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[ Abstract ] Objective To propose a classification method for ultrasound images of pedicle screw canals based on
radiomics analysis, and to evaluate the integrity of the screw canal. Methods With thoracolumbar spine specimens from 4
fresh cadavers, 50 pedicle screw canals were pre-established and ultrasound images of the canals were acquired. A total of
2 000 images (1 000 intact and 1 000 damaged canal samples) were selected. The dataset was randomly divided ina 4 : 1
ratio using 5-fold cross-validation to form training and testing sets (consisting of 1 600 and 400 samples, respectively). Firstly,

the optimal radius of the region of interest was identified using the Otsu’s thresholding method, followed by feature extraction
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using pyradiomics. Principal component analysis and the least absolute shrinkage and selection operator algorithm were
employed for dimensionality reduction and feature selection, respectively. Subsequently, 3 machine learning models (support
vector machine [SVM] , logistic regression, and random forest) and 3 deep learning models (visual geometry group [VGG] ,
ResNet, and Transformer) were used to classify the ultrasound images. The performance of each model was evaluated using
accuracy. Results With a region of interest radius of 230 pixels, the SVM model achieved the highest classification accuracy
of 96.25%. The accuracy of the VGG model was only 51.29%, while the accuracies of the logistic regression, random forest,
ResNet, and Transformer models were 85.50%, 80.75%, 80.17%, and 75.18%, respectively. Conclusion For ultrasound

images of pedicle screw canals, the machine learning model performs better than the deep learning model as a whole, and the

SVM model has the best classification performance, which can be used to assist physicians in diagnosis.
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Fig1 Opverall flow chart

A: Preprocessed image; B: Foreground and background segmented image by OTSU; C: Mask. OTSU: Otsu’s thresholding method;

PCA: Principal component analysis; LASSO: Least absolute shrinkage and selection operator; SVM: Support vector machine; VGG:

Visual geometry group; ROC: Receiver operating characteristic.
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Fig 2 Negative sample (A) and positive sample (B)
Negative samples have a bright circular ring inside the nail.
Positive samples do not form a bright circular ring, but rather a

darker area or brighter spots.
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Fig 3 Image preprocessing

A: Original image; B: Cropped image; C: Enhanced image; D: Center position of undamaged spine on ultrasound image. The center

coordinates are (505, 383).
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A: Selection of ROI radius R. When the N reaches its maximum (961), the optimal radius of ROI was 230 pixels; B: LASSO feature

selection. The vertical axis represents the feature No. after dimensionality reduction using PCA, while the horizontal axis represents

the LASSO feature coefficient. ROI: Region of interest; LASSO: Least absolute shrinkage and selection operator; PCA: Principal

component analysis.
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Tab 1 Original feature with the highest contribution
rate corresponding to features selected by LASSO

FN  Original feature with the highest contribution rate

wavelet-HHL gldm SmallDependenceEmphasis
wavelet-LLH ngtdm_Contrast
3 wavelet-HHH gldm GrayLevelVariance
23 wavelet-HLL glrlm LongRunHighGrayLevelEmphasis
37 wavelet-HHL glszm SizeZoneNonUniformity
5 wavelet-HHH glrlm LowGrayLevelRunEmphasis
26 squareroot ngtdm Coarseness

10 wavelet-HHH gldm GrayLevelNonUniformity

LASSO: Least absolute shrinkage and selection operator;
FN: Feature No.
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Fig 5 Classification accuracy of SVM under different
ROI radii
As the radius increases, the accuracy of the SVM model
gradually increases. It reaches its highest point at a radius of
230 pixels, with an accuracy of 96.25%. However, as the radius
further increases, the accuracy starts to decline. ROIL: Region of

interest; SVM: Support vector machine.
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Tab 2 Classification performance of each model on test set

(%), n=400,X+s

Model Accuracy Specificity Sensitivity F1 score

Machine learning

SVM 96.251+0.85 97.00+1.22 95.50+1.14 96.221+0.86

Logistic regression 85.50+1.13 89.70+1.03 81.30+1.36 84.86+1.21

Random forest 80.75+0.35 90.10+1.46 71.40+1.66 78.76+0.60
Deep learning

VGG 51.29+0.27 98.79+1.20 3.79+1.00 7.19+1.76

ResNet 80.171+0.43 65.78+1.30 94.57+1.04 82.67+0.36

Transformer 75.18+1.11 52.94+1.95 96.48+1.23 79.89+0.84

SVM: Support vector machine; VGG: Visual geometry group.
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Fig 6 ROC curves (A) and PR curves (B) of each model

ROC: Receiver operating characteristic; PR: Precision-recall; SVM: Support vector machine; LR: Logistic regression; RF: Random

forest; VGG: Visual geometry group; AUC: Area under curve.

®3 BREFIEBSHYSNIHES
Tab 3 Parameters and FLOPs of each deep

learning model

Model Parameter (X 10"  FLOPs (X 10%)
ResNet 25.6 4.13
VGG 138 15.5
Transformer 8.82 4.37

FLOPs: Floating point operations; VGG: Visual geometry
group.
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