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Deep learning-based volition detection and 
action potential extraction for fully automated 

diagnosis of neuromuscular disease using 
needle electromyography signals  

Soomin Chung, Ilhan Yoo, Jinkyu Lee, Dongmin Kim, Kwangsoo Kim, Keewon Kim and 
Seung-Bo Lee 

Abstract— Objective: This study aimed to develop a deep learning-based volition-detection model to automate the diagnostic 
process and improve neuromuscular disease classification using needle electromyography (nEMG) signals. Methods: The 
model was developed using 376 nEMG signals from 57 subjects and independently evaluated on an external dataset of 751 
nEMG signals from 115 subjects at a single tertiary medical center. The proposed model directly processed raw nEMG signals 
to automatically extract volition signals (motor unit action potentials), eliminating the need for physician-dependent 
preprocessing. Results: The optimal segment length for volition detection was 0.060 s, and nEMGNet demonstrated the best 
overall performance. Model-extracted volition signals yielded higher segment-wise classification performance than raw nEMG 
signals, with area under the receiver operating characteristic curve (AUROC) values of 0.806 for myopathy, 0.819 for 
neuropathy, and 0.819 for normal cases, compared with 0.761, 0.728, and 0.733, respectively. At the patient-wise level, AUROC 
improved by 20.10% for myopathy, 23.15% for neuropathy, and 23.15% for normal cases compared with physician-detected 
volition data. Conclusion: The proposed volition-detection model significantly enhances neuromuscular disease classification 
performance while enabling a fully automated and less labor-intensive diagnostic workflow. 

Index Terms— Action potential extraction, Deep learning algorithm, Electromyography, Volition detection 

——————————   u   —————————— 

1 INTRODUCTION
LECTROMYOGRAPHY (EMG) is an electrophysiolog-
ical test that records electrical signals generated by 

skeletal muscles. Needle electromyography (nEMG) is an 
invasive form of EMG performed by inserting a needle 

electrode directly into the muscle. It is an important test for 
diagnosing neuromuscular diseases. Each nEMG signal 
represents the electrical activity generated during muscle 
contraction and is recorded in digital form. The signal am-
plitude reflects contraction strength, with larger ampli-
tudes indicating stronger contractions while smaller am-
plitudes indicating weaker activity. nEMG waveforms con-
sist of three components: volition signals, spontaneous ac-
tivity, and noise (Supplemental Figure 1). The signal ob-
served during voluntary muscle contraction is referred to 
as the volition signal or the motor unit action potential 
(MUAP). Neuromuscular diseases are broadly categorized 
into neuropathies and myopathies, and volition signals ex-
hibit characteristic patterns that aid in distinguishing be-
tween these conditions and normal muscle activity [1]. Ab-
normal spontaneous activity can support disease progres-
sion assessment but does not substantially contribute to 
differentiating neuropathy from myopathy [2]. Noises aris-
ing from patient movement, needle displacement, or envi-
ronmental factors have no diagnostic value and must be 
excluded. Consequently, accurate identification of volition 
signals is essential for neuromuscular disease classification. 
Neuropathies are typically characterized by large ampli-
tude, long duration MUAPs with reduced recruitment, 
whereas myopathies exhibit MUAPs with smaller ampli-
tudes, shorter durations, and early recruitment [1]. Normal 
MUAP durations range from 0.005 to 0.015 s, while myo-
pathic MUAPs are generally shorter and neuropathic 
MUAPs may extend up to 0.030 s [2]. Because clinical 
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symptoms alone often fail to distinguish between these 
disorders, precise identification of these MUAP features is 
critical for accurate diagnosis. However, MUAP interpre-
tation is challenging: waveform patterns are transient dur-
ing nEMG examinations, and their interpretation depends 
heavily on examiner experience, leading to variability in 
diagnostic outcomes.  

Recent studies have explored artificial-intelligence 
(AI)–based approaches for neuromuscular disease classifi-
cation using nEMG signals. Most prior work relied on con-
ventional machine learning methods with handcrafted fea-
ture extraction [3],[4],[5],[6],[7]. Although some studies 
employed deep learning models, they did not use raw sig-
nals as input. Instead, they typically transformed raw 
nEMG signals into image-based representations, such as 
mel-spectrograms, before classification [8],[9]. In contrast, 
directly using raw nEMG signals offers several advantages: 
streamlined preprocessing improves computational effi-
ciency; one-dimensional convolutions reduce complexity 
compared to two-dimensional operations; and direct sig-
nal processing avoids potential information loss from for-
mat conversion [10]. Moreover, learning directly from raw 
nEMG data preserves temporal continuity, enabling more 
effective modeling of intrinsic signal patterns and dynam-
ics.  

Yoo et al. [11] demonstrated successful neuromuscular 
disease classification using the signal format of nEMG in 
conjunction with a one-dimensional convolutional neural 
network. However, this approach required physician in-
volvement during the data preprocessing stage. Specifi-
cally, a certified electromyographer manually extracted 
MUAPs from raw nEMG recordings by removing non-in-
formative signal components. This procedure is not only 
labor-intensive and time-consuming but also introduces 
potential variability due to subjective examiner judgment.  

Building on this work, we proposed a deep learning-
based volition-detection model that automatically ex-
tracts MUAP components directly from raw nEMG sig-
nals. By eliminating the need for manual preprocessing, 
the proposed approach enables a fully automated end-to-
end pipeline encompassing volition detection and subse-
quent neuromuscular disease classification using raw 
nEMG data. 

2 METHODS  
2.1 Data and Study Design 
We used two datasets: a Development dataset derived 
from our previous study [11] and an External Validation 
dataset. The Development dataset consisted of 376 nEMG 
recordings from 57 subjects, with diagnostic labels for neu-
romuscular diseases—myopathy (M), neuropathy (N), and 
normal (NL)—assigned at the patient-wise level. Signals 
were acquired from both proximal and distal muscles, re-
flecting routine clinical practice in which electromyo-
graphers examine multiple muscle groups to establish 
comprehensive diagnostic patterns. The dataset also con-
tained annotations specifying the start and end points of 
volition and non-volition segments for each signal. The De-
velopment dataset was randomly split at the patient-wise 

level into two subsets: 80% for model development and 20% 
for testing. Within the development subset, five-fold cross-
validation was performed to optimize hyperparameters 
and select the final model. To assess the generalization per-
formance of the proposed volition-detection model, we 
constructed an External Validation dataset consisting of 
751 nEMG recordings from 115 subjects who underwent 
nEMG examinations at Seoul National University Hospital 
between August 2010 and November 2021 (Supplemental 
Figure 2). A certified electromyographer assigned diagnos-
tic labels—myopathy, neuropathy, or normal—to each sub-
ject based on clinical records.  

This study was approved by the institutional review 
board (No. 2008-055-1147) and conducted in accordance 
with the Declaration of Helsinki and its later amendments. 
Informed consent was waived due to the retrospective na-
ture of the study. Data supporting the findings of this study 
are available from the corresponding author upon reason-
able request. 

The proposed framework consists of two sequential 
stages: Stage 1 performs binary volition detection to iden-
tify volition segments containing MUAP activity from raw 
nEMG signals. Stage 2 applies three-class neuromuscular 
disease classification to the detected volition segments 
(Figure 1). Both Stage 1 and Stage 2 models were trained 
using the Development dataset, whereas the External Val-
idation dataset was used exclusively for independent test-
ing. The following sections describe the preprocessing, 
model architecture, and experimental setup for each stage. 

 

2.2 Preprocessing 
The number and length of nEMG signals vary across pa-
tients due to clinical factors such as disease severity and 
muscle selection. In addition, interpretive criteria differ 
among examiners when determining whether signals are 
normal or abnormal and whether abnormalities indicate 
neuropathy or myopathy. Variability in individual nEMG 
signal characteristics also influences the number of mus-
cles examined. Electromyographers select muscles based 
on patient history and suspected diagnosis: distal muscles 
are preferentially examined for neuropathies (e.g., first 
dorsal interosseous muscle in motor neuron disease), prox-
imal muscles for myopathies where pathological changes 
are more pronounced, and specific myotomes for radicu-
lopathies. When signal patterns are ambiguous, examiners 
may extend the examination to additional muscles for clar-
ification. Consequently, signal segmentation was required 
to standardize variable-length nEMG recordings for input 
into deep learning models. Different segmentation strate-
gies were applied for Stage 1 (volition detection) and Stage 
2 (disease classification).  

For volition detection, the optimal segment length was 
determined by evaluating model performance across seg-
ment durations ranging from 0.015 s to 0.080 s in incre-
ments of 0.005 s. This step size was chosen to balance fine-
grained performance analysis with computational feasibil-
ity. During training, a hop size of 0.01 s was used to enable 
fine-resolution data augmentation. During inference, non-
overlapping segmentation (hop size equal to segment 
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length) was applied to identify contiguous volition regions. 
Consecutively detected volition segments were then con-
catenated to reconstruct volition signals for subsequent 
disease classification. Segment labels were assigned based 
on whether they originated from volition or non-volition 
portions of the signal.  

For neuromuscular disease classification, a segment 
length of 0.4 s and a hop size of 0.1 s were selected based 
on our previous optimization study [11], which demon-
strated an optimal balance between capturing complete 
MUAP waveforms and preserving sufficient temporal res-
olution for classification. To reduce computational com-
plexity while maintaining essential signal morphology, 
nEMG signals were downsampled from 48 kHz to 10 kHz. 
Segment labels corresponded to the patient-wise diagnosis. 

Each patient had a single diagnostic label (myopathy, 
neuropathy, or normal), and all signals recorded from the 
same patient shared this label. Each signal contained mul-
tiple volition and non-volition parts. Segments inherited 
the patient-wise disease label and were additionally anno-
tated as volition or non-volition depending on the signal 
region from which they were extracted. 
 

2.3 Model 
For volition detection, we compared the performance of 
several convolutional neural network (CNN) architectures 
to determine the optimal model. All CNN architectures 
were adapted to use one-dimensional convolutions, ena-
bling direct processing of raw nEMG signals without re-
quiring time-frequency transformations or signal reshap-
ing. We evaluated representative models from the ResNet 

[12], DenseNet [13], and SqueezeNet [14] families, which 
are general-purpose architectures widely used in image 
classification, as well as nEMGNet [11], a model specifi-
cally designed for nEMG signal analysis. nEMGNet is a 
one-dimensional CNN designed for raw nEMG signal clas-
sification, inspired by VGGNet and ResNet architectures. 
The network consists of two main block types: (1) spatial 
reduction blocks that progressively downsample the input 
signal to capture hierarchical features and (2) residual 
blocks that incorporate skip connections to stabilize train-
ing and facilitate gradient flow (Supplemental Table I). The 
architecture processes the input signal through 12 convo-
lutional blocks with progressively increasing channel di-
mensions (64 to 1024), followed by five fully connected lay-
ers (FC-512 to FC-3) with ReLU activations and a final soft-
max layer for three-class classification (Supplemental Table 
II). The overall performance of the full model families is 
summarized in Supplemental Table III, and the best-per-
forming configuration from each family is presented in 
Figure 5.  
For neuromuscular disease classification, we employed 
our previously proposed ‘Divide-and-Vote’ algorithm [11], 
which was designed to handle the heterogeneous data 
structure of nEMG examinations, wherein each patient 
may have a different number of signals from various mus-
cle types with varying signal lengths. In this framework, 
the CNN-based feature extractor processes individual sig-
nal segments and produces segment-wise prediction 
scores for three classes (myopathy, neuropathy, and nor-
mal), referred to as the segment-wise result. Segment-wise 
prediction scores from segments belonging to the same 
muscle signal are then aggregated via soft voting to 

 
Fig. 1. Automated volition-detection-based pipeline for neuromuscular disease classification. Stage 1: volition detection and signal reconstruc-
tion using nEMGNet; Stage 2: hierarchical neuromuscular disease classification via the ‘Divide-and-Vote’ algorithm. Colored boxes in the 
prediction scores represent disease class probabilities (red: myopathy, green: neuropathy, blue: normal), with color intensity indicating proba-
bility magnitude. (M=Myopathy, N=Neuropathy, NL=Normal) 
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generate a muscle-wise prediction. Muscle-wise predic-
tions from all examined muscles of a single patient are sub-
sequently combined using soft voting and concatenation to 
construct a patient-specific feature representation. This 
representation is then passed to a logistic regression classi-
fier to produce the final patient-wise diagnostic label, re-
ferred to as the patient-wise result.  

2.4 Experiments Setup 
For neuromuscular disease classification experiments, the 
data were organized into three types according to the 
source of volition information: (1) Raw data, consisting of 
unprocessed nEMG signals that include both volition and 
non-volition regions; (2) Physician volition, comprising vo-
lition signals manually extracted by physicians; and (3) AI 
volition, consisting of volition signals automatically de-
tected by the proposed volition-detection model (Figure 2). 
Using these data types, we designed multiple experi-
mental configurations to address key research questions: (1) 
whether volition extraction improves neuromuscular dis-
ease classification performance, (2) whether AI volition 
outperforms raw signals, and (3) whether AI volition 
achieves performance comparable to Physician volition. 
Experimental setups were defined according to the combi-
nation of training and testing data types and are summa-
rized in Figure 2. The corresponding performance compar-
isons are presented in Results Sections 3.2, 3.4, and 3.5, re-
spectively. To ensure fair comparison across experimental 
setups, the same patient-wise level splits were used for 
training and testing in all experiments. 

Hyperparameters were optimized using grid search 
within a nested five-fold cross-validation, with search 
spaces detailed in Supplemental Table IV. All models were 
trained for up to 100 epochs, with early stopping applied 
to prevent overfitting. Training employed the Adam opti-
mizer [15] and cross-entropy loss. All hyperparameters 
were selected empirically, and all training was conducted 
on an NVIDIA RTX A6000 GPU.  

For the volition-detection model, a learning rate of 1e-4 

and a batch size of 32 were used. The optimal training 
epoch for each hyperparameter configuration was selected 
based on model sensitivity (TP/(TP+ FN)), defined as the 
proportion of true volition segments correctly identified. 
The final model was chosen based on the highest average 
sensitivity across the five validation folds. For the neuro-
muscular disease classification model, separate hyperpa-
rameter searches were performed for each experimental 
setup. Model accuracy was used as the criterion for select-
ing the optimal training epoch, and the final model for each 
setup was chosen based on the highest average accuracy 
across the five validation folds. The resulting hyperparam-
eter configurations are reported in Supplemental Table V. 
To mitigate class imbalance, class weights were applied in 
inverse proportion to the frequency of signal segments for 
each diagnostic category. 
 

2.5 Statistical Analysis 
Python 3.8.0 (Python Software Foundation, Wilmington, 
DE, USA) was used for signal preprocessing, model devel-
opment and validation, statistical testing, and visualiza-
tion. Model performance was evaluated using the area un-
der the receiver operating characteristic curve (AUROC), 
accuracy, sensitivity (recall), positive predictive value (PPV; 
precision), and F1 score. AUROC comparisons were per-
formed using the DeLong test. This test was applied to 
compare AUROCs across experimental setups, specifically 
between Raw-to-Raw and Physician-to-Raw, between 
Raw-to-Raw and Physician-to-Physician (Fig. 3), between 
Physician-to-Physician and AI-to-AI (Table III), and be-
tween Raw-to-Raw and AI-to-AI (Fig. 7). Signal quality 
metrics comparing Physician volition and AI volition (Sup-
plemental Table VI) were analyzed using the Wilcoxon 
signed-rank test because the data were non-normally dis-
tributed. A two-sided p-value < 0.05 was considered statis-
tically significant. Volition detection was formulated as a 
binary classification task and was evaluated using seg-
ment-wise classification results. Neuromuscular disease 
classification was treated as a three-class classification task. 
Performance metrics were computed using a one-versus-
rest strategy for each class and are reported at both the seg-
ment-wise and patient-wise levels. 

TABLE I 
SUMMARY OF NEEDLE ELECTROMYOGRAPHY DATASET 

 

 
Fig. 2. Data types and experimental setups with corresponding 
train/test configurations for neuromuscular disease classification. 
Both the nEMGNet and logistic regression classifier are trained and 
tested according to each configuration. (Raw data= the unprocessed 
signal that contains both the volition and non-volition parts, Physician 
volition= volition signal manually obtained from physicians, AI voli-
tion= volition signal obtained through the volition-detection model.) 
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3 RESULTS 
3.1 Data Characteristics 
Table I summarizes the characteristics of the Development 
and External Validation datasets. The mean signal length 
was 2.498 ± 0.969 s in the Development dataset and 4.117 ± 
1.363 s in the External Validation dataset. 

The number of 0.4 s segments used as input for neuro-
muscular disease classification differed across data types: 
4,295 segments for Raw data, 2,805 segments for Physician 
volition (manually extracted by certified electromyo-
graphers), and 1,981 segments for AI volition (automati-
cally extracted by the volition-detection model). A detailed 
breakdown of segment counts is provided in Table II. 
Quantitative comparison of signal quality metrics between 
Physician volition and AI volition segments revealed no 
significant differences in voltage, signal-to-noise ratio, or 
signal variability (Supplemental Table VI). These results 
support the reliability of AI-based volition detection. 

 
3.2 Neuromuscular disease classification 

performance comparison between Raw data 
and Physician volition data 

We compared three experimental setups—Raw to Raw (R-
to-R), Physician volition to Raw, and Physician volition to 
Physician volition (P-to-P)—to evaluate the impact of 

volition extraction on neuromuscular disease classification 
performance. 

In the R-to-R setup, segment-wise AUROCs were 0.761 
(95% confidence interval [CI], 0.734–0.789) for myopathy, 
0.728 (95% CI, 0.698–0.757) for neuropathy, and 0.733 (95% 
CI, 0.703–0.762) for normal. Physician volition to Raw test 
setup demonstrated higher performance than R-to-R, de-
spite both setups yielding results on the same raw test data. 
AUROCs were 0.802 (95% CI, 0.776–0.829) for myopathy, 
0.786 (95% CI, 0.758–0.813) for neuropathy, and 0.869 (95% 
CI, 0.840–0.897) for normal. Improvements for myopathy 
and neuropathy were statistically significant (p < 0.05). The 
P-to-P setup achieved the highest performance among all 
configurations, with AUROC of 0.820 (95% CI, 0.784–0.857) 
for myopathy, 0.869 (95% CI, 0.840–0.897) for neuropathy, 
and 0.888 (95% CI, 0.859–0.917) for normal. When compar-
ing R-to-R and P-to-P, statistically significant differences 
were noted across all three classes with p < 0.05 (Figure 3). 

 
3.3 Grid search for volition-detection model 

 

Fig. 3. ROC Curves for neuromuscular disease classification results for three different experimental setups. The three experimental setups 
are Raw to Raw: trained on raw data and tested on raw data (red); Physician volition to Raw: trained on physician volition and tested on raw 
data (yellow); and Physician volition to Physician volition: trained on physician volition and tested on physician volition (green). (a) ROC curve 
for myopathy class, (b) ROC curve for neuropathy class, and (c) ROC curve for normal class. The p-values were obtained using the DeLong 
test. (ROC=receiver operating characteristics, AUROC=area under the receiver operating characteristic curve). 

TABLE II 
NUMBER OF SEGMENTS BY DATA TYPE

 
(Raw data= the unprocessed signal that contains both the volition and 
non-volition parts, Physician volition= volition signal manually obtained 
from physicians, AI volition= volition signal obtained through the volition-
detection model.) 

 
Fig. 4. Five-fold validation average AUROC and PPV for volition classi-
fication based on different volition segment length. (AUROC= Area un-
der the receiver operating characteristic curve, PPV= positive predictive 
value) 
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Figures 4 and 5 show the results of the segment-wise bi-
nary classification, which determines whether an input 
segment is volition or non-volition. 

Figure 4 shows that the signal segment length of 0.060 
s achieved the highest performance in terms of both AU-
ROC and PPV. Five-fold validation results demonstrate a 
gradual improvement in classification performance as the 
segment length increases from 0.015 s to 0.060 s, reaching 
peak performance at 0.060 s (AUROC, 0.854; PPV, 0.858). 
Performance declined beyond this point, and thus 0.060 s 
was selected as the final input segment length. After pre-
processing, the dataset contained 74,622 volition segments 
and 40,318 non-volition segments. 

 
Figure 5 presents the five-fold validation performance of 

different model architectures using the optimal segment 
length of 0.060 s. For each model family, the best-perform-
ing configuration is reported. nEMGNet consistently out-
performed all other architectures across evaluation met-
rics. DenseNet-201 and ResNet-18 showed competitive 
performance, whereas SqueezeNet-1.0 achieved the lowest 
performance. Based on these results, nEMGNet was se-
lected as the final architecture for the volition-detection 
model. Full performance results for each model family are 
provided in Supplemental Table III. 

Figure 6 illustrates representative examples of classifica-
tion results from the final volition-detection model. Figure 
6a shows correctly identified volition segments, and Figure 
6b presents segments classified as non-volition. All 

examples were randomly selected from the Development 
test set. 
 
3.4 Comparison of neuromuscular disease 

classification performance between Raw data 
and AI volition 

Figure 7 compares neuromuscular disease classification 
performance between R-to-R and AI volition to AI volition 
(A-to-A) on both the Development test set and External 
Validation dataset. On the Development test set, neuro-
muscular disease classification using AI volition (A-to-A) 
outperformed R-to-R across all three classes (myopathy: 
AUROC 0.806, 95% CI 0.746–0.865 vs. 0.761, 95% CI 0.734–
0.789; neuropathy: AUROC 0.819, 95% CI 0.774–0.864 vs. 
0.728, 95% CI 0.698–0.757; normal: AUROC 0.819, 95% CI 
0.773–0.865 vs. 0.733, 95% CI 0.703–0.762). The improve-
ments for neuropathy (p < 0.001) and normal (p = 0.002) 
were statistically significant (Figure 7a–c). 

In the External Validation dataset, A-to-A also outper-
formed R-to-R for myopathy (AUROC 0.711, 95% CI 0.690–
0.732 vs. 0.693, 95% CI 0.679–0.707) and neuropathy (AU-
ROC 0.728, 95% CI 0.701–0.755 vs. 0.664, 95% CI 0.647–
0.681). However, for the normal class, R-to-R showed 
slightly better performance (AUROC 0.602, 95% CI 0.581–
0.623 vs. 0.644, 95% CI 0.633–0.656) (Figure 7d–f). 
 
3.5 Comparison of neuromuscular disease 

classification performance between Physician 
volition and AI volition 

Physician volition to Physician volition represents the results when us-
ing data obtained manually from electromyographer in the training and 
testing on the Development dataset, and AI volition to AI volition rep-
resent the results when using data obtained by the volition model in 
the training and testing on the Development dataset. The p-value was 
used to compare AUROCs between Physician volition to Physician 
volition and AI volition to AI volition. The p-values were obtained using 
the DeLong test. (ACC= Accuracy, AUROC= Area under the Receiver 

 
Fig. 5. 5-fold validation average sensitivity, AUROC, accuracy, and 
PPV for volition classification based on different model architectures. 
(AUROC= area under the receiver operating characteristic curve, 
PPV= positive predictive value) 

TABLE III 
SEGMENT-WISE AND PATIENT-WISE NEUROMUSCULAR DISEASE 

CLASSIFICATION RESULTS. 

 

 
Fig. 6. Volition signal detected by volition-detection model. (a) shows 
the plots of 0.060 s segments detected as volition, and (b) shows the 
plots of 0.060 s segments detected as non-volition. 
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Operating Characteristic curve, AI= artificial intelligence) 
 
Table III compares the neuromuscular disease classifica-
tion performance between P-to-P and A-to-A. In the seg-
ment-wise results, P-to-P generally achieved higher perfor-
mance than A-to-A across most evaluated metrics. How-
ever, statistically significant differences were observed 
only for the normal class. In contrast, A-to-A outperformed 
P-to-P across most metrics in the patient-wise results. 

To further investigate these differences, we examined 
the distribution of segment-wise prediction probabilities 
for each data type (Table IV). Within the Development test 
set, AI volition segments exhibited lower mean probabili-
ties and reduced variability compared to Physician volition 
segments. Specifically, the average segment-wise probabil-
ities for AI volition were 0.537 ± 0.285 for neuropathy, 0.682 
± 0.239 for myopathy, and 0.374 ± 0.133 for normal, 

whereas those for Physician volition were 0.542 ± 0.443 for 
neuropathy, 0.832 ± 0.304 for myopathy, and 0.573 ± 0.343 
for normal. Statistically significant differences were ob-
served for the myopathy and normal classes (p < 0.05). 
 
3.6 Early detection potential analysis 
To assess the early detection potential of the proposed 
model, we applied it to 12,576 previously excluded nEMG 
signals that did not show obvious typical findings in the 
External Validation dataset (Supplemental Figure 2). For 
each disease class, the top 50 signals with the highest soft-
max output probability of the predicted class were selected 
and compared with clinical re-examination results. Each 
selected signal contained an average of 6.41 segments. The 
concordance rates were 54% for myopathy, 24% for neu-
ropathy, and 98% for normal (Table V). Among the neurop-
athy predictions, 76% (38/50) were misclassified as normal 
rather than myopathy. 
 
 
 

 
Fig. 7. ROC curve of neuromuscular disease classification results on Development test set and External Validation dataset. Comparison of per-
formance between Raw to Raw: trained on raw data and tested on raw data (red); and AI volition to AI volition: trained on AI volition data and 
tested on AI volition data (yellow). (a)-(c): Results of myopathy class, neuropathy class, and normal class in Development test set, (d)~(f): Results 
of myopathy class, neuropathy class, and normal class in External Validation dataset. The p-values were obtained using the DeLong test. (ROC=re-
ceiver operating characteristics, AUROC=area under the receiver operating characteristic curve, AI= artificial intelligence) 

TABLE IV 
THE AVERAGE SEGMENT-WISE PROBABILITY VALUES ON THE DE-

VELOPMENT TEST SET 

Physician volition to Physician volition represents the results when using 
data obtained manually from an electromyographer in the training and 
testing on the Development dataset, and AI volition to AI volition repre-
sent the results when using data obtained by the volition model in the 
training and testing on the Development dataset. The p-values were cal-
culated using the Wilcoxon rank sum test. 

TABLE V 
EARLY DETECTION ANALYSIS RESULTS  
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4 DISCUSSION AND CONCLUSION 
In this study, we developed an efficient volition-detection 
model capable of extracting volition signals from raw 
nEMG recordings with high performance. 

Comparisons between R-to-R and P-to-P setups demon-
strated that training and testing on refined Physician voli-
tion data resulted in significantly better neuromuscular 
disease classification performance than using Raw data. 
Moreover, results from Physician volition to Raw and P-to-
P experiments indicated that even when using the same 
Physician volition data for training, testing on Physician 
volition data led to better performance compared to testing 
on Raw data (Figure 3). These findings confirm the critical 
role of volition signals in enhancing AI-based neuromus-
cular disease classification.  

Importantly, within the context of using volition signals, 
A-to-A outperformed P-to-P in patient-wise results, which 
directly determine the final diagnostic outcome (Table III). 
Whereas Physician volition data requires considerable 
time and effort, AI volition data enables a fully automated 
end-to-end diagnostic pipeline. This pipeline takes raw 
nEMG signals as input, extracts volition signals, and sub-
sequently performs neuromuscular disease classification 
without manual intervention. Collectively, these results in-
dicate that AI-derived volition signals can provide both 
improved diagnostic performance and increased opera-
tional efficiency. 

With respect to time efficiency, our quantitative analysis 
revealed a substantial potential reduction in processing 
time. Manual volition extraction by a certified electromyo-
grapher required an average of approximately 2 minutes 
per signal, whereas the proposed volition-detection model 
processed each signal in only 0.0003 seconds on average. 
Actual time savings in clinical practice may vary due to the 
complex nature of nEMG examinations, including patient 
instruction, environmental noise, and artifacts arising from 
needle insertion or involuntary movements [16]. Neverthe-
less, the proposed model may assist clinicians by facilitat-
ing more efficient identification of volition signals under 
such challenging conditions. Prospective clinical studies 
will be required to validate real-world time savings and 
clinical utility. 

Notably, despite Raw data containing approximately 1.5 
times more segments than Physician volition data in the 
Development dataset (Table II), classification performance 
using Raw data was inferior (Figure 7). This observation 
contrasts with the commonly held expectation that larger 
datasets inherently improve deep learning performance. 
Similarly, while there are 1.4 times more Physician volition 
segments in the Development dataset compared to AI vo-
lition segments, patient-wise neuromuscular disease clas-
sification using AI volition surpassed that using Physician 
volition (Table III). Together, these findings emphasize that 
data quality is critical for performance enhancement rather 
than sheer quantity, and highlight the importance of high-
quality volition signal extraction in neuromuscular disease 
classification [17],[18]. 

To identify an optimal configuration for volition detec-
tion, we evaluated performance across different segment 
lengths and model architectures. Grid search analysis 

indicated that the optimal segment length for volition de-
tection was 0.060 s (Figure 4). Given that MUAP durations 
range from 0.005-0.030 s across different neuromuscular 
disease types [2], a segment length of 0.060 s is sufficient to 
capture complete MUAP waveforms while limiting con-
tamination from adjacent non-volition regions. Therefore, 
0.060 s represents a reasonable and physiologically appro-
priate segment duration for volition detection. 

Among the evaluated architectures, SqueezeNet, alt-
hough efficient and effective for image-based tasks, exhib-
ited comparatively lower performance when applied to 
nEMG signals (Figure 5). DenseNet and ResNet share the 
common design principle of reusing features from earlier 
layers. However, they differ in their layer-to-layer connec-
tion methods and information-integration techniques, 
with DenseNet using dense connections and ResNet using 
residual connections. In the volition-detection task, models 
incorporating residual connections demonstrated slightly 
superior performance relative to those using dense connec-
tions (Figure 5). nEMGNet was inspired by the structures 
of ResNet and another high-performance model. It was 
fine-tuned through experimentation to optimize the num-
ber and order of blocks to effectively extract rich infor-
mation from nEMG signals. Its superior performance can 
therefore be attributed to its ability to leverage the 
strengths of the underlying model architectures, including 
ResNet, while being specifically tailored for nEMG signal 
processing (Figure 5). 

The proposed volition-detection model effectively iden-
tified volition signals across a wide range of amplitudes 
(Figure 6a) and remained robust to diverse non-volition 
patterns, including noise and spontaneous activity (Figure 
6b). Furthermore, neuromuscular disease classification us-
ing AI volition on the External Validation dataset outper-
formed that on Raw data, indicating that the model gener-
alized well to data with previously unseen distributions 
(Figure 7d–f). Notably, the two datasets differed substan-
tially in their curation methods and class distributions, re-
flecting key differences between controlled development 
environments and real-world clinical settings. The Devel-
opment dataset was curated by a single expert electromy-
ographer and exhibited relatively balanced class propor-
tions (myopathy : neuropathy : normal = 685 : 877 : 419 in 
AI volition segments), whereas the External Validation da-
taset comprised consecutive, unselected clinical recordings 
with diagnostic labels derived from clinical reports and a 
markedly skewed distribution (myopathy : neuropathy : 
normal = 830 : 464 : 1,569 in AI volition segments), in which 
the normal class constituted the majority (54.8%). Despite 
these case-mix differences, AI volition consistently outper-
formed Raw data on the External Validation dataset, 
demonstrating that the proposed framework retains clini-
cal utility even under the more demanding conditions of 
unselected clinical data. 

While P-to-P achieved higher performance at the seg-
ment-wise level, A-to-A demonstrated superior perfor-
mance at the patient-wise level (Table III). This observation 
may be explained by the mechanics of the Divide-and-Vote 
framework, which aggregates segment-wise predictions 
into signal-wise level and patient-wise level 
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representations and subsequently applies logistic regres-
sion to derive the final diagnosis. Examination of segment-
wise prediction probability distributions (Table IV) re-
vealed greater variability in Physician volition segments, 
including both excessively high probabilities and values 
near zero. This pattern suggests that Physician volition ex-
traction may have included noise that was not adequately 
filtered out, leading to unreliable segment-wise predic-
tions. Such severely misestimated segment probability val-
ues are likely to have influenced the training of the logistic 
regression model, resulting in reduced patient-wise perfor-
mance of P-to-P. Through this analysis, we confirmed that 
the volition-detection model was more stable and accurate 
than physician-based detection. These findings support 
the growing body of evidence that AI-assisted data prepro-
cessing can enhance robustness and downstream predic-
tive performance in biomedical signal analysis 
[19],[20],[21],[22]. 

The early detection analysis demonstrated the potential 
of the proposed model to identify subtle pathological 
changes in clinically ambiguous cases (Table V). The high 
concordance rate for normal cases (98%) and strong inter-
disease specificity indicates reliable model behavior in dis-
tinguishing non-pathological signals. Clinical review 
showed that normal signals misclassified as neuropathy 
predominantly contained large-amplitude artifacts that 
were not fully excluded during preprocessing. This oc-
curred due to challenges at both the volition detection and 
classification stages, where short signal segments contain-
ing artifacts could resemble clean volition signals, and the 
model was not explicitly trained to distinguish such noise 
patterns from neuropathic activity. The comparatively 
stronger performance in myopathy detection suggests that 
the model developed higher sensitivity to interference-pat-
tern characteristics, whereas neuropathy classification re-
lied more heavily on amplitude-related features. Collec-
tively, these findings highlight the model’s potential to de-
tect early pathological changes that may not be readily ap-
parent during routine clinical assessment—particularly for 
myopathy—while emphasizing the need for improved ar-
tifact detection to further enhance neuropathy classifica-
tion performance. 

This study has several limitations. First, the dataset was 
relatively limited. It was derived from a single institution 
and did not include the full spectrum of neuropathies and 
myopathies. The study population consisted only of pa-
tients who underwent nEMG examinations at the hospital, 
thereby excluding individuals with very mild conditions 
who were unlikely to seek medical attention as well as se-
verely ill patients who were unable to visit the hospital. In 
addition, rare neuromuscular diseases with very low prev-
alence were excluded, and the dataset primarily comprised 
patients with more common disease subtypes. The muscles 
examined were also restricted to those typically selected by 
clinicians for specific suspected conditions, which may not 
fully represent the diversity of neuromuscular presenta-
tions. Therefore, future studies should analyze more com-
prehensive datasets that include a broader range of pa-
tients across different disease severities and rare neuro-
muscular subtypes. Second, this study was limited by its 

retrospective design. Retrospective data collection may in-
troduce selection bias toward patients with more severe 
presentations or toward disease types commonly evalu-
ated at tertiary medical centers. Moreover, as a training 
hospital, the electromyographers conducting nEMG exam-
inations change annually, which may result in variability 
in data quality, examination protocols, data storage meth-
ods, and criteria for data retention. These factors may limit 
the generalizability of our findings to broader clinical pop-
ulations and practice settings. Accordingly, prospective 
studies are necessary to further validate the clinical utility 
of the proposed volition-detection model. Third, although 
our model demonstrated substantial computational effi-
ciency—processing each signal in approximately 0.0003 
seconds compared with an average of 2 minutes for man-
ual extraction by physicians—the actual time savings in 
clinical practice require prospective validation. Real-world 
nEMG examinations involve complex factors, including 
patient cooperation, examination difficulty, and environ-
mental conditions, which may influence overall examina-
tion time. Fourth, the early detection analysis highlighted 
areas for improvement, particularly in artifact detection 
and neuropathy classification accuracy. Enhancing the 
model’s ability to exclude large-amplitude artifacts is ex-
pected to significantly improve neuropathy classification 
performance. Future research that more closely aligns 
model design with clinical diagnostic reasoning may fur-
ther strengthen the system’s early detection capability. 

Despite these limitations, the proposed volition-detec-
tion model significantly improved neuromuscular disease 
classification performance. Unlike manual signal inspec-
tion and labeling by physicians, which is time-consuming 
and labor-intensive, the proposed approach enables a fully 
automated, end-to-end pipeline from raw nEMG signals to 
diagnostic classification, resulting in substantial time sav-
ings. These findings indicate that accurate automated voli-
tion extraction is an effective strategy for enhancing neuro-
muscular disease classification. With further validation 
and development, the proposed model has the potential to 
contribute meaningfully to AI-assisted EMG diagnostic 
systems in clinical practice. 
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