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Abstract: Cerebrovascular disease refers to damage to brain tissue caused by impaired intracranial
blood circulation. It usually presents clinically as an acute nonfatal event and is characterized by high
morbidity, disability, and mortality. Transcranial Doppler (TCD) ultrasonography is a non-invasive
method for the diagnosis of cerebrovascular disease that uses the Doppler effect to detect the
hemodynamic and physiological parameters of the major intracranial basilar arteries. It can provide
important hemodynamic information that cannot be measured by other diagnostic imaging techniques
for cerebrovascular disease. And the result parameters of TCD ultrasonography such as blood flow
velocity and beat index can reflect the type of cerebrovascular disease and serve as a basis to assist
physicians in the treatment of cerebrovascular diseases. Artificial intelligence (Al) is a branch of
computer science which is used in a wide range of applications in agriculture, communications,
medicine, finance, and other fields. In recent years, there are much research devoted to the application
of Al to TCD. The review and summary of related technologies is an important work to promote the
development of this field, which can provide an intuitive technical summary for future researchers. In
this paper, we first review the development, principles, and applications of TCD ultrasonography and
other related knowledge, and briefly introduce the development of Al in the field of medicine and
emergency medicine. Finally, we summarize in detail the applications and advantages of Al technology
in TCD ultrasonography including the establishment of an examination system combining brain
computer interface (BCI) and TCD ultrasonography, the classification and noise cancellation of TCD
ultrasonography signals using Al algorithms, and the use of intelligent robots to assist physicians in
TCD ultrasonography and discuss the prospects for the development of Al in TCD ultrasonography.
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1. Introduction

Cerebrovascular disease refers to brain tissue damage caused by obstruction of blood circulation
in the brain [1]. Cerebrovascular disease is usually manifested in people who experience acute nonfatal
events (i.e., emergency department visit, hospitalization) or fatal events [2], including: stroke [3-5],
subarachnoid hemorrhage (SAH) [6-8], arterial dissection [9,10], cerebral autosomal dominant
arteriopathy with subcortical infarcts and leukoencephalopathy (CADASIL) [11-13], arteriovenous
malformation (AVM) [14-16], cerebral venous sinus thrombosis (CVST) [17-19], and moyamoya
disease [20-22]. Stroke is the most common type of cerebrovascular disease [23], which is caused by
the blockage or rupture of an artery supplying the brain [1]. Cerebrovascular disease is the leading
cause of severe long-term disability and the second leading cause of death worldwide [24].
Cerebrovascular disease has a very high mortality and disability rate. If left untreated, it can lead to
lifelong disability or death. Therefore, it is very important to study the diagnosis and treatment of
cerebrovascular diseases. Nowadays, the main diagnostic modalities for cerebrovascular disease
include electroencephalogram (EEG) [25,26], cerebral angiography (CAG) [27-29], MRI [30,31] and
transcranial Doppler (TCD) ultrasonography [32—34]. TCD ultrasonography can penetrate the skull
without trauma. It is easy to perform, reproducible, and allows for continuous, long-term dynamic
observation of the patient. More importantly, it can provide important hemodynamic information that
cannot be measured by MRI, DSA, single photon emission computed tomography (SPECT), and other
imaging techniques. Therefore, it has important significance in the evaluation of cerebrovascular
disorders and differential diagnosis.

TCD ultrasonography is a non-invasive examination method to evaluate the hemodynamics of
the skull base arteries by using the weak parts of the human skull as the detection acoustic windows
(such as the temporal bone, the foramen magnum, and the orbit). [35-37]. TCD ultrasonography
assesses blood flow status mainly by the level of blood flow velocity [38]. It is the only non-invasive
and real-time neuroimaging modality for assessing the blood flow characteristics of the cerebral basal
vessels, which can add physiological information to structural imaging [39]. TCD ultrasonography is
an inexpensive, rapid, real-time, non-invasive method for measuring cerebrovascular blood flow and
is the most convenient method to detect vascular changes in response to intervention during the
treatment of clinical acute cerebrovascular events [40]. TCD ultrasonography uses pulsed Doppler
technology and a 2 MHz emission frequency to allow the ultrasound beam to penetrate into the thin
part of the skull. By directly tracing the Doppler signal of the blood flow in the fundic arteries, the
hemodynamic parameters of the fundic arteries are obtained to reflect the functional status of the
cerebral vessels and to determine possible intracranial problems. Although TCD ultrasonography can
sensitively reflect the functional status of cerebral blood vessels, it cannot guarantee the incidence
angle of ultrasound. It requires doctors to clearly understand the path of intracranial blood vessels and
be able to perform skilled ultrasound diagnosis. The main drawback of TCD ultrasonography is that
the operator cannot see the course of the intracranial vessels and the angle between the vessels and the
ultrasound beam, reducing the accuracy of repeated blood flow velocity measurements [41].
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Artificial intelligence (Al) is a new technical science that studies theories, methods, technologies
and application systems for simulating, extending and expanding human intelligence [42]. Al is a
branch of computer science that attempts to understand the essence of intelligence and produce a new
intelligent machine that responds in a similar way to human intelligence. Research in this field includes
robotics, language recognition, image recognition, natural Language processing (NLP) and expert
systems, etc. [43,44]. The rapid development of artificial intelligence has brought many changes to the
medical field. Al can detect meaningful relationships in datasets. Artificial Intelligence in Medicine
(AIM) mainly wuses computer technology to make clinical diagnosis and give treatment
recommendations and has been widely used in many clinical situations to diagnose, treat and predict
outcomes [45]. In recent years, many studies have shown that Al is increasingly applicable to
healthcare, and that algorithms have matched or exceeded the performance of doctors on a growing
number of tasks [46]. In addition, research related to Al in emergency medicine is rapidly increasing,
especially for acute radiological imaging and prediction-based diagnosis [47,48]. Al has shown great
advantages in assisting doctors to predict and diagnose. There have been many studies devoted to
the application of Al to TCD ultrasonography, including brain computer interface (BCI) [49,50],
TCD signal classification [51,52], noise removal [53,54], and other methods to assist diagnosis
and treatment [55-57]. Al can greatly improve the accuracy of TCD ultrasonography diagnosis
and treatment.

In this paper, w we first review the development, principles, and applications of TCD ultrasonography
and other related knowledge, and briefly introduce the development of Al in the field of medicine and
emergency medicine. Finally, we summarize in detail the applications and advantages of Al technology in
TCD ultrasonography including the establishment of an examination system combining brain computer
interface (BCI) and TCD ultrasonography, the classification and noise cancellation of TCD
ultrasonography signals using Al algorithms, and the use of intelligent robots to assist physicians in TCD
ultrasonography and discuss the prospects for the development of Al in TCD ultrasonography.

2. What s transcranial Doppler ultrasonography

Under the same conditions, the inner diameter of the cerebral arteries is relatively almost constant.
Corresponding changes in regional cerebral blood flow can be inferred from the decrease or increase
in cerebral blood flow velocity [58]. The TCD imaging tool assesses flow parameters and
cerebrovascular hemodynamics in real time using low-frequency ultrasound (i.e., < 2 MHz) in the
basilar cerebral artery. The physiological information provided by these parameters can be used in
conjunction with structural information obtained by various existing imaging techniques [59]. TCD is
considered to be the most practical technique to observe cerebral blood flow in the diagnosis of
cerebrovascular diseases [60], and the four most commonly used acoustic windows for TCD
examination are: temporal, suboccipital, transorbital, and submandibular windows [37]. A
comprehensive TCD assessment needs to include measurements from each of the four windows and
should examine the flow pathways within each major branch of the Willis loop [61]. TCD assesses the
physiological health of specific vascular regions by measuring blood flow relative to blood pressure
changes (cerebral autoregulation), end-tidal CO2 changes (cerebrovascular reactivity), and response to
cognitive and motor activation (neurovascular coupling or functional congestion), which is commonly
used in acute ischemic stroke [62—64], vasospasm [65,66], SAH [67—69], sickle cell disease [70-72],
and brain death [73-75].
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2.1. Transcranial Doppler ultrasonography: A rapidly emerging technology

In the late 19th century to the early 20th century, after the discovery of the piezoelectric and anti-
piezoelectric effects in physics, people found a way to use electronics to generate ultrasound. From
then, a chapter in the history of the development and promotion of ultrasound technology was opened.
In 1922, the definition of ultrasound was first proposed. Subsequently, ultrasound technology has made
great progress in clinical medicine. In the late 1970s, TCD ultrasonography was proposed and used for
blood flow detection [76—78]. In 1982, Aaslid et al. [79] described a noninvasive method for
determining blood flow velocity in the basilar artery of the brain. The middle cerebral artery (MCA)
velocity can be determined from the Doppler signal generated by placing the probe of a Doppler
ultrasound instrument in the temporal region above the zygomatic arch. The device has been
continuously updated and developed in the following decades and has now reached its fourth generation.

2.2. The Basic Principles of Transcranial Doppler Ultrasonography

TCD ultrasonography is based on the Doppler effect. The Doppler effect refers to the change in
the wavelength of an object's radiation due to the relative motion of the source and the observer. The
ultrasound beam does not have directional changes when propagating in the same kind of
homogeneous medium because of good penetrating ability of ultrasound. When encountering different
media surfaces, the ultrasound beam will be partially reflected, and the rest will continue to propagate.
When the surface of the media is irregular and the diameter of the obstacle is smaller than the
wavelength of the incident wave, scattering of the ultrasound beam occurs. The receiving probe can
receive scattered waves at any angle. There are large numbers of red blood cells in the bloodstream,
which are seen as scatterers. The scattered wave reflected back is the main component of the Doppler
signal. The formula describing the relationship between flow velocity (reflector velocity) and Doppler
shift [37] is:

(Doppler Shiﬁ) x Propagation speed (1

Reflector speed =
/! P 2 x Incident frequency x cos (6’)

where the wave propagation velocity is a constant, and the propagation velocity in various media can
be found. 9 is the angle of incidence or the angle of the emitted wave relative to the direction of the
blood vessel (blood flow). If the angle is zero or if the emitted wave is parallel to the direction of the
flow, since the cosine of 0 is 1, we get the most accurate measurement of the flow velocity. The larger
the angle and the smaller the cosine value, the larger the error in our velocity measurement. Therefore,
it is important to minimize this angle to less than 30 degrees to keep the error below 15% [37].

2.3. Key parameters in transcranial Doppler ultrasonography
2.3.1. Detection depth
The detection depth refers to the distance between the examined vessel and the probe. In each

group of pulsed ultrasound waves are emitted by the low-frequency pulse probe transmitter,
determined by the range gating through the preset interval between transmitting and receiving pulse
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waves. The detection depth is very important for the identification of intracranial vessels [80].

2.3.2. Blood flow velocity: peak systolic velocity (PSV), end-diastolic velocity (EDV), mean flow
velocity (MFV)

The blood flow velocity can be calculated from Eq (1) and is an important parameter to
determine the pathology of the body. PSV is the initial peak of the TCD waveform for each cardiac
cycle. EDV shows the low resistance flow pattern in all major intracranial arteries and is
approximately equal to 20-50% of PSV. MFV is equal to EDV plus one third of the difference
between PSV and EDV [81-83].

2.3.3. Pulsability index (PI) and resistance index (RI)

PI and RI are descriptive of the spectral pattern. PI equals PSV minus EDV divided by MFV and
RI equals PSV minus EDV divided by PSV. PI is one of the most important hemodynamic parameters
provided by TCD to assess cerebral hemodynamic changes in patients with acute neurological injury [84].
RI is generally used to measure flow resistance [85].

2.3.4. Spectral feature

The spectral feature of blood flow reflects the state of blood flow in blood vessels. The ordinate
on the TCD spectrum is the blood flow velocity. The periphery of the spectrum represents the fastest
blood flow velocity at a certain point in the cardiac cycle. The baseline represents zero blood flow
velocity. The intensity of the spectral signal is represented by color, and the color change of the signal
from weak to strong is blue, yellow, and red. That is, where there are more red blood cells, the signal
is red, and where there are fewer red blood cells, the signal is blue [86].

2.4. Type of transcranial Doppler ultrasonography devices

Currently, there are two types of transcranial Doppler devices, non-duplex and duplex. Non-
duplex devices (non-imaging devices) can “blindly” identify arteries based on audible Doppler shift
and spectrum without visual guidance. Specific identification is based on standard criteria, including:
cranial window used, probe orientation, sample volume depth, and blood flow direction, etc. [37].
Duplex equipment (imaging equipment) creating images using duplex technology requires ultrasound
equipment, phased arrays, 2-3 MHz, sector transducers, and specific post-processing software to
display real-time color Doppler images of vessels within the field of view and the spectral waveform
of the interrogated vessel [87].

3. Application of artificial intelligence in transcranial Doppler ultrasonography
3.1. The development of artificial intelligence in medicine

The term “artificial intelligence” (AI) was formally introduced by scholars at a conference at
Dartmouth University in 1956 [44]. Al is knowledge engineering that acquires knowledge, analyzes
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and studies the expressions of knowledge, and uses these expressions to simulate human intellectual
activity [88]. Al uses computers to simulate human behavior and train computers to learn human
behavior. The birth of Al has greatly promoted the development of society [89]. Al is widely used in
medical fields, such as robotics, medical diagnosis, medical statistics, and human biology. There are
two main branches of AIM: virtual and physical. The virtual branch includes informatics approaches
ranging from deep learning information management to the control of health management systems,
including electronic health records, and active guidance of physicians in treatment decisions. The
physical branch is represented by robots that help elderly patients or attending surgeons [90]. The
development history of AIM is shown in Figure 1 [91]. In the 1970s, scientists began to explore AIM.
Stanford University has developed MYCIN system, which can diagnose and prescribe infectious
diseases [92], and ONCOCIN system, which can assist diagnosis [93]. Rutgers University has
developed the CASNET system for computer-aided medical decision making [94]. Although the early
development of AIM was not very successful, scientists have not given up on the search for AIM. So
far, the development of AIM has been relatively mature. The best-known is IBM Watson, which can
sift through 1.5 million patient records from decades of cancer treatment in seconds and provide
doctors with alternative treatments [95]. Emergency medicine is a growing profession that plays a vital
role in the event of patients requiring urgent medical care. Emergency medicine is mainly about
providing timely medical triage and classifying patients according to urgency and severity [96]. The
use of machine learning and deep learning may help the patterns that identify the data collected over
the years and provide insights for improving the emergency department admissions process. Machine
learning and deep learning can help ongoing medical trials and research and reduce the workload of
medical professionals based on their strengths in areas such as data patterns, trend recognition, image
analysis and task classification [97,98]. Al in emergency medicine can be used for pre-hospital
emergency management, patient triage and disposition, medical disease and condition prediction,
emergency department management, etc. [46].
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Figure 1. The evolution of AIM [91].
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3.2. Brain computer interface combined with transcranial Doppler ultrasonography

Brain-computer interface (BCI) refers to create a direct connection between the human or animal
brain and an external device to realize the function of information exchange between the brain and the
device. It can process brain signals related to mental activity to produce thought-controlled reasoning
mechanisms that can be used to control external devices [50]. Changes in TCD signals are related to
cognitive tasks. Studies have shown that BCI can be developed based on the classification of cognitive
tasks performed by users [99]. TCD has some advantages for the development of noninvasive BCI.
Like EEG, TCD is portable. However, it is more robust to non-smoothness from external electrical
disturbances and internal background brain activity. In addition, it is cheaper compared to functional
MRI and magnetoencephalography [100].

In 2011, Andrew et al. investigated the feasibility of TCD ultrasonography based BCI by
classifying the changes in cerebral blood flow velocity due to two thought tasks (word generation task
and thought rotation task). The researchers simultaneously asked nine healthy adults to alternate
between mental activity (such as word creation and brain rotation) and relaxation and measured
cerebral blood flow velocity in their left and right cerebral arteries. Using linear discriminant analysis
and a set of temporal features, the word generation task and the thought rotation task were classified
according to blood flow velocity with mean accuracies of 82.9% + 10.5 and 85.7% + 10.0, respectively,
for all participants. However, since there are few studies on TCD combined with BIC, the authors used
arest and activation time of 45 seconds to obtain high classification accuracy, which is relatively long
for BCI applications and will limit the data transfer rate in practical use. In addition, the movement of
the body or head of the person during the measurement will change the cerebral blood flow velocity,
which is also a factor that cannot be ignored in the study of the combination of TCD and BIC [49].
In 2012, Andrew et al. achieve an average classification accuracy of over 70% of the tertiary problems
within 20 seconds of the onset of cognitive activity using bilateral TCD measures, time-domain
features, and linear classifiers based on previous research, which corresponds to a maximum data
transfer rate of 1.2 bits per minute, as shown in Figure 2(a) [101]. In 2015, Goyal et al. demonstrated
the feasibility of a three-class online BCI using a task that requires no visual cues at all. The
communication system achieves an average information transfer rate of 1.08 + 0.69 bits/min. The
experimental setup is shown in Figure 2(b) [102]. In 2018, Khalaf et al. used data obtained from
bilateral functional TCD ultrasound measurements to investigate the possibility of establishing a level 2
and 3 BCI system. Two different methods for building BCI systems are proposed: Incremental Window
(IW) and Moving Window (MW). The main difference between the two methods is windowing and
the formulation of eigenvectors. Wavelet transform analysis was performed on the raw data for each
method. Statistical features are calculated from the wavelet transform coefficients. Wilcoxon test was
performed on these features for feature selection. Then use linear kernel support vector machine (SVC)
for classification [103]. The algorithmic flow of the data analysis using the moving window (MW) and
incremental window (IW) methods is shown in Figure 2(c). All these results suggest that TCD is a
promising measurement for BCI studies. BCI can visually express the changes of brain signals, and
the establishment of a reasonable BCI system based on the results of TCD ultrasonography has a
crucial role in promoting the development of TCD ultrasonography. The proposed BCI can reduce the
high dependence of TCD ultrasonography consultation on human.
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Figure 2. (a) Data transmission rate for state durations between 5 and 30 s. The maximum
attained data transmission rate is 1.2 bits per minute for 20-s durations using a three-
dimensional feature set. [101] (b) Experimental setup. [102] (c) A flowchart for the
algorithm used for data analysis using moving window (MW) and incremental window
(IW) methods [103].

3.3. Transcranial Doppler ultrasonography signals classification based on artificial intelligence

Although Doppler spectrum images can reflect the physiological and pathological conditions of
each blood vessel to a certain extent, errors will occur when diagnosing diseases only by analyzing the
images. TCD signals can be viewed as a series of discrete values that vary over time. Using the relevant
knowledge of artificial intelligence to extract features that have never been recognized can reduce the
error of diagnosis. In 2002, Guler et al. performed spectral analysis of TCD signals using fast Fourier
transform (FFT) and adaptive autoregressive moving average (A-Arma) methods. The results show that
the spectral density obtained by the A-Arma method is better than that obtained by the FFT method [52],
and the filter structure is shown in Figure 3(a). In 2003, Serhatlioglu et al. extracted features using FFT
and classified these features using back propagation (BP) neural network and self-organizing maps
(SOM) algorithm to compare the performance of these classifiers. They used a 16-bit sound card to
transmit the TCD signals recorded in the temporal regions of the brains of 110 patients to a computer
and processed the recorded signals of each patient using the FFT method. To make a correct and rapid
diagnosis, the TCD blood flow signals were statistically sorted and classified by artificial neural
network (ANN). Training uses BP neural network and SOM algorithm; learning uses momentum
algorithm and delta-bar-delta algorithm. The results of these algorithms are compared in the case of
classification and learning [104]. In 2008, Ozturk et al. used two different neuro-fuzzy classifiers to
classify chaotic invariant features extracted from TCD signals and compared the performance of the
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classifiers. They performed a chaotic analysis of TCD signals recorded from the middle artery in the
temporal region of the brain in 82 patients and 24 healthy individuals. Among the 82 patients, 20
patients had cerebral aneurysm, 10 patients had cerebral hemorrhage, 22 patients had cerebral edema,
and 30 patients had brain tumor. It was found that all TCD signals represent nonlinear dynamics and
are potentially low-level deterministic. To compare the classifier performance, two different neuro-
fuzzy models, ANFIS and NEFCLASS, are constructed on the training set, and the system structure is
shown in Figure 3(b). The rule base for the NEFCLASS model is created by applying a sample of 1000
epochs to the training subset. Furthermore, the ANFIS model was trained for 250 epoch samples until
the convergence error dropped to 0.42 x 107>, For samples in the test set, the ANFIS model achieves
better classification accuracy than the NEFCLASS model. The classification accuracy after training of
ANFIS model and NEFCLASS model are 94.40 and 88.88%, respectively [105].

(e)

e € |(d) TCD signal x(n) TCD signals
(+ - T
x I Blocking into Frames i
A Feature extraction
Windowing Feature extraction using DWT and Burg AR
T method
Autocorrelation Analysis $
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Figure 3. (a) adaptive ARMA filters detail structure. [52] (b) First order Sugeno fuzzy model
and its corresponding ANFIS structure. (c) A NEFCLASS system with two inputs, five rules
and two output classes. [105] (d) Feature extraction steps. (¢) The structure of the suggested
classification system. [51,106] (f) The recurrent neural network structure [108].

From 2008 to 2012, Uguz et al. conducted a series of studies in the field of TCD signal
classification. They first implemented a biomedical system to classify TCD signals recorded from the
temporal regions of the brains of 82 patients and 24 healthy individuals. Fuzzy discrete hidden Markov
model and Rocchio-based hidden Markov model are used, respectively, to improve the accuracy of
TCD signal classification. Subsequently, they combined feature ranking and dimensionality reduction
methods when classifying TCD signals to improve classification efficiency and accuracy. To evaluate
the effectiveness of the proposed method, experiments were conducted using the SVM classifier. When
using the proposed method, higher classification accuracy and minimal number of features are
obtained. These results show that the proposed new method can improve the classification efficiency
and accuracy compared to the use of each method individually. Its feature extraction process and
classification architecture are shown in Figure 3(d),(e) [51,106,107]. In 2017, Seera et al. used
recurrent neural network (RNN) to classify TCD signals captured from the brain. They collected a total
of 35 real anonymous patient records and conducted a series of narrow diagnostic experiments.
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Features extracted from TCD signals are classified with an RNN model with much loop feedbacks.
The model is shown in Figure 3(f). In addition to the individual RNN results, a majority voting method
is used to combine individual RNN predictions into an ensemble prediction. The TCD signals recorded
from the arterial segment of the Circle of Willis from ischemic stroke were also analyzed. The results
show that the ensemble RNN shows good performance with an average accuracy above 70% and a
maximum accuracy of 85% [108]. TCD ultrasonography results are very important for the diagnosis
and treatment of cerebrovascular diseases, but simple image analysis cannot make a very accurate
judgment of the type of disease. As a result, the classification of TCD signals has greatly improved the
accuracy of TCD ultrasonography in the management of acute cerebrovascular disease.

3.4. Removing noise from transcranial Doppler ultrasonography signals using artificial intelligence

Biomedical signals are often contaminated with noise from sources such as power line
interference and interference from recording electrode motion. Noise and interference can affect the
original information signal. Karaboga et al. conducted a series of studies on noise cancellation of TCD
signals. The artificial bee colony (ABC) algorithm based on the swarm intelligence optimization
algorithm is used to design the IIR filter to denoise the TCD noise signal. Noise cancels the patient
TCD signal. The SSA method was used for data analysis, and finally the SSA method was used to find
new TCD signals’ parameters for the determination of healthy subjects and patient subjects.
Furthermore, the results are compared with those obtained by methods based on popular and
recently introduced evolutionary algorithms and conventional methods. On this basis, the
performance of the proposed method is tested to remove the noise on the TCD signal with a signal-
to-noise ratio value of 2db. The simulation results show that the IIR filter can be well designed for
the noise reduction process by using the ABC algorithm. Therefore, this method can improve the
TCD interference signal, making it available for further analysis. Spectrogram indicators for
clinical application can be accurately obtained from the maximum frequency curve The structure
of the adaptive noise cancellation system is shown in Figure 4(a) [53,109,110]. In 2013, Koza et al.
introduced a filter design method to eliminate additive white Gaussian noise through an infinite
impulse response digital filter using the Harmony Search (HS) algorithm. To optimize the design,
additive white Gaussian noise with different signal-to-noise ratios (-4dB, +4dB, -2dB and +2dB) was
added to the mitral TCD signal. Four different infinite impulse response digital filters are designed
under different noise levels using the HS algorithm, and their performances are compared. On this
basis, a fourth degree IIR filter designed by the ABC algorithm is used to filter the noise-added signal.
Using the SSA algorithm to analyze the noise of the TCD signals and discover new TCD parameters
for diagnosis [54,111]. TCD signals are easily contaminated by noise in the environment, which can
lead to some errors in the diagnosis process. Effective noise removal is necessary to ensure the
authenticity of the TCD ultrasonography signals and reduce errors in the diagnosis and treatment of
acute cerebrovascular diseases.

3.5. Artificial intelligence-assisted diagnosis and treatment
A significant limitation of using TCD ultrasound is that it is time-consuming and highly operator

dependent. Examination of patients using hand-held technology requires the examiner to have a
detailed understanding of cerebral vascular anatomy and its variations, as well as ultrasound
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technology and various TCD indicators of vasospasm [33]. Computer-aided diagnosis systems have
become valuable tools for accurate, reliable, and rapid diagnosis of vascular diseases. The application
of AIM has been widely reported in previous studies. Esmaeeli et al. propose that a robot assisted TCD
system with Al provides an alternative to manual TCD to assess blood flow velocity within the MCA
in acute SAH patients, thereby extending the availability of TCD to settings without specialized
clinicians. Recently, a robot-assisted ultrasound system integrating ultrasound, robotics, and machine
learning has been proposed, which combines TCD with a square earphone containing a robotic rod
that uses machine learning to automatically adjust the ultrasound probe to detect intracranial
vasculature. The system can also readjust the probe position after the patient moved to continue
sonicating previously acquired positions. In addition, the feasibility and accuracy of robotic-assisted
TCD for measuring cerebral blood flow velocities in the anterior and MCA in patients with SAH and
vasospasm were examined [57]. In 2022, Clare et al. to test the safety and efficacy of the Nova Guide
system in patients with acute SAH in the neurological ICU. The Nova Guide system-five degrees of
freedom robotic TCD system is shown in Figure 4(b) [112]. Baig et al. report the use of a robotic TCD
system with Al as a novel real-time intraoperative neuromonitoring tool in patients undergoing valve
replacement. By reporting the quantity and distribution of high-intensity transient signal (HITS) as a
marker of micro embolism during surgery, they propose that the use of sentinel brain protection
significantly reduces HITS [56]. In the process of TCD ultrasonography, the operator will be affected
by the state of his own body, leading to unnecessary errors in the operation. The intelligent robot will
not be affected by these factors, and can accurately complete the TCD ultrasonography, greatly
improving the reliability of TCD ultrasonography.

In 2021, Wang et al. designed an AI neighborhood segmentation algorithm based on the
characteristics of TCD ultrasound images of patients with traumatic brain injury to detect
neuroendocrine changes in the acute phase of patients with severe traumatic brain injury. Their findings
showed that the AI neighborhood segmentation algorithm had significantly lower regional
segmentation error and runtime for TCD ultrasonography images, and significantly improved
concordance between the Glasgow Coma Scale and pituitary hormone abnormalities. However, there
are still some shortcomings. For example, the types of neuroendocrine monitoring hormones included
in this study are relatively single, mainly focusing on pituitary hormones, and lack of monitoring
indicators for other neuroendocrine hormones. The Al neighborhood segmentation algorithm they
researched and designed uses relatively few monitoring indicators in image segmentation quality
evaluation. In the future, more algorithm evaluation indicators will be included in the further
optimization of the algorithm, and then the value of the algorithm will be comprehensively analyzed
from multiple perspectives [113]. Mei et al. explored the diagnostic value of convolutional neural
network (CNN) in MAC stenosis by analyzing TCD ultrasonography images. According to the results
of cerebral angiography, 278 patients who underwent cerebral vascular TCD and cerebral angiography
were divided into stenosis group and non-stenosis group. Manual measurements were made on TCD
images. The patients were divided into training and test sets, and the TCD images were classified using
a CNN architecture. The diagnostic accuracy of manual measurements of MCA stenosis, CNN and
TCD parameters were calculated and compared. The diagnostic value of CNN based on TCD images
for MCA stenosis was like manual measurements. The results show that CNN can be used as an
auxiliary diagnostic tool to improve the diagnosis of MCA stenosis [55]. The training process is shown
in Figure 4(c).

Mathematical Biosciences and Engineering Volume 20, Issue 2, 1695-1715.



1706

x(n) _..adapuveliRﬁlter ye

- ABC algonthm
(a) ()

112x 112 x 128

Tx7Tx512
28 x 28 x 512

% 14314813 121x4096 1x1x2 -
i ’ '~
~

7 convolution+RelU
7 max pooling
fully nected + RelU
softmax

(b)

Figure 4. (a) Block diagram of the proposed adaptive noise cancellation system. [109] (b)
Nova Guide system—five degrees of freedom robotic TCD system [112]. (¢) The training
processes [55].

3.6. The future of TCD combined with artificial intelligence

TCD ultrasonography has shown great advantages in the treatment of cerebrovascular diseases,
but there are still some key issues that need to be addressed to make it more accurate in determining
the type of disease. This will certainly lead to further development of TCD ultrasonography.
Scientists have not stopped exploring this field, and the future of TCD ultrasonography has great
potential for development.

4. Discussion

In clinical, cerebrovascular disease usually manifests itself in people who experience acute
nonfatal events (i.e., emergency department visit, hospitalization) or fatal events. It is one of the causes
of severe human disability and is also the second leading cause of death worldwide. Therefore, timely
prediction and diagnosis of cerebrovascular disease can enable timely early treatment [2,114,115].
TCD is a relatively inexpensive, rapid, real-time, noninvasive measure of cerebrovascular blood flow
and is the most convenient method for detecting vascular changes during the treatment of acute clinical
cerebrovascular events in response to interventions. It has shown great potential in the diagnosis and
treatment of cerebrovascular diseases [39,40].Al has demonstrated great advantages in several fields
of society since its introduction. It has also brought various important technological tools to the
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medical field [45—-48]. Meanwhile, in the field of emergency medicine, Al has shown great advantages
in pre-hospital emergency management, patient triage and disposal, medical disease and condition
prediction, and emergency department management [46,48,97,98]. Until now, there have been many
studies on the use of Al for TCD ultrasonography. These include the combination of TCD
ultrasonography and BCI [49,50,99-102], the classification and noise cancellation of TCD signals
using Al [51-54,104—111], and the use of intelligent robots and computerized diagnostic systems to
assist physicians in disease diagnosis and treatment [33,55-57,112,113]. The development of Al has
improved the accuracy of TCD ultrasonography in several ways and greatly promoted the diagnosis
of TCD in acute cerebrovascular disease development. The birth of Al has given new impetus to the
development of medicine. TCD ultrasonography has more advantages than other diagnostic and
treatment methods. Therefore, the combination of Al with it will further promote the application and
development of TCD ultrasonography.

5. Conclusions

TCD ultrasonography has made rapid development after it was proposed, and it has shown great
advantages in the diagnosis of acute cerebrovascular diseases. However, the detection process requires
the operator to have extremely high proficiency, and the influence of some external factors will reduce
the accuracy of the detection results. With the development of Al, people are committed to using Al
methods to improve the accuracy of TCD ultrasonography, including Al based TCD signals classification,
TCD signals noise removal, and intelligent robots to assist doctors in diagnosis and treatment. With the
further development of Al, TCD ultrasonography also has more potential for development.
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