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ABSTRACT

Traumatic spinal cord injury (tSCI) is a neurological disorder that leads to long-term 
disability, significant economic burden, and limited treatment options. Accurate and timely 
diagnosis, as well as reliable prognosis, are crucial for acute treatment, rehabilitation, and 
long-term treatment planning. Recent advances in artificial intelligence (AI) and machine 
learning have demonstrated significant potential to support the diagnostic workflow and 
predict clinical outcomes in patients with tSCI. For diagnostic purposes, models based on 
convolutional neural networks trained using magnetic resonance imaging and diffusion 
tensor imaging showed high accuracy in detecting cord damage and classifying injury 
severity. A variety of prognostic models, ranging from traditional logistic regression to 
advanced neural networks and deep learning-based radiomics, have been applied to predict 
functional recovery, ambulatory status, and survival. Although AI-based approaches generally 
have better prediction accuracy than conventional methods, several limitations remain, such 
as limited dataset sizes, heterogeneity across studies, lack of external validation. Future 
studies should incorporate multicenter collaborations, standardized reporting frameworks, 
and integration of multimodal data to enhance clinical generalizability and applicability. 
With further improvements, AI will play a crucial role in supporting clinicians in making 
decisions about tSCI and in patient rehabilitation.
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INTRODUCTION

Traumatic spinal cord injury (tSCI) is one of the most severe injuries in neurosurgery and 
rehabilitation medicine.1,12,14,27) Globally, the incidence rate of tSCI has been estimated at 23 
cases per million annually, with regional variations ranging from 15 to 40 per million, and 
motor vehicle accidents and falls are the main causes.3,14,30) Functional prognosis is difficult 
to determine during the acute stage because of the variety of injury mechanisms, secondary 
pathophysiological processes, and variability in rehabilitation responses.16) Therefore, tools 
that can improve early diagnosis and enable accurate prognostication with high accuracy 
would be useful in the management of tSCI.

Conventional diagnostic methods for tSCI include clinical neurological assessments such 
as the American Spinal Injury Association Impairment Scale (AIS) and imaging techniques 
such as magnetic resonance imaging (MRI) and computed tomography (CT).8,17,23) Although 
these are the main tools to diagnose tSCI in clinical practice, they have limitations such as 
inter-rater variability, complexity in radiological interpretation, and the dynamic evolution of 
acute neurological deficits.18,22) Similarly, prognostic assessments which are achieved through 
large registries and logistic regression models, may have poor individualized precision and 
perform poorly in predicting long-term recovery.20,28)

Recently, artificial intelligence (AI) models, including machine learning (ML) and deep 
learning (DL) methodologies, represent promising results in diagnosing and predicting 
prognosis of tSCI.5,16,25,26) AI models can integrate high-dimensional imaging features, 
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clinical parameters, and laboratory data to support both diagnosis and outcome prediction. 
Recent studies have shown that AI-based diagnostic models are as accurate as experts in 
identifying spinal cord injuries, while prognostic models have shown meaningful results.7,15,16) 
In particular, convolutional neural networks (CNNs), support vector machines (SVMs), and 
ensemble learning methods such as random forests have been widely applied to MRI-based 
evaluation, functional prognostication, and survival prediction.

The purpose of this narrative review is to summarize key findings and trends in studies on 
AI applications to tSCI. Specifically, this narrative review discuss diagnostic models using 
imaging and clinical data, prognostic models predicting neurological recovery and functional 
outcomes, and limitations of AI applications for tSCI. Finally, we suggest future research 
priorities of AI models for tSCI, including the integration of multimodal data, external 
validation across diverse populations, and the need for explainable AI to enhance their 
clinical applicability.

DIAGNOSIS: AI IN THE DETECTION AND 
CLASSIFICATION OF tSCI
Accurate and early diagnosis of tSCI is essential for timely surgical decision-making, 
prognosis discussion, and initiating appropriate rehabilitation. Conventional diagnostic 
approaches rely on neurological examination using the AIS and radiographic modalities 
such as CT and MRI. However, these methods have limitations, including inter-observer 
variability, differences in interpretation of radiographic information, and variability 
in neurological deficits during the acute phase. Recently, AI has emerged as a tool that 
can improve the diagnostic workflow and consistency of clinical decision-making in 
tSCI compared to existing methods. TABLE 1 summarizes AI models developed in recent 
studies to diagnose tSCI.6,9,11,15,21,29)

MRI is an important imaging tool for evaluating soft tissue integrity, cord compression, and 
intramedullary pathology. Several studies have proposed AI models to improve the diagnostic 
accuracy of tSCI using MRI. In particular, CNN-based AI models have demonstrated robust 
performance in automating lesion segmentation and identifying spinal cord abnormalities, 
with recent studies reporting accuracies often exceeding 0.94 to 0.96.21,29) Such findings 
indicate that diagnostic AI models for tSCI are approaching a level of reliability that may 
support their integration into clinical practice.
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TABLE 1. Diagnostic AI studies in tSCI
Study Study design Sample size Input AI model Task Key metric
Tay et al., 201429) Retrospective 14 DTI SVM/KNN classifiers SCI vs. normal classification Accuracy ≈ 0.94
McCoy et al., 201915) Retrospective 47 T2-weighted MRI 2D CNN segmentation 

pipeline
Intramedullary lesion 

segmentation
Dice ≈ 0.93

Jasim and Brindha, 
20219)

Retrospective 30 CT spine images DCNN/CNN variants SCI detection Accuracy: 0.81–0.88

Sadeghi-Adl et al., 
202521)

Pediatric cohort 68 T2-weighted MRI Custom CNN SCI vs. control; AIS severity 
classification

Accuracy 96.6% (SCI); 
94.9% (AIS)

Karthik et al., 202411) Retrospective 191 T2-weighted MRI nnU-Net segmentation Automated lesion and cord 
segmentation

Dice ≈ 0.93

Fei et al., 20236) Retrospective 89 DTI U-Net/CNN variants Cord internal structure & 
lesion segmentation

Dice: 0.54–0.69
Precision: 0.53–0.65

AI: artificial intelligence, tSCI: traumatic spinal cord injury, DTI: diffusion tensor imaging, SVM: support vector machine, KNN: K-nearest neighbors, SCI: spinal cord 
injury, MRI: magnetic resonance imaging, CNN: convolutional neural network, CT: computed tomography, DCNN: deep convolutional neural network, AIS: American 
Spinal Injury Association Impairment Scale.



Similarly, ML-based radiomics have been applied to quantify spinal cord edema, hemorrhage, 
and cross-sectional morphometry.11,24) These models provide imaging biomarkers, reducing 
errors that can arise from subjective human interpretation. Okimatsu et al.16) applied deep 
learning-based radiomics (DLR) to sagittal T2-weighted MRI to automatically extract features 
associated with cervical spinal cord injury (SCI) and demonstrated its ability to classify 
patients based on injury severity. This approach highlights the potential of AI to aid in early 
triage of patients, particularly in complex cervical spine injuries where medical imaging 
ambiguity is common.

CT has also been studied as a diagnostic tool for SCI. For example, Jasim and Brindha9) 
proposed a deep CNN trained with the Crow Search-Rider Optimization Algorithm 
(CS-ROA DCNN) to detect SCI in CT scans. Their model integrated adaptive thresholding for 
spinal cord segmentation, sparse fuzzy clustering for disc localization, and automatic feature 
extraction before classification. The model achieved an accuracy of 0.874, a sensitivity of 0.896, 
and a specificity of 0.883, demonstrating that CT-based approaches can provide clinically 
meaningful diagnostic performance. These results highlight the potential utility of CT in 
AI-based diagnostic workflows, especially in acute trauma settings where MRI is less accessible.

In addition to medical images, clinical information such as demographic variables, vital 
signs, and laboratory data have been used as AI data for the diagnosis of tSCI. For example, 
Park et al.19) developed ML models for gait-based classification of incomplete spinal cord 
injuries and cauda equina syndrome. Using classifiers such as SVMs, random forest, and 
XGBoost, Their approach achieved the highest classification accuracy of 74.4% through 
XGBoost, highlighting that non-imaging clinical data, rather than medical images, can be 
used as training data for AI-based classification models. These findings suggest that non-
imaging clinical data can be used as training data for AI-based classification models and 
broaden the applicability of diagnostic AI in SCI.

Although pediatric spinal cord injuries account for a small proportion of overall cases, their 
diagnosis is challenging due to the difficulty of standardized neurological examinations. 
Recent study has used CNN-based models to distinguish pediatric SCI from typically 
developing (TD) and determine their injury severity.21) The model achieved 96.6% accuracy in 
distinguishing SCI from TD and 94.9% accuracy in classifying AIS category, demonstrating 
the potential of AI-based models for tSCI, even in pediatric cases where clinical assessment 
reliability is low.

AIs for tSCI diagnosis demonstrate significant potential. By automating labor-intensive 
tasks like segmentation and identifying subtle features invisible to the human eye, these 
models can serve as supporting tools in acute care. As multimodal approaches and 
external validation become more widespread, AI will play an increasingly important role in 
the diagnosis of tSCI.

Despite these promising advances, several challenges remain before AI can be fully integrated 
into routine clinical diagnosis of tSCI. The performance of diagnostic AI models is highly 
dependent on imaging quality and acquisition protocols. Variations in MRI scanner field 
strength (e.g., 1.5T vs. 3.0T), sequence parameters, and coil configurations can lead to 
inconsistencies in image contrast and lesion delineation, affecting model generalizability. 
Moreover, artifacts caused by patient motion, cerebrospinal fluid pulsation, or metallic 
implants can obscure cord boundaries and degrade segmentation accuracy. In clinical 
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settings, the heterogeneity of imaging equipment and data formats across institutions further 
complicates model training and validation. In addition, most studies to date have used relatively 
small, single-center datasets, limiting external reproducibility. Addressing these challenges 
through standardized imaging protocols, artifact correction techniques, and multicenter 
validation will be critical for ensuring robust and clinically reliable AI-assisted diagnosis of tSCI.

PROGNOSIS: AI IN PREDICTING OUTCOMES OF tSCI

Predicting neurological and functional outcomes following tSCI has been considered an 
important challenge in clinical practice. The accuracy of prognosis is clinically important 
because it determines patient counseling, rehabilitation planning, and new therapeutic 
interventions. Conventional predictive models, such as logistic regression based on initial 
AIS grade and demographics, provide reasonable overall prognostic predictions for patient 
cohorts but often achieve insufficient accuracy at the individual patient level.20) Since 
AI models are trained on large-scale data and make inferences about individual cases, they 
can provide more personalized and accurate prognostication than conventional methods. 
TABLE 2 summarizes the prognostic AI models for tSCI proposed in recent studies.2,4,10,13,16,26)

One of the prognostic AI in tSCI involved ML algorithms trained on clinical registries. 
DeVries et al.4) developed an unsupervised ML model using the Rick Hansen Spinal Cord 
Injury Registry (RHSCIR) to predict walking ability at discharge or one year follow-up. 
Compared to conventional logistic regression models, ML approaches have been shown to be 
more suitable for handling imbalanced datasets and reduce false negative classifications.

Recently, Kishikawa et al.13) developed predictive models using artificial neural networks 
(ANNs) and multiple linear regression (MLR) to predict functional recovery in cervical 
SCI patients using clinical parameters, such as age at injury, sex, height, body weight, and 
lesion type, obtained at admission.13) They evaluated that ANN had a better performance of 
75.0% than the conventional MLR with 31.3% accuracy. These results suggest that ANNs may 
be better suited for predicting individualized outcomes than conventional statistical methods.

Radiological biomarkers have long been recognized as important indicators of neurological 
prognosis. Recent studies suggest that DLR approaches can be used to automatically quantify 
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TABLE 2. Prognostic AI studies in tSCI
Study Study design Sample 

size
Input AI model Predicted outcome Key metric

DeVries et al., 20194) Retrospective 862 AIS, motor scores, age Unsupervised ML Walking ability after 
1 year

AUC: 0.87–0.91
F1 score: 0.87–0.91

Okimatsu et al., 202116) Retrospective 215 AIS probabilities, age, initial 
AIS at admission, MRI

Ensemble classifier  
(CNN, DL, random forest)

AIS grade after  
1 month

Accuracy: 0.714
Recall: 0.565
Precision: 0.590

Kishikawa et al., 202413) Retrospective 60 Age, sex, height, body 
weight

ANN, MLR AIS grade at discharge Accuracy: 0.750 (ANN), 
0.313 (MLR)

Shimizu et al., 202326) Retrospective 101 AIS at admission, 
intramedullary hemorrhage, 

T2-weighted MRI

XGBoost, CatBoost AIS grade after  
6 months

AUC: 0.90
Accuracy: 0.837
Precision: 0.852

Belliveau et al., 20162) Retrospective 2,514 Age, AIS, abbreviated injury 
scale scores

ANN Mortality, walking 
ability after 1 year

AUC: 0.87–0.90
Accuracy: 0.877

Kapoor and Xu, 202310) Retrospective 20,790 AIS grade Ridge classifier AIS grade Accuracy: 0.736
AI: artificial intelligence, tSCI: traumatic spinal cord injury, AIS: American Spinal Injury Association Impairment Scale, ML: machine learning, AUC: area under the 
curve, MRI: magnetic resonance imaging, CNN: convolutional neural network, DL: deep learning, ANN: artificial neural network, MLR: multiple linear regression.



the characteristics of SCI and predict functional recovery. Okimatsu et al.16) developed 
a CNN-based radiomics to predict short-term neurological outcomes in cervical SCI patients. 
By integrating MRI with clinical data, their ensemble model achieved moderate predictive 
performance, with accuracy of 71.4%. Although not yet clinically viable, this study suggests 
that radiological biomarkers could be used in AI models to assess prognosis in tSCI.

Shimizu et al.26) also demonstrated that medical image features can be used as data to predict 
neurological recovery in SCI patients. AIS grade at admission, intramedullary hemorrhage 
and longitudinal extent on T2-weighted MRI were found to be the important features for 
their ML model to predict AIS outcome at 6 months. These results highlight the potential of 
imaging biomarkers to improve the prognostic accuracy of ML models in tSCI.

Large-scale registry datasets have also been used to develop prognostic models for SCI. 
A recent study using the National Spinal Cord Injury Statistics Center (NSCISC) database 
applied several ML algorithms to predict AIS grade at discharge based on hospitalization 
data covering over 20,000 patients (1972–2016).10) The Ridge Classifier achieved the highest 
performance, with 73.6% accuracy, and Shapley analysis identified admission AIS grade and 
neurological category as the most influential variables in predicting prognosis. Demographic 
factors such as age, sex, marital status, and race had a minimal impact on prediction. 
These results highlight the powerful prognostic value of early neurological assessment and 
demonstrate that ML techniques can improve predictive accuracy and provide interpretability 
through feature importance analysis in a large SCI cohort.

AI-based prognostic models for tSCI has proven to be more efficient at utilizing nonlinear 
data and easily integrating multi-modality data, resulting in better performance than 
conventional methods. As data sets grow in size and diversity and multi-center data-driven 
model training becomes possible, AI-based prognostic prediction of tSCI will become 
increasingly important in clinical practice.

Although AI-based models have shown promising performance in predicting functional 
outcomes after tSCI, several challenges remain regarding their clinical applicability. Most 
existing models are trained on relatively small or homogeneous datasets, which may 
not capture the full variability of lesion patterns, injury mechanisms, and rehabilitation 
responses seen in real-world patients. Consequently, the generalizability of these models to 
diverse clinical populations is still limited. Furthermore, while AI predictions can provide 
early prognostic insights, their direct translation into clinical benefit—such as guiding 
individualized rehabilitation programs or improving long-term functional outcomes—has 
not been fully validated. Ethical and practical concerns, including overreliance on algorithmic 
outputs, data privacy, and the need for clinician interpretability, also remain. To realize 
the true potential of AI in prognostication, future studies should focus on multicenter 
datasets, prospective validation, and integration of AI predictions into multidisciplinary 
rehabilitation planning.

CHALLENGES AND FUTURE DIRECTIONS

Although AI has shown significant promise in tSCI diagnosis and prognosis, several 
challenges remain before it can be fully employed in clinical practice.
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Most AI-based tSCI models are limited by small dataset sizes and reliance on single-center, 
retrospective data. These datasets run the risk of overfitting, where the model learns patterns 
specific to a single institution and fails to generalize across diverse populations. Additionally, 
the rarity and heterogeneity of tSCI (injuries from the cervical to thoracic spine, complete 
versus incomplete lesions, and age-related variations) make it inherently difficult to collect 
large, representative datasets. In particular, pediatric cases are significantly less accessible 
and there are relatively few groups studying these data. Approaches such as multi-center 
collaboration and standardized data collection protocols may be essential in overcoming 
these limitations.

Most AI models for tSCI have not undergone external validation. Without prospective 
or inter-institutional testing, the clinical utility of these models remains uncertain. 
Furthermore, inconsistent reporting of performance metrics, such as accuracy, area under 
the curve, sensitivity, and F1-score, makes it difficult to compare results across studies. 
Providing standardized reporting guidelines could improve the transparency and 
comparability of research results.

DL models, especially CNNs and ANNs, often function as “black boxes,” generating 
predictions without clear rationale. Especially in high-stakes decision-making scenarios 
like tSCI, this opacity prevents clinicians from trusting AI-generated results. Explainable 
AI techniques, such as saliency maps, feature attribution methods, or simplified surrogate 
models, can help reduce opacity from results by clarifying which features have the greatest 
impact on predictions.

Even if AI models achieve high accuracy, the clinical application relies on smooth integration 
into existing clinical workflows. To be seamlessly implemented in emergency and acute care 
settings, it requires a user-friendly interface and compatibility with hospital picture archiving 
and communication systems. Furthermore, AI-generated results should complement, rather 
than replace, clinicians’ decision, and serve as a supporting tool that can improve clinicians’ 
efficiency and consistency.

Several improvements are needed to further develop AI models for tSCI. First, rather than 
training with a single data type, the performance of AI models will be significantly improved 
if training data such as MRI, CT, diffusion tensor imaging, and clinical data are trained 
together. Second, using data collected over time to monitor a patient’s recovery could help 
make more personalized predictions. Finally, AI models need to be prospectively validated in 
clinical trials and real-world settings to ensure they are effective and safe.

CONCLUSION

Diagnostic models utilizing MRI and CNN-based segmentation demonstrate excellent 
performance in detecting spinal cord injuries and determining their severity. Prognostic models, 
including unsupervised and ANN-based models, show moderate but meaningful improvements 
over conventional linear regression techniques in predicting functional recovery and long-term 
outcomes (FIGURE 1). However, despite these promising accuracies, the clinical translation 
of AI remains challenging. Real-world application requires not only technical performance 
but also explainability to patients and caregivers, model stability, and safety validation within 
clinical environments. Overinterpretation of AI results without these safeguards may lead 
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to misinformed decisions. Therefore, future efforts should prioritize external validation, 
explainable and transparent model design, and multi-institutional collaboration to ensure that 
AI systems can be reliably and ethically integrated into clinical practice.
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Outputs
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• Walking ability
• Functional outcomes

Outputs

FIGURE 1. Overview of AI applications in tSCI. This schematic diagram illustrates the clinical features of an AI-based approach to tSCI. Input data includes clinical 
data, CT, and MRI images, which are processed by AI models such as CNN and XGBoost. The output includes injury diagnosis, AIS classification, and prognostic 
predictions. The integration of this AI system provides benefits including automated SCI detection, reduced inter-observer variability, early triage and decision 
support, and improved individualized prognosis. 
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