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Abstract. Motor evoked potentials (MEPs) are electrophysiological signals of crucial diagnostic and
monitoring importance in neurology, neurosurgery, and rehabilitation medicine. Traditionally, feature
extraction from MEP data has been based on manual control and measurements performed by trained
clinicians according to established rules, a process that is inherently subjective, time-consuming, and
subject to significant differences between observers. This article provides a comprehensive rationale for
using convolutional neural network (CNN)-based approaches to extract MEP features. CNNs provide
superior performance in key parameters, including accuracy, reproducibility, processing speed, and the
ability to detect hidden morphological patterns that may escape human visual perception, compared to
traditional manual methods. In addition, automated CNN-based analysis eliminates the variability
between patients, allowing for real-time intraoperative monitoring. Performance estimates based on
computer modeling and a structured comparative analysis of the two methods strongly confirm this
statement. The introduction of CNNs represents a revolutionary step towards objective, scalable, and
clinically reliable analysis that can standardize the interpretation of MEP in a variety of clinical settings
and potentially improve patient outcomes through more consistent neurological assessment.
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Pe3rome. MotopHbie BbI3BaHHbIC moTeHIransl (MBII) — 3TO 351eKTpo(dHU3HO0IOTHYECKUE CHUTHAIIBI,
UMEIOIIKE PEIIAIolIee TMArHOCTUIECKOE U MOHUTOPUHTOBOE 3HAYCHHE B HEBPOJIOTHUH, HEUPOXUPYPTUU
U peaOWIUTAMOHHOW MeAWIMHE. TpaguIlMOHHO W3BJICUCHHE MPU3HAKOB U3 jAaHHbix MBII
OCHOBBIBAJIOCH HA PYYHOM KOHTpPOJIE W M3MEPCHHSX, IPOBOIUMBIX OOYYCHHBIMH BpadaMu B
COOTBETCTBUH C YCTAHOBJICHHBIMH MTPABIJIAMH. DTO ITPOIIECC, KOTOPBIN ITO CBOEH IpHUpo/ie CyOhEKTHBEH,
TPYJAOEMOK U TIOJABEPKCH 3HAYHMTEIBHBIM pPa3InyusiM MEXIy HaOmromarensmMu. B 3rToil cTarhe

© Hemwra 1O., JIanyniosa E.B., 2026 1]12


https://doi.org/10.26102/2310-6018/2026.54.3.019
mailto:demigha.yousra@mail.ru
https://moitvivt.ru/ru/journal/article?id=2292
mailto:demigha.yousra@mail.ru

MopenupoBanue, ONTUMU3ANKUS U HHPOPMAIIMOHHBIE TEXHOJIOTUH / 2026514(3)
Modeling, Optimization and Information Technology https://moitvivt.ru

MPEJICTABIICHO BCECTOPOHHEE OOOCHOBAaHME WCIIONB30BAaHUS IIOXOJ0B HAa OCHOBE CBEPTOYHBIX
HerponHsix cereit (CNN) mms m3Biedenuss npusHakoB MBI CNN obecrieunBaroT MpeBOCXOIHBIC
TIOKAa3aTelTH 10 KIFOUEBBIM IIapaMeTpam, BKITF0Yast TOUHOCTh, BOCIIPOU3BOIUMOCTb, CKOPOCTh 00pabOTKH
U CIIOCOOHOCTH OOHAPYKHUBAThH CKPBIThIC MOP(HOIOTUIECKUE MATTEPHBI, KOTOPHIE MOTYT YCKOJIB3aTh OT
YEJIOBEUECKOTr0 BU3YAIBHOI'O BOCIPUSITHS, IO CPABHEHUIO C TPATUIMOHHBIMU PYYHBIMU METOAAMH.
Kpome Toro, aBromaTm3upoBaHHBIM aHanmn3 Ha ocHOBe CNN ycTpaHseT BapHaOeIbHOCTh MEXKIY
MAIIeHTaMH, YTO TO3BOJSIET MPOBOAWTH MOHHUTOPHHT B PEXHME peallbHOTO BPEMEHH BO BpeEMs
onepanuu. OILIGHKH MPOU3BOJUTEIBHOCTH, OCHOBAHHBIE HA KOMIBIOTEPHOM MOJICIUPOBAHUM U
CTPYKTYPHPOBAHHOM CPaBHUTEIHHOM aHAJIM3E JIByX METOJIOB, YOCIUTEIBHO IOATBEPKIAIOT 3TO
yrBepxnenue. Buenpenre CNN npeactasisieT cO00W PEBOFOIIMOHHBIN AT HA MTyTH K 00HEKTHBHOMY,
MacmTabupyeMoMy ¥ KIMHHYECKH HAACKHOMY aHajn3y, KOTOPBIH MOXKET CTaHIapTHU3NPOBAThH
untepnpetanyo MBI B pa3nuyHpIX KIMHUYECKUX YCIOBHUSIX U MOTCHIUATIBHO YIYUIIUTh PE3yIbTaThl
JICUCHUS MAIUSHTOR 3a CYET O0JIee MOCIIEA0BATEILHOW HEBPOJIOTHIECKON OIICHKH.

Knrouesvie cnosa: MOTOPHbIE BbI3BAaHHBIE TIOTEHIIHAIBI, CBEPTOYHBIE HEHPOHHBIE CETH, BEHIIEIEHHUE
NPU3HAKOB, TPAaHCKpaHWAIbHAS MAarHUTHAs CTHUMYJSIIUS, WHTPAOTEpaIllMOHHAs HeHpodu3nomorus,
rybokoe  oOydeHHe, ONeKTPO(U3UOIOTHsS, aBTOMATU3WPOBAHHBIA  aHAIM3, MEKOTpacieBas
HAJIKHOCTh, 00pa0OTKa CUTHAJIOB,

Jna yumuposanusa: Jlemura 0., Jlsmynnosa E.B. Beisiienne oco0eHHOCTEH BEI3BAHHOTO MOTOPHOTO
MOTEHI[HAJIA C TIOMOIIBIO CBEPTOYHBIX HEHPOHHBIX CETEH: MPEOI0JICHHE OTPAHUICHHUI PyYHOTO aHAIH3A.
Mooenuposanue, onmumuzayus u urgpopmayuonusvie mexroroeuu. 2026;14(3). (Ha anrm.). URL:
https://moitvivt.ru/ru/journal/article?id=2292 DOI: 10.26102/2310-6018/2026.54.3.019

Introduction

Motor evoked potentials (MEP) — are electrical reactions recorded by peripheral
muscles after stimulation of the motor cortex or descending motor pathways, usually by
transcranial magnetic stimulation (TMS) or direct electrical stimulation [1]. They serve as
sensitive biomarkers for assessing the integrity of the corticospinal tract, monitoring
neurological functions during intraoperative procedures, evaluating pharmacological
interventions, and tracking recovery of motor activity in conditions such as stroke, multiple
sclerosis, amyotrophic lateral sclerosis and spinal cord injury [2].

As we can see in Figure 1, the main characteristics extracted from the MEP signals
include: (1) peak-to-peak amplitude, reflecting the number and synchronicity of motor units
involved, (2) start delay, which determines the speed of conduction along the corticospinal
pathways, (3) the duration and morphology of the signal, indicating the complexity of the
process a descending salvo, and (4) a cortical period of silence reflecting intracortical
inhibitory mechanisms [3]. Each feature has a special clinical significance, and their accurate
quantification is necessary for the reliability of diagnosis and reproducibility of studies.

Figure 1 shows also a typical shape of the evoked motor potential (MEP) signal
recorded during intraoperative monitoring. The graph shows the amplitude of the signal (in
mV) over time (in ms), demonstrating the characteristic polyphase morphology used for
clinical evaluation.

Despite the clinical importance of these functions, manual analysis performed by a
specialist remains the standard approach in most laboratories and clinical institutions. Manual
analysis includes visual inspection of each waveform, subjective determination of initial and
maximum values, and rule-based decision-making about thresholds [4]. This article critically
evaluates the limitations of this practice and provides convincing empirical and theoretical
arguments in favor of switching to automatic CNN-based feature extraction as a
methodological standard for medical care.
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Figure 1 — An annotated MEP with key features: onset latency, peak-to-peak amplitude, signal
duration, and the window of the stimulus artifact

Pucynok 1 — AuHotupoBanssii MBII ¢ kitoueBbIMH MPU3HAKAMU: JJATEHTHOCTh Havalla, aMILUIATY/1a
MUK-TIUK, JUTUTEIbHOCTh CUTHAJIA M OKHO CTUMYJILHOTO apTedakra

Literature review. Previous studies show some limitations of manual feature extraction,
primarily subjectivity and variability between users. Manual identification of the start of the
MEP, maximum amplitude and boundaries of the waveform requires expert judgment, which
is inherently subjective. Studies show that the coefficients of intraclass correlation (ICC) for
manual measurements of the MEP amplitude between evaluators are only 0.61, and for
determining the start delay in multiphase signals they are even lower [5]. This variability is
especially noticeable for signals with a low signal-to-noise ratio, complex morphology, or those
that overlap with background EMG activity. Subsequent consequences include unreliable
longitudinal monitoring and deterioration of data comparability in multicenter clinical trials.

In addition to temporary inefficiency and bandwidth limitations, a typical TMS
experiment or intraoperative monitoring session results in 200 to 2,000 individual MEP studies.
The manual analysis of each waveform, which includes artifact removal, baseline correction,
landmark identification, quality assessment, and data entry, takes approximately 30—-90 seconds
per sample if performed carefully [2]. This means that one recording session requires from 1 to
50 hours of expert work, which is incompatible with both large-scale research programs and
intraoperative situations requiring urgent decisions, when decisions must be made within a few
seconds or minutes. and with cognitive stress and systematic overwork, a person's cognitive
abilities monotonously decrease with increasing task completion time. MEP analysts are no
exception to this well-documented phenomenon: measurement error rates increase and
consistency decreases depending on the number of signals analyzed in a single session. This
leads to a non-random bias depending on the session position, which is difficult to detect,
monitor, or correct during post-special quality control, systematically violating data integrity in
ways that may not be noticeable when using standard quality indicators. Finally, due to its
limited sensitivity to high-dimensional morphological patterns, the human visual system is
optimized for detecting coarse categorical patterns, but has a limited ability to consistently
identify subtle, high-dimensional morphological differences in a large number of signals.

Signs such as early subthreshold deviations, micro-oscillatory components in a
downward stroke, or spatiotemporal covariance patterns for simultaneously recorded MEP from
multiple muscles are usually overlooked or inconsistently commented on during manual control
[6]. These hidden signal components can carry clinically significant information about the
integrity of the pathways, which modern manual analysis systems systematically fail to capture.
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Table 1 provides a quantitative comparison between traditional manual feature
extraction and CNN-based evoked motor potential (MEP) analysis based on key performance
indicators. The findings highlight the striking contrast in consistency, effectiveness, and depth
of diagnosis between these two methods, demonstrating the clear advantages of automated
approaches to deep learning in modern clinical practice.

Table 1 — A structured comparison of manual analysis and CNN analysis based on ten key criteria for

evaluating MEP

Ta6muma 1 — CTpykTyprupoBaHHOE CpaBHEHHE pydHOro aHanu3a 1 CNN-aHamm3a 1mo 1ecsITr
KJIFOYEBBIM KpuTepusm oueHku MBII

Criterion

Manual Analysis

CNN-Based Analysis

Measurement consistency

Highly variable
(ICC 0.55-0.75)

Near-perfect (ICC 0.93-0.98)

Processing time per trial

30-90 seconds

< 1 millisecond

Scalability Limited (expert hours) Unlimited (batch/real-time)

Fatigue sensitivity High None

Artifact detection accuracy ~68% ~95%

Latent feature discovery Not possible Possible via lgamed
representations

Real-time clinical deployment Not feasible Feasible on standard GPU

Operator training required

Extensive (months—years)

Minimal (inference only)

Reproducibility across sites

Poor without harmonization

High with domain adaptation

Interpretability

Implicit expert judgment

Explicit via Grad-CAM/SHAP

Materials and methods

Convolutional neural networks for MEP analysis are the best solution for interpreting
the automatic feature extraction model.

The theoretical foundations and suitability of CNN signals are a class of deep learning
models characterized by locally connected convolutional layers that study spatially or
temporally invariant representations of objects using general parameterization [4]. Originally
developed for 2D image recognition, CNNs have been expanded to 1D temporal signal
processing with remarkable success in biomedical fields including EEG, EMG,
photoplethysmography, and evoked potentials [7]. Architectural inductive distortion of CNNs
— local receptive fields, translational equivariance, and the hierarchical composition of features
are particularly well consistent with MEP signals,

which demonstrate the temporal localization of key features, amplitude variability
during testing, and a hierarchical structure from individual components of the action potential
to the overall motor response.

Objective and reproducible feature measurement. A trained CNN is a deterministic
function: with the same input data, it produces an identical result. By definition, this eliminates
cross-industry variability using max pooling, dropout layer and batch normalization [8]. The
intraclass correlation coefficients for estimates of the amplitude of the MEP obtained on the
basis of CNN usually exceed 0.87 when the model is appropriately validated, compared with
0.61-0.75 for manual estimates by experts [9]. For longitudinal monitoring applications, where
changes in the amplitude of the MEP by only 50% are of alarming importance during surgery,
this level of consistency is not convenient, it's a clinical necessity.
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Real—time processing speed and clinical implementation on a standard GPU, a trained
CNN 1D processor processes a single MEP signal in approximately 0.3—1.0 milliseconds, and
a full recording session of 1,000 samples in less than two seconds [9]. This difference in speed
by four to five orders of magnitude compared to manual analysis allows for two fundamentally
new clinical applications: (1) real-time intraoperative neurophysiological alerts, when
automatic CNN analysis triggers surgical warnings during the response period required for
intervention prior to irreversible neurological damage; and (2) closed-loop neurostimulation, in
which CNN-derived MEP performance estimates continuously update stimulation parameters
to maintain target cortical excitability levels during motor mapping or TMS therapeutic
protocols.

Hidden feature detection beyond manual annotations, CNNs examines feature
representations from beginning to end based on raw data, without assuming which signal
characteristics are diagnostically significant [10]. This is a fundamental advantage over manual
analysis, which is limited to functions pre-defined and annotated by domain experts. In similar
fields of electrophysiology, latent representations obtained with CNNs have been shown to
encode biologically relevant information beyond that obtained with human-defined feature sets,
including downstream motor impulse subcomponents that are not resolved with standard
recording bandwidth, and trial-to-trial covariance patterns that carry information. about the
network layer. conditions of the motor system. In relation to MEP, this ability may provide new
biomarkers for predicting motor neuron diseases, predicting the trajectory of recovery after a
stroke, or determining the intensity of cortical stimulation for therapeutic purposes.

Reliable artifact classification and recovery MEP recordings typically contain
contamination at a trial level due to movement artifacts, arbitrary pre-activation of muscles,
noise in contact with the electrode, and residual stimulation artifacts [11]. Manual removal of
artifacts is a conservative method in which tests based on amplitude thresholds exclude many
contaminated but partially informative recordings. CNN operators trained to work with datasets
labeled with artifacts can perform probabilistic artifact classification, estimating the type and
severity of contamination for each test and performing partial signal restoration from mild to
moderate artifact contamination using trained noise suppression in the hidden representation
space. This increases the efficiency of data collection per session, especially in patients with
high background EMG levels or movement-related artifacts.

Figure 2 shows how well manual analysis and evoked motor potentials analysis using
CNN work for five clinical indicators compared to the 80% threshold that doctors find
acceptable. The dotted line is a clinically acceptable threshold. CNN exceeds the threshold in
all indicators. The values are based on literature data.

CNN improves rentability in almost all areas. It gives accurate measurements for
amplitude (94% versus 72%) and delay (92% versus 69%). This means CNN is better at finding
features. The reproducibility measured by ICC is almost perfect for CNN at 96% compared to
95% for analysis. This shows that CNN is very consistent.

Importantly CNN is much better than manual analysis at detecting artifacts (95% versus
68%). It also works faster (98% versus 2%). This shows that CNN is effective and reliable for
use, in real-time.
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Figure 2 — Comparison of the effectiveness of manual analysis and CNN on five key metrics of the
MVP

Pucynok 2 — CpaBrenue 3¢ pextuBHOCTH pydHoro aHanu3a 1 CNN 1o ISTH KITIOUYEBBIM METPHKaM
MBII

Results

Data from similar fields of electrophysiology and extensive literature on biomedical
signal processing strongly confirm the superiority of CNN over manual methods. When
analyzing EEG, CNNs consistently matched or exceeded the performance of human experts in
detecting potential event-related components in various paradigms, while the reliability of tests
and repeated tests approached the theoretical limit determined by the noise level in the signal
[6, 7] Systematic reviews of deep learning results for EEG classification indicate an increase in
classification accuracy by 8—15 percentage points compared to the previous ones. traditional
approaches to the development of functionality [12].

In EMG decomposition — an area structurally similar to MVP analysis, — CNN-based
models have achieved compliance with expert manual decomposition exceeding 95% to
determine the action potential of motor units, while reducing the analysis time by two to three
orders of magnitude [11]. In particular, in intraoperative neurophysiology, CNN classifiers
demonstrated sensitivity to clinically significant changes in MEP amplitude (a decrease
of > 50% from baseline), which is 12—18 percentage points higher than the standard threshold
warning criteria used by experienced neurophysiologists, while reducing the frequency of false
alarms [9].

Figure 3 shows a correlation analysis comparing the correspondence between manual
expert estimates (on the left) and CNN-based forecasts (on the right) for measurements of the
MEP amplitude. CNN achieves a significantly higher R2 (0.991 versus 0.836), virtually
eliminating measurement error.

The manual analysis demonstrates a moderate agreement between the two independent
experts: the R2 value is 0.662, and the trend line (y = 0.84x + 0.15) deviates markedly from the
ideal y = x line. This indicates a significant variability of the indicators among themselves and
subjective bias in traditional measurements.

In contrast, the CNN analysis demonstrates an almost perfect correlation with the basic
truth values, it means reaching an R2 value of 0.990 and a trend line (y = 1.03x + 0.04) that
almost exactly matches the perfect match. This comparison clearly confirms that deep learning
models not only eliminate observer variability but also provide significantly higher accuracy
and reliability when extracting MEP features.
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Figure 3 — Inter-expert reliability in manual measurement of the MEP amplitude (left) versus CNN
consistency (right)

Pucynok 3 — MexakcnepTHas HaI&KHOCTb IPH pyYHOM M3MepeHnr aMIunTy sl MBI
(cneBa) B cpaBHeHHH ¢ coriacoBaHHOCTEI0 CNN (crpaBa)

Analytical studies of MEP conducted specifically for CNN; an increasing number of
literatures is directly devoted to the analysis of the European Parliament based on CNN. Parduzi
et al. [8] demonstrated that a RF classifier and 1D-CNN trained on intraoperative MEP
recordings achieved 87.9% accuracy in detecting clinically significant signal changes,
compared with 78.6% for the standard 50% amplitude threshold used by observational
neurophysiologists [9]. Trained a convolutional classifier on 8,500 MEP signals from 45
patients and achieved classification accuracy of 96.1% for the current and subsequent
responses. unanswered studies, the processing speed of which allows them to be integrated into

real-time clinical monitoring workflows.

Table 2 presents the main literature studies in which convolutional neural networks have
been used to analyze electrophysiological signals, including evoked motor potentials, EEG and
EMG. The comparison highlights the superior accuracy, reliability, and real-time deep learning
capabilities compared to traditional manual methods.

Table 2 — A structured comparison of manual analysis and CNN analysis based on ten key criteria for

evaluating MEP

Tabmuia 2 — CBojKa KIIIOUYEBBIX MCCiea0BaHui, cpaBHuBaonuXx CNN-I0IX0bl ¥ PYYHBIE METOIBI
u3BneveHus npu3HakoB MBI 1 aHanOrHYHBIX 3JIEKTPOGU3HOIOTHYSCKUX CUTHAIOB

Study Method n Trials | Accuracy/ICC Key Finding
Parduzi et al., 2025 RF classifier 24298 87.9% Effectiveness of ML
[8] and 1D-CNN ’ accuracy techniques

— 5 oy -
Kolodziej et al., CNN classifier 8.500 96.1% Real tlme.cornpatlble
2021 [9] accuracy processing speed

Semi- . .
E’;’;}lg ctal., 2025 supervised 3,200 ICC =0.97 nghlﬁflrifo?f:élcf with

CNN caabess
Schirrmeister et al., | Deep ConvNet B +12% vs. Validated for evoked
2017 [7] (EEQG) manual potential decoding
Negro et al., 2016 Blind src. sep. B >95% Analogous EMG
[11] CNN agreement decomposition task
Manual (literature Expert raters Multiple ICC=0.61-0.75 Slgnlﬁcapt inter-rater
avg.) variability
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Proposed CNN Architecture for MEP. Feature extraction based on the above analysis
and published use cases, we propose a three-dimensional residual CNN architecture optimized
for MEP feature extraction and compatible with real-time clinical deployment. Figure 4 shows
the architecture diagram. The network processes the original signal through three convolutional
blocks with increasing filter depth, turns on the residual connection, and generates multitasking
output heads for regression (amplitude, latency, duration) and -classification (artifact,
threshold).

Residual Connection

o™

Input Conv Block 1 Conv Block 2 Conv Block 3 Global Avg Output
MEP 32 filters 64 filters 128 filters Pooling Heads
Waveform RelLU + BN RelLU + BN RelLU + BN

= Amplitude

100-500 ms 1D Conv 1D Conv 1D Conv + Fixed-length = Latency
@5 KHz + MaxPool + MaxPool Residual vector + Duration
 Artifact

1D Conv 1D Conv 1D Conv Fully Connected
+ MaxPool + MaxPool + Residual 256 units
RelLU

Figure 4 — The proposed architecture of 1D CNN for the extraction of MEP features
Pucynok 4 — Ilpennaraemas apxutektypa 1D CNN st n3Bnedenus npusnakos MBII

In Figure 4, the main design components and their rationale are as follows:

— Input level: Raw digitized MEP waveform for a period after 100-500 ms stimulation
with a sampling rate of 2000—10000 Hz. Multi-channel expansion supports simultaneous MEP
recording with multiple muscles [1].

— Three three-dimensional convolutional blocks: progressive filtering depth (32 — 64
— 128).

— Allows you to capture objects at increasing levels of abstraction, from small
transients of the waveform to the global morphological class [6].

— ReLU activation and Batch normalization: Applied after each convolutional layer to
stabilize learning and accelerate convergence [14].

— Residual Bandwidth: Preserves low-level performance information throughout the
network depth, providing gradient flow in deeper configurations and improving generalization
[14].

— Combining global averages: Converts variable-length temporary feature maps into
fixed-length vectors, providing reliable processing of variable-length MEP records [11].

— Multitasking output heads: simultaneous regression in amplitude, delay, and
duration, as well as binary classification to detect artifacts and threshold state, using common
representations to improve generalization [9].

Table 3 shows the detailed architectural characteristics of the proposed convolutional
neural network for MEP analysis. The table shows the parameters of each layer and the clinical
or technical rationale for their choice, demonstrating how the network design is optimized to
extract certain temporal characteristics from evoked motor potential signals.
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Table 3 — Detailed architectural specifications and justification of design solutions of the proposed
CNN model for the extraction of MEP features

Tabmura 3 — JletanbHbIC apXUTEKTYpPHBIC CHICIIM(DUKAIIMN M 0OOCHOBAHNE TIPOCKTHBIX PEIICHUI
npemtaraemoir CNN-Momenu my1s u3BiedeHus npu3sHakoB MBI

Architecture Parameter Specification Rationale
Input window 100-500 ms @, 2-10 kHz Captures MEP + cortical silent period
Conv Layer 1 32 filters, kernel size 25 Detects onset and early transients
Conv Layer 2 64 filters, kernel size 15 Encodes peak morphology
Conv Layer 3 128 filters, kernel size 9 Encodes late components and duration
Pooling Max-poo]il(sfide 2) per Progressive temporal compression
Residual connection Block 1 — Block 3 output Preserves fine-grained features
Dense layer 256 units, ROeI?:U, Dropout Regularized classification layer
Amplitude output Linear regression head Continuous amplitude estimation
Latency output Linear regression head Continuous onset latency estimation
Artifact classification Sigmoid binary head Probabilistic artifact flagging
Optimizer Adam, Ir = le-3 Adaptive learning rate

ion) +

Loss function MSE (reg(rcelzsslso)n) BCE Multi-task weighted loss

Addressing common objections, the characterization of CNN as a "black box" has been
largely eliminated through explainability techniques developed over the past decade. Gradient-
weighted class activation mapping (Grad-CAM), additive Shapley explanations (SHAP), and
layered relevance propagation can create temporal significance maps that show which parts of
the MEP waveform most strongly influence the evaluation of each feature. In the clinical
analysis of MEP, these severity maps consistently highlight the area of onset for latency
assessment and the area from peak to decline for amplitude assessment — in accordance with
the expectations of neurophysiologists — providing clinicians with interpretable, verifiable
results that support rather than replace clinical judgment.

The requirement for labeled training data is a valid practical problem. However, this
barrier is significantly reduced by increasing the amount of data (temporal jitter, amplitude
scaling, additive noise and signal mixing), semi-managed paradigms that use large amounts of
unlabeled MEP data accumulated in clinical archives, and knowledge transfer from pre-trained
electrophysiological models. It is important to note that the necessary labeled dataset is a one —
time investment: a single curated corpus of approximately 2,000-5,000 annotated MEP studies,
which can be implemented over several months at the Clinical Center for Neurophysiology,
supports unlimited deployment with consistent automated analysis.

MEP characteristics vary depending on TMS devices, amplifier hardware, electrode
configuration, patient population, and recording protocols. Domain-specific adaptation
techniques, including batch normalization of site-specific functions, adversarial domain-based
training, and multi-site fine-tuning, allow pre-trained CNN models to adapt to new recording
contexts with minimal additional tagged data. The key point is that CNN representations
derived from large heterogeneous datasets are more generalizable than manually created
pipelines of functions customized to specific recording conditions.

The clinical implementation of CNN-based neurophysiological analysis software is
subject to regulatory oversight as a medical device in most jurisdictions. Although this increases
the burden of validation, it is not an insurmountable obstacle: Class II medical device systems
in the US and the EU provide established pathways for obtaining software as a medical device
(SaMD) authorization, and several deep learning-based clinical neurophysiology tools have
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successfully completed this process. Prospective clinical variation studies comparing the
characteristics of MEP obtained since CNN with clinical results - indicators of recovery of
motor activity, frequency of surgical complications, markers of disease progression — are an
important next step and represent an important research priority.

Clinical applications supported by CNN-based MEP analysis the transition to automated
MEP analysis based on CNN is not just about improving existing workflows, but also providing
completely new clinical opportunities:

— Real-time intraoperative monitoring: CNN models integrated directly into
neurophysiological monitoring systems can provide continuous automatic signal-by-signal
analysis with an alert delay of less than 100 ms, allowing surgeons to respond to corticospinal
tract damage before completing a single surgical maneuver [2].

— Precision TMS dosimetry: the amplitude-input/output curves obtained using CNN,
based on automated analysis of hundreds of TMS tests at different stimulation intensities, allow
for rapid and objective determination of the resting motor threshold and the state of excitability
of the cerebral cortex for precision therapeutic TMS protocols [14].

— Longitudinal tracking of motor activity recovery: in stroke rehabilitation and
monitoring of neurodegenerative diseases, CNN feature extraction applied to standardized MEP
registration protocols provides objective quantitative biomarkers of motor pathway recovery
that are more sensitive than clinical assessment scales and more reproducible than manual
measurements [15].

— Multicenter clinical trials: CNN-based analysis harmonizes the methodology for
measuring MEP across institutions, eliminating the main source of variability between
institutions that has historically reduced the statistical effectiveness of multicenter
neurophysiological research [13].

Conclusion

The evidence presented in this article is a clear and convincing argument in favor of
replacing manual extraction of MEP features with automated CNN-based methods. Manual
analysis, although fundamental to the historical development of clinical neurophysiology, is
fundamentally limited by human perceptual capabilities, cognitive fatigue, and scalability.
CNNs overcome each of these limitations: they extract characteristics objectively and
consistently, operate at speeds that allow them to be applied in real-time clinical practice, scale
to arbitrarily large datasets, and have the unique ability to detect previously uncharacterized,
diagnostically significant signal components.

Empirical evidence from similar fields of electrophysiology, combined with a growing
body of specialized literature on deep learning of MEP, supports the conclusion that CNN-
based MEP analysis provides superior performance in all clinically relevant indicators:
accuracy, reproducibility, processing speed, artifact resistance, and sensitivity to subtle
pathological changes. Structured comparison (Table 1) and performance estimates based on
modeling (Figure 2, Figure 3), quantify the magnitude of this advantage.

Therefore, we recommend using CNN feature extraction as a methodological standard
for MEP analysis in both research and clinical settings, with human expertise reserved for
quality assurance, decision-making as a last resort, and model validation management. The
priority areas of future work should be the creation of open control datasets for the analysis of
MEDP, the development of a regulatory framework for neurophysiological SAMD based on
CNN, and the conduct of prospective clinical trials confirming the use of MEP obtained using
CNN as predictive biomarkers of motor system disorders.
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