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Abstract 

Background  Low back pain is the leading cause of disability worldwide with a significant socioeconomic bur-
den; artificial intelligence (AI) has proved to have a great potential in supporting clinical decisions at each stage 
of the healthcare process. In this article, we have systematically reviewed the available literature on the applications 
of AI-based Decision Support Systems (DSS) in the clinical prevention and management of Low Back Pain (LBP) due 
to lumbar degenerative spine disorders.

Methods  A systematic review of Pubmed and Scopus databases was performed according to the PRISMA state-
ment. Studies reporting the application of DSS to support the prevention and/or management of LBP due to lumbar 
degenerative diseases were included. The QUADAS-2 tool was utilized to assess the risk of bias in the included studies. 
The area under the curve (AUC) and accuracy were assessed for each study.

Results  Twenty five articles met the inclusion criteria. Several different machine learning and deep learning 
algorithms were employed, and their predictive ability on clinical, demographic, psychosocial, and imaging data 
was assessed. The included studies mainly encompassed three tasks: clinical score definition, clinical assessment, 
and eligibility prediction and reached AUC scores of 0.93, 0.99 and 0.95, respectively.

Conclusions  AI-based DSS applications showed a high degree of accuracy in performing a wide set of different tasks. 
These findings lay the foundation for further research to improve the current understanding and encourage wider 
adoption of AI in clinical decision-making.
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Introduction
Low back pain (LBP) is a debilitating multifactorial clini-
cal condition, which affects millions of individuals world-
wide [1], representing the main global cause of years lived 
with disability thus being associated with an enormous 
socioeconomic burden  [2]. The prevalence of chronic 
LBP increases with advancing age, and it is commonly 
caused by degenerative lumbar spine disorders, such as 
intervertebral disc degeneration (IDD), lumbar spinal ste-
nosis (LSS), degenerative spondylolisthesis (DLS), lum-
bar disc herniation (LDH), facet joint osteoarthritis, and 
adult spine deformities (ASD). In recent years, the evolu-
tion of artificial intelligence (AI) has allowed for signifi-
cant developments in healthcare within different fields 
of medical research  [3]. Due to technological advances 
resulting in an increased ability to recognize disease pat-
terns in datasets, AI has been adopted to improve the 
knowledge, diagnosis, and treatment of several medical 
conditions  [1]. With regard to the spine field, different 
applications of AI in LBP diagnosis and treatment have 
been investigated. To date, the potential of AI in spine 
surgery has been exploited for different tasks, including 
tasks such as the automatic segmentation of vertebral 
structures, the analysis of clinical and surgical notes, or 
the elaboration of patient-reported outcomes [4].

The use of AI in the spine field can be divided into 
three main categories, namely Computer Vision (CV), 
Computer-Aided Diagnosis (CAD), and Decision Sup-
port Systems (DSS). CV entails the ability of computers 
to achieve a comprehensive understanding of digi-
tal images and, as regards LBP, its application mainly 
pertains to feature extraction and segmentation from 

imaging data [5]. On the other hand, CAD comprises a 
group of techniques that assist medical practitioners in 
identifying a disease or quantifying its severity through 
classification and regression tasks, in which Machine 
Learning (ML) or deep learning (DL) models are used 
to assign a predefined label or generate a numeric out-
put, respectively [6]. In this context, another promising 
technology is represented by natural language pro-
cessing (NLP), which has been used to classify various 
conditions, label documents, and interpret heteroge-
neous data in different spinal disorders by transform-
ing diverse source inputs in a natural, interpretable 
language [7]. In this scenario, DSS aim to enhance the 
decision-making process for medical practitioners 
and/or patients, with the ultimate goal of improving 
the outcomes for individuals affected by a specific dis-
ease. This encompasses activities ranging from defin-
ing and validating novel clinical indices to clinically 
evaluating the patient for diagnostic or prognostic sup-
port. Other applications include the suggestion of the 
most suitable treatment options and prediction of the 
potential improvements or complications a patient may 
experience after undergoing a specific therapy  [8]. A 
schematic summary of the application fields of DSS in 
chronic LBP is reported in Fig. 1. It is worth noting that 
a clear distinction between the domains of prevention 
and outcome prediction is not always possible (e.g., eli-
gibility for a certain treatment may be provided on the 
basis of multiple outcome prediction scores). In this 
study, we focused on studies that present prevention 
and management as the principal endpoint. To date, 
DSS systems have been recognized for their capacity 

Fig. 1  AI DSS application fields. The colored boxes and diamonds represent the different possible goals of a DSS throughout the healthcare 
process, which macroscopically belong to either the prevention and management or the outcome prediction task



Page 3 of 14Giaccone et al. BMC Musculoskeletal Disorders          (2025) 26:126 	

to increase compliance with guidelines and follow 
evidence-based recommendations in the daily clinical 
practice [9].

In the field of degenerative lumbar spine disorders, 
DSS may assist healthcare professionals in discriminating 
between different causes of LBP and providing personal-
ized recommendations based on patients’ history, clini-
cal characteristics, and possible treatment options. The 
aim of this study was to systematically review the avail-
able evidence on the role and efficacy of AI-based DSS as 
supportive tools for making decisions on prevention and 
management in patients affected by LBP due to degener-
ative lumbar spine disorders.

Materials and methods
Electronic literature search
The protocol of this systematic review was registered in 
the Open Science Framework (OSF) database (https://​
osf.​io/​mksd3). A systematic search of PubMed and 
Scopus databases was performed on August 26th, 2024. 
The following search terms were used: “low back pain”, 
“intervertebral disc degeneration”, “intervertebral disc 
displacement”, “spine surgery”, “disc herniation”, “arti-
ficial intelligence”, “machine learning”, “deep learning”, 
“neural network”, and “decision support system”. The 

complete search strategy is reported as a Supplemen-
tary Material. General study characteristics extracted 
included: authors, year of publication, country, data 
type, sample size, clinical domain, clinical task, and 
performance-related metrics. The initial search of 
the articles was conducted by two reviewers (F.D.A. 
and L.A.). In case of disagreements, a third reviewer 
(F.R.) was involved to resolve conflicts. The following 
research order was used: first, papers were screened 
based on titles and abstract; then full texts of the 
remaining articles were assessed. The screening work-
flow is reported in a PRISMA flow diagram (Fig.  2). 
Briefly, we included studies describing the application 
of novel DSS approaches to support prevention and 
treatment strategies for the management of chronic 
LBP or lumbar degenerative conditions. We included 
articles exploring AI methodologies within the domains 
of CV, ML, and neural networks (NN), regardless of the 
specific type of employed data, such as imaging, text, or 
clinical data. Studies including < 10 patients, articles in 
languages other than English, reviews, meta-analyses, 
cadaveric studies, letters to the editor, case reports, 
technical notes, preclinical studies, gray literature, and 
commentaries were excluded from the analysis. Simi-
larly, we discarded studies either proposing support 

Fig. 2  Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) flow diagram

https://osf.io/mksd3
https://osf.io/mksd3
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systems without the employment of AI, or employing 
CV without providing any clinical decision support.

Evaluation metrics
Both classification and regression tasks were accom-
plished in the reported papers, thus different tasks 
adopted different metrics to evaluate their performance. 
However, depending on the specific task, different met-
rics have also been considered within the same paper.

As regards the classification task, we reported most 
of the results in terms of area under the curve (AUC) or 
accuracy (Acc). In brief, when considering a binary clas-
sification task (e.g., Positive label vs Negative label), given 
a test set composed of N samples, the true positives (TP) 
are defined as the number of positive samples correctly 
classified, while the true negatives (TN) as the number of 
negative samples correctly classified. Thus, the accuracy 
score is defined as:

where greater values correspond to better performance. 
For each class, recall and precision can be computed as 
well. Defined the false positives (FP) and false negatives 
(FN) as the number of misclassified positive or negative 
samples, recall and precision are defined as:

In binary problems, recall is also called TP rate and cor-
responds to sensitivity, whereas the TN rate is also called 
specificity. In the case of multi-class problems, accuracy 
is computed by considering the TP for each class, and 
recall and precision can be computed per each class.

Another widely used evaluation metric is the area 
under the curve (AUC), which corresponds to the area 
under the receiver operating characteristic (ROC) curve 
showing the performance of a classifier at all classifica-
tion thresholds, which is plotted considering the TP rate 
against the FP rate. Its values range from 0 to 1 (the closer 
to 1, the better the performance).

With regard to the Regression task, let us consider a 
sequence of original values x(t) and a sequence of pre-
dicted values x̃(t) . Moreover, defined x̂ as the average 
value of the sequence, the residual sum of squares (RSS) 
and the total sum of squares (TSS) for a sequence of N 
timestamps are defined as:

(1)Acc(%) =
TP + TN

N
× 100

(2)Recall =
TP

TP + FN
Precision =

TP

TP + FP

(3)

RSS =

N

t=1

[x(t)− x̃(t)]2, TSS =

N

t=1

[x(t)− x̂(t)]2

These measures quantify the amount of variance of x(t) 
that is not explained by the model and the overall varia-
tion in the original data, respectively. Besides, a unique 
comprehensive score, called coefficient of determination 
or r2 , can be defined as:

thus, the closer to 1, the better the performance. In some 
cases, percentage error values are used to evaluate per-
formance, the meaning of which varies based on the 
investigated task.

Risk of bias
The methodological quality of the included studies was 
independently evaluated by two reviewers (L.A. and 
G.F.P.), and any conflict was solved by the intervention of 
a third reviewer (G.V.). The risk of bias and applicability 
of included studies were assessed according to the Qual-
ity Assessment of Diagnostic Accuracy Studies (QUA-
DAS-2)  [10]. This tool is based on 4 domains: patient 
selection, index test, reference standard, and flow and 
timing. Each domain is evaluated in terms of risk of bias, 
and the first 3 domains are also assessed in terms of con-
cerns regarding applicability.

Results
Study selection
A total of 4700 articles were found. After duplicate 
removal, 3219 studies were screened at the title and 
abstract levels. 2899 articles were excluded following title 
and abstract screening and 3 reports were not retrieved. 
Then, 317 full-text articles were screened. Four addi-
tional studies were identified from hand searching bib-
liographies of included studies or identified systematic 
reviews. Out of these studies, 296 were excluded (articles 
focusing on CAD, n=87; articles focusing on CV, n=37, 
articles focusing on nondegenerative conditions, n=44; 
preclinical studies, n=3; no original research design, 
n=28; studies including < 10 patients, n=6; no use of AI, 
n=24; articles on intraoperative guidance, n=7; no Eng-
lish language, n=1; DSS-based studies not focusing on 
prevention and management, n=59). After this process, 
25 articles were included (Fig. 2).

Study characteristics
Prevention and management systems may allow physi-
cians or patients to prevent/mitigate the effects of degen-
erative lumbar spine conditions, monitor its progression, 
and identify the best treatment. The main characteris-
tics of the included studies, such as underlying diagno-
sis, number of enrolled patients, clinical endpoint, data 
type, task, and AI model employed are summarized 

(4)r2 = 1−
RSS

TSS
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in Tables  1, 2  and  3. Included patients were affected by 
LBP [11–16], DLS [17], ASD [18], LSS [19–23], unspeci-
fied lumbar IDD  [24–27], lumbar facet joint synovial 
cyst [28], and LDH [29, 30]. Patients who underwent full 
endoscopic spine surgery  [31] or laminectomy  [32] for 
different lumbar degenerative conditions were included 
in two additional studies. Furthermore, in the study from 
Campagner et  al. [33], patients with single-level lumbar 
discopathy treated with transforaminal lumbar inter-
body fusion (TLIF), anterior lumbar interbody fusion 
(ALIF) and extreme lateral lumbar interbody fusion 
(XLIF) were recruited. Included studies exploited differ-
ent input sources, and more specifically: 14 studies uti-
lized clinical data  [13, 14, 16–20, 22, 27, 29–31, 33, 34], 
11 exploited demographics  [12, 13, 16–18, 20, 22, 23, 
26, 28, 30], 3 used psychosocial data  [12, 13, 16] and 1 
utilized biomarkers [33]. In terms of radiological inputs, 
10 studies employed MRI data  [11, 19, 20, 24, 26–29, 
32, 35], 1 study utilized CT data [11] and 3 studies used 
X-ray imaging [15, 18, 26]. Only 1 study evaluated plantar 
pressure data as an input source for DSS processing [25]. 
Regarding the task performed, 6 studies focused on the 
definition of specifically designed scores, i.e., for surgical 
invasiveness [33], cage subsidence in fusion surgery [14], 
risk of facet synovial cyst recurrence  [28], prediction of 
the lumbar decompression level [19], anticipation of the 
most appropriate treatment for LDH  [29], and a new 

predictive classification system for LBP  [26]. 8 studies 
provided clinical assessment of patients by identifying 
risk factors for lumbar degenerative disease [12, 16, 22], 
predicting the progression of the disease [24, 35], or the 
presence of LBP [11], assessing recovery after surgery for 
lumbar IDD [25], and recommending referral to primary 
care for LBP [13]. Eventually, 11 studies performed eligi-
bility prediction by anticipating surgical candidacy  [17, 
27, 32], assessing the suitability of surgery [15, 21, 23, 30, 
34], recommending the most adequate endoscopic surgi-
cal corridor  [31], and predicting allocation to conserva-
tive or surgical treatment [18, 20, 29].

As regards the AI models used, the vast majority of 
papers adopted supervised approaches employing manu-
ally labelled data in retrospective studies. Only 2 studies 
adopted unsupervised clustering techniques to distin-
guish between clinical and pathological conditions. They 
exploited data-driven algorithms to identify chronic LBP 
phenotypes, together with the most predictive profiling 
variables [16, 26].

The main difference in the supervised approaches lay in 
the use of machine learning (ML) instead of deep learn-
ing (DL) algorithms. The latter is a sub-field of the former 
that utilizes artificial neural networks (NN) inspired by 
the brain’s structure and function. While DL algorithms 
often outperform traditional ML techniques in many 
applications, they require significantly larger datasets 

Table 1  Summary characteristics of included studies related to definition of clinical score

Abbreviations: Acc accuracy, ALIF anterior lumbar interbody fusion, AUC​ area under the curve, CNN convolutional neural network, DT decision tree, GB gradient 
boosting, IDD intervertebral disc degeneration, kNN k-nearest neighbors, LASSO least absolute shrinkage and selection operator, LBP low back pain, LDH lumbar disc 
herniation, LR logistic regression, LSS lumbar spinal stenosis, MRI magnetic resonance imaging, NB Naïve Bayes, NN neural network, RF random forest, SVM support 
vector machine, TLIF transforaminal lumbar interbody fusion, XLIF extreme lateral lumbar interbody fusion

Study Country Sample size Diagnosis Data type Task Results AI model

Roller, 2021 [19] USA 141 LSS treated 
with surgical 
decompression

MRI data Predicting the lum-
bar microdecom-
pression level

Acc = 65% CNN

Jin, 2021 [26] China 159 Lumbar IDD Clinical, demo-
graphic and MRI 
data

Developing a new 
predictive clas-
sification system 
for LBP

Three LBP 
clusters were 
identified

K-means

Page, 2022 [28] USA 89 Lumbar facet syno-
vial cyst

Clinical and MRI 
data

Predict the risk 
of lumbar synovial 
cyst recurrence

AUC = 0.83 Supersparse Linear 
Integer Model

Yu, 2022 [29] China 200 LDH Clinical and MRI 
data

Predicting con-
servative vs. surgi-
cal treatment

AUC = 0.93 LASSO and LR

Campagner, 2020 
[33]

Italy 72 Single-level disco-
pathy undergone 
TLIF, XLIF or ALIF

Clinical data 
and biomarkers

Definition of a sur-
gical invasiveness 
score for treatment 
planning

AUC = 0.87, 0.76 LR, kNN, NB, DT, 
SVM, RF

Xiong, 2023 [14] China 59 LBP Clinical and radio-
logical data

Cage subsidence 
score definition 
and prediction 
for lumbar fusion 
surgical planning

AUC = 0.89 GB, NN
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and are computationally expensive to train, especially 
without high-performance hardware like GPUs. These 
challenges likely explain why only a few of the reviewed 
papers extensively explored DL models. Figure 3 displays 
the usage percentages of the most commonly employed 
algorithms in the reviewed articles. As shown, Random 
Forest (RF), Support Vector Machine (SVM), and Fully 
Connected Networks (FCN) emerged as the most studied 
models, followed by Decision Tree (DT), Logistic Regres-
sion (LR) and k-Nearest Neighbour (kNN). For a compre-
hensive and detailed overview of the primary ML and DL 
algorithms, readers are referred to [36].

Seven studies resorted exclusively to DL algo-
rithms  [12, 19, 24, 27, 31, 32, 35], seventeen studies 
employed ML [17, 22, 23, 25, 28, 29], with some compar-
ing the performances of different models [11, 13–16, 18, 
20, 21, 30, 33, 34]. A detailed description of the adopted 
predictive strategies is reported in Results of individual 
studies section.

Risk of bias
Sixteen studies were rated on a 3-point scale, reflect-
ing concerns about risk of bias and applicability as low, 
unclear, or high, as depicted in Fig. 4 (the detailed analy-
sis is presented in Tables S1 and S2). With regard to risk 
of bias, almost 40% of studies displayed a high risk in 

the patient selection domain, mostly due to inaccurate 
reporting of eligibility criteria and inclusion of healthy 
controls.

Results of individual studies
Definition of clinical scores
Among the included studies, 6 were focused on the defi-
nition of clinical scores, intended as aggregated numerical 
indexes able to be highly predictive of clinical conditions, 
adverse events, or treatment appropriateness. In their 
study, Campagner et  al.  [33] cross-validated a number 
of ML techniques to assess and predict the invasiveness 
of TLIF, XLIF or ALIF in 72 patients affected by single-
level discopathy between L3 and S1 levels. They found 
that, based on several pre- and post-surgical biomark-
ers as well as a ground truth score, random forest (RF) 
performed the best among different AI models, with an 
average AUC of 0.87 ± 0.05 on invasiveness classification 
and 0.76 ± 0.05 on invasiveness prediction. Intriguingly, 
the most important factors associated with invasiveness 
were the American Society of Anesthesiologists (ASA) 
grade, length of hospital stay, and serum concentration of 
interleukin (IL)−22, C reactive protein (CRP), and solu-
ble cluster of differentiation 163 (sCD163). Jin et al. [26] 
used K-means and hierarchical agglomerative clustering 
on lumbar spine MRI images of 159 patients to define 

Fig. 3  Percentage values of supervised AI models’ usage in the reviewed articles. CNN: Convolutional Neural Network; DT: Decision Tree; FCN: 
Fully Connected Network; GB: Gradient Boosting; kNN: k-Nearest Neighbour; LASSO: Least Absolute Shrinkage and Selection Operator; LDA: Linear 
Discriminant Analysis; LR: Logistic Regression; MARS: Multivariate Adaptive Regression Splines; NB: Naive Bayes; RF: Random Forest; SVM: Support 
Vector Machine; XGB: eXtreme Gradient Boosting
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different class indexes of LBP. Among utilized variables, 
spinopelvic parameters, disc height, disc signal intensity, 
and sociodemographic features were considered. Inter-
estingly, they found 3 different clusters: the incidence of 
LBP was greater in cluster 3, which was characterized by 
the lowest disc height, compared to clusters 1 and 2, in 
which lumbar lordosis and lumbosacral angle were signif-
icantly higher. In another study, Page et al. [28] used ML 
models to create a predictive score for lumbar synovial 
cyst recurrence following surgical decompression. They 
managed to identify patients at high risk of reoperation 
with a validation AUC of 0.83, and the main risk factors 
were facet inclination angle > 45 °, canal stenosis > 50% , 
T2 joint space hyperintensity and grade I spondylolis-
thesis. In another study, Roller et al. [19] fed 141 sagittal 
MRI images to a Convolutional Neural Network (CNN), 
namely SpineNet, to generate an aggregate score able to 
predict the surgical decompression level based on central 
canal stenosis, disc narrowing, Pfirrmann grading, spon-
dylolisthesis, and endplate/bone marrow changes. Over-
all, the model showed an accuracy of 65%. Yu et al.  [29] 
employed clinical records and MRI data of 200 patients 
with LDH to predict the most appropriate treatment 
strategy. They extracted several radiomics features after 
manual segmentation of the herniated disc and, thanks to 
least absolute shrinkage and selection operator (LASSO) 
and logistic regression (LR) models, they defined an over-
all quantitative radiomics score which, together with 
selected sociodemographic factors, allowed classifica-
tion AUC performances up to 0.93 in predicting surgical 
vs. conservative treatment. Xiong et al.  [14] used gradi-
ent boosting (GB) machine to predict inter-body cage 
subsidence after posterior lumbar fusion surgery. The 
authors introduced a cage subsidence score based on 

the postoperative disc height, achieving an AUC of 0.889 
(data split 75/25%).

Clinical assessment
Another common task related to AI-based DSS pertained 
the evaluation of the patient clinical conditions. Aggar-
wal [11] assessed the LBP prediction performances of 
ten different AI classification models, utilizing quanti-
tative measurements from MRI and CT lumbar scans 
as input data. The author obtained the best AUC score 
using an LR model (0.836), showing a positive associa-
tion between LBP, decreased disc height and ligamentum 
flavum hypertrophy. In their study, Cheung et  al.  [24] 
trained a CNN on MRI images of 1343 patients (acquired 
at baseline and at 5 years) to predict lumbar IDD pro-
gression and achieved a prediction accuracy of 90.2%, 
90.4%, and 89.9% for Schneiderman score, disc bulging, 
and Pfirrmann grading, respectively. Similarly, in another 
study [35], the same authors used a first net to segment 
the disc area and a CNN to predict the 5-year progres-
sion of Schmorl, HIZ and Modic, achieving weighted 
accuracy scores of 89.5, 91.8, 87.5%, respectively, for the 
three tasks. Darvishi et al. [12] trained a Feedforward NN 
on occupational, demographic, and psychological data 
from 160 workers to identify LBP risk factors, achieving 
a 88% test accuracy. In another study, D. Liu et  al.  [25] 
developed an active-matrix sensing array for real-time 
human plantar pressure monitoring and employed it as 
a ML-assisted platform for motion recognition, as well 
as lumbar degenerative disease diagnosis and postop-
erative recovery assessment. For each patient and con-
trol subject, they preprocessed the recorded pressure 
timeseries to get feasible training data and fed them into 
several kernel-based support vector machine (SVM) 

Fig. 4  Summary of the methodological quality of included studies regarding the 4 domains assessing the risk of bias (a) and the 3 domains 
assessing applicability concerns (b) of the QUADAS-2 score
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classifiers, ultimately achieving a significant forecasting 
performance (AUC = 0.998). Oude Nijeweme-d’Hollosy 
et  al.  [13] fed 3 different AI models, namely Decision 
Tree (DT), boosted DT, and RF, with clinical data of LBP 
patients to predict a timely self-referral to primary care 
and prevent the transition from acute to chronic LBP. The 
models were trained with 1288 fictious LBP cases and 
validated on 38 real-life cases. The results showed that 
all the models provided a referral advice that was better 
than just a random guess, although the boosted DT dem-
onstrated the highest accuracy (71%). Abbas et  al.  [22] 
employed RF to detect the essential variables that predict 
the development of symptomatic LSS. The authors listed 
the Gini index for each predictor showing that lumbar 
spine characteristics, rather than the demographic (e.g., 
age and BMI) and health data, were far more important 
factors in leading to development of symptomatic degen-
erative LSS. Unfortunately, no classification performance 
results were reported. Tagliaferri et al.  [16] conducted a 
data-driven pilot study classifying chronic LBP patients 
into clusters based on multidimensional factors, employ-
ing ML models to assess the accuracy of classification to 
sub-groups. The authors showed that four factors (cogni-
tive function, depressive symptoms, general self-efficacy 
and anxiety symptoms) and two phenotypes (normal ver-
sus impaired psychosocial profiles) optimally classified 
participants.

Eligibility prediction
Another challenging task reported in the literature con-
cerns the support of appropriate treatment choices, 
especially when deciding between conservative and 
surgical options. Agarwal et  al.  [17] employed an RF 
model to identify a body mass index (BMI) threshold 
for obese patients undergoing surgical intervention for 
grade 1 lumbar spondylolisthesis and thus reliably iden-
tify optimal surgical candidates. They found that a BMI 
≤ 37.5kg/m2 was associated with improved patient out-
comes following surgical intervention, with an accuracy 
rate of 77.7%. In another study, Chen et  al.  [31] applied 
an artificial neural network to assess the best surgi-
cal approach between transforaminal and interlaminar 
lumbar spinal endoscopy. Thanks to a four-layer fully 
connected NN, they achieved test accuracy of 85% and 
AUC score of 0.91, identifying as the most important 
factors the disc level, lesion location on the axial plane, 
and the direction of LDH migration. Furthermore, they 
designed a graphical user interface (GUI) to interact 
with the trained model so to provide surgeons with a 
tool for surgical planning. Durand et al.  [18] tested sev-
eral ML models to predict between conservative and sur-
gical treatment in 1503 patients affected by ASD based 
on demographic, clinical, and X-ray data. They achieved 

AUC scores greater than 0.9 and in particular the SVM 
model showed an AUC of 0.91 and an accuracy of 86%, 
with Scoliosis Research Society (SRS), Oswestry Disabil-
ity Index (ODI), and Short Form (SF)−36 being the most 
relevant variables for the SVM model. Similarly, Tseng 
et  al.  [20] investigated the appropriateness of conserva-
tive vs. surgical treatment in patients with LSS by means 
of several combinations of ML models. They applied 
LR and DT to extract the most significant features from 
demographic, clinical and MRI data, and combined 
them with NN and SVM to predict the factors affect-
ing treatment choice. The prediction model which per-
formed the best (AUC = 0.952) showed that disc height, 
age, difference between systolic and diastolic blood 
pressure, and leg pain were the most important factors 
involved. In their study, Wilson et  al.  [32] used a U-net 
on MRI data of 240 subjects to predict surgical candidacy 
among patients affected by LSS. After performing auto-
matic segmentation of the spinal canal area, the model 
was able to anticipate surgical treatment based on the 
severity of LSS achieving an AUC of 0.88. Likewise, Xie 
et  al.  [27] developed a NN model able to predict surgi-
cal candidacy based on clinical and imaging features of 
patients affected by different lumbar degenerative disor-
ders (LBP, lower limb radiculopathy, and/or neurogenic 
claudication). The employed model was able to predict 
surgical progression with 92.1% accuracy and an excel-
lent discriminative ability (AUC = 0.90). Interestingly, 
the most relevant factors for recommending surgery as 
identified by the model were severe LSS, nerve root com-
pression, neurogenic claudication, dermatomal distribu-
tion of symptoms, functional deterioration, presence of 
spondylolisthesis, pain severity, and symptom progres-
sion. Bui et al. [15] used LASSO regression and SVM to 
predict the cage height and the degree of lumbar lordo-
sis subtraction from the pelvic incidence after TLIF sur-
gery, utilizing preoperative X-ray images of 311 patients 
using 5-fold CV. The authors achieved an RMSE of 1.01 
for cage height prediction, and 88.75% of the predic-
tion fell within a 1mm margin from the real value. Chiu 
et  al.  [34] developed machine learning based radiomic 
models based on pre-treatment clinical and imaging data 
for predicting pain improvements after lumbar nucleo-
plasty in subjects with lumbar degenerative disc desease 
(LDDD). The authors compared different models, achiev-
ing accuracy values of 76% and an AUC score of 0.77, 
proving the potential of AI in supporting clinicians’ 
decision-making about treatment strategies for LDDD. 
The study of Fan et  al.  [21] used machine learning to 
extract radiomic features from CT myelography images 
and predict decompression levels in LSS patients. Six fea-
ture selection methods combined with 12 ML algorithms 
were employed, resulting in a total of 72 ML classifiers 
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with EmbeddingLSVC and SVM showing the best per-
formance (AUC scores over 0.80). Ren et  al.  [30] lever-
aged various AI-models to predict re-herniation before 
Percutaneous Endoscopic Lumbar Discectomy, aiming 
at optimizing the surgical decision-making. XGB out-
performed other models (AUC = 0.93), identifying BMI, 
facet orientation, Modic changes, and disc calcification 
as significant predictors for recurrent LDH. Pedersen 
et  al.  [23] developed a DSS to detect pros and cons of 
surgical decompression in LSS patients. They employed 
MARS algorithm to predict the improvement in walk-
ing distance, disability, pain, and quality of life in terms 
of reaching the minimal clinically important difference 
(MCID) at 1-year follow-up after spinal surgery.

Discussion
The use of AI in the spine field has been increasingly 
reported in the last decade, with groundbreaking and 
potentially revolutionary applications. These include 
localization of specific objects in radiological images 
(e.g., detection and segmentation of intervertebral discs, 
spinal canal, vertebral bodies, etc.) [5], classification and 
regression tasks with regard to diagnostic processes (e.g., 
identification of vertebral fractures, estimation of the 
severity of LSS, etc.) [6], and supportive tools to predict 
outcomes and anticipate the most advantageous treat-
ment and prevention strategies  [37]. The tasks included 
in the last category namely pertain to DSS applica-
tions. In this study, we have systematically reviewed the 
available evidence on DSS systems able to support the 
decision-making process in terms of prevention and 
management of degenerative lumbar spine disorders. 
The earliest study included in this review dates back to 
2017 [12], indicating that while this field is still relatively 
young, it shows promising potential for future advance-
ments. The analyzed DSS models included datasets from 
patients with several degenerative conditions (nonspe-
cific LBP, DLS, ASD, LDH, and facet joint synovial cysts), 
undergoing both conservative and surgical treatments 
(endoscopic decompression, laminectomy, interbody 
fusion, etc.), and were fed with a wide range of differ-
ent inputs (demographic and psychosocial data, clinical 
outcomes, imaging data, and biomarkers). Numerous 
AI algorithms were employed, comprising both ML and 
DL; not surprisingly, the vast majority of the included 
studies adopted supervised learning approaches to 
implement support systems that replicate human per-
formances in a faster and automatic way. Conversely, 
both Jin et al. [26] and Tagliaferri et al. [16] investigated 
the phenotypic characteristics of LBP patients by means 
of unsupervised techniques, trying to identify intrin-
sic scores being discriminative for a novel classification 
system. Broadly speaking, supervised learning is more 

focused on automatically labelling new data according 
to hand-made scoring patterns, thus being more suit-
able for supporting specific decision processes. On the 
other hand, unsupervised methods are domain-agnostic 
because they investigate the hidden patterns, structures, 
or relationships within the data without explicit guidance 
or predefined labels. In general, one of the main advan-
tages of AI is the unprecedented capacity to elaborate 
large and heterogeneous datasets in order to seek corre-
lations and causative relationships which would be oth-
erwise unidentifiable. Apart from computing power, the 
ability to integrate different sources of multimodal inputs 
may provide a new understanding of pathophysiological 
processes and promote the identification of novel factors 
that could potentially affect the diagnosis, treatment, and 
prognosis of several conditions [38]. In accordance with 
the biopsychosocial model, LBP results from a spectrum 
of diverse factors (biological, psychosocial, demographic, 
etc.) that may differentially contribute to the clinical sce-
nario in every single case [39]. In this regard, AI may help 
identify distinct disease phenotypes to develop a per-
sonalized medicine approach to LBP and degenerative 
spine disorders [40]. In this review, the included studies 
concerned three main areas: definition of clinical scores, 
clinical assessment, and eligibility prediction. The first 
domain found different applications such as prediction 
of surgical invasiveness based on perioperative outcomes 
and serum biomarkers [33], prediction of LBP according 
to spinopelvic parameters  [26], estimation of the risk of 
recurrence of surgically treated facet synovial cysts based 
on facet morphology and canal stenosis [28], and predic-
tion of conservative vs. surgical treatment for LSS  [19] 
and LDH  [29] using radiological and psychosocial data. 
Overall, these studies showed AUCs ranging from 0.76 
to 0.93 thus demonstrating a considerably high degree of 
accuracy, with a slightly lower rate of 65% in the study of 
Roller and colleagues [19]. With regard to clinical assess-
ment, included studies evaluated the risk of LBP  [11, 
12], IDD diagnosis  [25] and progression  [24], as well as 
the need for referral to primary care to prevent the risk 
of LBP chronicity  [13]. Utilized AI algorithms were fed 
by imaging data, demographic and psychosocial char-
acteristics, biosensor inputs, and clinical notes. Again, 
these studies showed accuracies and AUCs in the ranges 
of 71–90.4% and 0.84–0.99 respectively, demonstrating 
the significant potential of AI-based DSS models. These 
results confirm the emerging role of lifestyle, occupation, 
underlying systemic conditions, biomarkers, and imaging 
data patterns in the definition and management of degen-
erative lumbar disorders using a “precise” approach [41]. 
Concerning eligibility prediction, included studies 
evaluated surgical candidacy for DLS  [17], ASD  [18] 
and LSS  [20, 32] and other degenerative disorders  [27] 
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according to demographics, biometrics, MRI data, and 
patient-reported outcome measures, resulting in AUCs 
between 0.88 and 0.95 and accuracy rates between 77.7% 
and 94.9%. Additionally, another study employed a DSS 
system to support preoperative planning for endoscopic 
lumbar decompression based on MRI features, with a 
similar high accuracy and AUC of 85% and 0.91, respec-
tively  [31]. These results are in line with other studies 
in different surgical specialties, which have repeatedly 
underlined the promising value of DSS models in surgical 
decision-making [42].

We identified several research gaps among the stud-
ies reported in this review. First, there is still a lack of 
multimodal approaches to AI predictions in this field, 
combining both visual features extracted through con-
volutional models and numerical features clinically 
reported. Indeed, half of the articles employing NNs fed 
fully connected models with numerical features, being 
they clinical, demographic, psychosocial or radiology-
derived measures  [12, 27, 31]; the other half instead 
directly fed radiological images into CNN models  [19, 
24, 32]. A hybrid approach combining clinical and visual 
features deserves to be explored, having already proved 
to be a flexible and robust method to improve predictive 
capacity in healthcare as compared to single-modality 
approaches  [43]. Indeed, by boosting data acquisition 
and elaboration, providing multimodal acquisition and 
processing, which ultimately improves accuracy, the use 
of AI may overcome the subjective aspects of traditional 
decision-making and eventually optimize patient out-
comes  [44]. Another issue concerns the evaluation met-
rics adopted by the different research papers. While most 
studies report performance metrics such as AUC and 
accuracy, these metrics alone may not provide a compre-
hensive view of model performance, particularly when 
dealing with imbalanced datasets, as often happens in 
the clinical domain. A high AUC, for instance, may mask 
poor performance in identifying minority class instances, 
such as true positives or true negatives, which are critical 
in clinical decision-making. Therefore, additional metrics 
such as recall, precision, and F1 score for classification 
models would offer a complete understanding of model 
performance. Furthermore, some of the reviewed stud-
ies [18, 21, 24, 27, 28] did not adequately address the issue 
of class imbalance, which can significantly skew accuracy 
metrics. Providing more information on the class distri-
bution within the datasets would enable a clearer assess-
ment of how well the models perform across different 
class instances. Finally, many studies lacked the use of 
proper scoring rules like the Log score or Brier score, and 
did not include calibration plots, which are essential for 
evaluating the reliability of probabilistic models. Incor-
porating these tools in future studies would allow for a 

more accurate evaluation of the model’s ability to pro-
duce well-calibrated probability estimates, which is cru-
cial in clinical applications.

A set of practical challenges common to the application 
of AI to healthcare are also associated with implement-
ing DSS in LBP. Effective integration of structured and 
unstructured data, the need of training healthcare pro-
fessionals to the utilization of the AI tools, the compli-
ance with healthcare regulations including transparency 
and accountability in decision-making processes, the 
ethical and privacy concerns surrounding the use of AI 
in healthcare, and the secure handling of sensitive health 
data are essential to build trust and ensure the responsi-
ble use of AI in healthcare [45].

This study has some limitations. First, the average 
QUADAS-2 score was indicative of a moderate risk of 
bias, which may have an impact on the reliability of the 
data that were reported. Second, as the included studies 
exhibited a high number of different variables, the het-
erogeneity among diverse disorders, input data and AI 
models used may reduce the generalizability of the find-
ings relative to the single investigations. Moreover, while 
the aim of this study was to review the applications of 
DSS to prevention and management tasks, a clear dis-
tinction with the domain of outcome prediction was not 
always possible (e.g., eligibility for a certain treatment 
may be provided on the basis of multiple outcome pre-
diction scores). Therefore, some studies might have been 
included or excluded based on the definition of their 
principal endpoint while possibly performing both tasks.

Conclusions
Artificial intelligence is progressively revolutionizing the 
healthcare field, including spine surgery. In this system-
atic review, we have summarized the available evidence 
regarding the use of DSS models to support the preven-
tion and management of lumbar degenerative disorders. 
Overall, the included studies demonstrated a high degree 
of accuracy in performing a wide set of different tasks, 
such as the definition of clinical scores, clinical assess-
ment, and eligibility prediction. Collectively, these results 
pose the basis for further studies to expand the actual 
knowledge base and promote a wider implementation of 
AI in the decision-making process in the clinical setting.
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