machine learning methods such
tive ad ial networks (GAN
as generative ? versariaine W,O ks ( 5) DSC-MR using machine learning can
Kossen T. et. automate perfusion map generation from (DSC- . L
2022 (15) . o . speed up patient stratification by
al. MR) Dynamic Susceptibility Contrasted MR in orfusion mabpine in AIS
AIS on an expert level without manual P PPINg '
validation?

Can an advanced deep learning-based method
accurately and rapidly assess collateral perfusion
in AIS by automatically generating a multiphase

collateral imaging map from dynamic
susceptibility contrast-enhanced MR perfusion
(DSC-MRP) images?

DSC-Enhanced MR Perfusion improved
2022 (16) Long Le et al. accuracy and sped the assessment of the

collateral perfusion.
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Neeves G ot Can a machine-learning (ML) algorithm grade

ML of complete cerebral DSA predicted

2021 (17) al digital subtraction angiograms (DSA) by the mTICI scores following EVT of MCA
' mTICI scale? occlusions.
In AIS patients, how do predictions of machine Compared to single global machine
learning models based on local (regional) tissue learning models, locally trained machine
Grosser M. et s . . . :
2020 (18) susceptibility to ischemia compare with those of learning models can lead to better
al. . . . . . .
machine learning models based on global brain prediction of lesion outcomes in AIS
imaging? patients.
Can Convolutional Neural Network analysis of CNN analvsis experimentallv confirmed
2019 (19) Satish R. et al. Multisequence MRI in AIS predict the ischemic y P y
local changes.
core and penumbra?
An assessment blinded to clinical
For detecting early severe ischemia, how does information in patients undergoing
NCCT compare with multiphase computed  endovascular therapy (EVT) showed that
2019 (20) Reid M.etal. = tomography angiography (mCTA) regional =~ mCTA-venous more accurately detected
leptomeningeal score (mCTA-rLMC) and an early ischemia and predicted clinical
mCTA venous (mCTA-venous) perfusion lesion? outcomes than NCCT and the mCTA-
rLMC score.
. L. . Deep Learning improves predictions of
Nielsen A. et In AIS, can Deep Learning improve Tissue . . .
2018 (21) .y final neurological outcome and lesion
al. Outcome and Treatment Effect predictions?
volume.
; o f hi
Can {maging eatures and. adva.nced machine Demonstrates the potential benefit of
Chung-Ho. et learning use the TSS (Time Since Stroke) . ) .
2018 (22) e L . . using advanced machine learning
al. classification to characterize the Acute Ischemic . e L
. methods in TSS classification.
Stroke Onset Time?
Can machine learning models trained on . . .
. . . . . HT prediction was a machine-learning
perfusion-weighted magnetic resonance imaging roblem. Specificallv. the model learned
2017(23) Yu.Y. etal. (PWI)and diffusion-weighted MRI scans predict - opectically, ,
. . to extract imaging markers of HT directly
HT (hemorrhagic transformation) occurrence and .
.. from source PWI images.
location in AIS?
Can clinically acceptable PCT (dynamic cerebral
Perfusion Computed Tomography) images be ~ CDL increased kinetic enhanced details
2016 (24) Tian X.etal. created from low-dose CT images restored with a and improved diagnostic hemodynamic
coupled dictionary learning (CDL) method in parameter maps
chronic and AIS patients?
method (SPD) scaratly estimate esebrlblood S/, W28 SUPSTio 0 existing mehds for
2013 (25) FangR. etal. ) y .. CBF and helped differentiate normal and
flow (CBF) in CTP performed at a low radiation . . .
ischemic brain tissue.
dose?
This artery and vein segmentation
method was accurate for arteries and
Can the diagnostic yield of CTP in veins with normal perfusion. Combining
2010 (26) Mendrick A. cerebrovascular diseases be expanded by the artery and vein segmentation with the
et al. combining arterial and venous segmentation and vessel-enhanced volume produced an
vessel-enhanced volume? arteriogram and venogram, extending the
diagnostic yield of CTP scans and making
a CTA scan unnecessary.
Do five unsupervised clustering techniques help Clustering is a valuable tool for analyzing
Meyer-Baese . o . Lo . . .
2007 (27). analyze dynamic susceptibility contrast MRI time and visualizing brain regional perfusion

A, etal .
series?

properties.
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Convoluted Deep Neural Networks have been used extensively to predict the prognosis of ICH
patients (Table 2). In addition, Al software can detect ICH and chronic cerebral microbleeds, ascertain
ICH volume, and predict the rate of ICH expansion. Al can aid in emergency room intake
neuroimaging of patients with suspected ICH. Al methods give clinicians precise volumetric and
quantitative analysis of ICH’s intraparenchymal and intraventricular components, guiding treatment
that may lower the morbidity and mortality of ICH in these patients. Additionally, Al analysis of
serial imaging in an ICU-level setting may guide physician prognostication of ICH expansion or
stability and patient outcome. Some Al studies estimate the functional outcomes of ICH patients. A
physician knowing the outcome AI predicts and the relevant prognostic clinical information not
considered by the Al can give patients’ families an evidence-based view of the expected ICH outcome
that aids decision-making.

Table 2. : Studies applying Al to diagnosing and managing ICH (IntraCranial Hemorrhage) between

2000 and 2023.
Outcome
Year Authors Research Questio ]
€ esearch Question Measures/Conclusion
The study showed that

prediction models for
modified Rankin scores
showed a relatively
Can Al use the GCS score, NIH stroke scale, INR, BUN, hyperactive performance.
hemorrhage location, hematoma volume, modified Rankin Also, the study found risk
score, and other risk factors to construct a prediction model factors and constructed a
for the prognosis of ICH at discharge, 3 months, and 12 prediction model to
months? predict poor modified-
Rankin score outcomes

2023 (28) FengH.,, etal.

and mortality at
discharge, 3 months, and
12 months in ICH
patients.

This meta-analysis

howed that i
Are machine learning methods for detecting ICH from non- showed that assessing

Maghami M. et noncontract CT scans

2023 (29) al contrast CT scans sufficiently precise to be considered using ML algorithms for
acceptable diagnostic tests of accuracy (DTA) detecting ICH had
acceptable DTA.

Al software excellently

delineated ICH extent- on

Can E-ASPECTS delineate the extent and distribution of ICH SOk¢ CTs by Al software
from brain CT? in about 71% of cases. ICH

2023 (30) Vacek A., et al. extent was more likely to
be over or underestimated

when ICH was extensive,

intraventricular, or extra-

axial.
The CNN prognostication
Can a convolutional neural network (CNN) create a clinical ~ prediction model was
imaging perfusion model predicting the short-term more effective than ICH
2023 (31) ChenY.etal. neurological outcomes of ICH patients? scales in predicting

neurological outcomes
and ICH patients at
discharge. Predictions
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improved slightly after
including clinical data.

Can Viola Al estimate the number and volume of hematoma
Maclntosh B. et
al.

2023 (32) clusters in traumatic brain injury and ICH patients?

The automated total
hemorrhage volume
estimate correlated with
the per-participant
hemorrhage cluster count.
This tool may help
evaluate various types of
ICH in the future.

Did implementing a commercial artificial intelligence
solution in a level 1 trauma center emergency room affect

2023 (33) Kotovich D. et al. ICH’s clinical outcome?

Artificial intelligence
computer-aided triage and
prioritization software in
the emergency room
setting was associated
with a significant
reduction in 30-day and
120-day all-cause
mortality and morbidity
in ICH patients. It was
also associated with a
significant reduction in
modified Rankin score on
discharge.

Can ML predict early perihematomal edema expansion
(PHE) from non-contrast CT scan data in patients with
spontaneous ICH?

2023 (34) Li. Y. etal.

This model was the best
marker for predicting
prior hematoma edema
expansion in patients with
ICH. It could predict early
perihematomal edema
expansion and improve
the discrimination of early
identification of
spontaneous ICH in
patients at risk of PHE
expansion.

What are Al methods’ reported sensitivity, specificity, and
Mastoukas S., et. accuracy for detecting ICH and chronic cerebral microbleeds?

2023 (35) o

In 40 studies, overall
sensitivity, specificity, and
accuracy were more than
90% for ICH and cerebral
microbleed detection. Al
algorithms were
developed from large data
sets, volumetric analysis
of imaging examinations,
fine-tuning, and false-
positivity reduction.

How do deep neural networks (DNN) and support vector
machines (SVM) compare with clinical prognostic scores for
prognosticating 30-day mortality and 90-day poor functional

outcome (PFO) in spontaneous intracerebral hemorrhage

(SICH)?

2022 (36)  Lim M. et al.

The SVM model
performed significantly
better than clinical
prognostic scores in
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predicting 90-day PFO in
SICH.

Rapid ICH was highly

What is the accuracy of RAPID ICH, 2D/3D, a volitional = accurate in detecting ICH
neural network application designed to detect ICH, in and quantifying the
2021 (37)  Heit]. et. al. detecting and measuring ICH volume? volume of
intraparenchymal and
intraventricular

hemorrhages.

In Epilepsy, Al can detect ictal and interictal patterns in routine and long-term EEGs. Al-based
EEG analysis can be applied to adult and pediatric epilepsy patients (Table 3). Al programs may
provide clinicians with information about which AED regimen would lead to better seizure control
for patients with known epilepsy syndromes or genetic mutations predisposing patients to epilepsy.
Also, using Al, the risk of epileptogenicity of focal MRI lesions can be predicted by routine or 1-hour
EEGs. This information can guide the decision for advanced neuroimaging for epilepsy patients who
are epilepsy surgery candidates.

Table 3. :Studies applying Al to diagnosing and managing Epilepsy between 2000 and 2023- Table
3.

Year Authors Research Questions Outcome Measures/Conclusion
Can EEG Deep Features and Machine Learning
Classifiers assess and prognostically analyze KCNQ2
2023 (38) Zheng Z.,etal. patients by combining the two well-trained models,
RESNET-15 and RESNET-18, to extract deep features of
EEG?

An outcome of 79% accuracy was
reported in pediatric patients.

The hybrid technique of FLAIR3
Can the multi-technique deep learning method WAE- could accurately localize tuberous
Net use clinical data and multi-contrast MR imaging sclerosis complex lesions, and the
2023 (39) Wang H, et al. (T2WI and FLAIR‘inTages coml.)ine'd as FLAIR3 i‘mages) proposed method achieved the
to forecast antiseizure medication treatmentina  best performance (area under the
retrospective study involving 300 children with curve = 0.908 and accuracy of
tuberous sclerosis complex-related epilepsy? 0.847) in the testing cohort among

the compared methods.

This algorithm aimed at easing
i lassification for
Can Al machine learning methods reliably differentiate, . P ilepsy classif Cét onto
1 . . _ . individuals whose epilepsy began
idiopathic generalized epilepsy from focal epilepsy ;
. . . . . .. . at age 10 and older. The stacking
Asadi-Pooya A. using easily accessible and applicable clinical history

2023 (40) . . classifier led to better results than
et al. and physical examination data? .
the base classifier in general.
Precision was 81%, sensitivity
was 81%, and specificity was
close to 77%.
Can the artificial intelligence program SCORE-AI ~ SCORE-AI accuracy approached
(Standardized Computer-based Organizing Reporting  human expert-level and fully
of EEG) be developed and validated to distinguish automated interpretation of
abnormal from normal EEGs, detect focal epilepsy routine EEGs. Accuracy was
2023 (41) Tveit], etal. epileptiform discharges and generalized epilepsy, and approximately 88.3%,
distinguish focal nonepileptiform and diffuse significantly higher than the three
nonepileptiform EEGs? previously published models

comparing EEG interpretation to
human experts.
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In patients diagnosed with epilepsy wearing the mjn-
SERAS brain activity sensor, can Al create a
Gustavo T. et al. personalized mathematical model for the programmed
recognition of oncoming seizures before they start

The AI program accurately
detected pre- and interictal EEG
segments in drug-resistant
epilepsy patients.

2023
(42)

using patient-specific EEG training data?

Artificial intelligence’s continued adoption in neurology depends on clinicians and researchers
continuing to test and improve Al prediction models. The quality improvement models used in
industry can be used to continually improve Al by reducing diagnostic and other experience-based
prediction errors. As new Al methods and protocols evolve, medical experts should iteratively
compare expected and actual results to judge their validity, accuracy, and clinical value. Designing
an Al algorithm is a plan, or hypothesis, that the algorithm will be of clinical value. However, testing
an Al algorithm allows iterative scientific hypothesis testing and revision until the hypothesis fits the
data. After the final version of the algorithm fits the practice data set, the algorithm is tested with
new data to assess its accuracy and error rate. After that, the algorithm is revised as necessary using
quality improvement methods. The quality improvement steps are (1) Plan, (2) Do, (3) Check, and (4)
Act- PDCA cycle (Table 4) (45).

Table 4. PDCA (Plan-Do-Check-Act) Concept Extrapolation for Al (45).

Extrapolation of PDCA in Al
Plan
Explore and discuss the question, assess the potential solution, and make use of the various machine learning models
or methods as described above, set the endpoint in the objectives and goals, identify the potential metrics to use for

implementation and quality measurement, prepare the action plan which includes implementation along with a
potential route to reevaluate as needed.
Do
Evaluate earlier models; train or retrain and test different machine learning models; assess and see if known machine
learning solutions and components of the Al protocol can be improved or changed; test the overall solution to assess

its integrity; review the code and filter out older ML models which did not work.
Check
Monitor the model for fairness; assess for bias and variance; monitor the stability precisely to ascertain clarity and
results; implement split testing of two methodologies; compare them head-to-head and assess to see which performs
better.
Act
The goal is standardization and continuous improvement, deploying the solution and continuing to monitor for
biasing and variance, evaluating for areas of improvement in active machine learning algorithms and machine

learning components, standardizing data, and features, and continuing the PDCA cycle accordingly.

A sole human clinician can only see a tiny fraction of the patients covered by an extensive
healthcare system and knows his patient outcomes, those reported by his colleagues, and those
reported in the clinical literature. Al can potentially draw upon data from the entire healthcare system
to derive diagnostic and prognostic information that can fill gaps in a neurologist’'s experience or
serve as reminders before decision-making. Al can retrospectively mine data for suspected and
unsuspected factors leading to an AIS or ICH that could inform future medical treatment of at-risk
individuals in a neurologist’s and primary care physician’s practice.

The PDCA quality improvement cycle rigorously reviews the predicted and actual outcomes of
Al-based methods, leading to their progressive updating and improvement. The Al models from
practice data sets are tested with new clinical information and revised appropriately. Testing of
mature Al models with new data assesses their clinical value and error rate. Al models can be revised
and re-tested iteratively until their accuracy is clinically valuable. Many organizations and companies
adopted the Deming PDCA cycle to improve their systems and functional outcomes. Implementing
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the PDCA concept can ensure Al-based protocols have continued quality improvement, regular
checks to assess their outcomes, and are developed into clinically valuable and reliable products.

Conclusion

Al is a diagnostic and prognostic tool to help neurologists assess patients more efficiently and
treat them more effectively. Al can usher in a new era in clinical neurology by supplying a
complementary tool in stroke and epilepsy that improves diagnostics and systemic efficiency,
enabling better and more predictable functional patient outcomes.

References

1.  Auger SD, Jacobs BM, Dobson R, Marshall CR, Noyce A]. Big data, machine learning and artificial
intelligence: a neurologist’s guide. Pract Neurol. 2020 Sep 29;21(1):4-11. doi: 10.1136/practneurol-2020-
002688. Epub ahead of print. PMID: 32994368; PMCID: PM(C7841474.

2. Vinny PW, Vishnu VY, Padma Srivastava MV. Artificial Intelligence shaping the future of neurology
practice. Med ] Armed Forces India. 2021 Jul;77(3):276-282. doi: 10.1016/j.mjafi.2021.06.003. Epub 2021 Jul
1. PMID: 34305279; PMCID: PM(C8282510.

3. Koza, John R,; Bennett, Forrest H.; Andre, David; Keane, Martin A. (1996). “Automated Design of Both the
Topology and Sizing of Analog Electrical Circuits Using Genetic Programming”. Artificial Intelligence in
Design ’96. Artificial Intelligence in Design "96. Springer, Dordrecht. pp. 151-170. doi:10.1007/978-94-009-
0279-4_9. ISBN 978-94-010-6610-5.

4. Mehryar Mohri, Afshin Rostamizadeh, Ameet Talwalkar (2012) Foundations of Machine Learning, The
MIT Press ISBN 9780262018258

5. J. Buhmann and H. Kuhnel, “Unsupervised and supervised data clustering with competitive neural
networks,” [Proceedings 1992] IJCNN International Joint Conference on Neural Networks, Baltimore, MD,
USA, 1992, pp. 796-801 vol.4, doi: 10.1109/IJCNN.1992.227220.

6. Brahme, Anders & ten volumes, and. (2014). Comprehensive Biomedical Physics.; Sweden: Elsevier. p. 1.
ISBN 978-0-444-53633-4. Archived from the original on 28 July 2022. Retrieved 28 July 2022.

7. LeCun, Yann; Bengio, Yoshua; Hinton, Geoffrey (2015). “Deep Learning”. Nature. 521 (7553): 436—444.
Bibcode:2015;Natur. 521..436L. doi:10.1038/nature14539

8.  Venkatesan, Ragav; Li, Baoxin (2017-10-23). Convolutional Neural Networks in Visual Computing: A
Concise Guide. CRC Press. ISBN 978-1-351-65032-8. Archived from the original on 2023-10-16. Retrieved
2020-12-13.

9. Miceli G, Basso MG, Rizzo G, Pintus C, Cocciola E, Pennacchio AR, Tuttolomondo A. Artificial Intelligence
in Acute Ischemic Stroke Subtypes According to Toast Classification: A Comprehensive Narrative Review.
Biomedicines. 2023 Apr 10;11(4):1138. doi: 10.3390/biomedicines11041138. PMID: 37189756; PMCID:
PMC10135701.

10. Field NC, Entezami P, Boulos AS, Dalfino ], Paul AR. Artificial intelligence improves transfer times and
ischemic stroke workflow metrics. Interv Neuroradiol. 2023 Oct 17:15910199231209080. doi:
10.1177/15910199231209080. Epub ahead of print. PMID: 37847774.

11. Zhou XZ, Lu K, Zhai DC, Cui MM, Liu Y, Wang TT, Shi D, Fan GH, Ju SH, Cai W. The image quality and
diagnostic performance of CT perfusion-derived CT angiography versus that of conventional CT
angiography. Quant Imaging Med Surg. 2023 Oct 1;13(10):7294-7303. doi: 10.21037/qims-22-988. Epub 2023
Jul 20. PMID: 37869348; PMCID: PMC10585561.

12. Xiang SF, Su Y, Li SY, Yang SJ, Wu YP. Application of Computed Tomography Perfusion Imaging-guided
Mechanical Thrombectomy in Ischemic Stroke Patients with Large Vessel Occlusion beyond the
Therapeutic Time Window. Curr Med Imaging. 2023 Jun 8. doi: 10.2174/1573405620666230608091800. Epub
ahead of print. PMID: 37287309

13. DuB, WuP,Yin S, Cao S, Mo Y, Liu Y, Zhang Y, Qiu B, Wu X, Hu P, Wei L, Wang K, Wei Q. Intracranial
Atherosclerotic Stenosis Is Associated with Cognitive Impairment in Patients with Nondisabling Ischemic
Stroke: A pCASL-Based Study. Brain Connect. 2023 Oct;13(8):508-518. doi: 10.1089/brain.2022.0088. Epub
2023 Jul 24. PMID: 37128178.

14. Nazari-FarsaniS, YuY, Duarte Armindo R, Lansberg M, Liebeskind DS, Albers G, Christensen S, Levin CS,
Zaharchuk G. Predicting final ischemic stroke lesions from initial diffusion-weighted images using a deep
neural network. Neuroimage Clin. 2023;37:103278. doi: 10.1016/j.nicl.2022.103278. Epub 2022 Dec 1. PMID:
36481696, PMCID: PMC9727698.

15. Kossen T, Madai VI, Mutke MA, Hennemuth A, Hildebrand K, Behland ], Aslan C, Hilbert A, Sobesky ],
Bendszus M, Frey D. Image-to-image generative adversarial networks for synthesizing perfusion
parameter maps from DSC-MR images in cerebrovascular disease. Front Neurol. 2023 Jan 10;13:1051397.
doi: 10.3389/fneur.2022.1051397. PMID: 36703627; PMCID: PM(C9871486.


https://doi.org/10.20944/preprints202402.0810.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 February 2024 doi:10.20944/preprints202402.0810.v1

10

16. Le HL, Roh HG, Kim HJ, Kwak JT. A 3D Multi-task Regression and Ordinal Regression Deep Neural
Network for Collateral Imaging from Dynamic Susceptibility Contrast-Enhanced MR perfusion in Acute
Ischemic  Stroke. ~ Comput  Methods  Programs  Biomed. 2022  Oct;225:107071.  doi:
10.1016/j.cmpb.2022.107071. Epub 2022 Aug 11. PMID: 35994873

17. Neves G, Warman P, Bueso T, Duarte-Celada W, Windisch T. Identification of successful cerebral
reperfusions (mTICI >2b) using an artificial intelligence strategy. Neuroradiology. 2022 May;64(5):991-997.
doi: 10.1007/s00234-021-02851-3. Epub 2021 Nov 9. PMID: 34755198.

18. Grosser M, Gellilen S, Borchert P, Sedlacik ], Nawabi ], Fiehler J, Forkert ND. Localized prediction of tissue
outcome in acute ischemic stroke patients using diffusion- and perfusion-weighted MRI datasets. PLoS
One. 2020 Nov 5;15(11):e0241917. doi: 10.1371/journal.pone.0241917. PMID: 33152045, PMCID:
PMC7643995.

19. Sathish R, Rajan R, Vupputuri A, Ghosh N, Sheet D. Adversarially Trained Convolutional Neural Networks
for Semantic Segmentation of Ischaemic Stroke Lesion using Multisequence Magnetic Resonance Imaging.
Annu Int Conf IEEE Eng Med Biol Soc. 2019 Jul;2019:1010-1013. doi: 10.1109/EMBC.2019.8857527. PMID:
31946064.

20. Reid M, Famuyide AO, Forkert ND, Sahand Talai A, Evans JW, Sitaram A, Hafeez M, Najm M, Menon BK,
Demchuk A, Goyal M, Sah RG, d'Esterre CD, Barber P. Accuracy and Reliability of Multiphase CTA
Perfusion for Identifying Ischemic Core. Clin Neuroradiol. 2019 Sep;29(3):543-552. doi: 10.1007/s00062-018-
0717-x. Epub 2018 Aug 21. Erratum in: Clin Neuroradiol. 2019 Jun 3; PMID: 30132089.

21. Nielsen A, Hansen MB, Tietze A, Mouridsen K. Prediction of Tissue Outcome and Assessment of Treatment
Effect in Acute Ischemic Stroke Using Deep Learning. Stroke. 2018 Jun;49(6):1394-1401. doi:
10.1161/STROKEAHA.117.019740. Epub 2018 May 2. PMID: 29720437.

22. Ho KC, Speier W, El-Saden S, Arnold CW. Classifying Acute Ischemic Stroke Onset Time using Deep
Imaging Features. AMIA Annu Symp Proc. 2018 Apr 16;2017:892-901. PMID: 29854156; PMCID:
PMC5977679.

23. YuY, Guo D, LouM, Liebeskind D, Scalzo F. Prediction of Hemorrhagic Transformation Severity in Acute
Stroke from Source Perfusion MRI. IEEE Trans Biomed Eng. 2018 Sep;65(9):2058-2065. doi:
10.1109/TBME.2017.2783241. Epub 2017 Dec 20. PMID: 29989941.

24. Tian X, Zeng D, Zhang S, Huang J, Zhang H, He J, Lu L, Xi W, Ma J, Bian Z. Robust low-dose dynamic
cerebral perfusion CT image restoration via coupled dictionary learning scheme. J Xray Sci Technol. 2016
Nov 22;24(6):837-853. doi: 10.3233/XST-160593. PMID: 27612048.

25. Fang R, Chen T, Sanelli PC. Towards robust deconvolution of low-dose perfusion CT: sparse perfusion
deconvolution using online dictionary learning. Med Image Anal. 2013 May;17(4):417-28. doi:
10.1016/j.media.2013.02.005. Epub 2013 Mar 7. PMID: 23542422; PMCID: PMC4196260.

26. Mendrik A, Vonken EJ, van Ginneken B, Smit E, Waaije A, Bertolini G, Viergever MA, Prokop M.
Automatic segmentation of intracranial arteries and veins in four-dimensional cerebral CT perfusion scans.
Med Phys. 2010 Jun;37(6):2956-66. doi: 10.1118/1.3397813. PMID: 20632608.

27. Meyer-Baese A, Lange O, Wismueller A, Hurdal MK. Analysis of dynamic susceptibility contrast MRI time
series based on unsupervised clustering methods. IEEE Trans Inf Technol Biomed. 2007 Sep;11(5):563-73.
doi: 10.1109/titb.2007.897597. PMID: 17912973.

28. Feng H, Wang X, Wang W, Zhao X. Risk factors and a prediction model for the prognosis of intracerebral
hemorrhage using cerebral microhemorrhage and clinical factors. Front Neurol. 2023 Nov 23;14:1268627.
doi: 10.3389/fneur.2023.1268627. PMID: 38073656; PMCID: PMC10701734.

29. Maghami M, Sattari SA, Tahmasbi M, Panahi P, Mozafari J, Shirbandi K. Diagnostic test accuracy of
machine learning algorithms for the detection intracranial hemorrhage: a systematic review and meta-
analysis study. Biomed Eng Online. 2023 Dec 4;22(1):114. doi: 10.1186/s12938-023-01172-1. PMID: 38049809;
PMCID: PMC10694901.

30. Vacek A, Mair G, White P, Bath PM, Muir KW, Al-Shahi Salman R, Martin C, Dye D, Chappell FM, von
Kummer R, Macleod M, Sprigg N, Wardlaw JM. Evaluating artificial intelligence software for delineating
hemorrhage extent on CT brain imaging in stroke: Al delineation of ICH on CT. J Stroke Cerebrovasc Dis.
2023 Nov 25;33(1):107512. doi: 10.1016/jjstrokecerebrovasdis.2023.107512. Epub ahead of print. PMID:
38007987.

31. ChenY, Jiang C, Chang ], Qin C, Zhang Q, Ye Z, Li Z, Tian F, Ma W, Feng M, Wei ], Yao J, Wang R. An
artificial intelligence-based prognostic prediction model for hemorrhagic stroke. Eur J Radiol. 2023
Oct;167:111081. doi: 10.1016/j.ejrad.2023.111081. Epub 2023 Sep 9. PMID: 37716178.

32. MacIntosh BJ, Liu Q, Schellhorn T, Beyer MK, Groote IR, Morberg PC, Poulin JM, Selseth MN, Bakke RC,
Nagqvi A, Hillal A, Ullberg T, Wassélius J, Renning OM, Selnes P, Kristoffersen ES, Emblem KE, Skogen K,
Sandset EC, Bjornerud A. Radiological features of brain hemorrhage through automated segmentation
from computed tomography in stroke and traumatic brain injury. Front Neurol. 2023 Sep 28;14:1244672.
doi: 10.3389/fneur.2023.1244672. PMID: 37840934; PMCID: PMC10568013.


https://doi.org/10.20944/preprints202402.0810.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 February 2024 doi:10.20944/preprints202402.0810.v1

11

33. Kotovich D, Twig G, Itsekson-Hayosh Z, Klug M, Simon AB, Yaniv G, Konen E, Tau N, Raskin D, Chang
PJ, Orion D. The impact on clinical outcomes after 1 year of implementation of an artificial intelligence
solution for the detection of intracranial hemorrhage. Int ] Emerg Med. 2023 Aug 11;16(1):50. doi:
10.1186/s12245-023-00523-y. PMID: 37568103; PMCID: PM(C10422703.

34. Li YL, Chen C, Zhang L], Zheng YN, Lv XN, Zhao LB, Li Q, Lv FJ. Prediction of Early Perihematomal
Edema Expansion Based on Noncontrast Computed Tomography Radiomics and Machine Learning in
Intracerebral Hemorrhage. World Neurosurg. 2023 Jul;175:e264-e270. doi: 10.1016/j.wneu.2023.03.066.
Epub 2023 Mar 21. PMID: 36958717.

35. Matsoukas S, Scaggiante J, Schuldt BR, Smith CJ, Chennareddy S, Kalagara R, Majidi S, Bederson JB, Fifi
JT, Mocco J, Kellner CP. Accuracy of artificial intelligence for the detection of intracranial hemorrhage and
chronic cerebral microbleeds: a systematic review and pooled analysis. Radiol Med. 2022 Oct;127(10):1106-
1123. doi: 10.1007/s11547-022-01530-4. Epub 2022 Aug 13. PMID: 35962888.

36. Lim MJR, Quek RHC, Ng KJ, Loh NW, Lwin S, Teo K, Nga VDW, Yeo TT, Motani M. Machine Learning
Models Prognosticate Functional Outcomes Better than Clinical Scores in Spontaneous Intracerebral
Haemorrhage. J Stroke Cerebrovasc Dis. 2022 Feb;31(2):106234. doi:
10.1016/j.jstrokecerebrovasdis.2021.106234. Epub 2021 Dec 10. PMID: 34896819.

37. Heit J]J, Coelho H, Lima FO, Granja M, Aghaebrahim A, Hanel R, Kwok K, Haerian H, Cereda CW,
Venkatasubramanian C, Dehkharghani S, Carbonera LA, Wiener ], Copeland K, Mont’Alverne F.
Automated Cerebral Hemorrhage Detection Using RAPID. AJNR Am ] Neuroradiol. 2021 Jan;42(2):273-
278. doi: 10.3174/ajnr.A6926. Epub 2020 Dec 24. PMID: 33361378; PMCID: PMC7872180.

38. ZengZ,XuY,ZhouY, SuR, Tao L, Wang Z, Chen C, Chen W. Prognostic Analysis of KCNQ2 Patients via
Combining EEG Deep Features and Machine Learning Classifiers. Annu Int Conf IEEE Eng Med Biol Soc.
2023 Jul;2023:1-4. doi: 10.1109/EMBC40787.2023.10341098. PMID: 38083766.

39. Wang H, Hu Z, Jiang D, Lin R, Zhao C, Zhao X, Zhou Y, Zhu Y, Zeng H, Liang D, Liao ], Li Z. Predicting
Antiseizure Medication Treatment in Children with Rare Tuberous Sclerosis Complex-Related Epilepsy
Using Deep Learning. AJNR Am ] Neuroradiol. 2023 Dec;44(12):1373-1383. doi: 10.3174/ajnr.A8053. PMID:
38081677; PMCID: PMC10714846.

40. Asadi-Pooya AA, Fattahi D, Abolpour N, Boostani R, Farazdaghi M, Sharifi M. Epilepsy classification using
artificial intelligence: A web-based application. Epilepsia Open. 2023 Dec;8(4):1362-1368. doi:
10.1002/epi4.12800. Epub 2023 Aug 22. PMID: 37565252; PMCID: PMC10690646.

41. Tveit], Aurlien H, Plis S, Calhoun VD, Tatum WO, Schomer DL, Arntsen V, Cox F, Fahoum F, Gallentine
WB, Gardella E, Hahn CD, Husain AM, Kessler S, Kural MA, Nascimento FA, Tankisi H, Ulvin LB,
Wennberg R, Beniczky S. Automated Interpretation of Clinical Electroencephalograms Using Artificial
Intelligence. JAMA Neurol. 2023 Aug 1;80(8):805-812. doi: 10.1001/jamaneurol.2023.1645. PMID: 37338864;
PMCID: PMC10282956.

42. Torres-Gaona G, Aledo-Serrano A, Garcia-Morales I, Toledano R, Valls ], Cosculluela B, Munsé L, Raurich
X, Trejo A, Blanquez D, Gil-Nagel A. Artificial intelligence system, based on mjn-SERAS algorithm, for the
early detection of seizures in patients with refractory focal epilepsy: A cross-sectional pilot study. Epilepsy
Behav Rep. 2023 Apr 5;22:100600. doi: 10.1016/j.ebr.2023.100600. PMID: 37252270; PMCID: PMC10209696.

43. Singh A, Velagala VR, Kumar T, Dutta RR, Sontakke T. The Application of Deep Learning to
Electroencephalograms, Magnetic Resonance Imaging, and Implants for the Detection of Epileptic Seizures:
A Narrative Review. Cureus. 2023 Jul 25;15(7):e42460. doi: 10.7759/cureus.42460. PMID: 37637568; PMCID:
PMC10457132.

44. Khandelwal N. CT perfusion in acute stroke. Indian ] Radiol Imaging. 2008 Nov;18(4):281-6. doi:
10.4103/0971-3026.43837. PMID: 19774181; PMCID: PMC2747454.

45. Data derived from https://dzone.com/articles/qa-for-machine-learning-models-with-the-pdca-cycle on
1/21/2024.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.


https://doi.org/10.20944/preprints202402.0810.v1

