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Abstract

Objective: Lumbar and dorsal fasciitis is a common but often overlooked cause of lower back pain.
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Early identification of abnormal changes in the fascia is crucial for discovering the hidden causes of
lower back pain. Therefore, this study aims to use radiomics machine learning methods based on
magnetic resonance imaging of lumbar soft tissues to analyze the changing characteristics of the
lumbar and dorsal fascia in patients with lower back pain. Methods: We conducted a retrospective
analysis of lumbar magnetic resonance imaging (MRI) of 380 patients with low back pain from Sep-
tember 2021 to September 2023 and collected clinical data. Seven different classification algorithms
were used to establish a classification prediction model based on Radscore, and its prediction per-
formance was evaluated through the receiver operating characteristic (ROC) curve. The model with
the best performance was selected as the Radiomics model. Patients were randomly assigned to the
training group (70%, n = 266) or the validation group (30%, n = 114). Clinical models, Radiomics
models, and Nomogram models were established respectively, and their predictive performance
was evaluated through the ROC curve. Result: Among the seven machine learning models, the Lasso
model has the best diagnostic performance, with an area under the curve (AUC) of 0.83. Therefore,
we chose the Lasso model to construct the radiomics model. The Nomogram model combines clini-
cal and radiomics features. In the training set and validation set, the model performed well, with
AUCs of 0.97 and 0.96 respectively. AUC and decision curve analysis (DCA) indicated that the Nom-
ogram model could effectively diagnose lumbar fasciitis. Conclusion: In summary, we have constructed
a Nomogram model based on clinical and radiomics features, aiming to assist clinicians in identify-
ing and predicting lumbar fasciitis through soft tissue magnetic resonance imaging.
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Table 1. Parameters of sagittal T1-weighted imaging
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Figure 1. The mid-section of the L4/5 intervertebral disc was scanned using axial T2-
weighted imaging technique to determine the region of interest (ROI). This region en-
compasses the erector spinae and multifidus muscles at the level of the intervertebral
disc, as well as the portion of fat behind the muscles that includes the fascia
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Table 2. Diagnostic performance table of radiomics, clinical, and Nomogram models in the training and validation groups
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Figure 2. The hyperparameter (1) in the LASSO model was selected through 10-fold cross-validation based on the binomial
deviance minimization criterion. The binomial deviance was plotted as a function of log(1). The finally selected optimal 1
value was 0.0142. LASSO: Least Absolute Shrinkage and Selection Operator
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Figure 3. Rad-score histogram: The y-axis represents the 13 selected radiomic features, while the x-axis indicates the coeffi-
cients of these features
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Figure 4. AUC curves of seven machine learning models
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Table 3. Accuracy, sensitivity, and specificity of seven models
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Table 4. Diagnostic performance of radiomics, clinical, and Nomogram models in the training and validation sets
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Figure 5. AUC values of clinical factors, radiomics model, and Nomogram model in the training and validation groups
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Figure 6. The Nomogram model integrates indicators such as age, sagittal Cobb angle, average fat
thickness, and radiomic score, serving as a radiomics-based predictive model developed from training
samples
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Figure 7. Calibration curves of the nomogram for the training set (left panel) and validation set (right panel), illustrating the
relationship between predicted and observed values. The distance between the dashed line and the solid line reflects the model’s
predictive capability, with this distance being inversely proportional to predictive performance
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Figure 8. Decision Curve Analysis (DCA) of the Radiomics Nomogram. The DCA demon-
strates that the radiomics nomogram outperforms the clinical model in predicting lumbar fas-
cial changes. The red and blue lines represent the net benefits of the radiomics model and the
clinical model, respectively. The green line represents the hypothetical scenario where all
patients have fascial changes, while the black line represents the scenario where none of the
patients have fascial changes
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