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ABSTRACT 
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spread response during microvascular surgery for hemifacial spasm 

 

Minsoo Kim 

 

Department of Medicine 

The Graduate School, Yonsei University 

 

(Directed by Professor Jin Woo Chang) 

 

INTRODUCTION 

Hemifacial spasm is a neurological disorder characterized by irregular and 

involuntary contractions of the face. Microvascular decompression of the 

facial nerve has been accepted as the standard surgical treatment for 

patients who are refractory to medication. Lateral spread response is a 

pathological phenomenon recorded using electromyography in patients 

with hemifacial spasm, which is regarded as diagnostic clue, thus 

essentially monitored during microvascular decompression. However, 

lateral spread response monitoring during surgery has scope for 

improvements mainly owing to its labor-intensive characteristic. 

Application of a deep learning algorithm to lateral spread response 

monitoring during surgery will improve the accuracy and efficiency of 

lateral spread response, resulting in better clinical outcome. 

MATERIALS AND METHODS 
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A total of 3674 image screenshots of intraoperative neurophysiologic 

monitoring device from 50 patients who undertook microvascular 

decompression for the treatment of hemifacial spasm were prepared for 

training and validation of the deep neural network. The original images 

were preprocessed to eliminate unnecessary information and to reduce the 

size of data. Deep neural networks to classify lateral spread response 

binarily were implemented by using standard, off-the-shelf tools. The 

accuracies of the deep neural networks were tested with 50 images which 

were from the patients whose data was never exposed during training and 

validation. The neural network of the highest accuracy was packaged into 

a standalone program that can be run on commercially available 

intraoperative neurophysiologic monitoring suite. Accuracy of the neural 

network was compared with that of the trained neurosurgeons and 

experienced monitoring technologists. The program was tentatively 

adopted in real operative environments, then the surgeons and the 

monitoring technologists were asked about the usefulness and weakness of 

the tool. 

RESULTS 

A preprocessing protocol was established, which reduces size, enhance the 

line-art information, and simplify the color information of the images. The 

neural network trained with those images differentiated 50 test images 

correctly (accuracy, 100%, area under the curve, 0.96). The accuracy of 

the network was equivalent that of the monitoring technologists (p = 

0.3013) and higher than neurosurgeons (p < 0.0001). the heatmaps 

highlighted the key region of interest at a level similar to that of trained 
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human professionals. Tentative application in the clinical setting showed 

that the neural network was preferable to use as an auxiliary tool. 

CONCLUSION 

A deep neural network with standard, off-the-shelf tools could classify the 

presence and absence of lateral spread response. The accuracy of the deep 

neural network was equivalent that of the monitoring technologists and 

higher than neurosurgeons. Auxiliary tools based on deep neural network 

may supply useful information to surgical team during operation. 

 

 

 

Key words: hemifacial spasm; microvascular decompression; lateral 

spread response; intraoperative neurophysiological monitoring; machine 

learning; deep convolutional neural network 
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Minsoo Kim 

 

Department of Medicine 

The Graduate School, Yonsei University 

 

(Directed by Professor Jin Woo Chang) 

 

I. INTRODUCTION 

 

1. Hemifacial spasm 

Hemifacial spasm (HFS) is a neurological disorder characterized by 

irregular and involuntary contraction of the facial muscles innervated by 

the ipsilateral facial nerve. The spasm can be both tonic or clonic, which 

usually start in the periorbital area, and they spread to perinasal, perioral, 

and neck muscles1. 

HFS was firstly described by Esmail Jorjani (1042-1137), a Persian 

physician, as syndrome consistent with trigeminal neuralgia and Bell’s 

palsy in his book Treasure of the Khawarasm Shah. He already 

implicated a neurovascular conflict as an etiology of trigeminal 

neuralgia2. Schultze in 1875 reported the prototype of HFS with a case 

which a vertebral artery aneurysm compresses the facial nerve3. Later in 

1895, Edouard Brissaud reported HFS with a picture of 35-year-ol patient 

whose all facial muscles were involved with clonic contractions4. In 1905, 
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Babinski described a phenomenon called “other Babinski sign” which 

referred to a paradoxical synkinesis in HFS patient, that was not observed 

in blepharospasm patients5,6. Gardner in 1962 introduced the concept of 

vascular decompression for HFS, based on McKenzie’s concept of 

modern concept of vascular compression syndromes including HFS, 

trigeminal neuralgia, and glossopharyngeal neuralgia. Then Bremond 

first performed current concept of microvascular decompression (MVD) 

through retrosigmoid craniotomy in 19747,8. Janetta established the 

current concept of pathophysiology of HFS and popularized MVD. His 

first article about HFS was published in 1975, titled as “Neurovascular 

cross-compression in patients with hyperactive dysfunction symptoms of 

the eighth cranial nerve9.” 

The prevalence of HFS was reported as bout 9.8 per 100,000 persons in 

a study based on Norwegian study10. Another study based on US 

population reported the prevalence as 7.4 per 100,000 men and 14.5 per 

100,000 women11. However, even the prevalence of HFS was suggested 

to be higher in countries such as Korea and Japan, there has been no 

large-scale epidemiological study of Asian population12-14. HFS does not 

occur in a hereditary manner and usually occurs to adults except for a 

few cases15-17. 

The primary pathophysiology of HFS is accepted as vascular 

compression of the facial nerve on the root entry zone at the 

pontomedullary junction of brainstem. Any predisposing conditions 

resulting in impairment of facial nerve also may induce secondary HFS, 

in such as cerebellopontine angle tumor, infections, Chiari type I 

malformation, and demyelinating diseases. The primary HFS is known 

to be 3-4 times more prevalent than secondary HFS18. Compression of 

facial nerve at the root exit zone by its culprit vessel results in 

demyelination19,20. Although there are 2 main hypotheses accepted, 
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hyperexcitability of facial motor nucleus (central origin) and ephaptic 

transmission between the facial nerve bundles (peripheral origin), one 

hypothesis without the other cannot fully explain the whole clinical 

features. 

The diagnosis of HFS is based on clinical feature and physical 

examination. In addition to irregular facial muscle contraction, so called 

“other Babinski sign” is useful which is known to yield 100% of 

specificity and 86% of sensitivity21. It refers to a synchronized activity of 

the frontalis or orbicularis oris muscle that is induced by a self-lifting of 

the patient’s eyebrow while the eye is closed. Adjunctive use of 

radiographic and electromyographic (EMG) tools is acknowledged. 

Combined use of magnetic resonance imaging (MRI) techniques 

including time of flight (TOF) sequence and 3-dimensional fast imaging 

employing steady state precession sequence (3-D FIESTA) or 

constructive interference in steady state (CISS) display the anatomical 

relationship of the neurovascular structures near the root exit zone of 

facial nerve as well as in rule out tumorous condition of the posterior 

fossae. EMG pattern in HFS patient is characteristic showing 

spontaneous high-frequency firing pattern, that is useful in differentiating 

HFS from other disorders presenting abnormal muscle contraction, such 

as myokymia, blepharospasm, post-facial palsy synkinesia, 

oromandibular dystonia, tic, partial seizure, and even psychogenic HFS. 

Although the natural history of HFS is not well documented, it has been 

agreed that most patients need to be treated, because spontaneous 

resolution of HFS is rare22. No non-surgical treatment modality has been 

proved to be curative for HFS. Patients with mild symptom and short 

disease duration may be managed expectantly. Anticonvulsants such as 

carbamazepine and phenytoin are generally ineffective, unlike the 

situation with the casually similar condition of trigeminal neuralgia. 
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GABAergic (gamma-aminobutyric acid) medications such as baclofen 

may improve symptom temporarily and partially. Local injection of 

botulinum neurotoxin (Botox) is effective in treating HFS, yielding up to 

85% of symptomatic relief, thus is the most preferred non-surgical 

treatment. Symptomatic relief generally begins within 3 days after Botox 

injection then reaches its peak effect in a week, then maintains clinical 

benefit for 3 to 6 months23-25.  

There have been a few ablative procedures such as sectioning of divisions 

of the facial nerve, however, these leaves the patient with some degree of 

facial paresis. Therefore, the current procedure of choice for the 

treatment of HFS is MVD, wherein the culprit vessel is physically moved 

of of the nerve, and a sponge (i.e., shredded Teflon®, 

polytetrafluoroethylene; Ivalon®, polyvinyl formyl alcohol foam) is 

interposed as a cushion between the facial nerve and the vessel. Detail of 

the MVD is discussed in later section. 

 

2. The electrophysiologic study for hemifacial spasm 

Despite of numerous electrophysiological studies about the pathogenesis 

of HFS, there have been still debates that two hypotheses are generally 

accepted: (1) central mechanism, the hyperexcitability of the facial motor 

nucleus that is triggered by antidromically propagated discharges induces 

spasm26-32; and (2) peripheral mechanism, the injury of myelin sheath of 

facial nerve facilitates ectopic excitation and ephaptic transmission 

between individual nerve fibers20,33-36. Several electrophysiologic tools 

are available in current clinical setting for the evaluation of hemifacial 

spasm, such as blink reflex, facial F-wave, and LSR. 

The blink reflex is the electrical correlate of the clinically evoked corneal 

reflex, which is a true reflex with a sensory afferent limb, intervening 

synapses, and a motor efferent. Kugelberg performed the first 
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electrophysiological studies on the blink reflex in a healthy population 

and described the presence of two electrically induced components, R1 

and R237. The afferent limb of the blink reflex is mediated by sensory 

fibers of the supraorbital branch of the ophthalmic division of the 

trigeminal nerve, and the efferent limb by motor fibers of the facial nerve. 

Thus, stimulation of the ipsilateral supraorbital branch of the trigeminal 

nerve elicits a bilateral facial nerve response, resulting in blinking eye. 

In detail, electrical stimulation at the supraorbital nerve runs to both the 

main sensory nucleus of trigeminal nerve in the mid pons and the nucleus 

of the spinal tract of trigeminal nerve in the lower pons and medulla. 

Then the nerve impulse reaches the bilateral facial nucleus. The R1 

response, which appears ipsilaterally on the side of stimulation, 

represents the pathway between the main sensory nucleus of trigeminal 

nerve (mid pons) and the ipsilateral facial nucleus (tegmentum in lower 

pons). The R2 response, which presents bilaterally, shows the pathway 

between the nucleus of the spinal tract of trigeminal nerve in the 

ipsilateral pons and medulla37. 

Kimura suggested the monitoring protocol for blink reflex38. The location 

of the stimulating cathode and anode are placed at the supraorbital 

foramen and the location just superior to the cathode, respectively. The 

recording electrodes are places on the mid to lower eyelid. Then the 

examiner deliver stimulation when the muscles are electrically silent to 

avoid noise from the spasm. The latency of ipsilateral R1 and R2 are 

defined as the shortest time to the onset of the response. The maximal 

amplitude and duration are also recorded from each R1 and R2. 

Subsequent studies suggest that the blink reflex is useful to evaluate 

hyperexcitability of the facial motor nucleus in patients with HFS39-42. 

The facial F-wave represents the backfiring of the facial motor neurons 

after being activated antidromically, that can be an index of motor neuron 
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excitability43. F-wave is usually recorded at the orbicularis oculi muscle 

by stimulating the distal marginal mandibular branch of the facial nerve. 

Several studies suggested that hyperexcitability of facial motor neuron 

would be the main pathogenesis of HFS28,44-47. F-wave is usually 

monitored during the MVD surgery. Intraoperative finding and 

interpretation of F-wave is discussed later. 

 

3. Lateral spread response (LSR) 

LSR is a pathological EMG finding observed only in patients with HFS, 

thus has diagnostic value for HFS34. This phenomenon was first reported 

by Janetta in 198548. LSR is elicited by the stimulation of one branch of 

the facial nerve, resulting in the contraction of the facial muscles which 

are innervated by the other branch of the facial nerve. While the 

mechanism of LSR is not fully understood, cross-transmission of 

antidromic activity from the stimulated branch of the facial nerve may 

contribute to this phenomenon34,48,49. LSR disappears after adequate 

decompression of facial nerve from the culprit vessel45,50,51 (Figure 1). 

However, some reported controversial findings such as LSR 

disappearance even before decompression of facial nerve or persistence 

of LSR after adequate decompression52-56. There also are reports with 

conflicting results which suggested that residual LSR after MVD is not 

related to the outcome of HFS and which concluded that residual LSR is 

the hallmark of incomplete decompression of facial nerve53,54,57. 
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Figure 1. Representative images for lateral spread response. The typical delayed 

electrical activity (A) in the mentalis muscle following stimulation of the 

temporal branch of the facial nerve disappears (B) when the culprit vessel is 

detached from the facial nerve during the surgical procedure. 
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Intraoperative neurophysiologic monitoring (IONM) of the LSR can 

identify the culprit vessels and confirm whether adequate decompression 

has been carried out58,59. Although the relationship between the IONM 

findings of LSR and long-term clinical outcome of HFS after MVD is 

not yet established, disappearance of LSR seems to be correlated with 

immediate relief of the spasm after MVD53. This finding supports the 

hypothesis of central mechanism of HFS, as well as the hyperexcitability 

of the facial motor nucleus in the brainstem48,60,61. Because the pulsatile 

impulse to the root exit zone disappears immediately after the culprit 

vessels are detached from the facial nerve, however, facial motor nucleus 

normalizes slowly over months or even over years. 

 

4. Microvascular decompression (MVD) 

MVD is widely accepted first-line surgical treatment for the treatment of 

HFS which aims to detach the culprit vessel from the facial nerve62. No 

non-surgical treatment has shown satisfactory efficacy in the treatment 

of HFS and spontaneous resolution of HFS is very rare. However, MVD 

provides relief from spasm in about 90% of patients50,63-65. Patients whose 

symptoms are typical, and MRI reveals vessel compressing the facial 

nerve can be a candidate for MVD. Secondary HFS caused by 

cerebellopontine angle tumor or other space occupying lesions that 

irritates facial nerve also can be identified on MRI and treated with MVD. 

The timing of MVD surgery is still under debate. Theoretically, MVD 

may not relieve the symptom in patients whose disease duration is long 

because facial nucleus could be degenerated. However, there is no 

prognostic difference between early versus late MVD to date. Therefore, 

MVD is usually recommended when the patient experiences severe, 

progressive facial spasm that the patient suffers difficulty in his/her social 

activity and decreased quality of life. Moreover, the patient needs to 
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understand the aim, process, and the risk of the surgery and have the 

realistic expectation. 

The concept that normal vessel may cause cranial nerve disorders by 

compressing the respective nerve roots had been introduced by Dandy 

and Gardner66. Janetta in 1966 recognized that HFS was a cranial nerve 

hyperactive condition analogous to trigeminal neuralgia that HFS was 

caused by vascular compression of the facial nerve. Therefore, the first 

MVD for the treatment of HFS was performed by Janetta to a 41-year-

old patient67 who recovered well without complications, then the MVD 

technique has been developed under the base of his original procedure. 

A group of disorders such as HFS, trigeminal neuralgia, 

glossopharyngeal neuralgia, geniculate neuralgia, and hemimasticatory 

spasm are referred as neurovascular compression syndrome which are 

treated with MVD. 

MVD for trigeminal neuralgia is quite analogous to that for HFS. 

Surgical approach for each disease is almost identical as described by 

McLaughlin68. Unlike HFS, operator approach via superolateral aspect 

of the cerebellum to gain access to the trigeminal nerve. During the 

procedure, operator can encounter treatment related morbidities such as 

bleeding from petrosal vein, venous infarction, sigmoid thrombosis, or 

hemorrhage from the cerebellum. Treatment outcome to MVD for 

trigeminal neuralgia is not different from that of HFS. However, the 

recurrence rate is reported a bit higher in trigeminal neuralgia after MVD 

than that in HFS. 

Glossopharyngeal neuralgia is relatively rare pain syndrome in the 

sensory distribution of the glossopharyngeal nerve. The pain is unilateral, 

sharp, and stabling on the area on sensory distribution of the nerve 

including the angle of jaw, ear, tonsillar fossa, and the tongue base. 

Therefore, pharmaceutical management other than surgical intervention 
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such as MVD is the first-line treatment. Selective nerve blockage also 

may be an option in patient who is refractory to medication, however, 

dysphagia, hoarseness, arrythmia or syncope may happen following 

treatment. MVD has been established as an effective and safe treatment 

option for glossopharyngeal neuralgia69-71. 

Geniculate neuralgia (nervus intermedius neuralgia) is a pain syndrome 

in the ear triggered by sensory or mechanical stimuli at the posterior wall 

of the auditory canal. Geniculate neuralgia is managed with medication, 

sectioning of intermediate nerve (a sensory component of facial nerve)72, 

or MVD73-76. 

Detail of preoperative evaluation, anesthetic management, surgical 

procedure, and protocol for IONM for MVD are described in methods 

section. 

 

5. Intraoperative neurophysiologic monitoring (IONM) during 

microvascular decompression for the treatment of hemifacial spasm 

IONM is essential in neurosurgical procedure and is gaining interest by 

both clinicians and researchers. Advance in technology over decades 

make IONM essential various field of medicine such as orthopedics, 

otolaryngology, cardiac surgery, and even interventional radiology. 

The beginning of IONM was the direct cortical stimulation during 

epilepsy surgery by Penfield77,78. Thereafter, electrocorticography, 

evoked potential, electromyography, and nerve conduction studies were 

applied during surgery79. Electroencephalography in cardiac surgery80-82, 

sensory and motor evoked potential monitoring in spinal cord surgery 

were introduced in 1970s83,84. In 1980s, motor evoked potentials were 

employed in evaluating corticospinal tract integrity, and somatosensory 

evoked potential and motor evoked potential monitoring became routine 

protocol in surgery. Later, brainstem auditory evoked potential was 
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introduced to monitor whole auditory pathway and became essential 

especially in surgery for infratentorial lesions. 

Advancement of anesthetic technique as well as cooperation with 

anesthesiologist are also key in IONM. Neural activity could become 

monitorable under constant depth of anesthesia especially due to 

availability of total intravenous anesthesia that surgical team obtain 

reliable responses85-88. 

The current IONM setting has scope for improvements. Firstly, 

continuous monitoring requires dedicated, experienced personnel and 

cannot be carried out without specialized knowledge of specialized 

electrophysiology. Second, monitoring is a labor-intensive task, which 

can be easily rendered inaccurate owing to fatigue and loss of 

concentration. Third, varied clinical information such as patient’s 

individual clinical status, depth of anesthesia, and surgical situation must 

be considered. However, no member of the surgical team can gather such 

information and interpret the IONM finding during surgery. 

 

6. Deep learning and medicine 

Explosive growth of biomedical data and the rapid development of 

technology ushered in the era of computational medicine89. 

Computational medicine is an interdisciplinary subject combining 

medicine, computer science, biology, mathematics, and other field of 

sciences90. The method of artificial intelligence is a representative tool 

for disease prediction, clinical diagnosis, and medical services. At 

present, as a part of artificial intelligence, deep learning is accepted as an 

effective method in areas such as computer vision, natural language 

processing, and speech recognition91-93. 

Deep learning of a part of machine learning. Given its demonstrated 

performance in different domains and the rapid progresses of 
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methodological improvements, deep learning paradigms introduce new 

opportunities for biomedical informatics. Unlike traditional machine 

learning approaches, deep learning spares the need to extract features of 

data, which usually requires time and resources. Unlike so-called 

“traditional” machine learning system requires careful engineering and 

domain expertise to transform the raw data into a suitable internal 

representation which the learning system could detect patterns in the data 

set, the key aspect of deep learning is that layers of features are learned 

from data using general-purpose learning process instead of designs of 

human engineers94. 

The deep learning method, also called as artificial neural network, is 

composed of the input layer, multiple hidden layers, and output layer. 

Each layer of neural network is composed of numerous neurons, and the 

output of the prior layer is used as the input of the next layer. Through 

the connection between layers and nonlinear processing method, the 

neural network converts the input to the output. 

 

7. Convolutional neural network 

The convolutional neural network (CNN) has achieved remarkable 

progress in image recognition. Relevant clinical-ready successes have 

been reported in various area such as detection of diabetic retinopathy in 

retinal fundus photographs95, classification of skin cancer96, and 

predicting of sequence specificities of proteins97. Medical images play a 

key role in whole process in patient case as well diagnosis and treatment. 

Enormous quantity of images is introduced owing to the advance of 

technology. The interpretation of medical image may be erroneous due 

to varying degree of experience, knowledge, and other factors. Deep 

learning algorithm, especially based on convolutional neural network 

may assist specialist in automated image analysis, and medical image 
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analysis has become a major trend in recent years: medical photos98-101, 

radiographic images102-106, pathologic specimens107-109, and other 

microscopic features110,111. 

However, there are limitations in the application of deep learning 

algorithm to medicine. Firstly, most clinical decisions are based on 

comprehensive information and not just images. Therefore, image-based 

CNN models can often prove to be limited in practical use. On the 

contrary, a model using both image and clinical information are easy to 

be complex and ineffective. Second, it can be practically less useful if the 

preprocessing process is labor-intensive or time-consuming. Pathological 

or microscopic specimens must be processed manually before their 

clinical use; therefore, original data cannot be used as input data for deep 

learning models. Furthermore, individual researchers or small-sized 

institution cannot afford a large-scale complex deep learning model. 

Additionally, it is difficult to collect data and build models from multiple 

institutions. Therefore, the author aims to develop deep learning model 

that can be easily applied to the clinical environment, requiring no or 

minimal preprocessing, using data collected at a single institution within 

a short duration. 

 

8. Deep learning model for the classification of lateral spread response 

Developing a deep learning model that discriminates LSR may be useful 

in clinical practice. At first, IONM is labor-intensive work. In usual 

clinical circumstance, a specialized technologist keeps monitoring during 

the surgery. It can be easy to be inaccurate owing to the technologist’s 

being fatigue or loss of concentration. Moreover, continuous monitoring 

requires specialized knowledge about electrophysiology and variable 

clinical situations. Unexperienced personnel may me much inaccurate in 

IONM, especially when his facility does not have MVD surgery to be 
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able to perform skillfully. These cascade results in lowering the 

reliability of the IONM itself, thus the surgical team may be less 

dependent of the test during the surgery. Consequently, current 

monitoring circumstance which is entirely dependent upon the 

monitoring personnel can lead to less favorable clinical outcome. 

Secondly, LSR discrimination during MVD surgery is a good candidate 

for deep learning research. LSR data is acquired as a figure of line chart. 

On contrary other medical data such as medical photos, radiographic 

images, pathologic specimen, or other microscopic features which 

required time-consuming preprocess, LSR data is acquired in figure 

format directly in IONM device within a second. This figure-format data 

can be directly input into the deep learning model, and the surgical team 

can get the result instantly. Thus, surgical team as well as the operator 

can gain information both from the IONM technologist and the deep 

learning model simultaneously. 

Mismatched information between IONM technologist and deep learning 

model can prompt surgeon to reconsider the adequate localization for 

decompression of the facial nerve. Therefore, if the surgical team is 

inexperienced, or if human error is to be occur, deep learning model and 

its LSR interpretation may be used as an auxiliary tool. 

To the best of author’s knowledge, no previous studies have used deep 

learning model with a computer vision that classify LSR findings. 

Moreover, only few studies have been reported using deep learning 

technology in IONM. If a deep learning algorithm could interpret IONM 

finding as accurately as a human professional, significant surgical 

findings could be detected more and more accurately and could improve 

the clinical outcome. 

 

9. Objectives 
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This study aims to achieve the following objectives. 

A. Construct a dataset of EMG images that will be used for training and 

validation of deep learning. It will comprise images presenting LSR, 

which are obtained during surgery, and subsequently annotated and 

confirmed by a trained neurosurgeon. 

B. Develop an image preprocessing protocol. The acquired EMG 

images must be small-sized, noise-free, and suitable for deep 

learning after preprocessing. 

C. Develop a deep learning model based on a convolutional neural 

network using the current standard, off-the-shelf tools to classify 

LSR. 

D. Verify the accuracy of the constructed model using images from the 

subjects whose data were never exposed to the model during training 

and validation. The accuracy will be compared to that of human 

professionals who are trained and experienced in HFS and MVD. 

E. Package the model as a stand-alone program that runs on the IONM 

suite and returns the prediction of LSR during surgery. 

F. Discuss whether the constructed model can be applied to the actual 

surgical environment. 

 

II. MATERIALS AND METHODS 

 

1. Standard protocol approvals and patient consents 

Data acquisition and processing in this retrospective study were approved 

by the institutional review board of Samsung Medical Center (SMC2020-

10-174). The study was conducted in accordance with the relevant 

guidelines and regulations. The requirement of written consent from the 

subjects was waived because the retrospective nature of the study, 
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secondary use of data that were collected primarily for clinical reasons, 

and data were appropriately de-identified. 

 

2. Patient selection and preoperative evaluation for microvascular 

decompression 

All the subjects involved in this study was treated MVD between August 

and October 2019 in Samsung Medical Center, Seoul, Korea. The patient 

whose spasm is severe and static despite of adequate non-surgical 

treatment was chosen for MVD candidate. MVD is not recommended for 

patients whose disease duration is relatively short and whose symptoms 

are not disabling. Moreover, an interval of over 6 months between the 

first interview and MVD is recommended. Lastly, MVD is performed 

when the patient is not under effect of Botox injection. 

The patient is proceeded to review of general physical condition for 

general anesthesia. Hearing function (pure tone audiometry), cranial and 

vascular morphology in posterior fossa (temporal bone computed 

tomographic imaging), cerebrovascular structure (3-D FIESTA or CISS 

sequence in magnetic resonance image) are evaluated. In addition, 

preoperative EMG to confirm the presence of LSR, nerve conduction 

velocity test, and nerve excitability test are routinely recorded in every 

patient. 

 

3. Anesthetic management 

Anesthetic management during MVD for HFS follows standardized 

anesthetic protocol. However, there are potential problems which may 

arise during the surgery in posterior fossa such as brainstem injury, 

cervical spine injury, or complication related to the patient’s positioning 

(impaired arterio-venous circulation, decubitus injury of the dependent 

position)112,113. Moreover, since IONM is essentially performed in this 
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surgery, it is necessary to control the depth of anesthesia more precisely 

and consistently. Anesthesiologist prepared rescue intubation in case of 

the risk of difficult intubation such as limited neck extension, loose tissue, 

and high Mallampati scores. Patients should fast for at least 8 hours 

before surgery. 

Anesthetic management was conducted in accordance with the standard 

institutional protocol. The induction of anesthesia began with 

intravenous bolus injection of sodium thiopental and opioid analgesic 

agents such as remifentanil or fentanyl. A neuromuscular transmission 

module (M-NMT Module, Datex-Ohmeda Inc., Helsinki, Finland) was 

used to establish the baseline twitch response at the ulnar nerve, then 

neuromuscular blocking agent such as rocuronium or vecuronium was 

injected. Anesthesia was maintained with a continuous infusion of 

intravenous propofol titrated at a dose range of 3-5.5 µg/mL and 

remifentanil at a dose range of 1-4 ng/mL; these were adjusted to 

maintain the arterial blood pressure within a 20% range of its 

preoperative value. For consistent neurophysiological monitoring, a 

bispectral index level of 40-60 and the response to train of four (TOF) 

stimulation of a 50% twitch height relative to the baseline, were sustained. 

 

4. Surgical procedure 

After the induction of general anesthesia, the patient was placed in a park-

bench position with appropriate padding at the pressure points, and the 

head was secured with a three-point head holder. The neck was flexed, 

and the shoulder was taped down to free the surgical field. A linear “lazy 

S-shaped” skin incision was made for standard retromastoid suboccipital 

craniotomy. Craniotomy was then performed to reach both the sigmoid 

and transverse sinuses. After a subsequent dural incision, cerebrospinal 

fluid was released from the lateral medullary cistern to gain access to the 
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space between the petrous bone and the cerebellum. Shredded TeflonTM 

felts (polytetrafluoroethylene, The Chemours Company, Wilmington, 

Delaware, USA) were inserted between the facial nerve and the 

respective culprit vessel. After inspection of whole segment of the facial 

nerve being free from compression by the culprit vessel, the dura was 

closed watertight, and the wound was sealed in layers. 

 

5. Intraoperative neurophysiologic monitoring protocol 

A. Preoperative facial nerve mapping 

Facial nerve is traced and marked on the day before surgery to 

stimulate the nerve accurately during the surgery. The reference 

anode (+) is placed on the point just anterior to the tragus. The 

temporal branch is then detected where the amplitude of facial nerve 

excitation is maximal by sweeping the skin with the cathode (−). 

During surgery, stimulating electrodes are inserted along the 

temporal branch at site that were identified with preoperative 

mapping. 

B. Intraoperative lateral spread response monitoring 

All surgeries are conducted under continuous LSR monitoring, from 

the time of anesthetic induction to the end of surgery using a 

commercially available IONM suite (Xltek Protektor 32 IOM; Natus 

Neurology, Ontario, Canada). All the settings for acquiring LSR 

images are identical for each IONM suite. The stimulating anode 

needle electrode is inserted intradermally at a point just anterior to 

the tragus. The stimulating cathode needle is inserted into the 

temporal branch at a site identified with preoperative mapping. The 

placement of the cathode was 3cm from the anode in the superior 

direction. 
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The recording needle electrodes for the oris are inserted above the 

upper vermilion border between the nasolabial sulcus and philtrum, 

while those of the mentalis are placed below the lower vermilion 

border just lateral to the mental protuberance. The recording 

electrodes for the frontalis are 4 cm above the eyebrow, and between 

the eyebrow and eyelid near the lateral palpebral commissure for the 

orbicularis oris (Figure 2). The distances from the stimulating 

electrode to each recording electrode are adjusted to be constant. 

Initial parameters of stimulation are as follows: intensity, 5.0−25.0 

mA; duration, 0.3 ms. The threshold value of stimulation intensity is 

set at the point that induces no further increase in the amplitude of 

LSR by increasing the intensity by 1.0−2.0 mA. LSR was monitored 

continuously during the procedure. 
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Figure 2. Locations of stimulating and recording electrodes. The stimulating 

anode (+, at the point just anterior to the tragus) and cathode (−, on the temporal 

branch of the facial nerve that was traced in preoperative mapping) needles 

were intradermally inserted. The location of the cathode tended to be situated 3 

cm from the anode in the superior direction. The recording electrodes for the 

oris (or, at the point above the upper vermilion border between the nasolabial 

sulcus and philtrum), mentalis (mm, at the point below the lower vermilion 

border just lateral to the mental protuberance), frontalis (fm, at the point 4 cm 

above the eyebrow), and orbicularis oculi (oc, at the point between eyebrow and 

eyelid near the lateral palpebral commissure) were inserted in the marked 

locations. We adjusted the distance from the stimulating electrode and kept each 

recording electrode constant. Yellow lines represent the typical ramifications of 

the facial nerve (t, temporal branch; z, zygomatic branch; b, buccal branch; m, 

mandibular branch; c, cervical branch). 
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C. Monitoring of brainstem auditory evoked potential 

Intraoperative monitoring of brainstem auditory evoked potential 

(BAEP) aims to preserve hearing function during surgery in the 

cerebellopontine angle such as MVD. BAEP represents the auditory 

pathway function from cochlea to brainstem using sound stimuli. 

Recording electrodes are placed on both mastoid processes and the 

vertex using surface disc electrodes according to the international 10-

20 system (Cz-Ai, vertex to ipsilateral mastoid process; Cz-Ac, 

vertex to contralateral mastoid process). The auditory stimulus is 

delivered through a tubal insert earphone with foam-type ear-tips: an 

intensity of 85 dB sound to the ipsilateral ear, 80 dB of a masking 

stimulus to the contralateral ear. We performed the test with 

stimulation rate of 43.9 Hz and average of 400 trials. 

 

6. Developmental environment 

All data preprocessing and deep neural network implementation, as well 

as data analysis were performed on Microsoft Windows-operating 

personal computer (Precision 5520 mobile workstation, Dell computer) 

which equips graphic processor unit (NVIDIA Quadro M1200 model). 

All codes were programmed and run on Python, version 3.6. 

 

7. Data collection for image dataset 

Author collected LSR data from adult subjects who had undergone MVD 

to treatment hemifacial spasm at Samsung Medical Center between 

August and October 2019. All data were obtained during surgery as a 

format of screenshot figure of the IONM Suite. Author obtained multiple 

images from each subject by taking screenshots every 3-5 minutes during 

the surgical procedure. 
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A total of 3674 images from 50 patients were collected for model training 

and validation. Author labeled 1869 images as “LSR-presence” and 1805 

as “LSR-absence”. Another 50 images (25 LSR-presence and 25 LSR-

absence) were prepared for model testing, which were collected from 25 

subjects whose data was never exposed to training and validation 

processes (Figure 3). To maintain consistency of data, anesthetic 

techniques, surgical procedures, perioperative patient care, and IONM 

were performed according to the institution’s standard protocol, which 

has been described in previous sections. 
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Figure 3. Dataset used in this study. A total of 3674 images from 50 patients were 

collected for model training and validation. Author labeled 1869 images as “LSR-

presence” and 1805 as “LSR-absence”. Another 50 images (25 LSR-presence and 

25 LSR-absence) were prepared for model testing, which were collected from 25 

subjects whose data was never exposed to training and validation processes. 
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8. Image preprocessing 

The goal of data preprocessing was to make each figure to contain all the 

important data, to exclude all unnecessary elements, and to be 

appropriate for input into the deep learning model. The data should be 

processed to highlight the key features of the LSR and to exclude features 

that may confuse the decision (Figure 4). The Original screenshot figure 

was 1920 × 1080 pixels (width × height) in size and had an RGB color 

profile. Author cropped a part of the figure ensuring to contain all four 

graphical waves from the facial muscles (frontalis, orbicularis oculi, 

orbicularis oris, and mentalis) from emergence to disappearance of the 

electrical response to the stimulation. 

Then the figure was transformed in several formats using current off-the-

shelf tools such as minimum filter which thickens and enhance the line 

art information. 
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Figure 4. Image preparation. The data should be processed to highlight the key 

features of the LSR and to exclude unnecessary features of the original image. 

The original image with an RGB color profile (A) is cropped and filtered to 

enhance line-art information (B), resized (C), transformed to grayscale or black-

and-white(D), or transformed to remove background grid (E). 
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9. Deep neural network implementation 

The neural networks were constructed in standard structures by 

combining several convolutional layers, average pooling layers, and 

dense layers. Author trained the neural network using an ADAM 

optimizer114 and binary cross-entropy as loss function, which performs 

as well as the current standard, off-the-shelf, open source software, and 

hardware. To improve performance, author trained the neural network 

using various patterns of hyper-parameter variable combinations, such as 

convolutional layer depth, the number of convolutional layer filters, 

dense layer size, batch size, optimizer learning rate, and regularizer 

settings for each layer, among others. Data augmentation115, early 

stopping116, and l2 regularization functions117 were also adopted to avoid 

overfitting. 

 

10. Evaluation of classification results 

The author prepared a completely new set of images to test the accuracy 

of the models: 25 with LSR presence and 25 with LSR absence from 

another 25 patients whose data had not been used at all in training or in 

validation. Therefore, the images in the test set had never been exposed 

to the neural network. 

Among the models built with combinations of hyper-parameter variables, 

those with the highest accuracy and area under the receiver operating 

characteristic curve (AUC) when classifying the test set were compared 

with the assessments of neurosurgeons and IOM technologists 

experienced in hemifacial spasm and microvascular decompression. To 

ensure that performance was compared between the neural network and 

human participants under the same conditions, the experts did not have 

access to the patients’ clinical data, such as demographic characteristics, 

the patient’s preoperative condition, or stage of surgical procedure at the 
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time of test image acquisition. The following metrics were used to 

evaluate the classification performance of the neural network and human 

professionals: (1) primary outcome of classification accuracy, calculated 

as the proportion of images in the test set that were labeled correctly; and 

(2) common metrics such as the sensitivity, specificity, positive 

predictive value, negative predictive value, and AUC. 

 

11. Heatmaps 

Gradient-weighted class activation maps (Grad-CAM++)118 and saliency 

maps that applied the SmoothGrad method119 were used to visualize the 

focus made by the neural network. This process was performed using the 

Python tf-keras-vis toolkit (https://github.com/keisen/tf-keras-vis). 

These methods use localization maps which visualize the spatial 

information of the network input in the convolutional layers and expand 

them to an input-sized saliency map. 

 

12. Packaging into a computer-assisted interpreting program 

The best performing neural network was packaged into a standalone 

application running on a 64-bit Windows system without Python 

installed. This process was performed using the Pyinstaller module 

(https://www.pyinstaller.org). 

 

13. Tentative application of the program into operative setting 

The packaged program was tentatively applied in real surgical 

environments. The surgeon and the IONM technologist were asked about 

the usefulness and weakness of the tool. The questionnaire was to be 

answered in a narrative form, and the author summarized the answers and 

analyzed them. 

 

https://github.com/keisen/tf-keras-vis
https://www.pyinstaller.org/
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14. Statistical analysis 

Predictive accuracy is expressed in terms of the mean and standard 

deviation. Differences between groups were analyzed using one-sample 

t-test. All p-values < 0.05 were considered statistically significant. All 

data analysis was conducted using GraphPad Prism version 6.01 for 

Windows (GraphPad Software, La Jolla, CA, USA). 

 

III. Results 

 

1. Image preprocessing: 

A. Cropping the region of interest from the original figure 

The original screenshot figure was 1920 × 1080 pixels (width × 

height) in size and had and RGB color profile. Author selected part 

of the figure as 720 × 720 pixels in size, ensuring that part contained 

all four graphical waves from the facial muscles (frontalis, 

orbicularis oculi, orbicularis oris, and mentalis), from emergence to 

disappearance of the electrical response to the stimulation. Each 

figure was cropped from the coordinate of (15, 200), and this method 

served the purpose. 

B. Choosing the optimal method for preprocessing 

Author simplified the color information and enhanced the line art 

information to meet the purpose of the image preparation. To 

simplify the color information, author converted the image to 

grayscale, and then converted again to black-and-white. Background 

grid was removed through this process. The minimum filter was used 

to enhance the line of the graphical image. Minimum filters were 

applied twice repeatedly using various filter sizes of 1, 3, 5, 7, and 9. 

These processes are described in codes of Figure 5. 
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Figure 5. Codes for the image preprocessing.  
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Author prepared 50 types of preprocessed images: 25 of grayscale, 25 of black 

and white (Figure 6). All 3674 images were preprocessed in 50 types, then were 

put into a standard-type deep neural network to classify the LSR. Then the 

accuracy of deep neural network classifying 50 test images were compared. The 

highest accuracy classifying LSR were 100% at the neural network trained with 

images of black-and-white color profile, background-grid removed, converted 

with minimum filter of size 7 and size 3 (Figure 7). 
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Figure 6. 50 candidates for preprocessed image. 25 of grayscale images (A) and 

25 of black and white color profile without background grid (B). 
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Figure 7. Preprocessed images. A protocol which achieved best accuracy in 

binary classification of LSR was chosen for image preprocessing. 
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2. Deep neural network implementation 

The author trained the neural networks by combing various variables to 

increase accuracy; depth of convolutional layer, 1, 2, 3, 4; number of 

convolutional layer filters, 32, 64, 128; dense layer 1, 2, 3, 4; validation 

split, 0.1, 0.2; epochs 10, 50, 100. The code for the training is described 

in Figure 8. The accuracy of the model in classifying 50 test images are 

tested (Figure 9). The neural network of best accuracy differentiated all 

50 test images correctly. The sensitivity, specificity, and positive and 

negative predictive values were calculated as 100.0%. The neural 

network with the best accuracy was constructed by combining the 

following hyper-parameter settings: depth of convolutional layers, 4; 

number of convolutional layer filter, 128; dense layer, 4; validation split, 

0.1; and epochs, 50. The batch size for fitting was 32, and the rate of 

dropout to prevent overfitting was wet to 0.2. Figure 10 shows the 

accuracy of the neural network over training epochs, visualized using the 

TensorBoard toolkit (https://www.tensorflow.org/tensorboard). 

  

https://www.tensorflow.org/tensorboard
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Figure 8. Codes for the model training.  
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Figure 9. Codes for testing accuracy of the models. 
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Figure 10. Accuracy and loss of the neural network over training epochs. (solid 
line, train set; dotted line, validation set) 
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3. The performance of the neural network 

The neural network classified the LSR images in the test set with an 

accuracy of 100%. The images were classified by the human participants 

under the same conditions as the neural network.  The performance of the 

neural network was compared with that of 16 human professionals 

(eleven neurosurgeons and five IONM technologists). All 11 board-

certified neurosurgeons were currently active in the field of functional 

neurosurgery and were trained in MVD surgery. Six of them had more 

than 3 years of experience in their functional neurosurgical field. All five 

IONM technologists performed neurophysiological monitoring in the 

operation room during the neurosurgical or orthopedic procedures. Four 

of them had more than 3 years of experience in neurophysiological 

monitoring. The proposed neural network obtained 100.0% accuracy, 

which was significantly higher (p = 0.001) than that of human 

professionals (average 82.8% ± 13.6%). When we categorized the human 

professionals according to their experience and specialty, the accuracy of 

the technologist group (94.0% ± 11.3%) was significantly higher (p = 

0.0200) than that of the neurosurgeon group (77.7% ± 11.7%). The 

performance of the neural network was equivalent to that of the 

technologist group (p = 0.3013), but better than that of the neurosurgeon 

group (p < 0.0001). A professional with more than 3 years of experience 

tended to be more accurate at classifying the LSR than a professional 

with less experience, but the difference in accuracy was not significant 

between the neural network and experience subgroups. In the binary 

classification of the 50 images of LSR presence or absence, the AUC of 

the neural network was 0.96 (Figure 11). 
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Figure 11. Receiver operating characteristic (ROC) curve. A professional with 

more than 3 years of experience tended to be more accurate than a less 

experienced professional in classifying lateral spread response, but the difference 

in accuracy was not statistically verifiable between the neural network and 

subgroups by experience due to the small number of subjects included. To 

classify 50 images as either having presence or absence of lateral spread response, 

the neural network’s AUC was 0.96. AUC, area under the receiver operating 

characteristic curve; IONM, intraoperative neurophysiologic monitoring. 
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4. The characteristics of the neural network in differentiating LSR 

The heatmap of the representative LSR images is shown in (Figure 12), 

where red indicates the focus of the neural network. Increased intensity 

was observed around the lowermost wave, representing the response of 

the mentalis muscle; this was identified as the key feature in 

differentiating LSR presence and absence. In the LSR presence images, 

hot uptake was apparent near the peak of the lowermost wave, whereas 

hot uptake in the LSR absence images was spread all over the lowermost 

wave. This finding illustrated why the neural network could classify the 

test images correctly. The heatmap images highlighted the same area as 

what humans read when interpreting the EMG graphs to classify the LSR. 

Among the two visualization techniques, the SmoothGrad images best 

displayed the region that our neural network might have utilized for its 

inference. 
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Figure 12. Heatmaps of the representative lateral spread response images. 

Increased intensity was observed around the lowermost wave, representing the 

response of the mentalis muscle in lateral spread response presence (A, B) and 

absence (C, D) images. The region was displayed better on SmoothGrad (B, D) 

images than on Grad-CAM+++ (A, C) images for our neural network. 
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5. Packaging into a standalone program 

The neural network was packaged into a standalone program that can run 

on Microsoft Windows-based computer. This program could be run even 

if python is not installed on the computer. It is designed to discriminate 

whether the graphical wave on the IONM software is LSR present or 

absent (Figure 13). 

While the IONM program is running on a computer, the packaged 

program processes the captured image into a form that can be put into the 

model when the IONM technologist click the button of the program. 

Then the deep neural network pop up the result of LSR presence or 

absence (Figure 14). 
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Figure 13. Code of the executable program classifying the lateral spread response. 
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Figure 14. The screenshot where the packaged program is running. The packaged 

program which has the green button returns the result of binary classification of 

lateral spread response (LSR_O, referring lateral spread response-presence). 
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6. Tentative application in clinical setting 

A deep neural network-based program was used tentatively during a total 

of 15 MVDs, and there were no obvious problems. There seemed no error 

in the program, and there also was no crash between author’s program 

and the IONM suite. There were no noticeable system slowdowns or 

related errors even after running the program for several hours. 

The author asked the operator and IONM technologists about the pros 

and cons of the program. In the case of the operator, the biggest 

advantage of the use of the program could be the simultaneous reports 

from the deep neural network as well as the IONM technologists. This 

advantage was further emphasized when the IONM technologist had was 

relatively inexperienced. There is still a lack of research or analysis on 

the reliability of the program, but as it showed accuracy similar to that of 

the technologist group as the author mentioned in the previous section, it 

has a potential to be an auxiliary tool for the MVD surgery. Operators 

reported that when the prediction of the deep neural network and the 

IONM technologists do not match, the judgement of the IONM 

technologists takes precedence. This is an area that should be improved 

gradually. The operators mentioned that it will be resolved only after the 

program’s performance and the reliability are improved. 

The IONM technologists expressed that the program was not only 

practically useful, but also emotionally helpful. However, there were rare 

cases where the prediction of the program did not match the prediction 

of the IONM technologists, and they assessed that the program should be 

improved to reduce these discrepancies. 

 

IV. DISCUSSION 
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The attempt of using computers to automatically analyze medical images 

emerged as early as the 1960’s. Several previous studies demonstrated the 

feasibility of applying computers to medical image analysis, but they did not 

attract much attention, probably because of limited access to high quality 

digitized image data and computational resources during that time. 

Systematic development of machine learning and analysis technique for 

medical images began in the 1980’s, with the goal of assisting radiologists in 

image interpretation by providing a second opinion through computer-aided 

diagnosis. The early development and use of a computer-assisted diagnostic 

system on mammogram was effective in improving the performance of breast 

radiologists’ detection of microcalcifications. Later, the commercial version 

of the system was approved by the Food and Drug Administration of United 

States for use in screening mammography in 1998. Since then, computer-

assisted image analysis has been a major area of research and development 

in medical imaging in the past few decades. Computer-assisted image 

analysis has been investigated for various applications including disease 

detection, characterization, staging, treatment response assessment, 

prognosis prediction, and risk assessment for various diseases and with 

various imaging modalities. 

Despite the increase in research on computer-assisted diagnosis, few systems 

are used in clinical environments. One of the major reasons may be that these 

tools, which were developed with conventional machine learning methods, 

have not reached a performance quality that can satisfy the physicians’ 

demands to improve both accuracy and efficiency. The systems are also 

easily forgone, especially when they need time-consuming preprocessing. 

With the success of developments in machine learning algorithms in the past 

several years, there are high expectations for the application of deep learning-

based system or artificial intelligence in the clinical environment. 
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There have been at least two challenges to medical image classifications, first 

of which is the extraction of effective features from a small medical image 

dataset. Medical image datasets are generally very small that researchers find 

it difficult to obtain sufficient information and discriminative features, thus, 

their actual application value is extremely limited. Data augmentation 

methods are commonly proposed to avoid small datasets leading to acquiring 

nonvalid features. Second, it is challenging to fuse different types of features. 

Combining the feature vectors into a larger feature vector usually requires 

several trial experiments to prepare the parameters, although it is still not easy 

to obtain a better outcome.  

In the current operational situation, IONM has a scope of necessary 

improvements. Continuous monitoring requires dedicated and experienced 

personnel since it cannot be carried out without specialized knowledge on 

electrophysiology. Monitoring is a labor-intensive task, which can be easily 

rendered inaccurate with fatigue and loss of concentration. Varied clinical 

information such as the patient’s individual clinical status, depth of 

anesthesia, and surgical situation must be considered. Lastly, no member of 

the surgical team is capable of gathering such information and interpreting 

the IONM finding during surgery.  

This study showed that deep learning algorithms for classifying the presence 

or absence of LSR can perform well. The network provided accuracy that 

was equivalent to or better than that of the human professionals for 

classification (figure 3). It could be used to provide clinical support during 

surgery when IOM findings are too unclear for concise classification by a 

human. Interestingly, the heatmap generated by the Grad-CAM++ and 

SmoothGrad algorithms highlighted the key region of interest within each 

image at a level similar to that of trained human professionals. 
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Our most important finding was that we built a neural network to classify a 

line chart. Most previous publications have used deep learning algorithms to 

categorize medical photos,98-101 radiographic images,102-106 pathologic 

specimens,107-109 or other microscopic features110,111 that often required labor-

intensive preprocessing before being input into the neural network. 

Conversely, our network could use acquired information screenshotted from 

the IOM suite immediately, without any time-consuming preprocessing of 

the data. Interpreting medical information via a line chart image, without the 

need for calculation, is more similar to what humans actually do, and the 

heatmap in figure 4 supports that assumption. The neural network focused 

only on the peak of the lowermost wave, which represented an abnormal 

latent response in the mentalis muscle in the LSR presence image (figure 4, 

A and B). Conversely, the neural network seemed to search for the peak on 

the whole lowermost wave of the LSR absence image (figure 4, C and D). 

Neural networks supporting IOMs can give prompt feedback to the surgical 

team during operations. Our algorithms can recognize the presence or 

absence of the LSR immediately after the EMG graph appears on the screen 

of the IOM suite. Thus, real-time feedback to the surgical team serves the 

purpose of the IOM itself. That is, surgeons can gain information both from 

the IOM technologist and our algorithm. Sometimes, mismatched 

information between interpreters and machine learning can prompt surgeons 

to reconsider the adequate localization for decompression of the target nerve. 

As shown in figure 3, the accuracy of interpretation by an inexperienced 

interpreter was inferior to machine learning. Therefore, if the surgical team 

is inexperienced, or if human error is possible due to fatigue, it would be 

preferable to use machine learning as an auxiliary device. 

The present study has some limitations. First, only 3600 images of 50 subjects 

from a single center were included in the training and validation sets. 
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However, the neural network showed good performance when tested using 

completely new data from 25 subjects. This could also be interpreted as an 

advantage; a neural network can be created using a small sample size of data 

at each individual institute. Secondly, the screen layout for IOM monitoring 

varies greatly depending on user choice or manufacturer design. To overcome 

this limitation, we have developed a standalone application that runs on a 64-

bit Windows-based system. The neural network should return the right 

answer as long as the captured position is adjusted to suit the screen layout 

of the equipment. The present study therefore overcame one major limitation 

of previous studies, namely that deep learning algorithms in prior clinical 

applications have rarely been applied outside the original study. Finally, 

essential clinical information which should be considered when reading an 

EMG was excluded from the present study. In further studies, we will add 

this information, such as time elapsed from the start of the operation and 

temporal changes from the initial image. This will ensure that the neural 

network has similar information compared with when a human makes a 

judgment.  

 

V. CONCLUSION 

 

A deep neural network with standard, off-the-shelf tools could classify the 

presence and absence of lateral spread response. The accuracy of the deep neural 

network was equivalent that of the monitoring technologists and higher than 

neurosurgeons. Auxiliary tools based on deep neural network may supply useful 

information to surgical team during operation. 
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ABSTRACT (IN KOREAN) 

반측성안면경련 환자에서 미세신경감압 수술 중 합성곱신경망을 

이용하여 편측전파반응을 분류하는 모델 구축 및 유용성 평가 

 

지도교수 장진우 

연세대학교 대학원 의학과 

김민수 

 

목적: 반측성안면경련은 병변측 얼굴 근육이 불규칙적이고 

불수의적으로 수축하는 신경계 질환이며, 미세신경감압술은 

약물치료에 효과가 없는 반측성안면경련 환자에서 시행되는 

표준수술이다. 측면전파반응은 근전도검사를 이용하여 검출하는 

근전도검사상의 이상소견인데, 반측성안면경련 환자에서 

특징적으로 나타나며, 진단에 사용할 수 있을 뿐 아니라, 

미세신경감압술 중 수술의 적정성 판단에도 이용한다. 하지만, 

측면전파반응을 수술 중에 실시간으로 검사하는 데에는 개선할 

부분이 있다. 수술중신경감시는 노동집약적인 특성을 띠고 

있으며, 검사 수행과 해석에 있어 다양한 부분에서 오차가 개입될 

여지가 있다. 따라서 미세신경감압술 중 수술중 측면전파반응 

감시를 판정하는 데 딥러닝 알고리즘을 적용할 수 있다면, 검사 
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수행의 효율성과 정확성을 향상시켜, 궁극적으로 수술 결과를 

개선할 수 있을 것이다. 

연구방법: 반측성안면경련의 미세신경감압술 중 획득한 총 

3674장의 측면전파반응 이미지를 딥러닝 모델의 학습과 검증에 

이용한다. 원본 이미지에서 불필요한 정보를 제거하고 필요한 

정보는 강조하며, 데이터의 양을 줄일 수 있도록 전처치한다. 

오픈소스의 표준 툴만을 사용하여 딥러닝 모델을 구축한다. 

모델의 학습과 검증에 사용되지 않은 환자로부터 얻은 이미지 

50장을 이용하여 모델의 정확도를 평가한다.훈련받은 신경외과 

의사와 수술중신경감시 테크니션들과 비교하여 모델의 정확도를 

평가한다. 가장 높은 정확도를 보인 모델을 수술중감시장치에 

설치하여 실행할 수 있는 프로그램으로 패키징한다. 프로그램을 

실제 수술 환경에서 시험적으로 사용해보고 이와 같은 형태의 

도구의 장단점에 대해 논한다. 

결과: 이미지의 전처치방법을 수립하였는데, 이 방법은 영상의 

크기를 줄이는 것, 선형 정보를 강조하는 것, 색 정보를 

단순화시키는 것 등의 과정을 포함한다. 구축한 딥러닝 모델은 

50장의 테스트 이미지를 100%의 정확도로 구분할 수 있었다. 

모델은 수술중신경감시 테크니션과 정확도의 차이가 없었으며 (p 

= 0.3013), 신경외과의사보다 정확도가 높았다 (p > 0.0001). 

모델은 사람이 이미지를 분류할 때 사용하는 것과 유사한 부분을 

읽어 이미지를 분류하였다. 임상환경에서 시험적으로 
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사용해보았을 때, 부가 장치로서 기능할 수 있을 것임을 

시사하였다. 

결론: 오픈소스의 표준 툴을 이용하여 구축한 딥러닝 모델은 

측면전파반응의 유무를 잘 구분했다. 딥러닝 모델의 정확도는 

사람 전문가와 비슷한 정도이거나 더 우월하였다. 딥러닝 모델을 

이용한 부가 장치는 수술 중 유용한 도구로 사용될 수 있을 

것이다. 

 

 

 

핵심되는 말: 반측성안면경련; 미세신경감압술; 측면전파반응; 

수술중신경감시; 기계학습; 합성곱신경망 
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