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Spondylolisthesis, a condition marked by vertebral slippage, presents a 

challenge in medical diagnosis and grading. This study examines previous 

research on image processing for spondylolisthesis severity evaluation. 

Methodologies, sample sizes, algorithms, and measurement accuracy are the main 

topics of interest. The study shows the potential of computer-assisted methods for 

diagnosing spondylolisthesis, particularly in situations where qualified medical 

personnel are scarce. Machine learning techniques and deep learning models, 

including convolutional neural networks (CNNs), are utilised to accurately detect 

and assess spondylolisthesis. Notably, these findings address a gap in previous 

research by measuring spondylolisthesis severity and distinguishing between 

normal and abnormal spines. The analysis emphasises the significance of 

selecting the appropriate modality and data quality, with X-rays predominating as 

the preferred imaging technique. This review highlights how deep learning and 

machine learning models can improve spondylolisthesis diagnosis, enabling 

enhanced diagnosis and treatment methods. 
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Introduction 

The Greek word "olisthanein" which means "to 

slip," is where the word "spondylolisthesis" 

originates. As a result, it broadly refers to the 

instability of the segment caused by the translation 

of one vertebral body over the other [1]. It has been 

categorised into six major categories: isthmic, 

traumatic, degenerative, pathologic, dysplastic, and 

postsurgical; among these, degenerative 

spondylolisthesis (DS), which affects the elderly 

population, is the most frequently documented 

[2][3]. 

Since spondylolisthesis generally does not 

exhibit any symptoms, there may be variations in 

how it presents and during the physical examination. 

Although the examination is not a valid method for 

identifying spondylolisthesis, it can help in 

evaluating the condition [4]. 

The physical examination reveals lumbar spine 

flatness, discomfort during flexion and extension, 

and muscular spasm. The symptoms of 

spondylolisthesis are influenced by various 

circumstances, but the degree of translation is 

particularly significant in determining the 

appropriate therapy approach. Therefore, it is crucial 

to establish a uniform classification system in order 

to accurately measure the extent of displacement and 

track the advancement of slip. The Meyerding 

classification system was created to fulfil this 

requirement and is assessed on a scale from I to V 

based on the extent of the spondylolisthesis, as 

evaluated by the use of plain radiographs [4,5]. 

Spondylolisthesis primarily affects the lower 

lumbar spine, however it can also occur in the 

cervical spine and, less commonly, in the thoracic 

spine, unless caused by trauma. In adulthood, 

degenerative spondylolisthesis is more common in 

women than in men, and obese individuals are at 

higher risk. The L5-S1 level is where 

spondylolisthesis most frequently occurs, where the 

anterior translation of the L5 vertebral body onto the 

S1 vertebral body occurs. The second typically 

occurring site of spondylolisthesis is the L4-5 level 

[6]. 

The typically utilized grading system for 

anterior spondylolisthesis is Meyerding's 

classification (as illustrated in FIGURE 1). It’s 

based on the anterior translation percentage in 

relation to the adjacent level. Grade I 

spondylolisthesis is defined as slippage of 1 to 25%, 

grade II as slippage of up to 50%, grade III as 

slippage of up to 75%, and grade IV as slippage of 

76 to 100%. Spondyloptosis or grade V 

spondylolisthesis is the term for spondylolisthesis 

when there is more than 100% slippage[7]. While 

The term "retrolisthesis" refers to the posterior 

slippage of one vertebral body relative to the 

adjacent vertebra[8]. Grade I spondylolisthesis 

accounts for 75% of all cases[7]. 

 
Figure 1. The Meyerding System's five grades for 

anterior spondylolisthesis [7] 

This review study seeks to showcase and 

evaluate the many methods that have been employed 

to assess the severity of spondylolisthesis using 

image processing algorithms. It also aims to 

compare the methodologies, sample sizes, 

algorithms, and measurement quality of the previous 

related studies, since that computer-assisted systems 

for spondylolisthesis diagnosis can be extremely 

helpful when qualified doctors are difficult to find. 

 

Previous Studies 

In 2013, Ansari et al. suggested an approach for 

diagnosing and categorising illnesses of the 

vertebral column using machine learning classifiers 

such as feed forward back propagation neural 

network, generalized regression neural network, and 

support vector machine. They also assessed the 

effectiveness of these classifiers. The dataset is 

obtained by extracting information from magnetic 

resonance imaging (MRI) and is categorised into 

three distinct classes: disc hernia, spondylolisthesis, 

and normal. The classifiers are trained using a 50% 

ratio and 10-fold cross-validation techniques and are 

thoroughly assessed with various architectures, 

activation functions, and kernel functions. 

The empirical findings indicate that the feed 

forward back propagation neural network achieves 

an accuracy of 93.87% on unfamiliar test subjects, 

surpassing the performance of other approaches[9]. 

In 2014, Karabulut et al. suggested an 

automated system based on a logistic model tree is 

developed for precise disagnosis of the vertebral 

column disorders. Pelvic incidence, pelvic tilt, 

lumbar lordosis angle, sacral slope, pelvic radius, 

and degree of spondylolisthesis were the six 

biomechanical measurements employed. The data; 

which included the medical records of 310 

individuals, of whom 60 had disk hernias, 150 had 

spondylolisthesis, and 100 had normal conditions. It 

was preprocessed using the Synthetic Minority 
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Over-sampling Technique (SMOTE) in the first 

phase, and the preprocessed data were then fed into 

the Logistic Model Tree (LMT) classifier in the 

second phase. The computer-based automatic 

detection of the pathology was able to reach an 

accuracy of 89.73% and 0.964 Area Under Curve 

(AUC)[10]. 

In 2016, Liao et al. proposed an auto measuring 

framework as a means of addressing issues with 

spinal analysis. The framework presents a learning-

based technique for classifying lumbar vertebrae in 

photos that takes into account both geometrical 

information and appearance. Additionally, it 

suggests a hierarchical method for positioning 

important locations in the spine by fusing population 

data with particular image information. The 

framework is tested on 258 individuals with CT 

spondylolisthesis and achieved an accuracy of 

94.51% [11]. 

In 2017, Cai et al. introduced a 

spondylolisthesis detection technique that can 

precisely pinpoint the abnormal spine section and 

produce the associated grading. This study 

introduced a brand-new spondylolisthesis detection 

technique that can precisely pinpoint the abnormal 

spine section and produce the associated grading. A 

group of learning-based detectors that have been 

specifically trained using samples of synthetic 

spondylolisthesis images to perform the detection 

process. Three publicly available datasets were 

utilised for this task: the SpineWeb multi-    modal 

(MR+CT) lumbar spondylolisthesis dataset 

(http://spineweb.digitalimaginggroup.ca), the 

xVertSeg CT dataset from the University of 

Ljubljana, and the MR segmentation dataset from 

the University of Siegen. The SpineWeb dataset 

included 15 pairs of lumbar spine scans with varying 

spondylolisthesis grades (primarily Grades I and II). 

The xVertSeg CT dataset comprised 15 lumbar 

and/or chest scans, while the Siegen MR dataset 

included 17 MR images. Notably, the xVertSeg and 

Siegen datasets lacked any spondylolisthesis cases. 

 This technique correctly recognised 34 out of 

39 (MR+CT) actual spondylolisthesis patients and 9 

out of 9 synthesised validation instances. The 

specificity for genuine cases was 90.0%, while the 

sensitivity was 91.8%. For both MR and CT scans, 

the estimated spondylolisthesis grading in genuine 

patients (Grade 0, 1, 2) had an 85.3% success rate. 

The specificity for genuine cases was 90.0%, while 

the sensitivity was 91.8%. For both MR and CT 

scans, the estimated spondylolisthesis grading in 

genuine patients (Grade 0, 1, 2) had an 85.3% 

success rate [12]. 

In 2018, Hasan et al. proposed a study that 

attempts to help experts identify the type of 

orthopaedic disease by using a variety of machine 

learning algorithms to examine how well each 

system identified and categorises orthopaedic 

patients. Six biomechanical variables, obtained from 

the configuration of the pelvis and lumbar spine, are 

used to describe each patient in the dataset. The 

majority of the tested algorithms provided an 

average accuracy of more than 90% during our two-

stage operation, but the Decision Tree (DT) method 

stood out from the competition by achieving 99% 

accuracy [13] . 

In 2018, Abdullah et al. proposed an approach 

for identifying the key physical factors that 

contribute to spinal abnormalities and predicting 

such abnormalities based on collected spine data. 

The most significant variable found to contribute to 

spinal abnormalities is the degree of 

spondylolisthesis. This was achieved by employing 

unsupervised machine learning methods like 

Principal Component Analysis (PCA), as well as 

supervised machine learning methods such as K-

Nearest Neighbours (KNN) and Random Forest 

(RF). The dataset contains 310 subjects in 

total records that are classified into two distinct 

classes, consisting of 100 normal subjects and 210 

abnormal spines. All attributes are contained within 

the numerical attribute. Each patient is depicted as a 

pattern consisting of 12 biomechanical attributes. 

When comparing the results of the RF classifier with 

the KNN classifier, it was found that the KNN 

classifier outperformed the RF classifier. This is 

because the accuracy percentage of the KNN 

method (85.32%) is higher than that of the RF 

classifier (79.57%) [14]. 

In 2019, Varçin et al. discussed the diagnosis of 

spondylolisthesis via convolutional neural networks. 

In this study, a dataset of 272 X-ray images, 

including 136 images from patients with 

spondylolisthesis and 136 images of normal 

subjects, was analysed using two renowned artificial 

neural networks, AlexNet and GoogleLeNet. The 

results indicate that GoogleLeNet achieved an 

accuracy rate of 93.87%, outperforming AlexNet, 

which achieved an accuracy of 91.67% [15]. 

In 2019, Zhao et al. suggested the Faster 

Adversarial Recognition (FAR) network, which uses 

an adversarial module as the discriminator and a 

multi-task recognition network as the generator, to 

grade spondylolisthesis. Using the high-order 

statistics of the distribution of the detected bounding 

box coordinates as inputs, the adversarial module 

(discriminator) controls the generative network. 150 

MRI scans from various medical facilities, including 

T1, T2, PD, and TSE, were included in the dataset. 

For spondylolisthesis grading on MRI images from 

various modalities, the FAR network is judged to be 

reliable and accurate (training accuracy: 98.83 ± 

9.4%, testing accuracy: 89.33 ±2.76%) [16]. 

In 2019, Handayani employed the Vertebral 

Column dataset, which consists of three distinct 

classes: disc hernia, spondylolisthesis, normal and 

instances in UCI machine learning. The data set 

consisted of 100 normal subjects, 60 disc hernia 

patients, and 150 spondylolisthesis patients, which 

were organised into two classes: 100 normal 

individuals and 210 abnormal individuals. This 
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study applied the K-NN algorithm to classify disc 

hernia and spondylolisthesis in the vertebral column. 

The data was subsequently categorised into 

two classification tasks: "normal" and 

"abnormal". The findings indicated that the K-NN 

classifier achieved an accuracy of 83% [17]. 

Varçin et al. also discussed the diagnosis of 

spondylolisthesis in 2021. A dataset of 2109 X-ray 

images was used for training the model, of which 

187 images reserved for validation. The model was 

then tested on 598 images. Yolov3 model was 

utilised to extract regions of interest (ROIs) during 

training, which were subsequently split into training 

and validation sets. Afterwards, a MobileNet 

Convolutional Neural Network (CNN) was adjusted 

for training using the ROIs. Images were fed to the 

model during the testing phase, which classified 

them as either normal or indicative of 

spondylolisthesis. The end-to-end transfer learning-

based CNN model performed remarkably well, as 

evidenced by the findings, which showed 99% test 

accuracy, 98% test sensitivity, and 99% test 

specificity. These results are quite encouraging and 

show that the model may be used successfully [18]. 

In 2021, Nguyen et al. introduced a deep 

learning system supported by a CNN on 1000 X-ray 

images. The CNN model corrects critical vertebral 

corner points to precisely assess required 

characteristics. The range of lateral bending views 

that this approach may measure includes flexion and 

extension postures. The results are accurate, with a 

mean deviation of 1.76° and a short processing time 

of 0.12 seconds for a single X-ray image, when 

validated against standard references [19]. 

In 2022, Savargi et al. presented a study for an 

optimised deep learning model for spondylolisthesis 

detection in X-ray radiographs. The dataset 

consisted of 299 X-ray images, with 156 showing 

spondylolisthesis and 143 of normal spines. The 

dataset was expanded by 701 further images using 

image augmentation techniques. The study utilised 

TFLite model optimisation to improve the VGG16 

and InceptionV3 image classification models. The 

VGG16 model outperformed the InceptionV3 model 

in terms of accuracy, scoring 98% versus 96%, 

according to the results. The model's size is reduced 

by up to four times to make it suitable for small 

devices. The accuracy rates for the compressed 

VGG16 and InceptionV3 models are 100% and 

96%, respectively [20]. 

In 2022, Fraiwan et al. employed deep transfer 

learning to detect spondylolisthesis and scoliosis 

from X-ray images, eliminating the need for any 

manual measurements. The dataset consisted of 338 

subjects‘ X-ray images, of which188 were scoliosis 

patients, 79 were spondylolisthesis patients, and 71 

were healthy individuals. Deep transfer learning 

models were created to do three-class classification 

and pairwise binary classifications within the three 

classes. The mean accuracy and maximum accuracy 

for three-class classification were 96.73% and 

98.02%, respectively [21]. 

In 2022, Saravagi et al. suggested another 

method for CNN model optimisation for small-

device lumbar spondylolisthesis diagnosis. Their 

approach involves weight and unit pruning strategies 

to reduce the model's complexity. The dataset 

consisted of 337 X-ray images, 156 of which were 

spondylolisthesis diagnosed patients, while the 

remaining 181 were normal subjects. 

According to experimental results, the unit 

pruning technique surpasses weight pruning with a 

remarkable 94.12% accuracy, even after 90% of the 

network load has been reduced. This indicates that 

just a small subset of parameters (about 30% for 

weight pruning and 10% for neuron pruning) in each 

layer affect the final outcome. The trimmed model's 

accuracy outperforms the previous model created for 

lumbar spondylolisthesis diagnosis, making it more 

effective for devices with limited resources [22]. 

In 2022, Trinh et al. introduced the LumbarNet 

CADx algorithm for spotting spinal slippage in 

clinical X-ray images. LumbarNet includes three 

key components: a piecewise slope detection (PSD) 

technique, a dynamic shift (DS) detection routine, 

and a P-grade approach. Thus, LumbarNet was 

specialised to analyse complex structural patterns in 

lumbar spine X-ray images. LumbarNet 

outperformed other U-Net based techniques in 

comparative testing. LumbarNet demonstrated its 

effectiveness in identifying vertebral regions on 

conventional clinical lumbar spine X-ray images, 

with an accuracy rate of 88.83%. Additionally, it 

successfully detected vertebral slippage, as indicated 

by a mean intersection over union (mIOU) value of 

0.88 [23]. 

Moreover, in 2022, Trinh et al. developed 

LumbarNet, a computer-aided diagnostic (CADx) 

algorithm, and assessed its effectiveness in 

automatically detecting spondylolisthesis from 

lumbar X-ray images. The feature fusion module 

(FFM) of LumbarNet, which is based on the U-Net 

architecture together with a P-grade approach, a 

piecewise slope detection (PSD) scheme, and a 

dynamic shift (DS) mechanism. This enabled 

LumbarNet to analyse complex structural patterns 

visible in a variety of lumbar X-ray images, 

including true lateral, flexion, and extension lateral 

views. The data set consisted of 706 X-ray images 

and 312 cases with 312 X-rays of abnormal lumbar 

vertebrae. The evaluation findings showed 

LumbarNet's potential, reaching a mean intersection 

over union (mIOU) value of 0.88 in vertebral area 

segmentation and an accuracy rate of 88.83% in 

vertebral slip detection [24]. 

In 2022, Lee et al. suggested an approach to 

assess cervical spondylotic myelopathy. The dataset 

included 207 individuals. 96 of them were affected 

by cervical spondylotic myelopathy. The CNN 

algorithm was employed. To evaluate the 

effectiveness of the model, 70% of the included 
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patients (145 photos) were randomly assigned to the 

training set, while the remaining 30% (62 images) 

were assigned to the test set. The area under the 

curve was 0.864, and the detection accuracy was 

87.1% [25]. 

In 2023, Xuan et.al. also utilised YOLOv3, 

YOLOv5, and PP-YOLOv2 deep transfer learning 

models to build and train the Baidu PaddlePaddle 

framework. According to the experimental findings 

after testing 604 patients, the PP-YOLOv2 model 

had a diagnosis accuracy for normal, IVD bulges, 

and spondylolisthesis of 90.08% overall, which was 

27.5 and 3.9% higher than YOLOv3 and YOLOv5, 

respectively. Finally, a visualisation of the PP-

YOLOv2 model-based intelligent spine assistant 

diagnostic program was produced. With a 98% 

accuracy rate, this software automatically generates 

supplemental diagnoses [26]. 

In 2023, Zhang et al. also presented a detection 

algorithm for lumbar spondylolisthesis clinical 

auxiliary diagnosis and compared it to physicians' 

assessments to confirm its effectiveness and 

viability. To create the dataset, lumbar lateral 

radiographs from 1,596 patients with lumbar 

spondylolisthesis were gathered. The Faster Region-

based Convolutional Neural Network (R-CNN) 

outperformed the doctor group in identifying 

spondylolisthesis, achieving higher precision 

(0.935), recall (0.935), and F1-score (0.935) 

compared to the doctor group's precision (0.927), 

recall (0.892), and F1-score (0.910 Moreover, the 

implementation of the DL model resulted in a 4.8% 

gain in precision, an 8.2% increase in recall, a 6.4% 

rise in F1-score, and a reduction of 7.139 seconds in 

the average diagnostic time for plain X-rays by the 

doctor group [27]. 

 

Methodology 
Dataets 

The aforementioned studies primarily 

concentrated on utilising machine learning 

techniques to diagnose and evaluate the severity of 

spondylolisthesis. They employed diverse datasets 

to train and assess their algorithms. The datasets 

include medical records and imaging data of patients 

diagnosed with vertebral column-related conditions. 

Typically, two categories of datasets were 

employed: numeric datasets containing data 

measured by doctors using different imaging 

techniques, or image datasets derived from image 

modality scans.The number of samples, dataset 

sizes, and specific details varied among the studies. 

Machine Learning (ML) Studies: 

 Multiple studies in this review employed 

machine learning techniques for the diagnosis and 

evaluation of spondylolisthesis. Machine learning 

algorithms, such as feed forward back propagation 

neural networks, logistic model trees, and support 

vector machines, were used. The algorithms 

underwent training using datasets that included 

features derived from MRI scans and biomechanical 

measurements. The ML models successfully 

achieved accurate classification and categorization 

of various conditions associated with 

spondylolisthesis using these features. Machine 

learning techniques utilise statistical and 

mathematical models to acquire knowledge of 

patterns and generate predictions [9,10,12–14,17]. 

Deep Learning (DL) Studies: 

Several studies have investigated the application of 

deep learning methods for diagnosing 

spondylolisthesis [15,16,18–27].  

Deep learning in medical imaging involves the 

utilisation of deep neural networks, such as 

Convolutional Neural Networks (CNNs), for the 

analysis of medical images. The process entails 

training these networks using large data sets to 

automatically acquire and extract intricate 

characteristics. Deep learning has demonstrated 

superior predictive performance when compared to 

conventional machine learning algorithms in the 

classification of medical images, particularly in 

intricate situations. An advantage of deep learning 

models is their ability to automatically extract 

pertinent features from images, thereby eliminating 

the need for manual feature extraction [28,29]. 

RESULTS AND DISCUSSIONS  
The reviewed studies demonstrate the potential 

of computer-aided approaches in the diagnosis and 

grading of spondylolisthesis. Several machine 

learning techniques and deep learning models, 

particularly CNNs, have been utilized with 

promising findings. These approaches have 

demonstrated a notable level of accuracy in the 

identification and evaluation of spondylolisthesis, 

while also effectively differentiating between spines 

that are considered normal and those that exhibit 

abnormalities. The results demonstrate how 

important it is to use machine learning and deep 

learning models to increase spondylolisthesis 

diagnosis accuracy (see Table1).   

Table 1.  a summery of earlier studies in terms of dataset. Imaging modality, machine learning algorithms and results‘ 

accuracy 

Ref. year 

Dataset 
Size 

(No. of 

subjects) 

Modality 
Machine learning 

algorithm 
Limitations 

Accuracy 

(%) 



Rahma Rabee Aziz  /NTU Journal of Engineering and Technology (2024) 3 (2) : 1-9 

6 

 

[9] 2013 310 MRI 

feed forward back 

propagation neural 

network 

1. T Only distiguishes between normal 

and abnormal spines without 

specifying the cause of abnormality. 

1. The dataset was manually 

constructed as a record of 

measurement of features 

93.87 

[10] 2014 310 N/A 
Logistic Model Tree 

(LMT) 

2. Only distiguishes between normal 

and abnormal spines without 

specifying the cause of abnormality. 

3. The dataset was manually 

constructed as a record of 

measurement of features. 

4. Accuracy 89.73 

89.73 

[11] 2016 

258 

(validati

on) 

CT N/A 

The study compares automated and 
manual radiologists' measurements, 

highlighting the potential for 

variability and subjectivity in hand 

measurements, which can affect 

assessment precision. 

94.51 

[12] 2017 

39 

MR/CT 

pairs 

(test) 

MR+CT 

Restricted Boltzmann 
Machine (RBM) and 

Convolutional 

Restricted Boltzmann 

Machine (CRBM) 
based network 

minimal sized testing dataset 

Accuracy 85.3 
85.3 

[13] 2018 N/A N/A Decision Tree (DT) 

1. The dataset was manually 

constructed as a record of 

measurement of features. 

2. The classes were normal , disc 

hernia and spondylolisthesis 

without considering the severity of 

the injury 

99 

[14] 2018 310 N/A 
KNN 

& RF 

1. The dataset was manually 

constructed as a record of 

measurement of features. 

2. The acquired accurecies are 85.32 & 

79.57 

85.32 

79.57 

[15] 2019 272 X-ray 
AlexNet & 

GoogleLeNet 

The classes were normal and 

spondylolisthesis without considering 

the severity of the injury 

91.67 & 
93.87 

[16] 2019 150 MRI FAR network 
1. Accuracy 89.33 

2. Limited sample size dataset 
89.33 

[17] 2019 310 N/A KNN 

1. The dataset was manually 

constructed as a record of 

measurement of features. 

2. although there were initially three 

classes in the dataset: normal, disc 

hernia, and spondylolisthesis, this 

study provides less 

information regarding the cause of 

abnormality because disc hernia and 

spondylolisthesis were combined 

into one class (abnormal).  

3. The acquired accurecies are 83 

83 

[18] 2021 2109 X-ray MobileNet CNN 
The dataset only considered normal 
and spondylolisthesis pathients with 

no regards for the gradings. 

99 

[19] 2021 1000 X-ray CNN 

Does not include information 

regarding the validation of the 

proposed deep learning system on an 

external dataset or in a distinct clinical 
setting. 

N/A 
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[20] 2022 299 X-ray 
VGG16 & Inception 

V3 

The dataset only considered normal 
and spondylolisthesis pathients with 

no regards for the gradings. 

98 & 96 

[21] 2022 338 X-ray 
Deep transfer learning 

models 

1. The study does not specify if the 

deep transfer learning models were 

externally validated on an 

independent dataset. 

2. The classes were normal and 

spondylolisthesis without 

considering the severity of the 

injury 

96.73 

(mean) 

98.02 

(max) 

[22] 2022 337 X-ray MobileNet 
The dataset only considered normal 
and spondylolisthesis pathients with 

no regards for the gradings. 

94.12 

[23] 2022 NA X-ray LumbarNet CADX Accuracy 89% 89 

[24] 2022 706 X-ray LumbarNet CADX Accuracy 88.83 88.83 

[25] 2022 207 MRI CNN 

1. Accuracy 87.1 

2. The dataset only considered normal 

and spondylolisthesis pathients with 

no regards for the gradings. 

87.1 

[26] 2023 
604 

(test) 
MRI PP-YOLOv2 

1. The study lacks information on the 

dataset used for developing and 

evaluating a spinal disease 

diagnosis assistant, which could 

affect its efficiency and 

applicability based on its broadness 

and classification of spinal 

disorders. 

2. The study does not include 

information regarding the validation 

of the spinal disease diagnosis 

assistant in a clinical setting or its 

testing on real patient data. 

98 

[27] 2023 1,596 X-ray 

Region-based 

Convolutional Neural 

Network (R-CNN) 

The dataset only considered normal 

and spondylolisthesis pathients with 

no regards for the gradings. 

N/A 

The selection of the appropriate imaging 

modality and data quality is crucial. FIGURE 2 

shows the count of studies against the imaging 

modality. The majority of the research used X-rays, 

as can be shown. While some researches only 

employed records of manually assessed features 

without using any images as automated input and 

five studies only used CT and/or MRI scans. 

  
Figure 2. Number of Study Versus Dataset Modality. 

 

Table 1 shows that a number of studies used shallow 

learning strategies, particularly the ones that used 
numerical datasets. most of which produced 

comparatively meagre outcomes and accuracy 

[9,10,12,14,17]. 

However, most studies utilised deep learning models 

such as VGG16, Inception V3, MobileNet, and 

LumbarNet CADX to analyse image datasets. These 

models have demonstrated their superior efficiency and 

accuracy in classifying spondylolisthesis [11,15,16], [18–

27]. 
The primary limitation of state of the art studies is 

that they can only show normal and abnormal instances 

without revealing the precise degree of spinal damage 

[9,10,13,15,18,20].  

Additionally, a few studies only used measurements 

to distinguish between these two classes, thus the 

diagnosis cannot be made automatically based solely on 

the patient test images [9,10,13,14,17]. Nevertheless, 
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some of the studies gave relatively low classification 

accuracy [10,12,14,16,17,23–25] 
Additionally, real data quality is a crucial 

consideration, especially when the size of the accessible 

dataset is limited; depending on the scope of data 

available, noisy real data could result in results that are 
vague or inaccurate to some extent. 

 

CONCLUSION 

In conclusion, this study examined prior relevant 

works based on their methodology, the number of 

participants, the image modality, and the 

classification algorithms.  It presented a variety of 

machine learning algorithms that have been used to 

measure the incidence of lumbar spondylolisthesis. 

Convolutional neural networks (CNN) specifically 

and DL generally were proved to be effective in 

managing lumbar spondylolisthesis' prognosis and 

diagnosis. This research provides a method that not 

only detects normal and abnormal spines but also 

measures the degree of spondylolisthesis, which can 

be useful for designing and implementing a new 

system to address the limitations of prior studies. 

Additionally, these studies suggest that the creation 

of more sophisticated systems has the potential to 

completely change the diagnosis and treatment of 

spondylolisthesis. 

References 

[1] Bydon, M., Alvi, M.A. and Goyal, A. (2019) 

Degenerative Lumbar Spondylolisthesis: 

Definition, Natural History, Conservative 

Management, and Surgical Treatment. 

Neurosurg Clin N Am. W.B. Saunders. p. 

299–304. 

https://doi.org/10.1016/j.nec.2019.02.003 
[2] WILTSE, L.L., NEWMAN, P.H. and 

MACNAB, I. (1976) classification of 

spondylolisis and spondylolisthesis. 

Clinical Orthopaedics and Related 

Research , 23–9.  

[3] Ebraheim, N., Elgafy, H., Gagnet, P., 

Andrews, K. and Kern, K. (2018) 

Spondylolysis and spondylolisthesis: A 

review of the literature. J Orthop. Reed 

Elsevier India Pvt. Ltd. p. 404–7. 

https://doi.org/10.1016/j.jor.2018.03.008 

[4] Koslosky, E. and Gendelberg, D. (2020) 

Classification in Brief: The Meyerding 

Classification System of Spondylolisthesis. 

Clinical Orthopaedics and Related 

Research, Lippincott Williams and Wilkins. 

478, 1125–30. 

https://doi.org/10.1097/CORR.0000000000

001153 

[5] MEYERDING and HENRY W. (1941) Low 

backache and sciatic pain associated with 

spondylolisthesis and protruded 

intervertebral disc: incidence, significance, 

and treatment.  

[6] He, D., Li, Z. chang, Zhang, T. yu, Cheng, 

X. guang and Tian, W. (2021) Prevalence of 

Lumbar Spondylolisthesis in Middle-Aged 

People in Beijing Community. Orthopaedic 

Surgery, Sociedade Brasileira de 

Matematica Aplicada e Computacional. 13, 

202–6. https://doi.org/10.1111/os.12871 

[7] Pneumaticos, S.G. (2015) Spondylolisthesis 

grades. Trauma and Orthopaedic 

Classifications: A Comprehensive 

Overview, Springer-Verlag London Ltd. p. 

239–42. https://doi.org/10.1007/978-1-

4471-6572-9_53 

[8] Chu, E.C.P. (2022) Reducing Cervical 

Retrolisthesis With Long-Term Monthly 

Chiropractic Maintenance Care: A Case 

Report. Journal of Medical Cases, Elmer 

Press. 13, 359–64. 

https://doi.org/10.14740/jmc3960 

[9] Sana Ansari, Faria Sajjad, Zia-ul-Qayyum, 

Nawazish Naveed and Imran Shafi. (2013) 

Diagnosis of Vertebral Column Disorders 

Using Machine Learning Classifiers. 

International Conference on Information 

Science and Applications (ICISA), p. 1–6.  

[10] Karabulut, E.M. and Ibrikci, T. (2014) 

Effective Automated Prediction of Vertebral 

Column Pathologies Based on Logistic 

Model Tree with SMOTE Preprocessing. 

Journal of Medical Systems, Springer 

Science and Business Media, LLC. 38. 

https://doi.org/10.1007/s10916-014-0050-0 

[11] Liao, S., Zhan, Y., Dong, Z., Yan, R., Gong, 

L., Zhou, X.S. et al. (2016) Automatic 

Lumbar Spondylolisthesis Measurement in 

CT Images. IEEE Transactions on Medical 

Imaging, Institute of Electrical and 

Electronics Engineers Inc. 35, 1658–69. 

https://doi.org/10.1109/TMI.2016.2523452 

[12] Cai, Y., Leung, S., Warrington, J., Pandey, 

S., Shmuilovich, O. and Li, S. (2017) Direct 

spondylolisthesis identification and 

measurement in MR/CT using detectors 

trained by articulated parameterized spine 

model. Medical Imaging 2017: Image 

Processing, SPIE. p. 1013319. 

https://doi.org/10.1117/12.2254072 

[13] Kamrul Hasan, Safkat Islam, Md. Mehfil 

Rashid Khan Samio and Amitabha 

Chakrabarty. (2018) A Machine Learning 

Approach on Classifying Orthopedic 

Patients Based on Their Biomechanical 

Features. Joint 7th International Conference 

on Informatics, Electronics & Vision 

(ICIEV) and 2018 2nd International 

Conference on Imaging, Vision & Pattern 

Recognition (IcIVPR), IEEE, Kitakyushu, 

Japan. p. 289–94. 

https://doi.org/10.1109/ICIEV.2018.86410

42 

[14] Azian Azamimi Abdullah, Atieqah Yaakob 

and Zunaidi Ibrahim. (2018) Prediction of 

Spinal Abnormalities using Machine 



Rahma Rabee Aziz  /NTU Journal of Engineering and Technology (2024) 3 (2) : 1-9 

9 

 

Learning Techniques. International 

Conference on Computational Approach in 

Smart Systems Design and Applications 

(ICASSDA), p. 1–6.  

[15] Varçın, F., Hasan, E., Çetin, E., ˙Çetin, I. 

and Kültür, T. (2019) Diagnosis of Lumbar 

Spondylolisthesis via Convolutional Neural 

Networks.  

[16] Zhao, S., Wu, X., Chen, B. and Li, S. (2019) 

Automatic spondylolisthesis grading from 

MRIs across modalities using faster 

adversarial recognition network. Medical 

Image Analysis, Elsevier B.V. 58. 

https://doi.org/10.1016/j.media.2019.10153

3 

[17] Handayani, I. (2019) Application of K-

Nearest Neighbor Algorithm on 

Classification of Disk Hernia and 

Spondylolisthesis in Vertebral Column. 

Indonesian Journal of Information Systems 

(IJIS, 2, 57–66.  

[18] Varçın, F., Erbay, H., Çetin, E., Çetin, İ. and 

Kültür, T. (2021) End-To-End 

Computerized Diagnosis of 

Spondylolisthesis Using Only Lumbar X-

rays. Journal of Digital Imaging, Springer 

Science and Business Media Deutschland 

GmbH. 34, 85–95. 

https://doi.org/10.1007/s10278-020-00402-

5 

[19] Nguyen, T.P., Chae, D.S., Park, S.J., Kang, 

K.Y. and Yoon, J. (2021) Deep learning 

system for Meyerding classification and 

segmental motion measurement in diagnosis 

of lumbar spondylolisthesis. Biomedical 

Signal Processing and Control, Elsevier 

Ltd. 65. 

https://doi.org/10.1016/j.bspc.2020.102371 

[20] Saravagi, D., Agrawal, S., Saravagi, M., 

Chatterjee, J.M. and Agarwal, M. (2022) 

Diagnosis of Lumbar Spondylolisthesis 

Using Optimized Pretrained CNN Models. 

Computational Intelligence and 

Neuroscience, Hindawi Limited. 2022. 

https://doi.org/10.1155/2022/7459260 

[21] Fraiwan, M., Audat, Z., Fraiwan, L. and 

Manasreh, T. (2022) Using deep transfer 

learning to detect scoliosis and 

spondylolisthesis from x-ray images. PLoS 

ONE, Public Library of Science. 17. 

https://doi.org/10.1371/journal.pone.02678

51 

[22] Saravagi, D., Agrawal, S., Saravagi, M. and 

Rahman, M.H. (2022) Diagnosis of Lumbar 

Spondylolisthesis Using a Pruned CNN 

Model. Computational and Mathematical 

Methods in Medicine, Hindawi Limited. 

2022. 

https://doi.org/10.1155/2022/2722315 

[23] Trinh, G., Shao, H.-C.M.;, Hsieh, K.L., Lee, 

-C ;, Liu, C.-Y.;, Lai, H.-W.; et al. (2022) 

LumbarNet: A Deep Learning Network for 

the Automated Detection of Lumbar 

Spondylolisthesis From X-Ray Images. 

https://doi.org/10.20944/preprints202206.0

043.v1 

[24] Trinh, G.M., Shao, H.C., Hsieh, K.L.C., 

Lee, C.Y., Liu, H.W., Lai, C.W. et al. (2022) 

Detection of Lumbar Spondylolisthesis 

from X-ray Images Using Deep Learning 

Network. Journal of Clinical Medicine, 

MDPI. 11. 

https://doi.org/10.3390/jcm11185450 

[25] Lee, G.W., Shin, H. and Chang, M.C. (2022) 

Deep learning algorithm to evaluate cervical 

spondylotic myelopathy using lateral 

cervical spine radiograph. BMC Neurology, 

BioMed Central Ltd. 22. 

https://doi.org/10.1186/s12883-022-02670-

w 

[26] Xuan, J., Ke, B., Ma, W., Liang, Y. and Hu, 

W. (2023) Spinal disease diagnosis assistant 

based on MRI images using deep transfer 

learning methods.  

[27] Zhang, J., Lin, H., Wang, H., Xue, M., Fang, 

Y., Liu, S. et al. (2023) Deep learning 

system assisted detection and localization of 

lumbar spondylolisthesis. Frontiers in 

Bioengineering and Biotechnology, 

Frontiers Media SA. 11. 

https://doi.org/10.3389/fbioe.2023.1194009 

[28] Affonso, C., Rossi, A.L.D., Vieira, F.H.A. 

and de Carvalho, A.C.P. de L.F. (2017) 

Deep learning for biological image 

classification. Expert Systems with 

Applications, Elsevier Ltd. 85, 114–22. 

https://doi.org/10.1016/j.eswa.2017.05.039 

[29] Lecun, Y., Bengio, Y. and Hinton, G. (2015) 

Deep learning. Nature. Nature Publishing 

Group. p. 436–44. 

https://doi.org/10.1038/nature14539 

  


