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Abstract
Purpose Lumbar spinal stenosis (LSS) is a condition affecting several hundreds of thousands of adults in the United States 
each year and is associated with significant economic burden. The current decision-making practice to determine surgical 
candidacy for LSS is often subjective and clinician specific. In this study, we hypothesize that the performance of artificial 
intelligence (AI) methods could prove comparable in terms of prediction accuracy to that of a panel of spine experts.
Methods We propose a novel hybrid AI model which computes the probability of spinal surgical recommendations for LSS, 
based on patient demographic factors, clinical symptom manifestations, and MRI findings. The hybrid model combines a 
random forest model trained from medical vignette data reviewed by surgeons, with an expert Bayesian network model built 
from peer-reviewed literature and the expert opinions of a multidisciplinary team in spinal surgery, rehabilitation medicine, 
interventional and diagnostic radiology. Sets of 400 and 100 medical vignettes reviewed by surgeons were used for training 
and testing.
Results The model demonstrated high predictive accuracy, with a root mean square error (RMSE) between model predictions 
and ground truth of 0.0964, while the average RMSE between individual doctor's recommendations and ground truth was 
0.1940. For dichotomous classification, the AUROC and Cohen's kappa were 0.9266 and 0.6298, while the corresponding 
average metrics based on individual doctor's recommendations were 0.8412 and 0.5659, respectively.
Conclusions Our results suggest that AI can be used to automate the evaluation of surgical candidacy for LSS with perfor-
mance comparable to a multidisciplinary panel of physicians.
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Introduction

Lumbar spinal stenosis (LSS) is one of the most common 
conditions affecting more than 200,000 adults in the United 
States each year [1]. Over the last 20 years, spine pathologies 
such as LSS have increased significantly in many Western 
countries due to an aging and sedentary lifestyle, increasing 
the need for spine surgery as treatment [2]. While there is 
a broad body of literature that supports the effectiveness of 
spinal surgery for late clinical outcomes after one year [3], 
in some cases, adverse outcomes can occur due to misdi-
agnosis [4], suboptimal patient selection [5] or subjectivity 
of clinical and radiographic assessment [6, 7]. The over-
all failure rate of lumbar spine surgery was estimated to be 
10–46% [2, 8]. Another issue encountered is the associated 
considerable economic burden, with an estimated $40 bil-
lion spent on spinal fusions each year in the US [9], which 
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provides challenges for both the individual and insurance 
authorization. Considering these challenges, spinal surgery 
recommendations should be a careful and judicious consid-
eration taking into account a multidimensional picture of 
the patient’s health, clinical symptoms, comorbidities, and 
imaging findings.

Artificial intelligence is currently revolutionizing deci-
sion making in many different industries including health 
care [10]. AI-powered medical solutions have the potential 
to enable predictive, preventive, personalized, and partici-
patory medicine [10]. Applications in spinal surgery with 
significant impact are beginning to unfold. Some early appli-
cations have included image classification such as the auto-
mated detection of vertebral body compression fractures on 
imaging studies, preoperative risk prediction models, and 
clinical decision support tools [11, 12].

Here, we propose a novel AI model to compute the prob-
ability to recommend spinal surgery for LSS that is in con-
cordance with surgeon decisions. Compared to previously 
published models predicting complication risks [13, 14], our 
model has the potential to directly compute the probability to 
admit a patient to spinal surgery, thus representing an effec-
tive augmentation tool to the medical decision making pro-
cess. The model consists of a hybrid approach combining (i) 
a random forest model to accurately estimate model param-
eters from medical vignette data reviewed by surgeons, with 
(ii) an expert Bayesian network model implementing surgi-
cal recommendations from peer-reviewed published litera-
ture together with the expert opinions of a multidisciplinary 
team in the fields of spinal surgery, rehabilitation medicine, 
interventional and diagnostic radiology. We hypothesized 
that the performance of our proposed artificial intelligence 
(AI) methods could prove comparable to that of a panel of 
spine experts.

Materials and methods

Medical vignettes

A set of 36 variables representing clinical symptoms, MRI 
findings, and patient demographic factors were compiled, 
using medical literature together with the expert input of a 
multidisciplinary team of doctors in the fields of spinal sur-
gery, rehabilitation medicine, interventional and diagnostic 
radiology (Supplementary File 1).

Using these set of variables, a set of 500 vignettes which 
represent realistic patient profiles were created, while 
accounting for critical correlations between the variables 
(Supplementary File 2). The generated vignettes were 
designed to provide a range of probabilities for surgical rec-
ommendation ranging from low to high probability.

Review of vignettes by an independent panel 
of doctors

The 500 medical vignettes were reviewed by an independent 
panel of five spinal surgeons from different medical practices 
in order to determine the probability of surgical recommen-
dation for each medical vignette. Each surgeon was asked 
independently to review each vignette and recommend sur-
gery with a score from 0 (surgery must not be done) to 100 
(surgery must definitely be done), and then the score was 
divided by 100. Note that this panel of surgeons was inde-
pendent from the multidisciplinary team in spinal surgery, 
rehabilitation medicine, interventional and diagnostic radi-
ology used to build the vignettes and the Bayesian network 
(see below).

Bayesian network (expert model)

Based on the set of variables from the medical vignettes, 
a Bayesian network was built to compute the probability 
to recommend spinal surgery for LSS (Supplementary File 
3). For this purpose, GeNIe Modeler from BAYESFUSION 
was used (https:// www. bayes fusion. com/ genie/). The Bayes-
ian network structure and parameters were not trained using 
patient data nor vignettes, but were determined using peer-
reviewed medical literature and doctor opinions. The Bayes-
ian network was used to compute the probability of surgical 
recommendation for each medical vignette.

Random forest (machine learning model)

Using the medical vignettes reviewed by doctors, a random 
forest model was trained to predict the probability of surgi-
cal recommendation from the set of 36 variables. Vignettes 
were randomly split into 70% for fine-tuning and training 
the random forest, 10% to estimate the hybrid model weights 
(see below), and 20% for testing predictions.

Variable importance was computed using the mean 
decrease in accuracy in the out-of-bag sample during 
training.

Hyper-parameters min.node.size = 3, sample.frac-
tion = 0.88 and mtry = 24 were obtained by fine-tuning with 
fivefold cross-validation. Split rule “variance” was used.

Hybrid model

A hybrid approach was constructed by a weighted average 
of the predictions from the Bayesian network (expert model) 
and the random forest (machine learning model). A linear 
regression was used to stack the predictions. Regression 
coefficients (after normalizing their sum to 1) were used as 

https://www.bayesfusion.com/genie/
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weights for the weighted average, estimated from 10% of 
the vignettes. The hybrid model therefore combines medi-
cal expert knowledge from the Bayesian network with the 
machine learning findings directly inferred from the data.

Data analysis

All data analyses, including univariate and bivariate analy-
ses of doctors’ feedbacks, random forest, prediction perfor-
mance metrics and plots, were done using R 3.6.3. R pack-
age ranger was used to compute the random forest and the 
variable importances (https:// cran.r- proje ct. org/ web/ packa 
ges/ ranger). R package tuneRanger was used for fine-tuning 
the hyper-parameters (https:// cran.r- proje ct. org/ web/ packa 
ges/ tuneR anger/).

Source of Funding RM was supported by Université Paul 
Sabatier and Remedy Logic. SK was supported by Vinnitsa 
National Medical University and Remedy Logic. OS, JK and 
AR were supported by Remedy Logic.

Results

Analysis of spinal surgeons’ recommendations

An independent panel of five spinal surgeons (fellowship 
trained spinal surgeons with more than 5 years of experi-
ence in practice) was set up. The panel reviewed the 500 
medical vignettes to determine the surgical recommenda-
tion probability for each vignette (recommendations rang-
ing from 0 to 1). Figure 1A plots the univariate analyses of 
doctor recommendations. Overall, we observe that doctor 

recommendation probabilities were spread between 0 and 
1, whereas for doctors 3, recommendations were skewed 
towards high probabilities. Bivariate analyses were then con-
ducted between doctors which found that doctors' recom-
mendation probabilities were positively but only moderately 
correlated (Fig. 1B). The average pairwise correlation was 
0.4957, the lowest correlation was 0.36 between doctors 1 
and 2, and between doctors 1 and 5, while the highest cor-
relation was 0.72 between doctors 3 and 4. Pairwise Cohen's 
kappa between doctors also revealed moderate agreements 
between doctors (Supplementary File 4A). The standard 
deviations of recommendations were moderate, revealing 
good consistency of individual doctor recommendations 
(Supplementary File 4B).

These results thus suggest that, although doctors' rec-
ommendations were positively correlated, the agreement 
between doctors was moderate and one doctor was biased 
towards high recommendation probabilities, reflecting 
a high level of heterogeneity between individual doctor 
recommendations.

Model predictions of surgical recommendation 
probabilities

An assessment of the accuracy of our hybrid model to pre-
dict surgical recommendations was conducted, in compari-
son to individual doctor recommendations. For this purpose, 
for each vignette, the ground truth probability for surgical 
recommendation was calculated as the average between the 
five independent doctors’ recommendation probabilities. 
We removed vignettes showing a very high disagreement 
between doctors (top 10% highest variance). The model 

A
B

Fig. 1  Analysis of independent doctors’ recommendation probabilities. A Box plots between individual doctor’s recommendation probabilities. 
B Correlations between individual doctor’s recommendation probabilities

https://cran.r-project.org/web/packages/ranger
https://cran.r-project.org/web/packages/ranger
https://cran.r-project.org/web/packages/tuneRanger/
https://cran.r-project.org/web/packages/tuneRanger/
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was used to compute the recommendation probability for 
the same vignettes. The vignettes were randomly split into 
70% of vignettes to train the random forest, 10% of vignettes 
for hybrid model weight estimation and 20% vignettes to 
estimate prediction accuracy (note that model training was 
irrelevant for the Bayesian network which was not trained 
through data). The root mean square error (RMSE) between 
the model prediction and ground truth probabilities was 
0.0964 (Fig. 2A). The Pearson correlation and the R2 were 
0.9093 and 0.8268, respectively. When plotting the linear 
regression y = ax + b (assuming a linear relation between 
model prediction and ground truth) with y = x (assuming per-
fect agreement between model prediction and ground truth), 
we observed that the model had the tendency to slightly 
overestimate low ground truth probabilities (when surgery 
should not be done), while slightly underestimating high 
ground truth probabilities (when surgery should be done). In 
the hybrid model, the relative weights for the random forest 
and the Bayesian network were 0.85 and 0.15, putting more 
weights to machine learning. Random forest slightly over-
estimated low ground truth probabilities, but globally was 
performing better than the Bayesian network, explaining the 
higher weight of the former (Supplementary File 5). Lower 
performance of the Bayesian network was expected, since it 
was developed without any training from data.

The average RMSE between individual doctor recom-
mendations and ground truth was 0.1940 (Fig. 2B). The 
average Pearson correlation and the average R2 were 0.7846 
and 0.6155, respectively. When plotting the linear regression 
y = ax + b with y = x, we observed that the doctor 3 was glob-
ally overestimating the ground truth probabilities.

When predicting surgical recommendation probabilities, 
our validation performed on vignettes revealed that the AI 

model we built performed comparably to individual doctor 
recommendations.

Variable importance

We next assessed which variables were the best predictors 
of surgical recommendation. For this purpose, we computed 
variable importance from the random forest model to iden-
tify the best predictors of surgical recommendation. Vari-
ables related to radiologic findings ranked among the top 
predictors, including “Imaging showing stenosis”, “Imaging 
showing disc herniation” and “Imaging showing segmental 
instability”. Moreover, certain clinical symptoms includ-
ing “Motor deficit as reported by doctors”, “Back pain” and 
“Leg weakness as reported from patient” were also very 
influential (Fig. 3).

Model predictions of surgical recommendation 
as binary decision

Surgical recommendations were also analyzed as a dichoto-
mous classification, by discriminating between two classes: 
no or weak recommendation class vs. strong recommenda-
tion class, with a probability threshold of 0.66.

The AUROC between model and ground truth recom-
mendations was 0.9266 (Fig. 4A), while the sensitivity and 
specificity were 0.8 and 0.8298, revealing good accuracy 
metrics. The Cohen's kappa for interrater agreement was 
0.6298. In comparison, the average AUROC based on indi-
vidual doctor’s recommendations was 0.8412 (Fig. 4B), 
and the sensitivity and specificity were 0.7850 and 0.7830, 
respectively. Average Cohen's kappa was 0.5659, showing 
similar agreement.

A B

Fig. 2  Comparison of prediction performance between the model and 
individual doctors for recommendation probability. A Scatter plot 
between model’s recommendation probability and ground truth rec-

ommendation probability. B Scatter plots between individual doctor’s 
recommendation probability and ground truth recommendation prob-
ability
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In a dichotomous classification setting, these results reveal 
that our model performed comparably to individual doctors.

Discussion

Artificial intelligence (AI) is a rapidly expanding field of 
research and one which has demonstrated the capabilities 
to improve decision processes across multiple domains. 

Its applications, which encompass a broad range of human 
activities, make it possible in particular to improve the qual-
ity of care [10]. In spinal surgery, early applications include 
image classification such as automating the detection of 
compression fractures of the vertebral body on imaging 
studies, preoperative risk prediction models, and clinical 
decision support tools [11, 12].

In this article, we propose a novel artificial intelligence 
(AI) model to predict surgical recommendations based on 

Fig. 3  Top 20 variable importances to predict recommendation probability. Variable importances were calculated using random forests with per-
mutations
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Fig. 4  Comparison of prediction performance between the model 
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under the ROC (AUROC) is plotted. B ROC curves between indi-
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variables reflecting clinical symptoms, MRI findings, and 
patient demographic factors. The proposed model demon-
strated high prediction accuracy, with a prediction error as 
measured by the root mean square error (RMSE) between 
model predictions and ground truth of 0.0964, while the 
average RMSE between individual doctors’ recommenda-
tions and ground truth was 0.1940. In a dichotomous classi-
fication setting, the prediction error as measured by AUROC 
was 0.9266, with a Cohen’s kappa value of 0.6298, while 
the corresponding average metrics based on individual doc-
tor's recommendations were 0.8412 and 0.5659, respectively. 
The model thus shows surgical recommendation accuracy 
metrics that are comparable to recommendations from an 
independent expert panel.

In a previous application of AI for a preoperative risk pre-
diction model, a machine learning approach based on lasso 
logistic regression was used to predict complications after 
spinal surgery depending on patient variables with AUROC 
ranging from 0.7 to 0.76 [13]. Another regression model 
obtained similar results [14]. Machine learning models were 
also proposed to predict pain and functional outcomes after 
surgery [15–18]. For example, Karhade et al. used various 
machine learning algorithms including random forests, 
support vector machines, and logistic regression to predict 
the minimal clinically important difference after surgery as 
a successful outcome [19]. Compared to previously pub-
lished models predicting complication risks, pain reduction 
or functional outcomes, our model directly computes the 
probability to recommend spinal surgery for a potential LSS 
patient, thus representing an effective augmentation tool to 
the medical decision making process. Another caveat of pre-
vious machine learning models is that, if the training data 
is biased toward certain cohort characteristics such as gen-
der or ethnicity, the model will be biased accordingly [20]. 
Unlike previous models, the proposed hybrid model relies 
on both a data-driven machine learning model as well as an 
expert model. On one hand, the machine learning model 
(random forest) has the advantage to learn complex non-
linear relationships and cross-effects from the data, which 
is hard for medical experts to elicit. On the other hand, an 
expert model (a Bayesian network) explicitly implements 
surgical recommendations from the peer-reviewed published 
literature combined with the expert opinions of a multidis-
ciplinary team in the fields of spinal surgery, rehabilitation 
medicine, interventional and diagnostic radiology. The 
hybrid model combines the advantages of both sides.

We found that variables from imaging analyses are the 
most important variables to consider surgical recommenda-
tions, which is in line with a recent machine learning model 
showing that spinal surgery candidacy may be predicted 
using imaging only [21]. However, we also found as impor-
tant predictors certain specific clinical symptoms includ-
ing motor deficit reported by the doctor, back pain and leg 

weakness as reported from the patient. These variables dif-
fer greatly from previous studies aiming to predict surgery 
complications which found the health insurance provider 
[13] or the ASA score (physical status score) as the best 
predictors [14].

One limitation of the present study was the utilization of 
500 medical vignettes as opposed to recorded patient data. 
Future studies will be carried out using patient data from 
a large cohort for improved validation. Second, building a 
model using expert knowledge requires extensive efforts 
for expert elicitation and for obtaining a consensus among 
doctors. Third, the model was focused on spinal surgery 
for LSS, and in its current state, is not generalizable to the 
broader population of patients with lumbar spine issues that 
may have concomitant diagnoses (e.g. spondylolisthesis) that 
may require distinct interventions from patients with isolated 
LSS. Future research will further extend the model to predict 
surgical recommendations for other spinal conditions, such 
as lumbar disc herniation, and segmental instability.

In conclusion, the results suggest that AI can be used 
to bring efficiency and automation to the decision-making 
process for determining surgical candidacy for LSS, with 
comparable performance to physicians. Considering physi-
cians and other health care providers must obtain advance 
approval from a health plan before a specific service, our 
model could fill in as a significant instrument for fast and 
efficient decisions at limited cost. Moreover, in the current 
study, we found that imaging combined with certain clinical 
variables such as motor deficit and pain are the key predic-
tors of surgery candidacy.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s00586- 022- 07307-7.
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