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Objective: Explore a new deep learning (DL) object detection algorithm for clinical auxiliary diagnosis of lumbar spondylolisthesis and compare it with doctors’ evaluation to verify the effectiveness and feasibility of the DL algorithm in the diagnosis of lumbar spondylolisthesis.
Methods: Lumbar lateral radiographs of 1,596 patients with lumbar spondylolisthesis from three medical institutions were collected, and senior orthopedic surgeons and radiologists jointly diagnosed and marked them to establish a database. These radiographs were randomly divided into a training set (n = 1,117), a validation set (n = 240), and a test set (n = 239) in a ratio of 0.7 : 0.15: 0.15. We trained two DL models for automatic detection of spondylolisthesis and evaluated their diagnostic performance by PR curves, areas under the curve, precision, recall, F1-score. Then we chose the model with better performance and compared its results with professionals’ evaluation.
Results: A total of 1,780 annotations were marked for training (1,242), validation (263), and test (275). The Faster Region-based Convolutional Neural Network (R-CNN) showed better precision (0.935), recall (0.935), and F1-score (0.935) in the detection of spondylolisthesis, which outperformed the doctor group with precision (0.927), recall (0.892), f1-score (0.910). In addition, with the assistance of the DL model, the precision of the doctor group increased by 4.8%, the recall by 8.2%, the F1-score by 6.4%, and the average diagnosis time per plain X-ray was shortened by 7.139 s.
Conclusion: The DL detection algorithm is an effective method for clinical diagnosis of lumbar spondylolisthesis. It can be used as an assistant expert to improve the accuracy of lumbar spondylolisthesis diagnosis and reduce the clinical workloads.
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INTRODUCTION
Spondylolisthesis implies forward translation of the superior vertebra relative to the adjacent inferior vertebra on the sagittal plane (Hu et al., 2008). The etiology of spondylolisthesis has not been well known. A large number of studies have shown that congenital developmental defects and chronic strain or stress injury are possibly the two main causes, especially the latter (Jones and Rao, 2009). The primary pathological features of spondylolisthesis are the destruction of the anatomical structure of the lumbar spine and the accompanying pressure on nerves, causing clinical symptoms such as pain, numbness, and bladder/bowel dysfunction (Tumialan, 2019). In the early stages of the disease, most patients with lumbar spondylolisthesis have none obvious clinical symptoms (Guigui and Ferrero, 2017).
According to relevant guidelines, the lumbar lateral radiograph in a standing position is the most appropriate non-invasive examination method for detecting spondylolisthesis (Matz et al., 2016). Some relevant studies have shown that variability between inter-observer and intra-observer in lumbar spine diagnosis can be as high as 15% (Butt and Saifuddin, 2005). Also, this variation may increase if there involves a rotation. Considering that the progression of the disease may severely reduce the patients’ quality of life and increase social and medical burdens (Karsy and Bisson, 2019), early and accurate diagnosis of lumbar spondylolisthesis is critical.
Among various forms of artificial intelligence (AI), machine learning is the most widely applied (Le, 2022; Sunnetci and Alkan, 2023). As an emerging research direction in the field of machine learning, deep learning (DL) has been widely used in medical image analysis, medical decision support systems, protein function prediction, genomics research and medical natural language processing (Le and Huynh, 2019; Zhou et al., 2022; Foersch et al., 2023; Lee et al., 2023; Theodoris et al., 2023). Especially in the field of medical image analysis, there are relevant studies using deep learning algorithms for identification and diagnosis of diseases such as lung nodules, retinal lesions, ovarian cancer, skin diseases and so on (Gao et al., 2022; Kim et al., 2022; Ruamviboonsuk et al., 2022; Zhang et al., 2022). In orthopedics, some scholars have also carried out related researches on using DL technology to identify limb and spine fractures, and intervertebral disc herniation lesions through X-ray, CT, MRI and other image data to demonstrate the advantages of AI in this field (Li et al., 2021; Liu et al., 2022; Zheng et al., 2022). Therefore, AI-assisted lumbar spondylolisthesis detection may become an effective auxiliary diagnosis method. If the performance of the AI model is stable and convincing, it can be used to locate the spondylolisthesis in the lateral X-ray film, thereby assisting orthopedists or radiologists in diagnosing spondylolisthesis to improve diagnostic accuracy.
In the study, we proposed a DL algorithm to diagnose spondylolisthesis using only lumbar lateral radiographs. 1) To train the best model using the multi-center dataset and ensure stable detection performance; 2) To compare diagnostic performance between the detection model and clinical doctors; 3) To compare the clinician’s diagnostic performance with and without the assistance of the DL model. It was expected that our DL model could act as an assistant to help doctors reduce medical errors during diseases detection and treatment.
METHODS
Patients
This is a retrospective study involving multiple institutions. The study was approved by the Institutional Ethics Committee, and the requirement for informed consent was waived due to the retrospective nature of the study and negligible risks involved. Patients whose conditions fit for the study were selected from the databases of the Union Hospital Affiliated to Tongji Medical College of Huazhong University of Science and Technology, Daye People’s Hospital, and Nanzhang County People’s Hospital.
In this retrospective study, the inclusion criteria were as follows: 1) patients aged 18 years or older; 2) patients diagnosed with lumbar spondylolisthesis; 3) including complete lateral imaging of the lumbar spine. The criteria for exclusion included: 1) patients with a history of spinal fracture, deformity, tumor, osteomyelitis, or internal fixation; 2) poor X-ray imaging; 3) foreign objects obstructing affect image reading. Multiple spondylolisthesis observed from plain radiographs was not an exclusion criterion. Finally, a total of 1,596 radiographs from patients with spondylolisthesis diagnosed between December 2017 to December 2022 were selected for this study. The detailed selection process is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Research flow chart. The graph shows the sample numbers in training, validation, and test datasets. All datasets (n = 1,596 patients) were randomly divided into training (n = 1,117), validation (n = 240) and testing (n = 239) sets in a ratio of 0.7: 0.15: 0.15.
Diagnosis
The lateral X-ray images were analyzed and graded by a chief orthopedic physician with more than 15 years of experience in spine specialties and a chief physician of imaging department with more than 15 years of professional experience in imaging. In cases of disagreement, a chief orthopedic expert with 20 years of clinical experience reviewed the patient’s clinical information and additional imaging examination, and arrived at a conclusion after discussions with those two physicians.
The classification of lumbar spondylolisthesis is divided into 4 grades according to the Meyerding classification method (Tumialan, 2019). The anterior-posterior diameter (AP) of the upper surface of the lower vertebral body is divided into four equal parts, degree I is within 1/4, degree II is between 1/4 and 2/4, degree III is between 2/4 and 3/4, while over 3/4 is graded IV (Figure 2).
[image: Figure 2]FIGURE 2 | Schematic diagram of the Meyerding classification measuring method.
Imaging annotation
All the acquired X-ray images of the lumbar spine were stored in high-quality JPEG format. And the region of interest (RoI) of each image was manually annotated by experienced orthopedic surgeons and radiologists based on the previous image diagnosis results. The RoIs of the posterior vertebral body were manually labeled using the Labelme software package (https://github.com/wkentaro/labelme).
The diagnosis of lumbar spondylolisthesis is mainly based on the position relationship between the upper and lower vertebral bodies. Therefore, this study will focus on the posterior edge area of lumbar vertebrae in X-rays, and train algorithms by annotating the posterior edge areas of normal and slipped vertebrae to accurately identify the location of slippage as much as possible.
Data sets for training, validation, and testing
We selected 1,596 lateral lumbar spine radiographs (one plain radiograph per person) taken from December 2017 to December 2022 for training, validation and testing (Table 1). These radiographs were randomly distributed in a ratio of 0.7: 0.15: 0.15 using the Python program, with 1,117 distributed for training, 240 for validation, and 239 for testing. 1,242 spondylolisthesis were identified in the training set, 263 spondylolisthesis in the validation set, and 275 spondylolisthesis in the testing set (Figure 1).
TABLE 1 | Demographics of patients were included.
[image: Table 1]Data set processing
Data was processed to ensure the detection accuracy of the target. The imported images were resized with the shorter edge’s dimensions fixed and pixels to 800, and the longer side was resized proportionally. At the same time, there is a 50% probability for each image to be flipped horizontally, increasing the richness of the image. In addition, through image normalization, the value of features (or images) were adjusted to a similar range, which speeds up network convergence. Specifically, image normalization is the process of transforming a raw image to a unique standardized form through a series of transformations in order to eliminate the influence of other transformation functions on the image. In this study, we used common normalization parameters: mean = [123.675, 116.28, 103.53] and std = [58.395, 57.12, 57.375]. These parameters can make different images comparable and improve model training effectiveness.
DL model architecture and implementation
Two DL detection models, Faster R-CNN (Ren et al., 2017) and RetinaNet (Lin et al., 2017), were selected for research. Faster R-CNN is a typical algorithm in the two-stage object detection model, which mainly includes four parts: Conv Layers, Region Proposal Networks (RPN), RoI Pooling and Classifier (Figure 3). Faster RCNN has integrated feature extraction, a region proposal, bounding box regression (rect refine), and classification into one network, which greatly improves the overall performance, especially in terms of detection speed. RetinaNet is a one-stage high-accuracy deep learning algorithm that uses a Feature Pyramid Network (FPN) chelation on CNN as its backbone network. It attaches two sub-networks respectively for anchor box regression and classification for each level to achieve accurate recognition of location information and object detection (Figure 4).
[image: Figure 3]FIGURE 3 | Faster R-CNN network structure for lumbar spondylolisthesis detection.
[image: Figure 4]FIGURE 4 | RetinaNet network structure for lumbar spondylolisthesis detection.
We ran the DL framework-pytorch on the Ubuntu 16.04 operation system (http://www.ubuntu.com) with an NVIDIA V100 GPU (CUDA 10.2 and cuDNN 7.6.5) (http://developer.nvidia.com), 32 GB VRAM.
Non-maximum suppression (NMS)
The above model might predict many overlapping bounding boxes, and we used NMS to select the best one from multiple overlapping predicted bounding boxes. NMS is a post-processing method. For multiple overlapping detection boxes, NMS sorts all the detection results according to the score from high to low, keeps the box with the highest score, and deletes the rest.
Model comparison and validation
In order to objectively evaluate the classification performance of Faster R-CNN and Retina, images in the testing set were used to evaluate the classification accuracy of the two models after training. By drawing the PR curve and calculating the AP value and the three evaluation indicators (precision, recall rate and F1-score), we obtained the performance difference of two models in classification. These indicators were presented in detail in the Supplementary Material.
Furthermore, to validate the performance of the DL models in images without spondylolisthesis, lateral lumbar radiographs of 239 subjects (diagnosed with lumbar muscle strain or intervertebral disc herniation) without spondylolisthesis were added as a control group, and the number of false positives (FPs) in the control group was calculated.
Comparison of results of DL models and professional physicians
To compare the difference in diagnosing spondylolisthesis by DL algorithms and doctors, we set up a group of six doctors, and compared their results with those of the DL model. The six doctors in this group are all orthopedic surgeons with more than 5 years of orthopedic experience and passed the intermediate certificate examination (none of the six doctors were involved in diagnosis or labeling). We recorded the precision, sensitivity, F1-score, and the diagnosis time of the doctor group. Four weeks later, the diagnostic test of the doctor group assisted by AI was carried out, in which the images were shuffled.
Since each lateral lumbar radiograph may have multiple locations of lumbar spondylolisthesis while generally more parts are normal, receiver operating characteristic (ROC) curves and specificities are not applicable here. Setio et al. (2017) show that free-reaction ROC (fROC) allows multiple lesions and normal sites to appear on one image, so we used a fROC curve to analyze the sensitivity and average FPs of the CNN model to the independent test set, and the curve covered the points of six non-AI-assisted physician diagnosis results and six AI-assisted physician diagnosis results.
Compare the detection effect of images with different resolutions
To study the impact of resolution on detection of lumbar spondylolisthesis, we used images with different resolutions for detection and plotted corresponding fROC curves.
Statistical analysis
Continuous variables were presented as median [interquartile range (IQR)]. Categorical variables were expressed by counts and percentages. For the comparison of baseline characteristics among different data sets, the ANOVA test was used for continuous variables and χ2 test was used for categorical variables. Precision, recall, F1-score, TP, FN, and FP were selected as diagnostic performances, and the corresponding 95% confidence intervals were estimated using bootstrapping with 1,000 bootstraps. The paired-samples t-test was used to compare diagnostic performances of Faster R-CNN and RetinaNet. The Mann-Whitney was used to compare diagnostic performances of doctors with or without AI assistance. The Student’s t-test was used to compare diagnostic performances of Faster R-CNN and doctors without AI assistance. The bootstrapping were performed using packages “boot” of R 4.1.2 (The R Foundation for Statistical Computing, Vienna, Austria). Other statistical analyses were performed using SAS Statistics software (version 9.4, SAS Institute Inc., Cary, North Carolina, USA). All statistical tests were two-sided, and p < 0.05 was considered statistically significant.
RESULTS
Demographic data of the included patients
There were no significant differences in age or sex between the training, validation, testing data sets and the control group (all p > 0.05) (Table 1).
Comparison of the DL models
The PR curves output by the two trained DL models are shown in Figure 5, with AP of 0.966 and 0.902 for Faster R-CNN and Retina, respectively. In terms of classification performance, Faster R-CNN outperformed Retina in precision (0.935 > 0.794), Recall (0.935 > 0.771) and F1-Score (0.935 > 0.782). In the control group, FP was unavoidable, with FPs of 14 and 47 for the two models, respectively. Detailed results are provided in the Supplementary Material. Therefore, FasterR R-CNN was selected as the better model for further research.
[image: Figure 5]FIGURE 5 | PR curves of Faster RCNN and RetinaNet. The PR curve of Faster R-CNN can completely wrap that of RetinaNet, indicating that Faster R-CNN is better than RetinaNet.
Clinical application of the DL model
The original image was imported into the AI model and the model automatically executed the entire procedure and produced results with position markers and spondylolisthesis probability of spondylolisthesis (Figure 6). The time from importing a plain film to generating final results took approximately 0.167 s/piece on average, while the average time the doctors group took was about 25.452 s/piece under the same testing data set.
[image: Figure 6]FIGURE 6 | These results demonstrated the potential of clinical application of the DL model, with blue rectangles marking the location of spondylolisthesis and numbers showing the probability of spondylolisthesis (A) shows detection of one spondylolisthesis and (B) shows detection of two spondylolisthesis.
Comparison of diagnostic performance of DL model and doctor group
The six points without AI assistance in the doctor group were all near the bottom of the fROC curve, and the six points with higher values represented diagnosis after AI assistance (Figure 7). The doctor group had an average precision of 0.927, sensitivity of 0.892, and F1-score of 0.910 in diagnosing spondylolisthesis. However, DL models performed slightly better in precision and significantly better in sensitivity and F1-Score (Table 2).
[image: Figure 7]FIGURE 7 | Sensitivity and average number of FPs per patient of spondylolisthesis on whole X-Ray images are shown by fROC curves. Physicians without AI assistance (purple triangles) are near the curve, and physicians with AI assistance (red triangles) are above and to the left of the curve.
TABLE 2 | Comparison of the DL and doctors.
[image: Table 2]As shown in Table 3. After AI assistance, the average precision of spondylolisthesis diagnosis in the doctor group increased by 4.8% from 0.927 to 0.975 (p = 0.004), the average sensitivity of diagnosis increased by 8.2% from 0.892 to 0.974 (p = 0.004), and the average F1 score increased by 6.4% from 0.910 to 0.974. Without AI assistance and with AI assistance, the average diagnosis time of the doctor group was 25.452 s and 18.355 s, respectively (p = 0.004), and the average diagnosis time of each plain X-ray film was shortened by 7.139 s with AI assistance.
TABLE 3 | Comparison of the doctors with or without AI.
[image: Table 3]The result of images with different resolutions
The results showed that when the resolution was reduced to 512 pixels, the detection performance decreased slightly, while a significant decrease in detection performance occurred when the resolution was reduced to 256 pixels (Figure 7).
DISCUSSION
In our study, we proposed a DL-based identification and diagnosis method for lumbar spondylolisthesis. The trained DL model, in the independent testing set, the precision of DL model for lumbar spondylolisthesis diagnosis was 0.935, recall was 0.935, and F1-score was 0.935. Compared with evaluation of attending physicians in orthopedics, the performance of the DL model was significantly higher. With the assistance of AI, the diagnostic performance of the doctor group has been significantly improved.
Lumbar spondylolisthesis is one of the most common spinal disorders, with studies showing that approximately 4%–6% of the population suffer from spondylolisthesis and lumbar spondylolisthesis (Fredrickson et al., 1984). Although there might be some mild symptoms of lumbar spondylolisthesis, in most cases, people usually do not feel it in early stages, which will lead to the further development of the disease (Wang et al., 2017). In addition, busy clinical work may cause doctors to make misdiagnosis and missed diagnosis, especially for patients with slippage less than 25%, which will seriously affect the diagnosis and treatment of lumbar spondylolisthesis (Iguchi et al., 2002). Therefore, an efficient and accurate automatic diagnosis system for spondylolisthesis is very important for early diagnosis, treatment and rehabilitation of the disease.
MRI/CT/X-rays can be used to detect spondylolisthesis, but according to the latest guidelines, lateral lumbar radiographs are the most appropriate non-invasive examination for spondylolisthesis, especially in the absence of reliable evidence. MRI is mostly used to evaluate the neurological status of spondylolisthesis patients with spinal stenosis, and CT mostly for patients with contraindications for MRI examination.
Early studies on AI diagnosis of spondylolisthesis primarily concentrated on CT/MRI images, which also produced positive outcomes. Liao et al. (2016) proposed an automated lumbar spondylolisthesis assessment method for automatic measurement of spondylolisthesis on CT images, and the method reached the level of radiologists performing annotation. Yunliang et al. (2017) developed an automatic detection system for spondylolisthesis based on supervised learning, which had a sensitivity of 91.8% and a specificity of 90.0% for spondylolisthesis detection on CT/MRI images. Zhao et al. (2019) proposed a FAR network for vertebral body detection and lumbar spondylolisthesis classification based on MRI images, with an accuracy of 0.8933 ± 0.0276. In terms of detection of X-ray images, Giam et al. (Trinh et al., 2022) developed LumbarNet for the detection and segmentation of vertebral bodies, and realized the judgment of lumbar spondylolisthesis, with an accuracy rate of 88.83%.
This study focused on the detection of spondylolisthesis in lumbar spine radiographs. We first proposed to detect spondylolisthesis by identifying the structure between the posterior borders of adjacent vertebral bodies, so as to achieve high-precision detection of spondylolisthesis on lateral lumbar radiographs. In this study, we developed and investigated two different types of algorithms for spondylolisthesis detection, where Faster R-CNN showed better performance than RetinaNet in spondylolisthesis detection. Faster R-CNN is a two-stage algorithm with real-time performance and higher detection accuracy, while RetinaNet is a state-of-the-art one-stage algorithm that focuses on detection speed (Sunnetci et al., 2023; Xu et al., 2023). Considering the high accuracy requirements by clinical work, Faster R-CNN is more suitable for the detection of spondylolisthesis.
Currently, mainstream target detection algorithms based on DL are mainly divided into two-stage and single-stage. The first stage of the two-stage algorithm works to identify candidate regions in the target image, and the subsequent stage to classify the candidate regions. Typical two-stage algorithms include Region-based Convolutional Neural Network (R-CNN), Fast R-CNN and Faster R-CNN, etc. Single-stage detection algorithms do not include the stage of candidate region proposal generation, and directly give class probabilities and spatial coordinates of objects. You only look once (YOLO) and RetinaNet are typical single-stage algorithms.
Analysis of the diagnostic results of the physician group showed that they frequently missed multiple or minor spondylolisthesis. However, Faster R-CNN extracts feature maps for each input image through region proposal networks and sliding window M × N feature maps, which leads to the algorithm being able to accurately detect spondylolisthesis (Karako et al., 2021). And the model can detect many mild spondylolisthesis that clinicians miss. In addition, the diagnosis time after AI assistance is significantly shortened. As we analyzed the network stage by stage, we found that the proposals obtained by the first-stage RPN network of Faster R-CNN were basically around the targets, which greatly reduced the number of false positives in the backgrounds. This further verifies the effectiveness of the first-stage network training. When these proposals are sent into the second-stage network, they can be regarded as weak priors and further refined in the second stage network. We found that our algorithm was able to eliminate close false positives in the second stage and further facilitate the performance of our network.
For the detection of images with different resolutions, when the resolution is reduced to 512, the detection effect slightly decreases, and when further reduced to 256, the detection effect significantly decreases. This may be in lateral lumbar spine images, the structure between vertebrae is a small target relative to the entire image. If the image resolution is lowered, information may be lost, making it difficult to fully reflect vertebral features and leading to a decrease in detection performance.
In detection, missed diagnosis is inevitable. When analyzing the images of missed diagnosis, we found that severe lumbar spondylolisthesis, especially those with the grade greater than 4, are prone to be missed. This may be because most patients only have mild to moderate lumbar spondylolisthesis, and the number of patients with severe lumbar spondylolisthesis is relatively small. During the training process, algorithms may not be able to fully learn about particularly severe lumbar spondylolisthesis. However, in actual clinical work, this type of severe lumbar spondylolisthesis is rarely missed because its degree of slippage is severe and obvious on plain films. This suggests that we need to collect more data to improve algorithm performance.
This study still has some limitations. First, the DL algorithm is designed to detect lumbar spondylolisthesis, but since it would be affected by the shape of the vertebral body, especially the shape of the posterior edge of the vertebral body, cases with a medical history of fractures, tumors, osteomyelitis, and internal fixation operations are excluded. Therefore, users should consider this major limitation. Second, this model can only identify whether there is spondylolisthesis on the lateral lumbar spine radiograph, but the type of spondylolisthesis (true spondylolisthesis, pseudospondylolisthesis, or degenerative spondylolisthesis) still needs to be comprehensively analyzed by the doctor based on the patient’s medical history and other image details and data. Third, the basic diagnostic data was mainly analyzed and assessed by an orthopedist and a radiologist who specialized in the spine. The limited number of specialists involved may compromise the reliability of the DL models’ performance. If more experienced doctors participate in diagnosis and labeling, human bias can be effectively reduced, thereby improving research validity. Finally, although we have used data from three hospitals and the amount of data is large enough, and the training effect is good, it is still not enough for a mature and excellent algorithm. Therefore, in the future, we will collect more data from hospitals and establish larger multi-center databases and external validation sets to further improve algorithm performance.
Although these factors indicate that there is room for further investigation, we believe that the rigor and standards we demonstrated for the research ensured its value and the overall results deserve full consideration. If the performance of the algorithms we proposed can be validated by others, this fast and accurate model has great potential to assist doctors in emergency rooms, and outpatient and inpatient clinics. Besides, in areas with limited resources and a shortage of medical professionals, this model could provide spondylolisthesis prediagnosis from readily available X-ray images.
CONCLUSION
We developed a DL model to diagnose and locate lumbar intervertebral position of spondylolisthesis. Compared with the orthopedic surgeons, the DL model showed significant advantages in the diagnostic accuracy and speed of lumbar spondylolisthesis. The results proved that our approach is feasible and demonstrated the excellent performance of the DL model in the diagnosis of lumbar spondylolisthesis. This technology is expected to become a second expert, assisting clinicians to improve the accuracy of lumbar spondylolisthesis diagnosis and properly reduce the frontline doctors’ workloads.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding authors.
ETHICS STATEMENT
This study was performed in accordance with the Declaration of Helsinki and approved by the Medical Science Research Ethics Committee. All researches were performed in accordance with relevant guidelines and regulations. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.
AUTHOR CONTRIBUTIONS
JZ and ZY contributed to conception and design of the study. HL, LC, JZ, and TH contributed to acquisition and processing data. YX, HZ, and JY assisted in conducting experiment. SL and MXi performed the statistical analysis. JZ and LL wrote the draft of the manuscript. HW, MXu, and YF wrote sections of the manuscript. ZY, PL, and LL contributed to manuscript revision and supervision. All authors contributed to the article and approved the submitted version.
FUNDING
This work was supported by the National Natural Science Foundation of China (Nos. 81974355 and 82172524), Key Research and Development Program of Hubei Province (NO. 2021BEA161) and National Innovation Platform Development Program (No. 2020021105012440).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fbioe.2023.1194009/full#supplementary-material
REFERENCES
 Butt, S., and Saifuddin, A. (2005). The imaging of lumbar spondylolisthesis. Clin. Radiol. 60, 533–546. doi:10.1016/j.crad.2004.07.013
 Foersch, S., Glasner, C., Woerl, A. C., Eckstein, M., Wagner, D. C., Schulz, S., et al. (2023). Multistain deep learning for prediction of prognosis and therapy response in colorectal cancer. Nat. Med. 29, 430–439. doi:10.1038/s41591-022-02134-1
 Fredrickson, B. E., Baker, D., Mcholick, W. J., Yuan, H. A., and Lubicky, J. P. (1984). The natural history of spondylolysis and spondylolisthesis. J. Bone Jt. Surg. Am. 66, 699–707. doi:10.2106/00004623-198466050-00008
 Gao, Y., Zeng, S., Xu, X., Li, H., Yao, S., Song, K., et al. (2022). Deep learning-enabled pelvic ultrasound images for accurate diagnosis of ovarian cancer in China: A retrospective, multicentre, diagnostic study. Lancet Digit. Health 4, e179–e187. doi:10.1016/S2589-7500(21)00278-8
 Guigui, P., and Ferrero, E. (2017). Surgical treatment of degenerative spondylolisthesis. Orthop. Traumatol. Surg. Res. 103, S11–S20. doi:10.1016/j.otsr.2016.06.022
 Hu, S. S., Tribus, C. B., Diab, M., and Ghanayem, A. J. (2008). Spondylolisthesis and spondylolysis. JBJS 90, 656–671. doi:10.1002/jsfa.3888
 Iguchi, T., Wakami, T., Kurihara, A., Kasahara, K., Yoshiya, S., and Nishida, K. (2002). Lumbar multilevel degenerative spondylolisthesis: Radiological evaluation and factors related to anterolisthesis and retrolisthesis. J. Spinal Disord. Tech. 15, 93–99. doi:10.1097/00024720-200204000-00001
 Jones, T. R., and Rao, R. D. (2009). Adult isthmic spondylolisthesis. J. Am. Acad. Orthop. Surg. 17, 609–617. doi:10.5435/00124635-200910000-00003
 Karako, K., Mihara, Y., Arita, J., Ichida, A., Bae, S. K., Kawaguchi, Y., et al. (2021). Automated liver tumor detection in abdominal ultrasonography with a modified faster region-based convolutional neural networks (Faster R-CNN) architecture. Hepatobiliary Surg. Nutr. 11, 675–683. doi:10.21037/hbsn-21-43
 Karsy, M., and Bisson, E. F. (2019). Surgical versus nonsurgical treatment of lumbar spondylolisthesis. Neurosurg. Clin. N. Am. 30, 333–340. doi:10.1016/j.nec.2019.02.007
 Kim, R. Y., Oke, J. L., Pickup, L. C., Munden, R. F., Dotson, T. L., Bellinger, C. R., et al. (2022). Artificial intelligence tool for assessment of indeterminate pulmonary nodules detected with CT. Radiology 304, 683–691. doi:10.1148/radiol.212182
 Le, N. Q. K., and Huynh, T. T. (2019). Identifying SNAREs by incorporating deep learning architecture and amino acid embedding representation. Front. Physiol. 10, 1501. doi:10.3389/fphys.2019.01501
 Le, N. Q. K. (2022). Potential of deep representative learning features to interpret the sequence information in proteomics. Proteomics 22, e2100232. doi:10.1002/pmic.202100232
 Lee, R. Y., Kross, E. K., Torrence, J., Li, K. S., Sibley, J., Cohen, T., et al. (2023). Assessment of natural language processing of electronic health records to measure goals-of-care discussions as a clinical trial outcome. JAMA Netw. Open 6, e231204. doi:10.1001/jamanetworkopen.2023.1204
 Li, Y. C., Chen, H. H., Horng-Shing Lu, H., Hondar Wu, H. T., Chang, M. C., and Chou, P. H. (2021). Can a deep-learning model for the automated detection of vertebral fractures approach the performance level of human subspecialists?Clin. Orthop. Relat. Res. 479, 1598–1612. doi:10.1097/CORR.0000000000001685
 Liao, S., Zhan, Y., Dong, Z., Yan, R., Gong, L., Zhou, X. S., et al. (2016). Automatic lumbar spondylolisthesis measurement in CT images. IEEE Trans. Med. Imaging 35, 1658–1669. doi:10.1109/TMI.2016.2523452
 Lin, T. Y., Goyal, P., Girshick, R., He, K., and Dollár, P. (2017). “Focal loss for dense object detection,” in 2017 IEEE International Conference on Computer Vision (ICCV),  (Venice, Italy, Oct. 22 2017 to Oct. 29 2017), 2999–3007.
 Liu, P., Lu, L., Chen, Y., Huo, T., Xue, M., Wang, H., et al. (2022). Artificial intelligence to detect the femoral intertrochanteric fracture: The arrival of the intelligent-medicine era. Front. Bioeng. Biotechnol. 10, 927926. doi:10.3389/fbioe.2022.927926
 Matz, P. G., Meagher, R. J., Lamer, T., Tontz, W. L., Annaswamy, T. M., Cassidy, R. C., et al. (2016). Guideline summary review: An evidence-based clinical guideline for the diagnosis and treatment of degenerative lumbar spondylolisthesis. Spine J. 16, 439–448. doi:10.1016/j.spinee.2015.11.055
 Ren, S., He, K., Girshick, R., and Sun, J. (2017). Faster R-CNN: Towards real-time object detection with region proposal networks. IEEE Trans. Pattern Anal. Mach. Intell. 39, 1137–1149. doi:10.1109/TPAMI.2016.2577031
 Ruamviboonsuk, P., Tiwari, R., Sayres, R., Nganthavee, V., Hemarat, K., Kongprayoon, A., et al. (2022). Real-time diabetic retinopathy screening by deep learning in a multisite national screening programme: A prospective interventional cohort study. Lancet Digit. Health 4, e235–e244. doi:10.1016/S2589-7500(22)00017-6
 Setio, A. A., Traverso, A., De Bel, T., Berens, M. S. N., Bogaard, C. V. D., Cerello, P., et al. (2017). Validation, comparison, and combination of algorithms for automatic detection of pulmonary nodules in computed tomography images: The LUNA16 challenge. Med. Image Anal. 42, 1–13. doi:10.1016/j.media.2017.06.015
 Sunnetci, K. M., and Alkan, A. (2023). Biphasic majority voting-based comparative COVID-19 diagnosis using chest X-ray images. Expert Syst. Appl. 216, 119430. doi:10.1016/j.eswa.2022.119430
 Sunnetci, K. M., Kaba, E., Celiker, F. B., and Alkan, A. (2023). Deep network-based comprehensive parotid gland tumor detection. Acad. Radiol. 2023. doi:10.1016/j.acra.2023.04.028
 Theodoris, C. V., Xiao, L., Chopra, A., Chaffin, M. D., Al Sayed, Z. R., Hill, M. C., et al. (2023). Transfer learning enables predictions in network biology. Nature 618, 616–624. doi:10.1038/s41586-023-06139-9
 Trinh, G. M., Shao, H-C., Hsieh, K. L., Lee, C-Y., Liu, H-W., Lai, C-W., et al. (2022). Detection of lumbar spondylolisthesis from X-ray images using deep learning network. J. Clin. Med. 11, 5450. [Online]. doi:10.3390/jcm11185450
 Tumialan, L. M. (2019). Future studies and directions for the optimization of outcomes for lumbar spondylolisthesis. Neurosurg. Clin. N. Am. 30, 373–381. doi:10.1016/j.nec.2019.02.011
 Wang, Y. X. J., Kaplar, Z., Deng, M., and Leung, J. C. S. (2017). Lumbar degenerative spondylolisthesis epidemiology: A systematic review with a focus on gender-specific and age-specific prevalence. J. Orthop. Transl. 11, 39–52. doi:10.1016/j.jot.2016.11.001
 Xu, J., Ren, H., Cai, S., and Zhang, X. (2023). An improved faster R-CNN algorithm for assisted detection of lung nodules. Comput. Biol. Med. 153, 106470. doi:10.1016/j.compbiomed.2022.106470
 Yunliang, C., Stephanie, L., James, W., Sachin, P., Olga, S., and Shuo, L. (2017). Direct spondylolisthesis identification and measurement in MR/CT using detectors trained by articulated parameterized spine model. Proc. SPIE 2017, 1013319. doi:10.1117/12.2254072
 Zhang, Y., Xie, F., Song, X., Zhou, H., Yang, Y., Zhang, H., et al. (2022). A rotation meanout network with invariance for dermoscopy image classification and retrieval. Comput. Biol. Med. 151, 106272. doi:10.1016/j.compbiomed.2022.106272
 Zhao, S., Wu, X., Chen, B., and Li, S. (2019). Automatic spondylolisthesis grading from MRIs across modalities using faster adversarial recognition network. Med. Image Anal. 58, 101533. doi:10.1016/j.media.2019.101533
 Zheng, H. D., Sun, Y. L., Kong, D. W., Yin, M. C., Chen, J., Lin, Y. P., et al. (2022). Deep learning-based high-accuracy quantitation for lumbar intervertebral disc degeneration from MRI. Nat. Commun. 13, 841. doi:10.1038/s41467-022-28387-5
 Zhou, S., Zhou, F., Sun, Y., Chen, X., Diao, Y., Zhao, Y., et al. (2022). The application of artificial intelligence in spine surgery. Front. Surg. 9, 885599. doi:10.3389/fsurg.2022.885599
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2023 Zhang, Lin, Wang, Xue, Fang, Liu, Huo, Zhou, Yang, Xie, Xie, Cheng, Lu, Liu and Ye. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fbioe-11-1194009-g005.gif





OPS/images/fbioe-11-1194009-g006.gif





OPS/images/fbioe-11-1194009-g003.gif





OPS/images/fbioe-11-1194009-g004.gif





OPS/images/fbioe-11-1194009-t002.jpg
ctors without Al p-value
Precision 0935 0927 0126
Sensitivity 0935 0892 < 0.001
Fl-score 0935 0910 < 0.001






OPS/images/fbioe-11-1194009-g007.gif





OPS/images/fbioe-11-1194009-t001.jpg
Training

Data Set

Vaidation

Data Set

Testing

Data Set

Control date Set

p-value

No.of patients 1,117 (60.87) 240 (13.08) 239 (13.02) 239 (13.02) E
Age | 58 (51-66) 60 (52-67) | 59 (51-67) | 59 (51-67) 0.724
Male 324 (29.01) 60 (25.00) 67 (28.15) 64 (26.78) 0.776
No. of annotations 1,242 (69.78) 263 (14.78) | 275 (15.45) e E

Data are presented as n (%) or median (IQR).






OPS/xhtml/nav.xhtml
Contents

		Cover

		Deep learning system assisted detection and localization of lumbar spondylolisthesis		Introduction

		Methods		Patients

		Diagnosis

		Imaging annotation

		Data sets for training, validation, and testing

		Data set processing

		DL model architecture and implementation

		Non-maximum suppression (NMS)

		Model comparison and validation

		Comparison of results of DL models and professional physicians

		Compare the detection effect of images with different resolutions

		Statistical analysis





		Results		Demographic data of the included patients

		Comparison of the DL models

		Clinical application of the DL model

		Comparison of diagnostic performance of DL model and doctor group

		The result of images with different resolutions





		Discussion

		Conclusion

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Bioengineering and Biotechnology






OPS/images/fbioe-11-1194009-g001.gif





OPS/images/fbioe-11-1194009-g002.gif





OPS/images/fbioe-11-1194009-t003.jpg
Doctors without Al Doctors with Al p-value

Precision 0927 0975 ‘ 0.004
Sensitivity 0.892 0.974 0.004
Fl-score 0910 0.974 0.004
Average Time 25452 18313 0.004










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers i

Bioengineering and Biotechnology





