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Artificial neural networks (ANNs) have been used in a wide variety of real-world applications and it emerges as a promising field 
across various branches of medicine. This review aims to identify the role of ANNs in spinal diseases. Literature were searched from 
electronic databases of Scopus and Medline from 1993 to 2020 with English publications reported on the application of ANNs in spi-
nal diseases. The search strategy was set as the combinations of the following keywords: “artificial neural networks,” “spine,” “back 
pain,” “prognosis,” “grading,” “classification,” “prediction,” “segmentation,” “biomechanics,” “deep learning,” and “imaging.” The 
main findings of the included studies were summarized, with an emphasis on the recent advances in spinal diseases and its applica-
tion in the diagnostic and prognostic procedures. According to the search strategy, a set of 3,653 articles were retrieved from Medline 
and Scopus databases. After careful evaluation of the abstracts, the full texts of 89 eligible papers were further examined, of which 
79 articles satisfied the inclusion criteria of this review. Our review indicates several applications of ANNs in the management of 
spinal diseases including (1) diagnosis and assessment of spinal disease progression in the patients with low back pain, perioperative 
complications, and readmission rate following spine surgery; (2) enhancement of the clinically relevant information extracted from 
radiographic images to predict Pfirrmann grades, Modic changes, and spinal stenosis grades on magnetic resonance images auto-
matically; (3) prediction of outcomes in lumbar spinal stenosis, lumbar disc herniation and patient-reported outcomes in lumbar fusion 
surgery, and preoperative planning and intraoperative assistance; and (4) its application in the biomechanical assessment of spinal 
diseases. The evidence suggests that ANNs can be successfully used for optimizing the diagnosis, prognosis and outcome prediction 
in spinal diseases. Therefore, incorporation of ANNs into spine clinical practice may improve clinical decision making.
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Introduction

Artificial neural network (ANN) models represent a 
mathematical rendition of the human nervous system 

that have been broadly applied to solve various nonlin-
ear problems in the biomedical arena [1,2]. ANN is a 
machine-learning technique adept at learning the rela-
tionships between specified input and output variables. 

http://crossmark.crossref.org/dialog/?doi=10.31616/asj.2020.0147&domain=pdf&date_stamp=2020-08-31


Parisa Azimi et al.544 Asian Spine J 2020;14(4):543-571

Neural networks have been used predominantly for 
pattern-recognition regarding prediction and classifica-
tion. The history and theory of ANNs has been reported 
in detail elsewhere [1-4]. In addition, the advantages and 
disadvantages of ANN have also been previously reported 
by us [1,2]. ANN is a promising field with numerous ap-
plications across various branches of medicine wherein 
it serves as a decision support tool to provide economic 
solutions to time and resource management [5]. Recently, 
artificial intelligence and related algorithms have facili-
tated rapid advances in the assessment of spinal diseases 
[2,5]. Moreover, ANNs are applied for clinical diagnosis, 
prognosis, outcome prediction following spinal surgery, 
research, and biomechanical assessments of spinal diseas-
es [2]. However, there has been little utilization of ANNs 
in spine clinical practice. Given the recent advances in the 
management of spinal diseases and the fundamental role 
of decision, this comprehensive review is conducted aim-
ing to describe the ANN-aided decision support system 
for management of spinal diseases, including diagnosis, 
prognosis, and outcome prediction.

Methods

ANN based methodology has been reported in detail else-
where [1,2].

1. Search strategy

A detailed search of original articles was performed on 
Medline (through the PubMed search engine) and Scopus 
(Elsevier) databases to identify the applications of ANNs 
diagnosis, prediction, and prognosis of spinal disease. 
The review is intended to include all the full-text publica-
tions in the English biomedical journals. The following 
combinations of keywords were searched within the titles 
and abstracts: “artificial neural networks,” “spine,” “back 
pain,” “prognosis,” “grading,” “classification,” “prediction,” 
“segmentation,” “biomechanics,” “deep learning,” and 
“imaging.” The structural keywords were selected due to 
their likelihood of being mentioned in either the title or 
the abstract of relevant articles. Since the first study of 
ANNs in spine diseases published in 1993, we performed 
a comprehensive search covering the period 1993 to 2020. 
An initial search was carried out in November 2019 and 
updated thrice in 2020 (January, February, and March).

2. Inclusion and exclusion criteria

All research articles on ANNs in spinal diseases were 
screened in the Scopus and Medline databases. Each ar-
ticle was independently reviewed by two reviewers and 
disagreements were sent to each other for resolution, only 
the articles emphasize on the most recent advances and 
their application in the spinal diseases were included. 
Publications on other disease conditions or animal studies 
were excluded.

3. Data synthesis

The findings from the all identified studies were sum-
marized in a descriptive table, including authors’ names, 
publication year, study setting, study sample, disease 
conditions (if relevant data is available), and main results 
or conclusions. Subsequently, the findings were sorted 
chronologically.

Results

1. Statistics

The reviewers identified and screened 3,653 unique ab-
stracts. After screening, 3,564 papers were found to be 
irrelevant. Then, the remaining 89 papers were examined 
and the full text were reviewed for eligibility criteria. Ul-
timately, we included 79 studies on qualitative analysis. 
The flowchart of the literature review process is illustrated 
in Fig. 1. Overall, we pursued four categories of studies, 
namely diagnosis, progression, outcome prediction, and 
use of ANNs in the biomechanical assessments of spinal 
diseases. The main findings were grouped and presented 
as follows [6-81].

2. Diagnosis

In spinal diseases, ANNs have been successfully tested for 
diagnosis of pediatric low back pain [6,9,11], normal and 
abnormal cervical spine vertebra [8], scoliosis spinal de-
formity [7,10], and identification of risk factors associated 
with the development of complications following posteri-
or lumbar spine fusion [23]. Besides, artificial intelligence 
models have been employed for medical image analysis 
assessment, such as those portrayed in the Table 1.
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3. Spinal prognosis

In addition to the application of in identifying the patients 
with high risk of hypotension during spinal anesthesia 
[52], ANNS have been tested to determine the prognosis 
of low back pain [51,53] aiming to automatically predict 
(and identify risk factors for) the complications follow-
ing posterior lumbar spine fusion surgery [16], and to 
develop and evaluate a set of predictive models for com-
mon adverse events after spine surgery [57]. Also, ANNs 
are useful for developing novel computational tools to 
predict clinical outcomes, return to work, physical dis-
ability, occurrence of complications, readmission rates, 
walking ability, discharge, and disposition following 
spine surgery [54,55,58]. Neural network techniques have 
also been applied to develop predictive algorithms for 
postoperative complications following anterior cervical 

discectomy and fusion [56], and to evaluate clinically rel-
evant improvement in leg pain, back pain and functional 
disability after lumbar disc herniation (LDH) surgery 
[59], and to automatically quantify muscle fat infiltration 
following whiplash injury [62]. In addition, ANNs have 
been shown to accurately predict survival, discharge and 
hospital readmission rates following spinal metastasis 
surgery [57,60,61], to predict discharge to rehabilitation 
and unplanned readmissions in patients receiving spinal 
fusion [63], and to predict prolonged opioid prescription 
after surgery for LDH [64]. Last but not least, ANNs have 
been used to predict the survival rate following a spino-
pelvic chondrosarcoma diagnosis [65] and to predict the 
occurrence of four types of major complications, namely 
cardiac complications, wound complications, venous 
thromboembolism, and mortality in the patients under-
going spine fusion, and it has achieved better results than 

((Artificial neural network [mh] OR deep learning [mh] OR artificial 
intelligence [mh]) AND (spinal [tiab] OR musculoskeletal [tiab] OR 
lumbar [tiab] OR vertebra [tiab] OR disc [tiab] OR cervical [tiab] OR cord 
[tiab] OR stenosis [tiab])) AND (prognosis [tiab] OR predict [tiab] OR 
outcome [tiab] OR biomechanic [tiab] OR load [tiab] OR force [tiab] OR 
biomedical [tiab] OR medical [tiab] OR segmentation [tiab] OR classifi-
cation [tiab] OR grading [tiab])

Automatic search with above query: 899

After screening, removing duplicate and manual 
refinement, 3,564 papers were found irrelevant

8 9 of full text articles assessed for eligibility, 10 of full text ar-
ticles excluded, with reasons:

Letter to editor (N=2)
Animal study (N=3)
Conference (N=5)
Final article for review: 79

Automatic search with above query: 2,657

PubMed SCOPUS

((((Spine [Title/Abstract] OR musculoskeletal [Title/Abstract] OR lum-
bar [Title/Abstract] OR vertebra [Title/Abstract] OR disc [Title/Abstract] 
OR cervical [Title/Abstract] OR cord [Title/Abstract] OR stenosis [Title/
Abstract]) AND (prognosis [Title/Abstract] OR predict [Title/Abstract] 
OR outcome [Title/Abstract] OR biomechanic [Title/Abstract] OR load 
[Title/Abstract] OR force [Title/Abstract] OR biomedical [Title/Abstract] 
OR medical [Title/Abstract] OR segmentation [Title/Abstract] OR clas-
sification [Title/Abstract] OR grading [Title/Abstract])) AND (“neural 
network” [Title/Abstract] OR “deep learning” [Title/Abstract] OR “arti-
ficial intelligence” [Title/Abstract]))) AND “journal article” [Publication 
Type])

Fig. 1. Flowchart of literature search, selection, and identification.
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the commonly used clinical scoring methods [16]. A sum-
mary of the studies is shown in Table 2.

4. Outcome prediction

Table 3 summarizes the studies that used ANNs for out-
come prediction. ANNs have been used to predict out-
come in lumbar spinal stenosis (LSS) [3] and LDH [4], 
predict recurrent LDH [66], enhance surgical decision 
making for LSS [67], develop ANN algorithms for pre-
diction of in-hospital and 90-day post-discharge mortal-
ity in spinal epidural abscess [68], predict non-routine 
discharge for patients undergoing surgery for lumbar 
disc disorders [69], assess vertebral strength and predict 
vertebral fracture risk in elderly patients [70], predict 30-
day readmission after posterior lumbar fusion [71], and 
predict surgical site infections after posterior spinal fusion 
[72].

5.   The use of artificial neural networks for the biome-
chanical assessments of spinal diseases

A clear understanding of biomechanical principles is im-
portant in the management of spinal disorders. There are 
ANNs studies focused on the biomechanics of spine via 
clarification of joint moments, spinal loads, and muscle 
forces [75-77]. Other than that, application of ANNs for 
optimization of the design of spinal pedicle screws [78], 

prediction of vertebral strength through machine learn-
ing models [70], determination of the consistency of the 
patient pain drawing in lumbar spine disease [73], predic-
tion of low bone mineral density [74], recognition of low 
back pain patients from healthy population performed 
static standing tasks [79], estimation of three-dimensional 
whole-body posture, lumbosacral moments and spinal 
loads during load-handling activities [80] and automated 
tracking of lumbar vertebras with rotated bounding boxes 
in digitalized video fluoroscopic imaging, and motion and 
gait analysis [81] have been reported. These findings are 
summarized in Table 4.

Discussion

To the best of our knowledge, this is the first review de-
voted exclusively to an application of ANN in support of 
decision for management of spinal disease. Our findings 
offer a summary of relevant publications and a roadmap 

to guide future research related to the use of ANNs in spi-
nal disease. Precisely, our findings showed that ANNs are 
powerful tools with the ability to improve understanding 
of predictive metrics, prognosis, diagnosis and biome-
chanical assessment in spinal diseases. Moreover, ANNs 
have shown consistent superiority over the traditional 
statistical approaches. In light of the continuous develop-
ment of hardware and software methods, and advanced 
computational science and technology, wider consider-
ation and broader application artificial intelligence in spi-
nal disease is expected in the near future [2].

The number of publications on neural networks in spi-
nal diseases has increased rapidly over the past few years, 
wherein a majority of the publications were in the domain 
of diagnosis of spinal disorders, followed by prognosis, 
prediction, and biomechanical for spinal applications. A 
number of ANN studies have focused on preoperative 
assessment, planning, intraoperative assistance and out-
come prediction in spine surgery. Recently, Khor et al. [82] 
successfully developed a state-of-the-art use of a logistic 
regression (LR) model to predict the patient-reported out-
comes in lumbar fusion surgery. They developed a clinical 
prediction tool model to determine the probabilities of 
improvement in function, back pain, and leg pain in lum-
bar fusion candidates at 1-year follow-up after surgery. 
This model showed a good accuracy in the validation 
cohorts. The same group also provided an online version 
of their prediction model for public use (https://becertain.
shinyapps.io/lumbar_fusion_calculator/), where a clini-
cian and/or patient can enter the individual demograph-
ics to predict a patient’s likelihood of benefiting from a 
lumbar fusion procedure [83]. Besides, Karhade et al. [64] 
developed a machine learning tool for predicting pro-
longed postoperative opioid prescription in the patients 
undergoing LDH surgery (https://sorg-apps.shinyapps.io/
lumbardiscopioid/). It is worth mentioned that preopera-
tive prediction of opioid use could improve the risk strati-
fication, shared decision-making, and patient counseling 
before LDH surgery [84]. In addition, Karhade et al. [61] 
developed a machine learning tool to automatically pre-
dict 90-day and 1-year mortality in spinal metastatic dis-
ease (https://sorg-apps.shinyapps.io/spinemetssurvival/) 
[85]. Meanwhile, the same group also developed a ma-
chine learning algorithm for predicting discharge disposi-
tion after elective inpatient surgery for lumbar disc disease 
[55], the model is available at https://sorg-apps.shinyapps.
io/discdisposition/ [86]. Furthermore, there is also an 
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application at https://sorg-apps.shinyapps.io/spinemets/ 
[87] which allows prediction of 30-day mortality after 
surgery for spinal metastatic disease [60]. Nonetheless, 
these machine learning tools are fitted for general educa-
tional purposes and they are not capable of substituting 
the professional medical advice, consultation, diagnosis, 
or treatment [82-87]. One might inquire about how the 
ANNs can assist in the clinical decision-making process? 
Spine neural network tools will never replace human 
experts, but it helps in screening and can be used by the 
experts to validate their diagnosis, prognosis, and predic-
tion. More importantly, ANNs can be used to identify the 
variables that experts may not observe, thus enhancing 
the diagnostic acumen of experts. As aforementioned, the 
currently available web applications are not a good fit with 
the clinical practice setting. However, development of this 
software tool is a prerequisite for an international consul-
tancy group to satisfy the diverse needs as randomized 
clinical trials (RCT) data exists that specifically examines 
this tool. Nevertheless, ANNs will never replace human 
expert decision-making, but it can assist in validating the 
routine decision-making process [2].

Few neural network studies have focused on medi-
cal imaging analysis. There are a wide variety of medical 
imaging modalities and magnetic resonance imaging 
(MRI) is majorly applied for clinical diagnosis and prog-
nosis. Recently, some studies have demonstrated suc-
cessful application of artificial intelligence algorithms for 
spine medical image segmentation [17,19,20,22,24,27,3
3,35,38,47,49], computer-aided spine diagnosis [84-87], 
and disease detection and classification [10,45]. In other 
words, spinal images could be analyzed, processed, and 
categorized by using neural network. By selecting a suit-
able training set and learning process, neural networks is 
appropriate for recognition of unusual images [88]. Artifi-
cial intelligence will play a vital role in the development of 
medical image analysis methods. However, deep learning 
architecture requires a large amount of training data and 
computational power. Currently, there is also a rising in-
terest with respect to the digital image analysis solutions 
with artificial intelligence for clinical applications. Such 
applications aim to increase diagnostic and prognostic ac-
curacy, reliability, and efficiency by enabling quantitative 
image analysis. For instance, Oxford SpineNet software 
system, a machine learning based system for automated 
analysis of spinal T2 MRI scans acquired from a DICOM 
(Digital Imaging and Communications in Medicine) file, Au
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introduced by Jamaludin et al. [14,89] helps in clinical and 
algorithmic research [90]. This system can extract a wide 
range of relevant measurements from magnetic resonance 
(MR) images automatically including Pffirrmann grades, 
Modic changes, spinal stenosis, grading LSS into four 
grades, and disc herniation. The software needs to be able 
to learn without human input and classify multiple radio-
logical features simultaneously. Therefore, the SpineNet 
software system adopts a neural network which allows 
it to learn and classify multiple scores at the same time. 
The SpineNet software tool is available online at http://
zeus.robots.ox.ac.uk/spinenet/. Meanwhile, the authors 
stated that this is neither a diagnostics tool nor a medical 
device; hence, it should be used for research only [90]. In 
the future, ANN tools for the spinal workflow may help 
to empower the spine surgeon in management of spinal 
diseases, positively engage the patients, reduce the prob-
ability of error and improve spine surgeon efficiency.

ANNs have been effectively applied for biomechanics 
of spine, such as estimation of loads and stresses [80], 
estimation of the material properties of biological tissues 
[74], and analysis of the motion and gait [81]. A clear 
understanding of biomechanical principles is vital for the 
treatment of spinal disorders [91]. In view of the direct 
and invasive in vivo measurements of spinal loads and 
muscle forces, researchers have decided to apply ANNs 
for spinal biomechanical assessment by using different 
possible models [77]. Yet, the use of artificial intelligence 
techniques in clinical biomechanics of the spine is still in 
its infancy. However, continued assessment using ANN 
methods and understanding of mathematical and bioen-
gineering principles will ensure the discovery of new solu-
tions and more effective ways of helping spine patients, 
especially spine surgery [75-78]. In general, at the present 
time, there is no clinical application available for biome-
chanics of spine. Nonetheless, the aforementioned studies 
clearly demonstrate the potential of neural network in this 
arena.

There was considerable heterogeneity in the modeling 
methods used. Studies varied with regard to the inclu-
sion criteria, input and output variables used, machine 
learning techniques applied, and models performance 
for the evaluation of the four categories of issues dis-
cussed above. Yet, LR, neural networks, and support 
vector machines (SVM) are the most commonly applied 
computer-based algorithms. However, these algorithms 
are developing and require further improvement. As an Au
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example, the following machine learning techniques are 
the most recommended to be employed: Bi-directional 
Long Short-Term Memory, Deep Learning and Neural 
Network, Extreme Machine Learning, SVM and TBasts, 
Random Forest, and Boosting [92]. On the other hand, 
the comparison of different neural network algorithms 
could assist in the selection of the best model for making 
sure that it has the best performance. However, it is also 
crucial to consider the advantages and disadvantages of 
these algorithms based on the dataset details and planed 
application to make the best choice [92]. Hence, there is a 
need for method standardization in order to apply ANNs 
spine clinical practice.Although the current research 
highlights the promise and potential of neural networks in 
spine disorders, there is continuing debate whether neu-
ral networks could or should be used in routine clinical 
practice. At present, there is a paucity of literature on the 
clinical application of neural networks in spine clinical 
decision-making. In addition, there are no specific con-
sensus recommendations for designing an optimal ANN 
for clinical practice [2]. Hence, in order to develop an 
ANN tool for spine clinical practice, it is recommended 
that an international center need to consider the following 
subjects: (1) to create a multidisciplinary team of spine 
clinicians, engineers and data scientists to evaluate ANN 
tools; (2) to design methods of data collection for training 
and testing, and standardization for each spinal disorders; 
(3) to select the best neural network algorithm; (4) to de-
velop and improve user-friendly software environment; 
(5) to validate (“model testing”); (6) to assess ANNs as 
tools for performing RCT; and (7) to provide up-to-date 
ANN models which could handle higher patient data (big 
data) entry for augmenting augment decision-making ef-
ficacy [2]. In general, the preliminary results from tools 
are satisfactory. However, it still requires many efforts to 
make the ANN tools more accurate and to make the idea 
practically achievable.

ANN technology has been attracting substantial 
attention in spinal disease, but there are challenges 
to be implemented in clinical setting. Several limita-
tions exist in most of the studies on ANNs in spinal 
diseases, including largely heterogeneous study 
design, data analysis, modeling technique, training 
and testing features applied, algorithms employed, 
and end points. Hence, a focused synthesis of the 
literature cannot be provided. In addition, the search 
strategy was limited to the keywords in the titles 

or abstracts of publications. Thus, we might have 
missed some papers. Secondly, this work restricted 
the query search for articles in PubMed. Thirdly, 
non-English publications were not considered in this 
study. We believe that the research regarding the ap-
plication of ANNs in spinal diseases have also been 
published in other languages. Fourthly, most ANNs 
algorithms in these studies were validated with their 
dataset, it may be lack of external validation and 
generalizability of their results. Fifthly, some studies 
did not compare ANNs with conventional statisti-
cal analysis; hence, a comparison between any two 
models is limited [2].

Conclusions

The evidence suggests that ANNs can be successfully used 
for spinal disease to manage its diagnosis, prognosis and 
outcome prediction. Further ANNs algorithm retraining, 
generalizability of models, data standardization in neural 
networks, and focus on the application of ANNs as a tool 
in clinical spine practice, will augment decision-making 
efficacy.
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