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Abstract 

Ultrasound evaluation of the median nerve in carpal tunnel syndrome (CTS) is inherently operator-
dependent. Automating CTS severity grading from ultrasound using deep learning may improve 
objectivity, reproducibility, and scalability in clinical practice. Background/Objectives: To develop 
convolutional neural network (CNN) models for automated CTS severity classification using B-mode 
ultrasound and electrodiagnostic results as the reference standard, and to compare performance 
between ultrasound scans. Methods: Fifty participants with suspected CTS provided 94 wrists, each 
classified into four severity levels (normal, mild, moderate, severe) through standardized nerve 
conduction studies. Ultrasound videos in transverse and longitudinal planes were acquired under a 
uniform protocol. From 11,895 frames, expert quality control produced a dataset of 2,518 valid 
images. Two CNN classifiers (transverse and longitudinal) were trained on nerve-centred crops using 
a 75/25 training–validation split, Adam optimization, and categorical cross-entropy loss. Performance 
was assessed through accuracy, class-wise precision, and confusion matrices. Results: Both models 
showed stable convergence. The transverse classifier achieved 0.92 validation accuracy, with 
precision values of 0.88 (normal), 0.94 (mild), 0.93 (moderate), and 0.97 (severe). The longitudinal 
classifier achieved 0.94 accuracy, with precision values of 0.98 (normal), 0.94 (mild), 0.96 (moderate), 
and 0.85 (severe). Misclassifications occurred mainly between adjacent categories, and reduced 
performance for severe longitudinal cases reflected limited sample representation. Conclusions: 
CNN-based classifiers can automatically predict CTS severity from B-mode ultrasound with high 
agreement to electrodiagnostic labels. These operator-independent models may support 
standardized diagnostic pathways and ultrasound-based screening. Future work should expand and 
balance datasets, incorporate multi-center data, and conduct external validation. 

Keywords: carpal tunnel syndrome; ultrasound; deep learning; convolutional neural networks; 
severity classification; electrodiagnostic studies 
 

1. Introduction 

Carpal tunnel syndrome (CTS) is the most prevalent entrapment neuropathy and results from 
compression of the median nerve as it traverses the carpal tunnel [1]. Clinically, it manifests with 
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pain, numbness, and tingling in the hand, frequently impairing fine motor function and daily 
activities [2]. Beyond diagnosis, accurate assessment of CTS severity is clinically relevant, as it directly 
influences treatment decisions along the diagnostic–therapeutic pathway, particularly when 
weighing conservative management against surgical decompression. In current clinical practice, the 
diagnosis and grading of CTS severity primarily rely on nerve conduction studies (NCS), which 
remain the reference standard for quantifying neuropathic involvement [3]. Nevertheless, evidence 
comparing surgical and non-surgical treatments has shown variable results, and it remains unclear 
which patients derive the greatest benefit from operative intervention [4]. This variability suggests 
that stratification strategies based predominantly on clinical presentation and electrodiagnostic 
severity may be insufficient to fully capture the complexity of CTS. In particular, potentially relevant 
structural and morphological information, not reflected by NCS alone, may contribute to improved 
patient selection and more individualized treatment decision-making. 

Ultrasound (US) has emerged as a valuable complementary imaging modality for CTS because 
it enables real-time visualization of the median nerve and surrounding structures, is widely 
accessible, and is cost-effective compared with electrodiagnostic studies [5]. Median nerve cross-
sectional area (CSA) is the most widely validated sonographic parameter for the diagnosis of CTS [6]. 
However, although CSA provides a useful morphological indicator, it does not always capture the 
full spectrum of structural alterations relevant to CTS. Subtle changes in internal fascicular pattern, 
echotexture, or epineural definition may occur without a measurable increase in CSA, whereas 
variations in nerve size can also arise from non-pathological factors such as patient anthropometry 
or anatomical diversity. Consequently, reliance on gross morphological measurements alone may 
overlook clinically meaningful tissue changes and contributes to variability between examiners, 
complicating the establishment of robust and reproducible diagnostic pathways [7]. 

To address the limitations of qualitative interpretation, quantitative ultrasound (QUS) 
approaches have been proposed to characterize internal nerve architecture, echotexture, and border 
definition [8]. These techniques aim to reduce subjectivity and capture subtle structural alterations 
associated with oedema, fibrosis, or axonal degeneration. Yet, most available QUS methods either 
rely on manual segmentation or analyze only broad regional image statistics, without explicitly 
modelling the individual diagnostic features that clinicians routinely assess, such as internal tissue 
quality or clarity of the epineural border [9]. Consequently, despite their potential, existing QUS 
approaches have not fully resolved the challenge of objective, reproducible CTS evaluation. 

These shortcomings have driven increasing interest in computational methods capable of 
learning diagnostic patterns directly from ultrasound images, without relying on manual 
measurements or predefined feature sets. Artificial intelligence, particularly deep learning (DL) using 
convolutional neural networks (CNNs), has rapidly advanced the field of musculoskeletal ultrasound 
image analysis [10]. Early work in this area relied on multi-stage, feature-engineered systems for 
nerve identification [11]. The shift toward modern DL architectures, inspired by hierarchical feature 
learning in biological systems, has enabled automatic learning of complex sonographic patterns 
without handcrafted feature engineering [12]. Among these architectures, CNNs have demonstrated 
exceptional performance in visual recognition tasks and have been increasingly applied to peripheral 
nerve imaging [13]. 

Nevertheless, while DL offers a powerful framework to overcome the subjectivity and limited 
reproducibility of conventional and quantitative ultrasound analysis, its application to CTS remains 
incomplete. Most existing models focus narrowly on nerve localization or segmentation, or on binary 
diagnostic classification, and therefore do not address the clinically essential task of assigning 
severity grades [14]. This limitation is particularly relevant from an orthopedic and surgical 
perspective, as CTS severity plays a central role in guiding treatment strategies, including the choice 
between conservative management and surgical decompression. Therefore, there remains a clear 
need for fully automated, operator-independent systems capable not only of identifying and 
segmenting the median nerve, but also of classifying CTS severity using clinically interpretable 
categories that may better support treatment stratification. Accordingly, the present study aimed to 
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develop and validate convolutional neural network models capable of automatically classifying CTS 
severity from standard B-mode ultrasound images. Using electrodiagnostic testing as the reference 
standard and incorporating both transverse and longitudinal imaging planes, the proposed 
framework seeks to provide a reproducible, scalable, and clinically interpretable tool for automated 
CTS severity assessment with potential relevance for clinical decision-making. 

2. Materials and Methods 

2.1. Study Design 

A cross-sectional analytical study was conducted to develop and validate a machine-learning–
based approach for the automated diagnostic evaluation of the median nerve in the context of CTS 
using B-mode ultrasound imaging. The investigation focused on predicting neurophysiological 
diagnostic labels from ultrasound examinations obtained at the level of the carpal tunnel. Ultrasound 
acquisition and neurophysiological testing were performed during the same clinical visit, with nerve 
conduction studies conducted immediately after completion of the ultrasound examination, thereby 
minimizing potential temporal variability in median nerve status. All study procedures adhered to 
the principles of the Declaration of Helsinki and received approval from the local ethics committee 
(Comité de Ética de la Investigación Clínica de Aragón, PI23-437). 

2.2. Participants 

Patients with a clinical suspicion of CTS were consecutively referred to the Neurophysiology 
Service at Hospital Clínico Universitario Lozano Blesa (Zaragoza, Spain) for specialized evaluation. 
These individuals, previously assessed in primary care or specialty consultations, were considered 
for inclusion based on their referral for suspected CTS. Eligible participants were adults aged 18 years 
or older undergoing NCS for suspected CTS. Exclusion criteria included the inability to cooperate 
with ultrasound or neurophysiological testing, as well as comorbidities that could interfere with 
accurate diagnostic assessment. 

A total of 50 participants were included, contributing 94 wrists to the study dataset. The sample 
comprised 13 men (25 wrists) and 37 women (69 wrists), with a mean age of 55.9±13.8 years (range: 
20–90). All participants were right-hand dominant. Based on combined clinical and 
neurophysiological criteria [15], 30 wrists (31.9%) were classified as normal, 34 (36.2%) as mild CTS, 
13 (13.8%) as moderate CTS, and 17 (18.1%) as severe CTS. Demographic and clinical characteristics 
are shown in Table 1. 

Table 1. Demographic and clinical characteristics of the study sample. 

Variable Value  
Sample (n) 50 

Age (mean ± SD) (min–max) 55.9 ± 13.8 (20–90) 
Gender (male/female) 13 / 37 

Right-hand dominance 100% 
Wrists (n) 94 

NCS diagnosis 
• Normal 

• Mild CTS 
• Moderate CTS 

• Severe CTS 

 
30 (31.9%) 
34 (36.2%) 
13 (13.8%) 
17 (18.1%) 

Continuous variables are presented as mean ± standard deviation (min–max), and categorical variables as 
frequencies and percentages (n, %). SD: Standard deviation; NCS: Nerve conduction studies; CTS: Carpal tunnel 
syndrome. 
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2.3. Ultrasound Acquisition 

All ultrasound examinations were performed by an examiner with more than fifteen years of 
experience in musculoskeletal imaging, who was blinded to the clinical and neurophysiological 
findings. Scans were acquired using a VScan Air ultrasound system (General Electric, Chicago, IL, 
USA) with standardized software settings and fixed parameters for depth, gain, and focal zones to 
ensure consistency across patients. Ultrasound acquisition and electrodiagnostic testing were 
conducted during the same clinical visit, with nerve conduction studies performed immediately after 
completion of the ultrasound examination, minimizing potential temporal variability in median 
nerve status. 

Participants were seated with the forearm relaxed in supination and the wrist maintained in a 
neutral position to avoid artificial deformation of the median nerve. The transducer was placed 
perpendicular to the skin surface to minimize anisotropy, applying only its own weight without 
additional compression. For each wrist, transverse scans were obtained at the proximal carpal tunnel, 
specifically at the level where the lunate bone appeared most superficial (Figure 1A,C). Subsequently, 
longitudinal scans were acquired along the course of the median nerve at the proximal carpal tunnel, 
with the transducer aligned parallel to the nerve fibers to visualize its fibrillar architecture (Figure 
1B,D). 

 
Figure 1. Standardized transverse and longitudinal ultrasound acquisition of the median nerve at the carpal 
tunnel. (A) Transverse probe positioning; (B) Longitudinal probe positioning; (C) Representative transverse B-
mode ultrasound image obtained at the level where the lunate bone appears most superficial, illustrating the 
median nerve in short axis; (D) Representative longitudinal B-mode ultrasound image of the median nerve 
acquired at the proximal carpal tunnel, showing its fibrillar pattern in long axis. 

2.4. Ground Truth Definition 

All diagnostic labels used for training and validating the machine-learning model were derived 
exclusively from standardized electrodiagnostic testing. A blinded neurophysiologist performed 
NCS on all participants and classified each wrist into four CTS severity categories according to the 
internal diagnostic criteria of the Neurophysiology Service at Hospital Clínico Universitario Lozano 
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Blesa, which are based on the principles of the modified Canterbury scale [15]. This scale integrates 
distal motor latency, sensory nerve conduction velocity, and sensory amplitude to establish the 
degree of median nerve impairment. Wrists were classified as normal when all electrodiagnostic 
parameters fell within normal limits; as mild CTS when distal motor latency was below 4 ms and 
sensory conduction velocity was reduced while sensory amplitude remained preserved; as moderate 
CTS when distal motor latency ranged between 4 and 6.5 ms with reduced sensory conduction 
velocity and normal sensory amplitude; and as severe CTS when distal motor latency exceeded 6.5 
ms and both sensory conduction velocity and sensory amplitude were reduced. These 
electrodiagnostic categories constituted the ground truth for the supervised learning framework. 
Each wrist was assigned a single diagnostic label based on the NCS results, and these labels were 
directly paired with the corresponding ultrasound images. No subjective grading of ultrasound 
features was incorporated into the reference standard, ensuring full independence between the 
predictor (ultrasound images) and the outcome variable (neurophysiological diagnosis). 

2.5. Data Preprocessing 

2.5.1. Frame Extraction 

Ultrasound videos of the wrist were exported in anonymized high-resolution video format and 
processed using custom Python scripts based on the OpenCV library. Individual frames were 
extracted from each B-mode video at a sampling rate of five frames per second to maximize data 
diversity while maintaining computational efficiency. All frames were saved as high-quality .png 
images, preserving spatial resolution and gray-scale information. This procedure yielded a total of 
11,895 ultrasound images across transverse and longitudinal views of the median nerve. 

2.5.2. Annotation Workflow 

Following frame extraction, all ultrasound images were anonymized and reviewed by an 
experienced musculoskeletal sonographer to ensure that each frame provided a clear and clinically 
interpretable depiction of the median nerve at the level of the carpal tunnel. Frames with motion 
artefacts, suboptimal probe alignment, insufficient visualization of the nerve, or structures outside 
the diagnostic region were excluded to maintain dataset consistency. 

For every retained image, the corresponding electrodiagnostic classification (normal, mild, 
moderate, or severe CTS) was assigned as the reference label. These diagnostic labels, derived from 
nerve conduction studies, were linked to each image through structured metadata files, enabling a 
precise pairing between ultrasound frames and their ground truth categories. This curated 
annotation workflow ensured that the supervised learning model was trained exclusively on valid 
images accompanied by reliable electrodiagnostic outcomes. 

2.5.3. Dataset Composition 

After quality filtering and expert verification, the final diagnostic dataset comprised 2,518 
ultrasound images: 1,360 transverse and 1,158 longitudinal views of the median nerve. All images 
were converted to grayscale, resized to 256 × 256 pixels, expanded to a single-channel tensor format, 
and normalized to the [0, 1] intensity range. Each image was then paired with the corresponding 
electrodiagnostic label (normal, mild, moderate, or severe CTS) derived from nerve conduction 
studies, yielding a curated database of ultrasound–neurophysiology pairs. This dataset was 
randomly divided into training (75%) and validation (25%) subsets, maintaining the proportional 
representation of CTS severity grades and image orientations in both splits. 

2.6. Machine Learning Framework 

A deep-learning classification framework was developed to automatically determine CTS 
severity from B-mode ultrasound images. The objective of the system was to approximate the 
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ground-truth electrodiagnostic diagnosis (normal, mild, moderate, or severe CTS) by learning 
discriminative patterns in the morphology and echotexture of the median nerve. To maximize 
diagnostic specificity, the model was trained using cropped images centred on the median nerve, 
obtained through a segmentation-assisted preprocessing pipeline. No manual annotations or 
handcrafted measurements were required, enabling a fully automated and operator-independent 
diagnostic workflow. 

2.7. Model Architecture 

Two parallel convolutional neural networks were developed, one for transverse (transverse 
model) and one for longitudinal (longitudinal model) ultrasound images. Both networks shared the 
same general design principles (compact architectures, limited depth, and high dropout 
regularization) reflecting the reduced spatial complexity and homogeneous appearance of the 
cropped nerve-focused images. 

2.7.1. Transverse Model Architecture 

The transverse model began with a sequence of convolutional layers (16–64 filters, 3×3 kernel, 
ReLU activation, he_normal initialization), each followed by batch normalization and max-pooling, 
progressively encoding spatial relationships within the nerve cross-section. The feature extractor was 
followed by a dense classification block comprising layers of 256, 72, and 16 neurons, each regularized 
with dropout (0.6) to control overfitting. The output layer consisted of four neurons with softmax 
activation, corresponding to the four CTS diagnostic categories. 

2.7.2. Longitudinal Model Architecture 

The longitudinal model employed a lighter feature extractor due to the lower structural 
complexity of sagittal nerve representations. The network consisted of convolutional blocks with 16 
and 32 filters (3×3 kernel, ReLU activation) followed by max-pooling. The dense block included a 256-
neuron layer with dropout (0.6), directly connected to a four-neuron softmax output layer. This 
streamlined architecture reduced the number of trainable parameters and improved generalization 
on the longitudinal dataset. 

2.8. Training Configuration 

All cropped nerve images were normalized to the [0–1] intensity range and used as input for 
both diagnostic networks. The dataset was split into 75% for training and 25% for validation, ensuring 
balanced representation of all four CTS severity categories across both orientations. To improve 
generalization while preserving anatomical fidelity, a conservative augmentation protocol was 
applied, consisting of small rotations and horizontal flips only. Model training was performed using 
the Adam optimizer and categorical cross-entropy loss. Batch sizes were adjusted to the 
characteristics of each dataset (30 for the transverse model and 20 for the longitudinal model). The 
networks were trained for 500 epochs (transverse) and 400 epochs (longitudinal), with dropout 
serving as the primary regularization mechanism to mitigate overfitting. All experiments were 
implemented in TensorFlow/Keras and executed on GPU-accelerated environments. This training 
configuration yielded efficient and discriminative classifiers capable of capturing subtle 
morphological and textural changes associated with progressive CTS severity. 

2.9. Evaluation Metrics 

Model performance was assessed using standard metrics for multiclass classification, including 
overall accuracy, categorical cross-entropy loss, and class-wise precision. Accuracy quantified the 
proportion of correctly classified images across the four diagnostic categories (normal, mild, 
moderate, and severe CTS), while the loss function reflected the discrepancy between predicted class 
probabilities and the ground-truth electrodiagnostic labels. Confusion matrices were generated for 
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each network using the validation dataset to characterize class-specific behavior by detailing true 
positives, false positives, and false negatives. This analysis enabled identification of classes prone to 
misclassification, particularly among adjacent severity levels. Softmax outputs were treated as 
probability distributions across the four classes, with the highest-probability label assigned as the 
model prediction. Accuracy and loss curves across epochs were visually inspected to evaluate 
convergence stability and detect early signs of overfitting. 

2.10. Statistical Analysis 

All statistical procedures were performed in Python (version 3.9) using TensorFlow/Keras and 
standard scientific computing libraries. Model performance was summarized descriptively using 
accuracy, categorical cross-entropy loss, and class-wise precision values obtained from the validation 
dataset. Confusion matrices were computed to quantify class-specific prediction behavior and to 
evaluate the distribution of errors across CTS severity categories. Training and validation curves were 
visually reviewed to confirm stable learning dynamics, appropriate convergence, and absence of 
harmful overfitting. Given the methodological nature of the study, focused on model development 
rather than group comparison, no inferential statistical testing was conducted. Results were 
interpreted in terms of classification consistency, error patterns, and the ability of each model to 
discriminate among clinically relevant severity levels of CTS. 

3. Results 

Both diagnostic models (transverse and longitudinal) demonstrated stable convergence during 
training and achieved high classification performance across the four CTS severity categories 
(normal, mild, moderate, severe). As illustrated in Figures 2 and 3, training and validation loss curves 
showed the expected downward trend, with no abrupt divergence between sets, indicating 
appropriate learning dynamics. Mild signs of overfitting appeared in the later epochs, reflected in a 
slight divergence between training and validation accuracy; however, these effects did not 
compromise overall generalization, as confirmed by the confusion matrices (Figure 4). 

 

Figure 2. Training and validation loss and accuracy curves of the transverse model. 

3.1. Longitudinal Diagnostic Model 

The longitudinal classifier showed a similar training profile (Figure 3). Validation loss stabilized 
around epoch 150, while training loss continued to decrease slightly thereafter. As observed in the 
transverse model, validation accuracy plateaued at approximately 90% with characteristic 
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fluctuations attributable to the smaller sample size and the intrinsic difficulty of distinguishing subtle 
differences in nerve morphology in the longitudinal plane. 

The optimal longitudinal model achieved an overall validation accuracy of 0.94, with class-
specific precision values of 0.98 for normal, 0.94 for mild, 0.96 for moderate, and 0.85 for severe, 
yielding a mean precision of 0.93 (Table 2). The lower precision for severe CTS reflects the limited 
representation of high-grade pathology, while the difficulty distinguishing mild from normal cases 
aligns with their subtle sonographic differences. The model nonetheless reproduced the expected 
clinical gradient of severity. The confusion matrix is provided in Figure 4. 

 

Figure 3. Training and validation loss and accuracy curves of the longitudinal model. 

 
Figure 4. Confusion matrices for CTS severity classification in (A) traverse and (B) longitudinal models. 
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3.2. Overall Performance and Interpretability 

Across both imaging orientations, the models achieved high accuracy and demonstrated the 
ability to differentiate clinically relevant severity levels of CTS. As expected, misclassifications were 
more frequent between adjacent categories (normal–mild and moderate–severe), whereas cross-
spectrum confusion (normal vs. severe) was extremely rare. The models showed strong coherence 
with electrodiagnostic classification, supporting their potential role as automated, operator-
independent tools for CTS severity assessment using standard B-mode ultrasound. Performance 
metrics summarizing both models are presented in Table 2. 

Table 2. Performance metrics for the transverse and longitudinal diagnostic models. 

Metric 
Value 

(transverse) 
Value 

(longitudinal) 
Overall accuracy 0.92 0.94 
Mean class precision 0.93 0.93 
Precision – Normal (0) 0.88 0.98 
Precision – Mild (1) 0.94 0.94 
Precision – Moderate (2) 0.93 0.96 
Precision – Severe (3) 0.97 0.85 

* Values correspond to the validation dataset. Precision is reported as class-wise true positive proportion. 

4. Discussion 

This study provides new evidence supporting the application of deep learning to the automated 
severity assessment of carpal tunnel syndrome using B-mode ultrasound imaging. The proposed 
multiclass convolutional neural networks, developed separately for transverse and longitudinal 
views, demonstrated strong classification performance, achieving overall accuracies of 0.92 and 0.94, 
respectively. These results highlight the capacity of modern neural architectures to detect and 
interpret subtle variations in median nerve morphology, echotexture, and cross-sectional 
configuration, hallmarks of CTS severity, within the inherent variability of musculoskeletal 
ultrasound. 

Artificial intelligence is increasingly used across orthopedics, neurology, and musculoskeletal 
medicine, especially for diagnostic tasks involving medical imaging [16]. Prior literature has largely 
focused on applications such as fracture detection, implant identification, and anatomical 
segmentation, where machine learning approaches have shown considerable promise in improving 
diagnostic accuracy, efficiency, and workflow reproducibility across a wide range of medical imaging 
modalities, including Magnetic Resonance Imaging Computed Tomography, radiographs, and 
ultrasound [17,18]. However, within the context of peripheral nerve disorders, artificial intelligence 
models remain scarce, particularly those applied to ultrasound imaging, where operator dependency 
and subtle morphological variability pose additional challenges. Early computer-aided approaches 
for nerve identification relied on multi-stage pipelines that required extensive preprocessing, 
handcrafted feature extraction, and manual feature selection, limiting their practicality as end-to-end 
diagnostic systems [19]. In contrast, modern deep learning techniques, particularly CNNs, which 
automatically learn hierarchical image features, have transformed biomedical image analysis and 
become foundational tools for radiological interpretation [20,21]. CNN-based models have already 
demonstrated strong performance in identifying neural and vascular structures across several 
anatomical regions [22,23]. 

Within carpal tunnel syndrome specifically, a recent systematic review and meta-analysis 
summarized the performance of deep learning algorithms for automatic localization and 
segmentation of the median nerve at the carpal tunnel level, reporting acceptable precision, recall, 
and Dice coefficients for nerve identification on ultrasound [14]. However, the scope of these studies 
has largely been restricted to nerve-centric tasks, such as localization, segmentation, or the extraction 
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of geometric descriptors, and has not addressed the clinically critical challenge of CTS severity 
grading aligned with electrodiagnostic standards. Previous deep learning approaches have primarily 
focused on delineating the nerve and quantifying features such as cross-sectional area, circularity, or 
motion-related displacement, without directly translating these representations into clinically 
interpretable severity categories [24,25]. 

In this context, the present work expands the existing literature by moving beyond localization 
and segmentation to evaluate whether convolutional neural networks can assign CTS severity grades 
(normal, mild, moderate, severe) directly from raw B-mode ultrasound images, without manual 
feature engineering. Across the included studies in prior literature, sample sizes ranged from 6 to 103 
participants and image acquisition relied predominantly on high-end ultrasound systems (e.g., 
ACUSON S2000, MyLab Class C, Philips iE33, Aplio 500), introducing substantial technical 
heterogeneity and limiting insight into real-world applicability. By contrast, the present study 
contributes a cohort of 50 participants and 94 wrists, positioning it among the larger datasets used to 
date for deep-learning research in CTS ultrasound. Although the distribution of electrodiagnostic 
categories was not fully balanced, the dataset captures the full clinical spectrum of CTS severity, 
which is essential for developing and evaluating a multiclass classification framework. Notably, the 
overall accuracies achieved by our transverse and longitudinal models (0.92 and 0.94, respectively) 
are comparable in magnitude to the pooled accuracy reported for localization and segmentation tasks 
in previous work [14], despite the greater complexity inherent to multiclass severity grading relative 
to purely geometric or binary endpoints. Furthermore, all ultrasound examinations were acquired 
using a handheld, wireless ultrasound device, rather than laboratory-grade systems. This design 
choice enhances the translational relevance of the proposed approach, supporting the feasibility of 
automated CTS severity assessment in portable, scalable, and resource-constrained clinical settings 
such as primary care, occupational health, and outpatient orthopaedic practice. To our knowledge, 
this is the first study to validate deep-learning models for CTS severity assessment using images 
exclusively obtained from a handheld ultrasound system. 

From a technical perspective, prior deep-learning research in CTS ultrasound has focused almost 
entirely on nerve-centric tasks rather than diagnostic classification. The reviewed models 
encompassed U-Net, DeepNerve, Mask R-CNN, DeepSL, ResNet-based architectures, and feature 
pyramid networks, among others, and were primarily designed for tasks of localization, 
segmentation, or tracking of the median nerve during motion [24,26–29]. Pooled estimates from this 
meta-analysis showed high performance for nerve-centric tasks, with precision and recall around 
0.92–0.94, accuracy near 0.92, and a summarized Dice coefficient of approximately 0.90 [14]. These 
results underscore the technical maturity of segmentation models for identifying the nerve on 
ultrasound images. Our study aligns with this line of work in that it also relies on nerve-centered 
inputs (obtained through a segmentation-assisted preprocessing pipeline) yet it diverges from the 
prevailing literature in the specific task being addressed. Whereas most published models focus on 
structural delineation or tracking, the present work evaluates whether CNNs can leverage those 
nerve-focused representations to perform multiclass diagnostic classification aligned with 
electrodiagnostic severity grades. 

From a clinical perspective, the automated assessment of CTS severity presented in this study 
may offer relevant advantages in real-world decision-making. In daily orthopedic and hand surgery 
practice, severity grading is frequently used to support treatment selection and to contextualize 
clinical findings, particularly when determining the appropriateness and timing of surgical 
decompression. Surveys among hand surgeons have demonstrated substantial variability in both the 
use of non-surgical treatments and the reliance on diagnostic testing, with severity grading 
commonly cited as a key justification for ordering electrodiagnostic studies prior to or during surgical 
decision-making [30]. In this context, an automated, operator-independent portable ultrasound- 
based severity classifier may help reduce inter-observer variability, support standardized patient 
stratification, and provide rapid, non-invasive morphological assessment aligned with 
electrodiagnostic severity grades, thereby complementing clinical evaluation and electrophysiology, 
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facilitating baseline documentation and longitudinal monitoring, and helping optimize treatment 
selection while avoiding unnecessary delays or prolonged ineffective conservative care. 

Despite these encouraging findings, several limitations should be acknowledged. The dataset 
was derived from a single center, using a single handheld ultrasound system and a single highly 
experienced examiner, which limits the ability to assess model robustness under multi-device or 
multi-operator conditions. Similar constraints have been noted in previous deep learning studies on 
median nerve ultrasound, where most models were trained and tested on images acquired from a 
single machine [14]. In addition, many prior frameworks relied on manually defined regions of 
interest and were not fully end-to-end, increasing dependence on expert labelling and potentially 
limiting scalability [29,31]. Although the present approach employs a segmentation-assisted 
preprocessing pipeline to focus on the nerve, external validation on independent cohorts (including 
multi-center, multi-device, and multi-operator datasets) will be essential to confirm generalizability. 
Furthermore, a notable finding of this study was the differential performance across severity 
categories: while normal, mild, and moderate cases were classified with high precision, performance 
for severe CTS was lower in the longitudinal model. This behavior is consistent with the relative 
scarcity of high-severity cases, which constrained the model’s exposure to extreme pathology and 
limited its ability to fully capture the most pronounced sonographic abnormalities. Similar data-
imbalance issues have been widely reported in deep learning applications to nerve ultrasound [14] 
and should be interpreted as a dataset-related limitation rather than a model-specific shortcoming. 
Increasing the representation of clinically confirmed severe CTS would likely improve calibration 
across the full pathological spectrum. Finally, this study focused exclusively on B-mode imaging; 
future work integrating complementary sonographic parameters, such as cross-sectional area 
measurements, elastography, or radiomic descriptors, may further enhance diagnostic depth and 
strengthen the clinical relevance of automated severity assessment frameworks. 

5. Conclusions 

This study presents a deep-learning framework capable of automatically classifying CTS 
severity from standardized B-mode ultrasound images. Both transverse and longitudinal diagnostic 
models achieved high accuracy and strong class-wise performance, successfully reproducing the 
expected clinical gradient in median nerve pathology and demonstrating excellent discrimination 
across normal, mild, moderate, and severe CTS. Although performance was slightly reduced in the 
severe category, the models consistently maintained clinically coherent predictions and minimal 
cross-spectrum error. 

These findings support the feasibility of using convolutional neural networks as operator-
independent tools for CTS assessment, potentially reducing inter-observer variability, standardizing 
diagnostic pathways, and enabling scalable ultrasound-based screening. Further research 
incorporating larger and more clinically diverse datasets, multi-device acquisitions, and external 
validation cohorts will be essential to strengthen generalizability and facilitate future clinical 
implementation. 

Author Contributions: For research articles with several authors, a short paragraph specifying their individual 
contributions must be provided. The following statements should be used “Conceptualization, M.M.H., M.M.U. 
and E.B.G.; methodology, M.M.U., A.A.C., E.G.G. and M.M.U.; software, A.A.C., M.G.L. and M.G.D.; validation, 
A.A.C., M.G.L. and M.G.D.; formal analysis, A.A.C., M.G.D. and M.M.H.; investigation, I.R.A., G.C.; data 
curation, I.R.A, G.C. and E.B.G.; writing—original draft preparation, M.M.U. and M.M.H.; writing—review and 
editing, E.B.G.; supervision, M.M.U. and M.M.H; project administration, M.M.U. All authors have read and 
agreed to the published version of the manuscript. 

Funding: This research received no external funding. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0234.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0234.v1
http://creativecommons.org/licenses/by/4.0/


 12 of 14 

 

Institutional Review Board Statement: The study was conducted in accordance with the Declaration of 
Helsinki, and approved by the Institutional Review Board (or Ethics Committee) of Comité Ético de 
Investigación Clínica de Aragón (protocol code PI23-437, approval date: January 2025). 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study. Written 
informed consent has been obtained from the patients to publish this paper. 

Data Availability Statement: The data presented in this study are available on request from the corresponding 
author due to privacy or ethical restrictions. 

Conflicts of Interest: The authors declare no conflicts of interest. 

Abbreviations 

The following abbreviations are used in this manuscript: 

 

References 

1. Harinesan N, Silsby M, Simon NG. Carpal tunnel syndrome. Handb Clin Neurol 2024;201:61–88. 
https://doi.org/10.1016/B978-0-323-90108-6.00005-3. 

2. Padua L, Coraci D, Erra C, Pazzaglia C, Paolasso I, Loreti C, et al. Carpal tunnel syndrome: clinical features, 
diagnosis, and management. Lancet Neurol 2016;15:1273–84. https://doi.org/10.1016/S1474-4422(16)30231-
9. 

3. Bland JDP. Use of nerve conduction studies in carpal tunnel syndrome. J Hand Surg Eur Vol 2023;48:976–
85. https://doi.org/10.1177/17531934231191685. 

4. Lusa V, Karjalainen T V., Pääkkönen M, Rajamäki TJ, Jaatinen K. Surgical versus non-surgical treatment 
for carpal tunnel syndrome. Cochrane Database Syst Rev 2024;1. 
https://doi.org/10.1002/14651858.CD001552.PUB3. 

5. Erickson M, Lawrence M, Lucado A. The role of diagnostic ultrasound in the examination of carpal tunnel 
syndrome: an update and systematic review. J Hand Ther 2022;35:215–25. 
https://doi.org/10.1016/J.JHT.2021.04.014. 

6. Tomažin T, Pušnik L, Albano D, Jengojan SA, Snoj Ž. Multiparametric Ultrasound Assessment of Carpal 
Tunnel Syndrome: Beyond Nerve Cross-sectional Area. Semin Musculoskelet Radiol 2024;28:661–71. 
https://doi.org/10.1055/S-0044-1790561. 

7. Lin TY, Chang KV, Wu WT, Özçakar L. Ultrasonography for the diagnosis of carpal tunnel syndrome: an 
umbrella review. J Neurol 2022;269:4663–75. https://doi.org/10.1007/S00415-022-11201-Z. 

8. Faeghi F, Ardakani AA, Acharya UR, Mirza-Aghazadeh-Attari M, Abolghasemi J, Ejtehadifar S, et al. 
Accurate automated diagnosis of carpal tunnel syndrome using radiomics features with ultrasound 
images: A comparison with radiologists’ assessment. Eur J Radiol 2021;136. 
https://doi.org/10.1016/J.EJRAD.2020.109518. 

9. Lyu S, Zhang M, Zhang B, Yu J, Zhu J, Gao L, et al. Application of ultrasound images-based radiomics in 
carpal tunnel syndrome: Without measuring the median nerve cross-sectional area. J Clin Ultrasound 
2023;51:1198–204. https://doi.org/10.1002/JCU.23505. 

10. Litjens G, Kooi T, Bejnordi BE, Setio AAA, Ciompi F, Ghafoorian M, et al. A survey on deep learning in 
medical image analysis. Med Image Anal 2017;42:60–88. https://doi.org/10.1016/J.MEDIA.2017.07.005. 

11. Hadjerci O, Hafiane A, Conte D, Makris P, Vieyres P, Delbos A. Computer-aided detection system for nerve 
identification using ultrasound images: A comparative study. Inform Med Unlocked 2016;3:29–43. 
https://doi.org/10.1016/J.IMU.2016.06.003. 

CTS Carpal Tunnel Syndrome 
CNN Convolutional Neural Network 
NCS Nerve Conduction Study 
CSA Cross Sectional Area 
QUS Quantitative Ultrasound 
DL Deep Learning 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0234.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0234.v1
http://creativecommons.org/licenses/by/4.0/


 13 of 14 

 

12. Shen D, Wu G, Suk H Il. Deep Learning in Medical Image Analysis. Annu Rev Biomed Eng 2017;19:221. 
https://doi.org/10.1146/ANNUREV-BIOENG-071516-044442. 

13. Yamashita R, Nishio M, Do RKG, Togashi K. Convolutional neural networks: an overview and application 
in radiology. Insights Imaging 2018;9:611–29. https://doi.org/10.1007/S13244-018-0639-9. 

14. Wang JC, Shu YC, Lin CY, Wu WT, Chen LR, Lo YC, et al. Application of deep learning algorithms in 
automatic sonographic localization and segmentation of the median nerve: A systematic review and meta-
analysis. Artif Intell Med 2023;137. https://doi.org/10.1016/J.ARTMED.2023.102496. 

15. Bland JDP. Use of nerve conduction studies in carpal tunnel syndrome. J Hand Surg Eur Vol 2023;48:976–
85. https://doi.org/10.1177/17531934231191685. 

16. Streiner DL, Saboury B, Zukotynski KA. Evidence-Based Artificial Intelligence in Medical Imaging. PET 
Clin 2022;17:51–5. https://doi.org/10.1016/J.CPET.2021.09.005. 

17. Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts HJWL. Artificial intelligence in radiology. Nat 
Rev Cancer 2018;18:500–10. https://doi.org/10.1038/S41568-018-0016-5. 

18. Hephzibah R, Anandharaj HC, Kowsalya G, Jayanthi R, Chandy DA. Review on Deep Learning 
Methodologies in Medical Image Restoration and Segmentation. Curr Med Imaging 2023;19. 
https://doi.org/10.2174/1573405618666220407112825. 

19. Hadjerci O, Hafiane A, Conte D, Makris P, Vieyres P, Delbos A. Computer-aided detection system for nerve 
identification using ultrasound images: A comparative study. Inform Med Unlocked 2016;3:29–43. 
https://doi.org/10.1016/J.IMU.2016.06.003. 

20. Chan HP, Samala RK, Hadjiiski LM, Zhou C. Deep Learning in Medical Image Analysis. Adv Exp Med Biol 
2020;1213:3. https://doi.org/10.1007/978-3-030-33128-3_1. 

21. Yamashita R, Nishio M, Do RKG, Togashi K. Convolutional neural networks: an overview and application 
in radiology. Insights Imaging 2018;9:611–29. https://doi.org/10.1007/S13244-018-0639-9. 

22. Huang C, Zhou Y, Tan W, Qiu Z, Zhou H, Song Y, et al. Applying deep learning in recognizing the femoral 
nerve block region on ultrasound images. Ann Transl Med 2019;7:453–453. 
https://doi.org/10.21037/ATM.2019.08.61. 

23. Smistad E, Johansen KF, Iversen DH, Reinertsen I. Highlighting nerves and blood vessels for ultrasound-
guided axillary nerve block procedures using neural networks. J Med Imaging (Bellingham) 2018;5:1. 
https://doi.org/10.1117/1.JMI.5.4.044004. 

24. Horng MH, Yang CW, Sun YN, Yang TH. DeepNerve: A New Convolutional Neural Network for the 
Localization and Segmentation of the Median Nerve in Ultrasound Image Sequences. Ultrasound Med Biol 
2020;46:2439–52. https://doi.org/10.1016/J.ULTRASMEDBIO.2020.03.017. 

25. Wu CH, Syu WT, Lin MT, Yeh CL, Boudier-Revéret M, Hsiao MY, et al. Automated Segmentation of 
Median Nerve in Dynamic Sonography Using Deep Learning: Evaluation of Model Performance. 
Diagnostics (Basel) 2021;11. https://doi.org/10.3390/DIAGNOSTICS11101893. 

26. Festen RT, Schrier VJMM, Amadio PC. Automated Segmentation of the Median Nerve in the Carpal Tunnel 
using U-Net. Ultrasound Med Biol 2021;47:1964–9. https://doi.org/10.1016/J.ULTRASMEDBIO.2021.03.018. 

27. Smerilli G, Cipolletta E, Sartini G, Moscioni E, Di Cosmo M, Fiorentino MC, et al. Development of a 
convolutional neural network for the identification and the measurement of the median nerve on 
ultrasound images acquired at carpal tunnel level. Arthritis Res Ther 2022;24. 
https://doi.org/10.1186/S13075-022-02729-6. 

28. Cosmo M Di, Chiara Fiorentino M, Villani FP, Sartini G, Smerilli G, Filippucci E, et al. Learning-Based 
Median Nerve Segmentation From Ultrasound Images For Carpal Tunnel Syndrome Evaluation. Annu Int 
Conf IEEE Eng Med Biol Soc 2021;2021:3025–8. https://doi.org/10.1109/EMBC46164.2021.9631057. 

29. Hafiane A, Vieyres P, Delbos A. Deep learning with spatiotemporal consistency for nerve segmentation in 
ultrasound images 2017. 

30. Billig JI, Sears ED. Nonsurgical Treatment of Carpal Tunnel Syndrome: A Survey of Hand Surgeons. Plast 
Reconstr Surg Glob Open 2022;10:E4189. https://doi.org/10.1097/GOX.0000000000004189. 

31. Al-Battal AF, Gong Y, Xu L, Morton T, Du C, Bu Y, et al. A CNN Segmentation-Based Approach to Object 
Detection and Tracking in Ultrasound Scans with Application to the Vagus Nerve Detection. Annu Int Conf 
IEEE Eng Med Biol Soc 2021;2021:3322–7. https://doi.org/10.1109/EMBC46164.2021.9630522. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0234.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.1109/EMBC46164.2021.9630522
https://doi.org/10.20944/preprints202603.0234.v1
http://creativecommons.org/licenses/by/4.0/


 14 of 14 

 

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

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0234.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0234.v1
http://creativecommons.org/licenses/by/4.0/

