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Machine learning technology has been extensively applied in the medical field, particularly in the 
context of disease prediction and patient rehabilitation assessment. Acute spinal cord injury (ASCI) 
is a sudden trauma that frequently results in severe neurological deficits and a significant decline 
in quality of life. Early prediction of neurological recovery is crucial for the personalized treatment 
planning. While extensively explored in other medical fields, this study is the first to apply multiple 
machine learning methods and Shapley Additive Explanations (SHAP) analysis specifically to ASCI for 
predicting neurological recovery. A total of 387 ASCI patients were included, with clinical, imaging, 
and laboratory data collected. Key features were selected using univariate analysis, Lasso regression, 
and other feature selection techniques, integrating clinical, radiomics, and laboratory data. A range 
of machine learning models, including XGBoost, Logistic Regression, KNN, SVM, Decision Tree, 
Random Forest, LightGBM, ExtraTrees, Gradient Boosting, and Gaussian Naive Bayes, were evaluated, 
with Gaussian Naive Bayes exhibiting the best performance. Radiomics features extracted from 
T2-weighted fat-suppressed MRI scans, such as original_glszm_SizeZoneNonUniformity and wavelet-
HLL_glcm_SumEntropy, significantly enhanced predictive accuracy. SHAP analysis identified critical 
clinical features, including IMLL, INR, BMI, Cys C, and RDW-CV, in the predictive model. The model 
was validated and demonstrated excellent performance across multiple metrics. The clinical utility 
and interpretability of the model were further enhanced through the application of patient clustering 
and nomogram analysis. This model has the potential to serve as a reliable tool for clinicians in the 
formulation of personalized treatment plans and prognosis assessment.
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In recent years, the application of machine learning technology in the medical field has become increasingly 
prevalent, particularly in disease prediction and patient rehabilitation assessment1,2. Acute spinal cord injury 
(ASCI) is a sudden traumatic event that typically results in severe neurological impairment and a significant 
decline in quality of life3,4. Early prediction of neurological recovery in ASCI patients is crucial for developing 
personalized treatment plans. However, current research still faces numerous challenges and limitations.

The existing ASCI prediction models can primarily be categorized into traditional machine learning methods 
and deep learning methods5,6. Traditional methods, such as logistic regression, decision trees, and random 
forests (RF), have advantages in interpretability and computational efficiency but typically rely on manual 
feature selection, which may overlook complex patterns in the data. Wilson et al. used a multivariable logistic 
regression model with clinical variables to predict the occurrence of acute inpatient complications, achieving an 
AUC of 0.75, indicating acceptable predictive performance7. However, this approach’s reliance on manual feature 
selection limits its applicability and generalizability. In addition, unsupervised machine learning techniques, such 
as k-means clustering, have demonstrated potential in handling large datasets with high-dimensional features 
in SCI recovery prediction, but their application to ASCI remains limited8. On the other hand, deep learning 
methods, like convolutional neural networks and recurrent neural networks, excel at handling high-dimensional 
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and complex data. Peng et al. proposed a simple fully convolutional network that combines techniques such 
as data augmentation, pre-training, and model regularization to accurately predict brain age9. Nevertheless, 
the training process of deep learning methods requires large amounts of annotated data and computational 
resources, posing a significant challenge due to the high cost of data acquisition and annotation in the medical 
field.

Multimodal data fusion is another effective approach to improving predictive performance. Wilson et al. 
attempted to integrate imaging data with clinical data to enhance predictive accuracy. Their results indicated that 
integrating acute clinical and imaging information into predictive models significantly improved the accuracy of 
predicting functional independence in SCI patients at a one-year follow-up10. Recent studies have also explored 
the use of serological biomarkers, RNA profiles, and MRI-based radiomics as prognostic tools for ASCI. For 
instance, RNA transcriptomics has shown promise in predicting ASIA impairment scale grades with an accuracy 
of 72.7%, while serological markers such as neurofilament light chain and glial fibrillary acidic protein have 
demonstrated potential in predicting long-term motor function recovery11,12. The synergistic effect of VEGF and 
SDF-1α on endothelial progenitor cells has also been studied, indicating that these molecular markers may play a 
role in promoting vascular recovery and could potentially be integrated into future predictive models for ASCI13. 
In parallel, recent advancements in interpretable machine learning models, such as the CCIS-MVQA model for 
medical visual question answering, have enhanced prediction accuracy by incorporating counterfactual causal 
reasoning14. Additionally, the Multi-Omics Meta-Learning Algorithm (MUMA) employs self-adaptive sample 
weighting and interaction-based regularization, demonstrating superior performance in classifying biological 
samples and identifying relevant biomarkers from noisy multi-omics data15. Moreover, image-guided surgical 
approaches, such as the para-corticospinal tract approach for hematoma evacuation in intracerebral hemorrhage 
patients, offer potential for improving functional outcomes by preserving vital neural pathways16. However, 
these approaches are often limited by the lack of integration into interpretable and clinically practical machine 
learning frameworks.

Recent advancements in algebraic graph theory and mathematical structures have contributed significantly 
to solving complex, multidimensional problems in various fields, including medical data analysis. For instance, 
recent studies have utilized graph-theoretical methods, such as loop-involutions and inverse graphs, to model 
relationships between data points in a highly structured manner. This mathematical approach has been shown to 
improve predictive performance by incorporating topological indices, thus aiding in the refinement of predictive 
models in clinical settings. These developments offer valuable insights for structuring multimodal medical data 
in predictive modeling, enabling the creation of more accurate and interpretable models for conditions such as 
acute spinal cord injury (ASCI). The integration of Koszul algebra, circulant matrices, and cycles—as explored 
in recent studies—offers additional algebraic structures that can optimize the understanding of data connections 
and patterns, further improving predictive accuracy in complex clinical environments17,18.

Despite numerous advancements in ASCI prediction research, several challenges remain. Existing methods 
still face limitations in predictive accuracy and generalizability, with many studies relying on limited feature 
sets that overlook the importance of individual patient differences. Moreover, the interpretability and clinical 
applicability of the models require further investigation. While complex deep learning models achieve high 
accuracy, their lack of transparency makes it difficult for clinicians to understand the decision-making process of 
the models. For example, traditional model evaluation metrics, such as AUROC, may overemphasize common 
events, leading to skewed performance assessments in imbalanced datasets8. To address these challenges, this 
study represents the first systematic attempt to apply multiple well-documented machine learning methods, 
including advanced algorithms and Shapley Additive Explanations (SHAP) analysis, specifically to ASCI for 
predicting neurological recovery. While these methods have been extensively used in other medical domains, 
their application in ASCI remains unexplored. By incorporating imaging, radiomics, serological, and clinical data, 
we aim to leverage multimodal information to enhance predictive performance and robustness. Additionally, we 
employed internal validation techniques such as cross-validation and grid search to evaluate model performance, 
ensuring its robustness and reproducibility. To enhance the model’s clinical applicability, we incorporated 
interpretability techniques, such as SHAP values, to help clinicians better understand the model’s decision-
making process. We also developed and deployed an online platform that integrates the model, providing real-
time prediction services, thereby allowing healthcare professionals and patients to conveniently access and use 
the prediction tool. This approach addresses both methodological challenges, such as data heterogeneity and 
model interpretability, and clinical gaps, such as the need for personalized treatment strategies in ASCI.

Methods
Study design
The objective of this retrospective cohort study is to develop and validate a machine learning-based predictive 
model for postoperative functional recovery in patients with ASCI. The study was approved by the Ethics 
Committee of Xi’an Honghui Hospital with reference number [No. 20240305] and was conducted in accordance 
with the ethical standards of the Declaration of Helsinki. The committee waived the requirement for informed 
consent due to the retrospective design and anonymized data, ensuring patient confidentiality. Figure 1 illustrates 
our research process and framework.

Study population
The study cohort comprised 387 patients with ASCI who underwent surgical treatment at Xi’an Honghui 
Hospital. The inclusion criteria for these patients were as follows: age over 18 years and time from injury to 
surgery less than 7 days. Exclusion criteria included: non-traumatic SCI cases, patients without preoperative 
or postoperative American Spinal Injury Association (AIS) grading in medical records, cases with more than 
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10% missing variables, and patients with consciousness disorders, coma, dementia, or death. Among these, 142 
patients had preoperative T2-weighted fat-suppressed MRI scans that met the quality requirements for region-
of-interest (ROI) delineation and radiomics feature extraction. The remaining 245 patients were excluded from 
radiomics analysis due to the absence of MRI scans or suboptimal imaging quality. For analyses not involving 
radiomics features, all 387 patients were included. For multimodal analyses, the selected radiomics features from 
the 142 patients were combined with clinical and laboratory features to create a unified dataset for machine 
learning.

Fig. 1.  Experimental design flowchart.
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Data collection
Clinical data, including patient demographics (age, gender), injury severity, and preoperative and 
postoperative functional scores (e.g., AIS grading), were retrieved from the hospital’s electronic medical 
record system. Laboratory test results, such as key biochemical and hematological markers, were extracted 
from the Laboratory Information System (LIS). Preoperative imaging data were collected in the form of 
T2-weighted fat-suppressed MRI scans. For the subset of 142 patients with suitable imaging data, lesion 
areas corresponding to spinal cord injuries were manually delineated by an experienced radiologist with 
over 20 years of clinical experience, following standardized protocols to ensure reproducibility. Radiomics 
features were extracted from these delineated areas using the PyRadiomics toolkit, adhering to the Image 
Biomarker Standardization Initiative (IBSI) guidelines. Extracted features included shape descriptors, 
first-order statistics, and texture features.

Data preprocessing
To prevent data leakage, we first split the data into training and testing sets in a 7:3 ratio using stratified 
sampling to preserve the distribution of AIS grades across the splits. Preprocessed steps included outlier 
handling and missing value imputation, and standardization. Outliers were replaced using the interquartile 
range (IQR) method, and categorical variables were standardized. Missing values were imputed using 
multiple imputation by chained equations with the RF method (m = 5), ensuring data integrity and 
consistency19. Statistical analyses were conducted to validate data integrity. Normality testing for 
numerical variables was performed using the Shapiro-Wilk test. Variables with normal distributions were 
compared using t-tests, while those with non-normal distributions were analyzed using Mann-Whitney 
U tests. Categorical variables were compared using chi-square tests. For multimodal analysis, clinical and 
laboratory data, along with imaging-derived lesion length, were preprocessed together, while radiomics 
features underwent a separate preprocessing workflow to address their high dimensionality and specific 
requirements for quality control. Graph theory and edge labeling techniques, such as those explored 
by Hazzazi et al.20, have shown significant promise in understanding complex algebraic structures like 
Moufang quasigroups. These methodologies can be adapted for use in analyzing the relationships within 
multimodal data sets, as in our approach to SCI recovery prediction.

Feature selection
Given the high dimensionality of radiomics features (over 1,600 extracted features), an independent analysis 
was conducted to identify the most predictive features. Preprocessing steps included standardization to 
zero mean and unit variance, followed by the exclusion of features with a high proportion of missing 
values (> 50%) or low variance to ensure data quality. Univariate analysis using ANOVA was applied to 
retain radiomics features significantly associated with the target variable (p < 0.05), and Lasso regression 
with cross-validation was subsequently employed to further refine the selection, yielding a subset of key 
predictive radiomics features. Separately, clinical and laboratory data, along with imaging-derived lesion 
length, were analyzed as part of the multimodal dataset, where Lasso regression was used to perform feature 
selection and model training simultaneously. The optimal regularization parameter (λ) was determined 
through cross-validation to balance model complexity and predictive performance. After selecting the 
most relevant features, the key radiomics features from the subset of 142 patients were integrated with 
the selected clinical and laboratory features to construct a unified multimodal dataset. This combined 
dataset ensured dimensionality reduction and feature relevance while maintaining a robust framework 
for predictive analysis.

Machine learning and model evaluation

Machine learning models were initially trained and validated using the full cohort of 387 patients, 
incorporating clinical and laboratory features. This analysis aimed to evaluate the predictive potential 
of these features for estimating postoperative functional recovery. To further enhance the predictive 
performance, additional radiomics features extracted from preoperative imaging were integrated into the 
analysis. A subset of 142 patients with high-quality imaging data was used to construct a multimodal 
dataset combining radiomics, clinical, and laboratory features. This approach enabled a comprehensive 
assessment of the added value of radiomics features in improving prediction accuracy.
We divided the training data into training and internal validation sets in an 8:2 ratio. The model was 
trained on the training set and evaluated and validated on the internal validation set, with final model 
performance validated on the test set. Various machine learning algorithms were used to construct 
predictive models, including XGBoost, Logistic Regression, K-nearest neighbors (KNN), support vector 
machines (SVM), Decision Tree, RF, LightGBM, ExtraTrees, Gradient Boosting, and Gaussian Naive 
Bayes (GNB). Model hyperparameters were optimized through grid search and cross-validation, and the 
optimized hyperparameters were used for analysis. The Stacking method was employed to integrate these 
models, further enhancing predictive performance. The models were comprehensively evaluated using 
metrics such as ROC curve, AUC value, accuracy, recall, precision, F1 score, Kappa coefficient, Matthew’s 
correlation coefficient (MCC), and Brier score. The model with the best performance was selected for 
further analysis. Detailed hyperparameter configurations are provided in the supplementary materials.
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Model interpretation
We interpreted the prediction results using the optimal model identified. SHAP values were employed to 
analyze the feature importance, illustrating the contribution of each feature to the model’s predictions. The 
SHAP interpreter was used to compute SHAP values for the training set and generate feature importance 
plots, providing a more intuitive understanding of the model’s decision-making process, thus ensuring the 
model’s transparency and interpretability.

Patient clustering analysis
Based on the SHAP values for each patient’s indicators, we conducted a clustering analysis to categorize 
the patients into different groups. Hierarchical clustering was performed using the ConsensusClusterPlus 
package21, with 80% of samples and features repeatedly resampled. The optimal number of clusters was 
determined by setting the maximum K value and the number of repetitions. The clustering results were 
then outputted for further analysis and validation of patient groupings.

Nomogram construction

Both static and dynamic nomograms were constructed. The static nomogram was based on predictions 
from the Gradient Boosting model and visualized using a logistic regression model. The dynamic 
nomogram displayed feature inputs and prediction results through a front-end interface built with HTML 
and JavaScript, while the back-end used Flask to handle prediction requests, enabling real-time predictive 
visualization.

Statistical analysis

All statistical analyses were conducted using R and Python. Group characteristics were compared using 
t-tests and chi-square tests, and feature selection was performed using Lasso. Multiple model building, 
model tuning, and integration were carried out. Model interpretation was conducted using SHAP values, 
and patient clustering analysis and nomogram construction were performed to evaluate the impact on 
postoperative recovery.

Results
Descriptive statistics
Among the 387 eligible patients with ASCI, the improvement group included 137 patients, with a median 
intramedullary lesion length (IMLL) of 42.270  mm (IQR: 28.800–55.070), a median age of 53.0 years (IQR: 
44.0–59.0), and a median RDW-CV of 13.000 (IQR: 12.000–13.000). The non-improvement group included 250 
patients, with a median IMLL of 57.900 mm (IQR: 40.225–77.965), a median age of 54.0 years (IQR: 44.0–62.0), 
and a median RDW-CV of 13.200 (IQR: 12.000–13.200) (Table 1). For each patient’s laboratory test data, we 
used the earliest available test results obtained after admission for statistical analysis. Significant differences 
were observed between the two groups in terms of AIS classification (p = 0.01), IMLL (p < 0.01), preoperative 
risk assessment (PRA) classification (p = 0.01), and RDW-CV (p = 0.01). Other characteristics such as gender, 
continuous oxygen inhalation (COI), and intraoperative transfusion (IT) showed no significant differences 
between the two groups.

The training set comprised 271 samples, with 95 patients (35.06%) showing postoperative neurological 
improvement and 176 patients (64.94%) showing no improvement. The test set comprised 116 samples, with 
42 patients (36.21%) showing postoperative neurological improvement and 74 patients (63.79%) showing no 
improvement. The missing rates for all features, except BMI, were no more than 10%, while the missing rate for 
BMI did not exceed 25% (Fig. 2A-D).

Feature selection
For clinical and laboratory features, Lasso regression was used to perform feature selection. By adjusting the 
regularization parameter λ, the most predictive features for the model were selected. Figure 2E illustrates the 
Lasso regression coefficient path, and Fig.  2F shows the optimal λ value selected through cross-validation 
(λ = 0.0412). The final selected features included IMLL, PRA, charlson weight (CW), estimated glomerular 
filtration rate (eGFR), cystatin C (Cys C), international normalized ratio (INR), RDW-CV, Urea, and BMI, 
which significantly contributed to the model’s predictive performance.

For radiomics features, a total of 1,690 features were extracted from the T2-weighted fat-suppressed MRI 
scans of 142 patients. After preprocessing, including removal of constant-value features, high-correlation 
filtering (correlation threshold > 0.9), and univariate statistical analysis, the number of features was reduced 
to 314. Statistical tests identified eight significant features with p-values < 0.05, with the top features ranked 
by F-score including original_glszm_SizeZoneNonUniformity (F = 7.91, p = 0.0056), wavelet-HLL_glcm_
SumEntropy (F = 7.01, p = 0.0090), and lbp-3D-k_glszm_GrayLevelNonUniformity (F = 6.85, p = 0.0098) 
(Supplementary Table S1). Using Lasso regression with cross-validation, six key radiomics features were 
ultimately selected for inclusion in the multimodal dataset: original_glszm_SizeZoneNonUniformity, wavelet-
HLL_glcm_SumEntropy, lbp-3D-k_glszm_GrayLevelNonUniformity, lbp-3D-k_glszm_GrayLevelVariance, 
wavelet-LLL_glrlm_LongRunHighGrayLevelEmphasis, and wavelet-LLH_firstorder_Kurtosis. These features, 
combined with the selected clinical and laboratory features, formed the final dataset for machine learning model 
development.
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Improved Unimproved

Variables n = 137 n = 250 P Value

Time (%)

<=24 h 9 (6.57) 11 (4.40)
0.5

> 24 h 128 (93.43) 239 (95.60)

AIS (%)

A 35 (25.55) 80 (32.00)

0.01
B 38 (27.74) 46 (18.40)

C 40 (29.20) 54 (21.60)

D 24 (17.52) 70 (28.00)

IMLL (median [IQR]) 42.270 [28.800, 55.070] 57.900 [40.225, 77.965] < 0.01

Gender (%)

Female 35 (25.55) 57 (22.80)
0.63

Male 102 (74.45) 193 (77.20)

Age (median [IQR]) 53.000 [44.000, 59.000] 54.000 [44.000, 62.000] 0.56

PRA (%)

NNIS0 7 (5.11) 2 (0.80)

0.01
NNIS1 99 (72.26) 171 (68.40)

NNIS2 27 (19.71) 54 (21.60)

NNIS3 4 (2.92) 23 (9.20)

LOS (median [IQR]) 9.000 [7.000, 12.000] 9.000 [7.000, 12.000] 0.95

DDDs (median [IQR]) 2.500 [1.000, 9.950] 2.500 [1.440, 8.888] 0.88

COI (%)

No 52 (37.96) 98 (39.20)
0.9

Yes 85 (62.04) 152 (60.80)

IT (%)

No 101 (73.72) 176 (70.40)
0.57

Yes 36 (26.28) 74 (29.60)

DTD (%)

No 108 (78.83) 177 (70.80)
0.11

Yes 29 (21.17) 73 (29.20)

Surgical_Duration (median [IQR]) 165.000 [130.000, 205.000] 152.000 [123.250, 200.000] 0.21

CW (%)

0 104 (75.91) 152 (60.80)

0.02

1 14 (10.22) 44 (17.60)

2 10 (7.30) 23 (9.20)

3 2 (1.46) 17 (6.80)

4 6 (4.38) 6 (2.40)

5 1 (0.73) 1 (0.40)

6 0 (0.00) 3 (1.20)

7 0 (0.00) 4 (1.60)

NT5 (median [IQR]) 2.500 [1.320, 3.660] 2.105 [0.973, 3.370] 0.14

D_Dimer (median [IQR]) 2.030 [0.720, 4.230] 1.730 [0.740, 3.905] 0.46

P_LCR (median [IQR]) 32.000 [25.500, 38.500] 32.600 [25.900, 39.475] 0.64

Mono_ (median [IQR]) 5.800 [2.500, 7.600] 5.500 [2.325, 7.550] 0.59

MC (median [IQR]) 0.480 [0.240, 0.670] 0.450 [0.230, 0.668] 0.76

ChE (mean (SD)) 7353.883 (1566.517) 7285.610 (1809.566) 0.71

Ca (mean (SD)) 2.204 (0.120) 2.197 (0.123) 0.61

eGFR (median [IQR]) 108.120 [100.630, 115.470] 105.100 [97.148, 116.490] 0.16

AST_ALT (median [IQR]) 1.390 [1.000, 1.800] 1.400 [1.000, 1.800] 0.9

CysC (median [IQR]) 0.650 [0.530, 0.800] 0.690 [0.570, 0.850] 0.08

INR (median [IQR]) 1.040 [0.970, 1.100] 1.010 [0.960, 1.078] 0.08

RBC (mean (SD)) 4.225 (0.533) 4.184 (0.621) 0.52

RDW_CV (median [IQR]) 13.000 [12.000, 13.000] 13.000 [12.000, 13.200] 0.01

RDW_SD (median [IQR]) 43.000 [41.000, 45.000] 43.850 [41.350, 46.000] 0.04

MCV (mean (SD)) 93.532 (4.447) 93.471 (4.590) 0.9

PCV (median [IQR]) 39.500 [36.100, 42.700] 39.600 [35.325, 42.775] 0.49

Continued
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Model construction and evaluation
In this study, various machine learning models were constructed, including XGBoost, Logistic Regression, 
KNN, SVM, Decision Tree, RF, LightGBM, ExtraTrees, Gradient Boosting, and GNB. These models were 
integrated using the Stacking method. Model performance was evaluated using ROC curves and AUC values 
(Figs. 3A-B and 4A-B), and further validated with precision-recall curves (Figs. 3C-D and 4C-D), decision curve 
analysis (Figs.  3E-F and 4E-F), calibration curves (Figs.  3G-H and 4G-H), and learning curves (Figs.  5 and 
6). Comprehensive evaluation showed that the Gradient Boosting model performed best across all metrics in 
the analysis based on 387 patients, achieving an accuracy of 0.75, an AUC of 0.79, a recall of 0.55, a precision 
of 0.69, an F1 score of 0.61, a Kappa coefficient of 0.43, an MCC of 0.43, and a Brier score of 0.24 (Table 2). 
With the inclusion of multimodal radiomics data, model performance improved significantly. GNB emerged 
as the superior model, achieving the highest AUC of 0.90, an accuracy of 0.80, a recall and precision of 0.67, 
an F1 score of 0.67, a Kappa coefficient of 0.52, and an MCC of 0.52. These results highlight the advantages 
of incorporating multimodal data into machine learning models. Notably, AUC heatmap analyses of feature 
combinations (Supplementary Fig.  1) demonstrated that integrating radiomics with laboratory, clinical, or 
imaging data significantly enhanced the AUC values for both training and test datasets. The highest AUC of 0.90 
was achieved when combining all feature types, suggesting that radiomics data contributes to a more accurate 
and reliable model. These improvements underline the potential of radiomics-based multimodal approaches 
for enhancing predictive accuracy in clinical applications. Additionally, the Stacking model demonstrated 

Improved Unimproved

IBIL (median [IQR]) 8.900 [6.600, 12.900] 8.640 [6.525, 11.957] 0.6

ALP (median [IQR]) 75.000 [64.000, 94.000] 73.000 [60.000, 88.950] 0.31

Ly_ (median [IQR]) 10.920 [7.100, 16.700] 9.800 [6.300, 16.350] 0.3

Lymphocytecount (median [IQR]) 0.960 [0.670, 1.320] 0.910 [0.600, 1.220] 0.22

P (mean (SD)) 1.040 (0.256) 1.050 (0.237) 0.7

UA (median [IQR]) 270.000 [210.000, 309.000] 258.300 [206.000, 319.750] 0.98

TT (median [IQR]) 17.200 [16.460, 18.000] 17.400 [16.600, 18.175] 0.27

PT (median [IQR]) 12.500 [11.600, 13.200] 12.200 [11.400, 13.000] 0.07

MCH (median [IQR]) 31.400 [30.300, 32.400] 31.300 [30.200, 32.400] 0.83

MCHC (median [IQR]) 335.000 [330.000, 343.000] 334.500 [329.000, 342.000] 0.41

MPV (median [IQR]) 10.900 [10.100, 11.600] 11.000 [10.100, 11.800] 0.61

PAB (median [IQR]) 200.600 [164.200, 235.900] 185.350 [114.425, 242.425] 0.11

Glo (mean (SD)) 23.211 (3.502) 23.391 (3.816) 0.65

BASOR (median [IQR]) 0.100 [0.000, 0.200] 0.100 [0.000, 0.200] 0.51

BASO (median [IQR]) 0.010 [0.000, 0.020] 0.010 [0.000, 0.020] 0.43

Eosinophil.ratio (median [IQR]) 0.000 [0.000, 0.500] 0.000 [0.000, 0.200] 0.48

Eosinophilcount (median [IQR]) 0.000 [0.000, 0.040] 0.000 [0.000, 0.020] 0.52

Fbg (median [IQR]) 2.970 [2.540, 3.510] 2.940 [2.418, 3.337] 0.32

FDP (median [IQR]) 6.800 [3.100, 15.900] 6.850 [2.943, 15.800] 0.87

Hgb (mean (SD)) 132.803 (16.212) 130.957 (18.547) 0.33

PLT (median [IQR]) 179.000 [148.000, 209.000] 170.000 [139.000, 217.000] 0.56

PDW (median [IQR]) 14.200 [11.700, 16.400] 14.500 [11.925, 16.400] 0.67

PCT (median [IQR]) 0.198 [0.164, 0.230] 0.190 [0.156, 0.224] 0.64

DBIL (median [IQR]) 6.500 [5.000, 8.700] 6.160 [4.700, 8.182] 0.33

GR_ (median [IQR]) 83.410 [75.300, 90.200] 84.600 [75.550, 90.475] 0.36

NEUT (median [IQR]) 7.330 [5.330, 9.850] 7.460 [5.338, 9.728] 0.79

TBA (median [IQR]) 2.880 [1.670, 4.200] 2.505 [1.513, 4.380] 0.41

ALT (median [IQR]) 22.300 [15.300, 31.300] 20.800 [15.800, 32.475] 0.88

AST (median [IQR]) 27.400 [19.600, 45.400] 28.200 [19.625, 42.850] 0.96

Creatinine (median [IQR]) 59.200 [52.000, 68.000] 62.000 [51.250, 72.000] 0.25

K (mean (SD)) 3.901 (0.364) 3.950 (0.368) 0.21

Cl (mean (SD)) 102.484 (3.215) 102.807 (3.277) 0.35

Na (median [IQR]) 139.000 [136.400, 141.000] 138.850 [136.000, 140.875] 0.34

Urea (median [IQR]) 5.900 [4.600, 6.800] 5.905 [4.900, 7.450] 0.21

TBIL (median [IQR]) 15.100 [11.700, 22.400] 14.900 [11.450, 19.775] 0.48

TP (mean (SD)) 64.373 (6.246) 64.023 (6.696) 0.62

BMI (median [IQR]) 23.875 [21.259, 26.122] 23.606 [21.259, 25.521] 0.71

Table 1.  Baseline characteristics. IQR, Interquartile range; SD, Standard Deviation. The full names of the 
variables are listed in Supplementary Table S1.
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competitive performance, with an accuracy of 0.75 and an AUC of 0.81, underscoring its robustness (Table 3). 
These findings underscore the transformative potential of radiomics-based multimodal analysis, with GNB 
emerging as the most reliable model for predicting postoperative neurological outcomes.

Model interpretability and feature importance
We conducted SHAP analysis to assess the feature contributions of the GNB model, the optimal model identified 
after integrating multimodal data. The SHAP summary plot (Fig. 7A) shows that the most influential features 
are original_glszm_SizeZoneNonUniformity (+ 0.088), wavelet-LLL_glrlm_LongRunHighGrayLevelEmphasis 
(+ 0.083), and lbp-3D-k_glszm_GrayLevelNonUniformity (+ 0.081), followed by clinical features such as IMLL 
(+ 0.067) and RDW_CV (+ 0.042). These findings underscore the significant contribution of radiomics features 
in enhancing model performance, with these features consistently ranking as the top predictors. The SHAP 
feature importance plot (Fig. 7B) further illustrates how these features influence the model’s output, with the 
original_glszm_SizeZoneNonUniformity and lbp-3D-k_glszm_GrayLevelNonUniformity exhibiting substantial 
effects on prediction, particularly in terms of increasing or decreasing the likelihood of a favorable neurological 
outcome. The overall decision plot (Fig. 7C) illustrates how changes in feature values affect the model’s overall 
predictions. The SHAP heatmap (Fig.  7D) visualizes the influence of features on model predictions across 
patients. The intensity of red and blue indicates the positive or negative impact of each feature, respectively. 
original_glszm_SizeZoneNonUniformity, wavelet-LLL_glrlm_LongRunHighGrayLevelEmphasis, and lbp-

Fig. 2.  Data Preprocessing and Feature Selection Process (A-D) Density distribution plots of variables 
after multiple imputation of missing values using the MICE package. (E) Lasso regression coefficient path 
illustrating the trajectories of each variable’s coefficients with changes in the regularization parameter Log 
Lambda. (F) Deviation diagnosis plot of the Lasso regression model showing changes in deviation with 
different Log(λ) values. IMLL, Intramedullary lesion length; RBC, Red blood cell; FDP, Fibrinogen degradation 
products; K, Kalium; Cl, Chlorine; Na, Natrium; BMI, Body Mass Index; P-LCR, Platelet-large cell ratio, MPV, 
Mean platelet volume; PDW, Platelet distribution width; PCT, Plateletcrit.
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Fig. 3.  Model Performance Evaluation with Clinical and Laboratory Data. (A) ROC curve on the validation 
dataset. (B) ROC curve on the test dataset. (C) Precision-Recall curve on the validation dataset. (D) Precision-
Recall curve on the test dataset. (E) Decision curve on the validation dataset. (F) Decision curve on the test 
dataset. (G) Calibration curve on the validation dataset. (H) Calibration curve on the test dataset. LightGBM, 
light gradient boosting machine; SVM, Support Vector Machine; KNN, K-nearest neighbor.
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Fig. 4.  Model Performance Evaluation with Multimodal Data Including Radiomics Features. (A) ROC curve 
on the validation dataset. (B) ROC curve on the test dataset. (C) Precision-Recall curve on the validation 
dataset. (D) Precision-Recall curve on the test dataset. (E) Decision curve on the validation dataset. (F) 
Decision curve on the test dataset. (G) Calibration curve on the validation dataset. (H) Calibration curve on 
the test dataset. LightGBM, light gradient boosting machine; SVM, Support Vector Machine; KNN, K-nearest 
neighbor.
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3D-k_glszm_GrayLevelNonUniformity exhibit the most substantial effects on model output. IMLL and RDW_
CV also play significant roles, with variations in these features directly influencing recovery predictions. This 
plot highlights the joint effects of clinical and radiomics features on predictive accuracy, providing a clearer 
understanding of their contributions. The SHAP waterfall plots (Fig. 7E) for a specific patient shows that original_
glszm_SizeZoneNonUniformity (+ 0.32) and lbp-3D-k_glszm_GrayLevelNonUniformity (+ 0.31) have the most 
significant positive contributions, while IMLL (+ 0.03) supports a favorable prediction. Wavelet-LLL_glrlm_
LongRunHighGrayLevelEmphasis (−0.02) exerts a minor negative effect. In Fig. 7F, for another patient, IMLL 
(−0.08) and wavelet-LLL_glrlm_LongRunHighGrayLevelEmphasis (−0.04) dominate the negative prediction.

Furthermore, the SHAP dependence plot (Supplementary Fig.  2) identify key thresholds for several 
clinical and radiomics features that significantly influence the model’s predictions. For IMLL, a threshold of 
62 mm was identified, above which patients tend to experience poorer neurological outcomes. Similarly, lower 
values of BMI and Cys C were associated with more favorable recovery, with thresholds of 22.5 for BMI and 
0.85  mg/L for Cys C, below which positive predictions were more likely. For RDW_CV, values below 13.5 
were associated with improved neurological recovery, marking a critical cutoff for positive outcomes. These 
findings emphasize the importance of specific feature values in guiding the model’s decision-making process 
and highlight clinically relevant thresholds that could inform treatment decisions. Additionally, the decision tree 
visualization (Supplementary Fig. 3) demonstrates how both radiomics and clinical features interact to predict 
neurological outcomes. The decision tree reveals IMLL, eGFR, and BMI as key decision points, with radiomics 
features like wavelet-LLL_glrlm_LongRunHighGrayLevelEmphasis influencing the early stages of classification. 
This reinforces the idea that both imaging and clinical factors play crucial roles in making accurate predictions. 
Further details regarding the decision tree structure and the contributions of individual features are provided in 
the supplementary results section, where the tree nodes and relevant thresholds are described in detail.

Fig. 5.  Learning Curves of Different Models with Clinical and Laboratory Data. Each subplot shows the 
changes in training scores and validation scores with varying numbers of training samples, used to evaluate 
the generalization performance of each model. LightGBM, light gradient boosting machine; KNN, K-nearest 
neighbor; SVM, Support Vector Machine.

 

Scientific Reports |        (2025) 15:18832 11| https://doi.org/10.1038/s41598-025-93006-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Patient clustering
We performed clustering analysis based on the SHAP values of each patient’s indicators, dividing the patients 
into two distinct groups (Fig. 8). The consensus matrix (Fig. 8A) and the CDF plot (Fig. 8B) demonstrated the 
stability of the two clusters, with the delta area plot (Fig. 8C) confirming the optimal number of clusters as K = 2. 
The PCA plot (Fig. 8D) further confirmed a clear separation between cluster A and cluster B along the principal 
components. The heatmap (Fig.  8E) displayed the distribution of critical features, ncluding original_glszm_
SizeZoneNonUniformity, wavelet-HLL_glcm_SumEntropy, lbp-3D-k_glszm_GrayLevelNonUniformity, IMLL, 
PRA, CW, eGFR, Cys C, INR, RDW-CV, Urea, BMI, and others, across the clusters. These feature distributions 
highlight meaningful differences between the two groups, offering insights into their clinical and radiomic 
profiles. The clustering analysis based on SHAP values provide valuable guidance for personalized treatment 
and prognosis assessment.

Nomogram analysis
We constructed a nomogram integrating key clinical and radiomic indicators to estimate the probability of 
neurological recovery. As shown in Fig. 9A, the nomogram incorporates critical features such as BMI, Urea, 
RDW-CV, INR, Cys C, eGFR, PRA, and IMLL, alongside radiomics features including original_glszm_
SizeZoneNonUniformity, wavelet-HLL_glcm_SumEntropy, lbp-3D-k_glszm_GrayLevelNonUniformity, and 
wavelet-LLH_firstorder_Kurtosis. The distribution of points highlights the differential contributions of these 
features to the overall prediction model, with BMI, Urea, and IMLL demonstrating the highest relative weights, 
indicative of their pivotal roles in influencing neurological outcomes. In contrast, features such as original_
glszm_SizeZoneNonUniformity and wavelet-HLL_glcm_SumEntropy exhibit smaller contributions, reflecting 
their more limited influence on the model’s predictive accuracy. Figure 9B and C display the decision curve 
analysis and clinical impact curve, which evaluate the net clinical benefits of the model at different decision 
thresholds, verifying the model’s practicality in clinical settings. The calibration curve in Fig. 9D shows the fit 

Fig. 6.  Learning Curves of Different Models with Multimodal Data Including Radiomics Features. Each 
subplot shows the changes in training scores and validation scores with varying numbers of training samples, 
used to evaluate the generalization performance of each model. LightGBM, light gradient boosting machine; 
KNN, K-nearest neighbor; SVM, Support Vector Machine.
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between the predicted probabilities and the actual incidence, indicating a high consistency between the model’s 
predictions and the actual outcomes. The dynamic nomogram (Fig. 9E) provides an interactive tool that allows 
clinicians to input specific patient characteristics and obtain real-time prognostic assessments. The nomogram 
combines static and dynamic display methods, offering a comprehensive model interpretation and prediction 
evaluation tool, which helps to enhance the accuracy and reliability of clinical decision-making.

Discussion
This study employed various machine learning algorithms and SHAP analysis to predict neurological recovery 
in ASCI patients. The results demonstrated that the GNB model outperformed all other models across all 
evaluation metrics, achieving an AUC of 0.90, accuracy of 0.80, and precision of 0.67. The GNB model, when 
integrating clinical, laboratory, and radiomics features, demonstrated strong predictive power, especially when 
compared to traditional models such as Gradient Boosting and Logistic Regression. This multimodal approach 
not only improved diagnostic consistency and reliability but also significantly enhanced predictive performance, 
particularly for early-stage detection of SCI recovery. The model’s higher AUC compared to traditional diagnostic 
methods indicates a substantial improvement in accuracy, with the potential to reduce the risk of misdiagnosis 
and improve patient outcomes in clinical settings.

SHAP analysis provided valuable insights into the contributions of individual features and their interactions, 
offering a deeper understanding of the pathophysiological mechanisms underlying ASCI. In this study, SHAP 
was used for model interpretability, providing a unified measure of feature importance with both global and local 

Accuracy AUC Recall Precision F1 F0.5 F2 Kappa MCC Brier

Logistic Regression 0.75 0.83 0.50 0.60 0.55 0.58 0.52 0.38 0.38 0.16

KNN 0.60 0.58 0.17 0.25 0.20 0.23 0.18 −0.05 −0.05 0.24

SVM 0.75 0.79 0.50 0.60 0.55 0.58 0.52 0.38 0.38 0.20

Decision Tree 0.65 0.61 0.50 0.43 0.46 0.44 0.48 0.20 0.21 0.35

Random Forest 0.60 0.71 0.17 0.25 0.20 0.23 0.18 −0.05 −0.05 0.19

LightGBM 0.70 0.73 0.50 0.50 0.50 0.50 0.50 0.29 0.29 0.18

ExtraTrees 0.75 0.82 0.33 0.67 0.44 0.56 0.37 0.31 0.34 0.17

GradientBoosting 0.70 0.69 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21

Gaussian Naive Bayes 0.80 0.90 0.67 0.67 0.67 0.67 0.67 0.52 0.52 0.12

XGBoost 0.70 0.70 0.50 0.50 0.50 0.50 0.50 0.29 0.29 0.20

Stacking Model 0.75 0.81 0.33 0.67 0.44 0.56 0.37 0.31 0.34 0.17

Table 3.  Evaluation of machine learning models (With multimodal radiomics Data). KNN, K-nearest 
neighbor; SVM, Support Vector Machine; LightGBM, light gradient boosting machine.
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(95% CI)

AUC
(95% CI)
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(95% CI)

F1
(95% CI)

F0.5
(95% CI)

F2
(95% CI)

Kappa
(95% CI)

MCC
(95% CI)

Brier
(95% CI)

Logistic Regression 0.62
(0.49,0.75)

0.62
(0.29,0.39) 0.25(0.11,0.31) 0.45

(0.11,0.31)
0.32

(0.11,0.31)
0.39

(0.11,0.31)
0.27

(0.11,0.31)
0.09

(0.11,0.31)
0.09

(0.09,0.31)
0.23

(0.29,0.39)

KNN 0.69
(0.58,0.8)

0.74
(0.32,0.47)

0.6
(0.25,0.51)

0.57
(0.25,0.51)

0.59
(0.25,0.53)

0.58
(0.25,0.51)

0.59
(0.25,0.51)

0.34
(0.25,0.51)

0.34
(0.25,0.51)

0.21
(0.32,0.47)

SVM 0.64
(0.49,0.75)

0.61
(0.3,0.39)

0.4
(0.18,0.42)

0.5
(0.18,0.42)

0.44
(0.18,0.42)

0.48
(0.18,0.42)

0.42
(0.18,0.42)

0.18
(0.18,0.42)

0.18
(0.16,0.42)

0.23
(0.3,0.39)

Decision Tree 0.67
(0.55,0.78)

0.67
(0.31,0.56)

0.65
(0.29,0.58)

0.54
(0.31,0.56)

0.59
(0.31,0.58)

0.56
(0.31,0.56)

0.63
(0.31,0.56)

0.32
(0.31,0.56)

0.33
(0.31,0.56)

0.33
(0.31,0.56)

Random Forest 0.75
(0.64,0.85)

0.77
(0.32,0.42)

0.55
(0.18,0.4)

0.69
(0.18,0.4)

0.61
(0.18,0.42)

0.65
(0.18,0.42)

0.57
(0.18,0.42)

0.43
(0.18,0.4)

0.43
(0.18,0.4)

0.18
(0.32,0.43)

LightGBM 0.73
(0.6,0.84)

0.73
(0.23,0.43)

0.55
(0.18,0.44)

0.65
(0.2,0.44)

0.59
(0.18,0.44)

0.63
(0.18,0.44)

0.57
(0.18,0.44)

0.39
(0.2,0.42)

0.39
(0.2,0.44)

0.24
(0.23,0.43)

ExtraTrees 0.69
(0.58,0.8)

0.71
(0.29,0.39)

0.4
(0.13,0.35)

0.62
(0.13,0.35)

0.48
(0.13,0.35)

0.56
(0.13,0.35)

0.43
(0.13,0.35)

0.28
(0.13,0.35)

0.29
(0.13,0.35)

0.2
(0.29,0.39)

GradientBoosting 0.75
(0.64,0.85)

0.79
(0.16,0.4)

0.55
(0.18,0.42)

0.69
(0.18,0.42)

0.61
(0.18,0.42)

0.65
(0.18,0.42)

0.57
(0.18,0.42)

0.43
(0.18,0.42)

0.43
(0.18,0.42)

0.24
(0.18,0.39)

Gaussian Naive Bayes 0.67
(0.55,0.8)

0.68
(0.31,0.45)

0.65
(0.31,0.56)

0.54
(0.31,0.56)

0.59
(0.31,0.56)

0.56
(0.29,0.55)

0.63
(0.31,0.56)

0.32
(0.31,0.58)

0.33
(0.31,0.58)

0.22
(0.3,0.45)

XGBoost 0.76
(0.64,0.87)

0.74
(0.23,0.43)

0.6
(0.2,0.44)

0.71
(0.18,0.44)

0.65
(0.18,0.44)

0.68
(0.18,0.42)

0.62
(0.2,0.44)

0.47
(0.2,0.42)

0.48
(0.2,0.44)

0.22
(0.23,0.44)

Stacking Model 0.73
(0.6,0.84)

0.76
(0.3,0.41)

0.55
(0.18,0.44)

0.65
(0.18,0.44)

0.59
(0.2,0.42)

0.63
(0.2,0.42)

0.57
(0.2,0.44)

0.39
(0.2,0.44)

0.39
(0.18,0.44)

0.19
(0.3,0.41)

Table 2.  Evaluation of machine learning models (Without multimodal radiomics Data). KNN, K-nearest 
neighbor; SVM, Support Vector Machine; LightGBM, light gradient boosting machine.
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explanations. By attributing Shapley values to each feature based on its contribution to the model, SHAP proved 
particularly useful for understanding complex interactions within multimodal data22. It was preferred over 
LIME due to its consistency and ability to handle non-linear relationships more effectively. SHAP’s capability 
to capture a broader set of relevant features allows for a more detailed and accurate explanation of individual 
predictions, making it the ideal choice for this study’s need for a holistic understanding of model behavior23.

Among the clinical and laboratory features, IMLL emerged as the most significant predictor, demonstrating a 
negative correlation with neurological recovery. Longer IMLL values were associated with more severe SCI and 
poorer recovery. A critical threshold of 62 mm for IMLL indicated that recovery rates significantly decreased 
beyond this point, which is consistent with previous studies, such as Kamal et al., where IMLL > 60 mm was 

Fig. 7.  Model Feature Importance and Interpretability Analysis. (A) Feature importance bar plot, displaying 
the average SHAP value of each feature and its impact on the model output. The X-axis represents the 
average SHAP value, and the Y-axis represents the feature names. (B) SHAP value scatter plot, displaying the 
distribution of SHAP values for each feature and their impact on the model output. The X-axis represents the 
SHAP values, and the Y-axis represents the feature names, with color indicating the feature value magnitude 
(red for high values, blue for low values). (C) Overall decision plot, illustrating the SHAP values of all features 
and their impact on the overall model prediction. The X-axis represents the SHAP values, and the Y-axis 
represents the feature names. (D) Heatmap of feature SHAP values, showing the distribution of SHAP values 
for each feature across samples. The color indicates the magnitude of SHAP values (red for positive impact, 
blue for negative impact). (E) SHAP waterfall plot for a patient with a positive contribution. (F) SHAP waterfall 
plot for a patient with a negative contribution. (E-F) These plots demonstrate how feature values influence 
the prediction outcomes for individual patients and display the specific contribution values of each feature to 
the patient’s prediction outcome. SHAP, Shapley Additive Explanations; IMLL, Intramedullary lesion length; 
INR, International normalized ratio; BMI, Body Mass Index; Cys C, cystatin C; eGFR, estimated glomerular 
filtration rate; RDW-CV, Red blood cell distribution width-coefficient of variation; CW, Charlson weight; PRA, 
Preoperative risk assessment.
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similarly linked to poor recovery24. Additional clinical and laboratory feature, such as INR, BMI, and Cys C, also 
played key roles in predicting recovery outcomes. INR showed a negative correlation with neurological recovery. 
Higher INR values may indicate coagulopathy in patients, increasing the risk of postoperative complications and 
thereby affecting neurological recovery. Previous research has also highlighted that coagulopathy is associated 
with poor prognosis in SCI patients25. Higher BMI values were linked to poorer postoperative recovery, as 
obesity is associated with various metabolic disorders that hinder nerve regeneration and functional recovery. 
Previous studies have indicated that obese patients face more challenges during recovery from SCI26,27. The 
inclusion of Cys C further enriched the model, with a threshold of 0.77 mg/L, correlating with impaired recovery. 
Elevated Cys C levels, significantly higher in SCI patients compared to normal subjects, highlight its role in the 
pathophysiological process of SCI28,29. These elevated levels are associated with kidney dysfunction and systemic 
inflammation, underscoring the critical role of renal function in recovery. Renal dysfunction, as indicated by 
high Cys C levels, significantly impacts SCI prognosis, suggesting that monitoring Cys C could provide valuable 
insights into patient recovery30.

Furthermore, RDW-CV, an indicator of red blood cell distribution width, showed predictive significance 
in SCI prognosis. RDW-CV values above 13.5% were associated with poorer prognosis, reflecting the systemic 
inflammatory status of SCI patients. Previous research has linked RDW-CV to chronic inflammation, 
cardiovascular diseases, and other health conditions, further supporting its relevance in SCI recovery31,32. Our 
results align with previous studies suggesting that RDW-CV > 12.6% is associated with an increased risk of death, 
particularly for those exceeding 13.9%31. This connection underscores the importance of inflammatory markers 
in predicting recovery outcomes and highlights RDW-CV as a significant predictor of long-term SCI recovery.

The integration of clinical and radiomics data has gained attention in various medical fields, particularly 
in oncology. Studies by Gan et al. and Yoo et al. demonstrated the benefits of combining clinical features with 
radiomics for improved prognostic predictions in breast and lung cancer23,33. However, this approach has been 
underexplored in SCI. This study addresses this gap by integrating clinical and radiomics features to enhance 
predictive accuracy for neurological recovery in ASCI patients.

In SCI, traditional models have primarily relied on clinical and laboratory data, with limited integration of 
imaging data. Radiomics, particularly features extracted from MRI scans, remains a relatively new frontier in SCI 

Fig. 8.  Clustering Analysis Based on Patient SHAP values. (A-C) Unsupervised consensus clustering 
analysis. The plots showing the consistency distribution of patients under different numbers of clusters and 
the changes in the cumulative distribution function (CDF) curves. (D) Principal component analysis (PCA) 
scatter plot, the PCA scatter plot illustrating the distribution of the two patient clusters based on PCA, with 
red representing cluster A and blue representing cluster B. (E) SHAP value heatmap. The heatmap displaying 
the distribution of SHAP values for different features in the two patient clusters, with color indicating the 
magnitude of SHAP values (red for high values, blue for low values).
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Fig. 9.  Risk Prediction and Evaluation Model (A) Simple Nomogram. The nomogram integrates key clinical 
and radiomic features, including BMI, Urea, RDW-CV, INR, Cys C, eGFR, CW, PRA, IMLL, and radiomic 
features such as original_glszm_SizeZoneNonUniformity, wavelet-HLL_glcm_SumEntropy, and wavelet-
LLH_firstorder_Kurtosis, to calculate the overall risk score. The total score corresponds to the probability 
of neurological recovery. (B) Decision curve analysis illustrating the net benefit of the model at different 
thresholds. (C) High-risk threshold analysis displaying the number of high-risk patients and the actual 
number of events at different high-risk thresholds. (D) Calibration curve comparing the consistency between 
the model’s predicted probabilities and the actual occurrence probabilities. (E) Dynamic Nomogram, the 
dynamic nomogram presenting individual risk predictions for Patient 1, Patient 2, and Patient 3, with input 
feature values including BMI, CysC, IMLL, and INR, showing the predicted risk probabilities for each patient. 
INR, International normalized ratio; BMI, Body Mass Index; Cys C, cystatin C; eGFR, estimated glomerular 
filtration rate; RDW-CV, IMLL, Intramedullary lesion length; Red blood cell distribution width-coefficient of 
variation.
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prognosis. While studies exploring the relationship between radiomics and SCI have begun, the integration of 
clinical, laboratory, and radiomics data remains rare. This study addresses this gap by combining these features, 
demonstrating that multimodal data integration significantly improves the prediction of neurological recovery 
in SCI patients. This approach aligns with recent studies, such as those by Gan et al.33, advocating for multimodal 
data to improve predictive models across various medical conditions.

The inclusion of radiomics features, such as original_glszm_SizeZoneNonUniformity, wavelet-HLL_glcm_
SumEntropy, and lbp-3D-k_glszm_GrayLevelNonUniformity, significantly enhanced model performance. These 
features, although not previously identified in SCI research, have been successfully applied in other diseases. For 
example, original_glszm_SizeZoneNonUniformity has been shown to correlate with disease severity in coronary 
artery calcification34, and wavelet-HLL_glcm_SumEntropy has been crucial in distinguishing malignant from 
benign lesions in breast cancer35. This study demonstrates that combining radiomics features from T2-weighted 
MRI scans with clinical data results in a more accurate and reliable model for predicting neurological recovery 
in ASCI patients.

These results underscore the transformative potential of radiomics-based multimodal analysis, enhancing 
predictive accuracy and providing a deeper understanding of SCI pathology. Integrating features like original_
glszm_SizeZoneNonUniformity and wavelet-HLL_glcm_SumEntropy into SCI recovery models is consistent 
with findings from oncology and cardiovascular diseases, where radiomics has outperformed traditional imaging 
techniques35,36. By combining imaging biomarkers with clinical data, this approach facilitates more precise, 
personalized treatment strategies for ASCI patients. Furthermore, studies such as Sharafi et al. have reinforced 
the value of combining T1- and T2-weighted MRI radiomics with clinical features like age and hypertension for 
superior performance in SCI severity categorization37. This further supports the integration of both radiomic 
and clinical data to improve SCI recovery prediction models.

The SHAP-based clustering analysis further highlighted the distinct prognostic profiles of patients, dividing 
them into cluster A and cluster B. Significant differences were observed in clinical, laboratory, and radiomics 
features between the two clusters. Features such as IMLL, PRA, CW, eGFR, Cys C, INR, RDW-CV, Urea, and BMI, 
along with radiomics features like original_glszm_SizeZoneNonUniformity, wavelet-HLL_glcm_SumEntropy, 
and lbp-3D-k_glszm_GrayLevelNonUniformity, showed substantial variations between the clusters. This 
multimodal clustering approach, which integrates both clinical/laboratory and radiomics features, aids clinicians 
in identifying patients with different prognostic risks, enabling the development of more targeted treatment 
plans. The clinical significance of the clustering results lies in providing more accurate risk assessment and 
personalized treatment guidance for clinicians, thereby improving treatment outcomes and patient prognosis.

This study also developed static and dynamic nomograms for clinical prediction and decision support. These 
tools can assist clinicians in quickly assessing patient prognosis and making more accurate treatment decisions in 
clinical practice38,39. The innovation of this study lies in the combination of various machine learning algorithms 
and SHAP analysis to comprehensively evaluate neurological recovery in patients with ASCI. This approach not 
only improved prediction accuracy but also revealed the contributions and interactions of each feature within 
the model. The static and dynamic nomograms provide practical tools for clinical decision support, facilitating 
the development of personalized treatment plans39.

Despite the significant findings of this study, several limitations exist. First, the relatively small sample size 
may affect the generalizability of the results. Second, the lack of an external validation set necessitates further 
verification of the model’s reliability and stability. Future studies should increase the sample size and conduct 
multi-center research to validate the applicability of our findings. Additionally, although we employed the 
Stacking method to integrate multiple models, the parameters did not yield optimal performance, and the 
method was ultimately not selected as the best model. In the presence of data noise and small sample size, 
the Stacking method may not fully realize its potential, resulting in performance instability and overfitting. 
Therefore, further expansion of the sample size is necessary.

The external validity and generalizability of our model are crucial considerations, particularly as this study 
was based on a cohort from a single hospital. The current findings demonstrate the potential of multimodal 
machine learning approaches in predicting SCI recovery but must be validated in other healthcare environments. 
As we are actively collaborating with additional hospitals, we plan to conduct external validation once the data 
from these institutions are sufficient. This will provide insights into the model’s performance across diverse 
patient populations and clinical settings. We aim to assess whether the model retains its predictive accuracy and 
clinical utility in hospitals with varying resources, healthcare infrastructure, and patient demographics.

In conclusion, this study developed an innovative machine learning model that integrates multiple algorithms 
and SHAP analysis to predict neurological recovery in patients with ASCI. By incorporating clinical, laboratory, 
and radiomics features, the model identifies key factors influencing recovery, including IMLL, INR, BMI, Cys 
C, and RDW-CV. Moreover, radiomics features such as original_glszm_SizeZoneNonUniformity, wavelet-
HLL_glcm_SumEntropy, and lbp-3D-k_glszm_GrayLevelNonUniformity were crucial in improving the model’s 
predictive accuracy. The use of both static and dynamic nomograms highlights the model’s potential to assist 
clinicians in making accurate, individualized prognostic assessments. Ultimately, our proposed model offers 
a robust tool for predicting recovery in ASCI patients, potentially guiding the development of personalized 
treatment plans and improving clinical outcomes. Further validation in diverse clinical settings will be essential 
to confirm its generalizability and utility.

Data availability
The datasets generated during and/or analysed during the current study are available from the corresponding 
author on reasonable request.
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