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A B S T R A C T   

Spinal abnormalities are commonly occurring disorders that are caused by injuries, osteoporosis (benign) and 
neoplastic infiltration (malignant). Patients with one of the listed malignancies must undergo therapy as soon as 
possible to prevent the progress of the disease and to avoid further bone damage to preserve a better quality of 
life. Classification of patients into low or high-risk groups is an important step in diagnosing a disorder, which led 
biomedical and bioinformatics research teams to investigate the usage of machine learning (ML) technologies. In 
this paper, ML techniques are adapted to a public lumbar spine dataset to detect vertebral fractures. First, the 
dataset was preprocessed by using the contour-based hybrid median filter with histogram equalization. Then the 
Mask LSTM-based R.O.I. segmentation techniques are applied to segment the spinal images. Finally, the sug-
gested stacked Adaptive Enhanced AdaBoost (AE-AdB) gets trained on whole images to enhance the accuracy of 
the data classification. Results of the experiment show that the attained accuracy (97.86%) of the AE-AdB 
classifier was significantly higher than that of the other classifiers, namely Convolution Neural Network 
(CNN) (74%) and Extreme Gradient Boosting Algorithm (XGBoost) (84%).   

1. Introduction 

The primary support system of the human body is the spine, or 
vertebral column. Different spinal disorders or abnormalities include 
vertebral fractures (V.F.s), scoliosis, lordosis, spinal tumors, spinal 
trauma, and spondylolisthesis. V.F.s are general and critical, which 
might occur in 30–50 % of people over 50 % and create minor or 
aggressive effects. The most significant and common osteoporotic frac-
tures are V.F. s [1]. Osteoporosis is defined as a bone disorder that in-
creases the risk of fracture in people. Chronic back discomfort, 
functional loss, and numerous organ dysfunctions, such as severe 
myocardial infarction, obstructive pulmonary disease, gastro- 
esophageal reflux disorders, and congestive heart failure, are some of 
the symptoms of V.F. In adverse cases, V.F.s are associated with 
decreased life quality and, in some cases, might result in mortality [2]. 

Benign fractures can be cured with a good outcome if proper treat-
ments are given. Treatments for V.F.s are confirmed based on their 
causes. Osteoporotic vertebral fractures (O.V.F.s) are a major medical 
concern because they are frequently undiagnosed and related to subse-
quent fractures, tumor growth, and increased mortality risk. Hence, they 
must be diagnosed at an early stage to facilitate treatment and reduce 
the risk to patients [3]. But the lack of proper symptoms and under- 
reporting of O.V.F.s from C.T. scans by clinicians led to the use of 
newer computer-aided approaches for detecting O.V.F.s. 

Recent advancements in machine learning approaches have paved 
the way for their application in the medical diagnosis field. For this 
reason, ML techniques have been suggested as a promising solution in 
the medical field because of their capacity to detect disease patterns 
with higher accuracy compared to that of human experts [4]. In the last 
few years, various ML algorithms have been developed for the 
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classification of patients with O.V.F.s. Enhancements in existing ML al-
gorithms must be performed to achieve higher efficiency in dis-
tinguishing radiological spine images and medical decision-making. 

A number of machine learning classifiers known as L.R. in [5], SVM 
in [20], and M.L.P. in [26] techniques are used to diagnose the spinal 
abnormality samples.[18] use both supervised and unsupervised ma-
chine learning techniques to predict spinal anomalies based on physical 
spine data obtained, including principal component analysis (P.C.A.), K- 
nearest neighbors (K.N.N.), and random forest (R.F.).A confusion matrix 
and four other statistical metrics (accuracy, precision, recall, and F1- 
score) were used to evaluate the performance of the generated classi-
fiers. These conventional machine learning methods is less effective, 
complex and time consuming in detection of spinal abnormality. Even 
though the existing method provides a better result, to improve its 
performance, we proposed the AE-AdB method to enhance the classifi-
cation of spinal abnormalities. 

In this paper, we focused on the diagnosis of spinal abnormalities 
with the help of machine learning-based AdaBoost classification with 
enhancements. The further proceedings of the research paper are shown 
below. Section II shows the relevant literature and the problem state-
ment. Section III provides the flow of the proposed work. Results and 
comparisons are given in Section IV. Finally, section V gives the 
conclusion of the proposed paper. 

2. Literature survey 

Raihan et al. (2020) [5] focused on a variety of ML methodologies 
such as logistic regression (L.R.), support vector machine (SVM), and 
bagging ensemble methods are considered for spinal abnormality diag-
nosis. Several parameters, including testing and training accuracy, 
memory, and miss rate, are used to evaluate the performance level of 
classifying normal and abnormal spinal patients. The computing time of 
the classifiers is not examined in this study, which is one of its limita-
tions. Additionally, the predictive capabilities of a number of additional, 
less common classifiers for spinal disorders have not been studied. 
Odder et al., (2021) [6] used univariate feature selection and ML Clas-
sifiers to differentiate between normal and tumor cells in the gastric 
region. Random forest (R.F.), decision tree (D.T.), AdaBoost, and k- 
nearest neighbor ML classifiers were applied for gastric cancer diag-
nosis. The most obvious concern is that AI systems will occasionally be 
incorrect, which might lead to patient damage or other issues with 
healthcare. The patient can suffer harm if an AI system gives the wrong 
medication recommendation, misses a tumor on a radiological exam, or 
chooses one patient over another for a hospital room based on erroneous 
predictions about which patient would benefit most. Of course, even 
without the assistance of AI, a lot of injuries are caused by medical 
mistakes in the current healthcare system. There are at least two po-
tential differences between human and AI mistakes. First, injuries 
brought on by software as opposed to human mistake may elicit 
different responses from patients and physicians. Second, if AI systems 
proliferate, a flaw in one AI system might propagate to others. Ahammad 
et al. (2020) [7] presented a filter-based multiple-stage segmentation 
and differentiation strategy that is used on the dataset of vertebral data. 
To estimate the abnormality with a strong true positive rate, a novel 
preprocessing method for vertebral data, a multiple-level sensing tech-
nique, and an upgraded R.F. technique are proposed in this paper.R.F. 
technique needs improvement in error rate and accuracy. Fan X et al. 
(2021) [8] used Adaboost for primary classification of images and the 
Chan-Vese (CV) algorithm for the segmentation of images, which were 
found to be perfect for the identification of lung tumors and vertebral 
bone metastasis. Furthermore, the experiment’s sample size is limited, 
which makes it impossible to accurately assess the chances of the CV 
algorithm’s adoption in the detection of lung cancer spinal bone me-
tastases. Wu, Y et al. (2020) [9] mapped landslide susceptibility with the 
help of alternating decision trees (ADTree) and newer ensemble tech-
niques like ADTree with adaptive boosting (AdaBoost) and ADTree with 

bootstrap aggregation (Bagging). Frequency ratio and certainty factor 
were the two that were used the most frequently, however just a few 
models were utilized and there hasn’t been any previous research on 
ensemble approaches in this field. 

The Loess Plateau’s southwest part has a county that had severe 
damage from the region’s periodic loess landslides, making it an 
important area for LSTM study. 

Jiang et al. (2019) [10] adopted the AdaBoost algorithm to calculate 
latent variables to obtain diagnostic accuracy and to support the 
measuring processes in diagnostics. According to each algorithm’s error 
rate for predicting real replies, this study tries to find a superior method 
for estimating respondents’ latent variable profiles. Zheng et al. (2020) 
[11] proposed a deep learning based effective Adaboost Algorithm 
(DLA-EABA) that included feature extraction, selection, and classifica-
tion for breast cancer identification with enhanced computational 
techniques which achieved higher accuracy. Instead of binary classifi-
cation issues, Adaboost is used to categorize text and pictures. Ad boost’s 
key drawback is that a high-quality dataset is required. Before imple-
menting an Adaboost algorithm, noisy data and outliers must be avoi-
ded. Tsiknakis et al., (2021) [12] provided a complete analysis of the 
usage of artificial intelligence (A.I.) methods at the different steps of the 
detection pipeline involved in diabetic retinopathy based on fundus 
images. Regarding performance, advancements are still required. Zhang 
et al. (2019) [13] proposed an intelligent frame structure that combines 
the cascade AdaBoost classifier and regularization of distance in regions 
with the centroid measurements of V.F.s. Furthermore, without the use 
of a manual marker, spinal curvature is automatically measured. The 
suggested approach does, however, have two drawbacks. One is that 
spinal segments might not be clearly distinguished by numbering. The 
other is that the CGARD-VCM approach will provide inferior segmen-
tation results because of a larger vertebral bounding box if cervical 
vertebra bodies in the spine CT picture are very small. Zhang et al. 
(2018) [14] focused on the integration of the cascade gentle AdaBoost 
(CGAdaBoost) classifier and DRLSE to establish the relationship between 
the whole spine and individual vertebrae with vertebral centroids for 
scoliosis recognition. For the classification of vertebral fractures to be 
improved, spatial information of the C.T. spine volume is required. 
Jyothi et al., (2021) [15] worked on the classification of normal and 
abnormal heartbeat sounds collected from a phonocardiogram (PCG) 
and fed into the AdaBoost classifier and baseline model via a convolu-
tion neural network (CNN) trained on phonocardiogram signals for the 
enhancement of detection accuracy in heart pathology. System toxi-
cology has a lot of problems. By creating precise biological models for 
computation, it will be possible to identify how this area may continue 
to be integrated with toxicity research. The biological mechanisms of the 
organism, which are greatly altered every microsecond or even less often 
due to toxicant interactions, are frequently not replicated by computa-
tional models. The synergism of synthetic drugs at the whole-body/ 
organ level is another disadvantage from the standpoint of toxicology. 
Therefore, it is essential to investigate better alternative techniques to 
evaluate the toxicity of synthetic and natural substances at the organ and 
systemic levels. Panda et al. (2019) [16] adopted a newer classification 
model named AdaBoost with the random forests (ADBRF) algorithm, 
which framed a classifier that could differentiate the input data of an 
image into cancer unaffected or affected. Real world application is not 
studied. Attallah et al. (2019) [17] presented the construction of various 
ad boosting and bagging ensemble models to identify the abnormalities 
in the brain of a fetus at various gestational ages. Unlike previous ap-
proaches that were restricted to categorizing only one sort of abnor-
mality for preterm infants or newborns, the novel strategy described in 
this paper detected many brain abnormalities. Walsh et al. (2021) [19] 
estimated the performance of several ML algorithms in the mapping of E. 
M.G. signals from the upper portion of the body (predominant-side arm, 
back, and chest) of an able-bodied population across recording sets of 
multiple muscles. The length of the whole data set, the time series’ 
nonstationary, and the nonlinearity of the underlying physiological 
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processes are the main causes of the difficulties faced in the analysis of 
biomedical time series. Imran et al. (2020) [20] used Genetic Algorithm 
(G.A.) based classification of lower back pain and compared its perfor-
mance with several classification algorithms, namely R.F., D.T., L.R., 
NB, K.N.N., and SVM.By investigating their histopathological image 
reports, if the “Generations” is incorrectly configured, the GA may end 
early. For this study, the value of “Generations” was set to 300, while the 
value of “StallGenLimit” was set to 100. Masud et al. (2021) [21] 
described a classification frame structure based on modern DL tech-
niques to distinguish five types of colon and lung tissues (three malig-
nant and two benign) by histopathological image reports. The 
classification model needs complex features to elevate the performance. 
Krittanawong et al. (2021) [22] proposed that DL and machine learning 
techniques could improve the analysis and partitioning of patients into 
higher-risk and lower-risk groups, which is a significant step in the 
medical treatment process. It is necessary to address issues regarding 
mathematical modelling, data organization, and clinical integration. 
Madhura et al. (2017) [23] proposed a hybrid-based filter with effective 
advancements in eliminating mixed noises, namely Gaussian and im-
pulse noises, present in the C.T. scan reports for improving the image 
quality for further image processing pathways. The filter requires more 
time to execute than other current filters. Fagerstorm et al. (2019) [24] 
studied the detection, classification, and analysis of septic shock at 
earlier stages using the design of the LSTM neural network, which is a 
modified recurrent network. Due to the very flexible nature of such 
models, overfitting is a frequent problem while training any sort of 
neural network. Dahri et al. (2019) [25] focused on building up a 
stacked algorithm including a genetic programming approach for 
selecting the perfect features and an optimized ML algorithm for dis-
tinguishing the breast cells into normal and tumor cells accurately. To 
deal with the problem of over-fitting and unknown values is the limi-
tation of DT. Uncertain values can be a problem, and the C4.5 technique 
of DT can help, especially when the samples with unknown values are 
omitted. 

Abrishami (2018) [29] a unique E.C.G. segmentation technique 
using layers of long short-term memory (LSTM) and recurrent neural 
network (R.N.N.) is presented. Pan et al. (2021) [30]a fully convolu-
tional network (F.C.N.) with a bidirectional long short-term memory 
(BLSTM) and spatial-channel attention (SC-attention) module, a new 
automated tumour segmentation approach called SC-FCN-BLSTM is 
presented in this research. Papadomanolaki et al. (2021) [31] describe 
a fully convolutional long short-term memory (LSTM) network-based 
deep multitask learning framework that can combine semantic 

segmentation with change detection. 
Manual classification of patients into lower or higher risk and anal-

ysis of patient data by clinicians takes longer time, and the final analysis 
has less accuracy, reliability, and uniformity. Therefore, machine 
learning (ML) techniques are gaining importance in the field of diag-
nosis. Traditional ML approaches have drawbacks like lower accuracy 
and efficiency, which urges the need for a newer ML algorithm in V.F. 
classification and analysis. Above section illustrates the ML current 
approaches and their limitation in classifying spinal abnormalities. To 
address this research gap, a novel machine learning approach is required 
to enhance performance in classifying spinal abnormalities. An ML- 
based Adaptive Enhanced Adaboost algorithm is employed in this 
work to improve the accuracy of V.F. classification compared to that of 
existing ML algorithms. 

3. Proposed work 

The important steps involved in the proposed work are image pre-
processing, image segmentation, and image classification. The detailed 
flow of the proposed work is given in Fig. 1. 

The input data is first preprocessed using a median filter to reduce 
the noise of the image. Then the preprocessed image is segmented using 
Mask LSTM. Then the segmented image is classified as highly severe and 
less severe spinal cases using the AE-AdB classifier. To evaluate the 
performance of the classifier, metrics such as accuracy, precision, recall, 
f1-score, and auk are used. 

3.1. Dataset description 

The dataset for this study was obtained from the Kaggle website [18]. 
This dataset contained the records of 300 patients. A pattern with 10 
numerical biomechanical attributes was designated for every patient. 
The attributes of intervertebral discs in the lumbar region taken for 
consideration are the echo time (ms), repetition time (ms), number of 
echoes produced, field of viewing the image, imaging frequency (M.H. 
Z.), flip angle, number of phase encoding stages, thickness of slice, 
matrix, and distance between slices (mm) according to sagittal and axial 
plane views. 

3.2. Preprocessing using a contour-based hybrid median filter 

The raw image or unprocessed Computed Tomography (C.T.) or 
Magnetic Resonance Imaging (M.R.I.) images obtained from lumbar 

Fig. 1. Steps involved in spinal abnormalities detection using adaptive enhanced AdaBoost classification.  
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