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Abstract

Objectives

Symptomatic lumbar spinal stenosis (LSS) leads to functional impairment and pain. While radiological
characterization of the morphological stenosis grade can aid in the diagnosis, it may not always correlate
with patient symptoms. Artificial intelligence (AI) may diagnose symptomatic LSS in patients solely
based on self-reported history questionnaires.

Methods

We evaluated multiple machine learning (ML) models to determine the likelihood of LSS using a self-
reported questionnaire in patients experiencing low back pain and/or numbness in the legs. The
questionnaire was built from peer-reviewed literature and a multidisciplinary panel of experts. Random
forest, lasso logistic regression, support vector machine, gradient boosting trees, deep neural networks,
and automated machine learning models were trained and performance metrics compared.

Results

Data from 4,827 patients (4,690 patients without LSS: mean age 62.44, range 27 — 84 years, 62.8%
females, and 137 patients with LSS: mean age 50.59, range 30 — 71 years, 59.9% females) were
retrospectively collected. Among the evaluated models, the random forest model demonstrated the
highest predictive accuracy with an area under the receiver operating characteristic curve (AUROC)
between model prediction and LSS diagnosis of 0.96, a sensitivity of 0.94, a specificity of 0.88, a
balanced accuracy of 0.91 and a Cohen’s kappa of 0.85.

Conclusions

Our results indicate that ML can automate the diagnosis of LSS based on self-reported questionnaires
with high accuracy. Implementation of standardized and intelligence-automated workflow may serve as a

supportive diagnostic tool to streamline patient management and potentially lower healthcare costs.
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Introduction

Degenerative lumbar spinal stenosis (LSS) is a significant source of disability in older adults,
which affects an estimated 103 million persons annually worldwide!. The clinical syndrome of LSS is
characterized by chronic lower back and extremity pain, accompanied by loss of mobility and function,
which can steadily reduce patients’ quality of life?. First-line treatments include modification of activity,
analgesia, and physical therapy. In cases where conservative treatments fail, decompressive spinal surgery
is often considered as an option to relieve symptoms. As such, LSS is associated with a significant
socioeconomic burden and high healthcare costs®*. Hence, strategies for simplified, fast, and automated
diagnosis based on clinical symptoms may have an important societal impact.

Substantial improvements of standardized diagnostic accuracy are streamlined by artificial
intelligence (Al), in particular machine learning (ML) models to develop data-driven algorithms and
intelligent automation (IA) to enhance human intelligence and therapeutic-decision making. Most
commonly, ML models have successfully been trained to automatically detect and classify LSS based on
MRI studies of the lumbar spine, achieving high accuracy levels comparable to those of subspecialist
radiologists™®. Other approaches applied ML to determine surgical candidacy for spinal surgery based on
lumbar spine MRI’s’ or by using hybrid Al models, that combine features from both imaging and clinical
information®. More recently, ML methods have been utilized to determine prior authorization approval for
LSS surgery based on medical vignettes, which consisted of both clinical data and MRI findings’.
Although diagnostic imaging is a mainstay for the evaluation of LSS, radiographically affected patients
may be clinically asymptomatic. Therefore, clinical symptoms also play a significant role in therapeutic
decision-making. Patients with symptomatic LSS can be assessed using self-reported questionnaires'®.
However, ML has not yet been tested to identify such patients based solely on patient questionnaires
without any imaging data, which could potentially facilitate intelligence-automated therapeutic decision-
making.

Here, we propose a novel Al approach to diagnose LSS from self-reported history questionnaires

that assess clinical history, pain character, and mobility of patients. Different ML models were trained on
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retrospectively collected data from patients with diagnosed LSS (LSS+) and without LSS (LSS-) and their
performance compared, including random forest, lasso logistic regression, support vector machine
(SVM), gradient boosting trees, deep neural networks (DNN), and automated machine learning (H20

autoML). Finally, key contributor variables for predicting patients with LSS+ were identified.

Materials and Methods

Subjects and Data collection

This multicenter study was performed in two hospitals (BLINDED FOR REVIEW and
BLINDED FOR REVIEW), and one outpatient clinic (BLINDED FOR REVIEW). Data of patients were
retrospectively collected from self-reported questionnaires from August 2021 to September 2022.
Additionally, health records were assessed, including past clinical history, treatments, and results of
examinations, for all patients. The selection was limited to patients who presented with primary
symptoms of low back pain and/or numbness in the back and legs, and experienced difficulties in
performing daily activities. The age criteria for inclusion were set at 20 years or older. The questionnaires
were filled out by our clinical administrators based on the answers provided by each interviewed patient.
LSS diagnosis (presence/absence) was confirmed by an orthopedic surgeon based on clinical history of
each patient and reports from lumbar spine MRI studies, which served as the ground truth.

This retrospective study received institutional review board approval and written informed

consent was obtained from all subjects.

Questionnaire

A literature review was performed to identify peer-reviewed medical literature that assess
diagnosis and outcome measures of LSS (Supplementary material 1). Items from these articles, as well as
relevant items extracted from The Short Form (36) Health Survey (SF-36)!!, EQ-5D!?, and Oswestry
Disability Index (ODI)'3, were collected. In total, 205 questions were accumulated, which were then

compiled with the input of an expert panel comprising a multidisciplinary team of doctors in the fields of
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spinal surgery, rehabilitation medicine, interventional and diagnostic radiology. The final self-reported
questionnaire included 26 questions (qualitative and continuous outcome variables) including pain, pain
severity and type, activities prevented by pain (e.g. pain prevents sleeping rate), but also motor
impairment, the use of moving device, history of spinal cord or cauda equina injury, general health, and

mental health (e.g, anxiety or depression level) (Table 1).

Data Imputation and Machine Learning

The dataset comprised 4,690 patients without LSS (LSS-; mean age 62.44; range 27 — 84 years;
62.8% females) and 137 patients with LSS (LSS+; mean age 50.59; range 30 — 71 years: 59.9% females),
summing up to 4,827 patients in total. The overall percentage of missing data was 29%. To cope with
missing data, values were imputed applying the median, where necessary. Subsequently, the data were
used to train the machine learning models. Patient data were randomly split into 80% for fine-tuning and
training of the machine learning models (3,758 LSS- and 104 LSS+) and 20% for testing predictions (932
LSS- and 33 LSS+). To ensure a balanced training dataset for effective model training, patients without
LSS were down-sampled to match the number of patients with LSS, resulting in a total of 208 patients for
training (104 LSS- and 104 LSS+). Different machine learning models were trained and compared,
including random forest, lasso logistic regression, support vector machine (SVM), gradient boosting trees
(XGBOOST), deep neural network (DNN), and automated machine learning (H20 autoML). Variable
importance was computed using the mean decrease in accuracy in the out-of-bag sample during training.

Hyper-parameters were obtained by fine-tuning with 5-fold cross-validation.

Data and Statistical Analysis

All data analyses, including univariate and bivariate analyses, prediction performance metrics,
and plots were done using R (Version 4.2.1, the R Foundation). The following R packages were used for
computations and fine-tuning: ranger for random forest and variable importance (https://cran.r-
project.org/web/packages/ranger), tuneRanger for hyper-parameter fine-tuning (https://cran.r-

project.org/web/packages/tuneRanger/), glmnet for lasso logistic regression (https://cran.r-
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project.org/web/packages/glmnet), el071 for SVM (https://cran.r-project.org/web/packages/e1071),
XGBOOST for extreme gradient boosting (https://cran.r-project.org/web/packages/xgboost), nnet for
deep neural network (https://cran.r-project.org/web/packages/nnet/), and caret for SVM, XGBOOST, and
DNN fine-tuning (https://topepo.github.io/caret/). For quantitative variables, differences of means
between the LSS+ patients and LSS- patients were tested using the Student’s test. For qualitative
variables, differences of proportions between the LSS+ patients and LSS- patients were assessed using
the Fisher’s exact test. To account for multiple tests, the Bonferroni p-value threshold was used and
computed as 0.05/34=0.0014. Performance metrics, including area under the receiver operating
characteristic curve (AUROC), area under the precision-recall curve (AUPRC), sensitivity, specificity,

Cohen’s kappa, accuracy, and the F1-score, were calculated for all models.

Results

Univariate analysis of LSS predictors

Table 2 displays the differences in assessed outcome variables between patients with LSS
(LSS+) and patients without LSS (LSS-). Most predictors exhibited significant p-values, with p<0.0014
(Bonferroni threshold). It included predictors describing general health (mean difference of -18 points out
of 100, 95% confidence interval (CI) [-20.71; -15.45], p<0.0001), mental health (mean difference of -17
points out of 100, 95%CI [-19.98; -14.34], p<0.0001), pain severity (mean difference of +25.37 points out
of 100, 95%CI [22.64; 28.11], p<0.0001), or pain preventing activities, e.g. pain preventing standing
(mean difference of +35.7 points out of 100, 95%CI [31.41; 39.99], p<0.0001). Additionally, reduced or
damaged motor skills, problems with performing daily activities (i.e. problems performing washing or
dressing), or use of moving devices were significantly different between LSS+ and LSS- patients. Thus,
univariate analysis demonstrated strong associations between LSS and most self-reported history

predictors, suggesting their potential use in building a ML model for accurate prediction of LSS.

Prediction of LSS based on Machine Learning
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The accuracy of our ML approach in predicting LSS was assessed and compared with the ground
truth. For this purpose, the patient history data were randomly split into 80% of patients for training a
series of ML models, while the remaining 20% of patients were reserved to estimate the prediction
accuracy of the different models. The performance of the random forest, lasso regression, SVM,
XGBOOST, DNN, and automated machine learning models is summarized in Table 3.

Most ML models showed excellent prediction performances when classifying LSS+ versus LSS-
patients. Among the models, the random forest exhibited the highest prediction performance, achieving
an AUROC of 0.96 (95% CI [0.949; 0.980]), sensitivity of 0.94, specificity of 0.88, and Cohen’s kappa
value of 0.85 (Figure 1A). The second-best performing model was XGBOOST, which demonstrated an
AUROC of 0.96, a sensitivity of 0.97, a specificity of 0.86, and a Cohen’s kappa value of 0.88 (Figure
1D).

Since the data were highly imbalanced (4,690 LSS+ patients and 137 LSS- patients), we also
computed the balanced accuracy, a more suitable metric for imbalanced data. The random forest also
showed a high balanced accuracy of 0.91, while the XGBOOST model achieved the highest value of
0.92. Our random forest was chosen as the optimal trade-off between a high AUROC and balanced
accuracy for predicting LSS from self-reported history data, demonstrating excellent predictive

performance metrics.

Importance of predictors

Next, we conducted an assessment to identify the key predictors of LSS. For this purpose, we
computed variable importance using the random forest model to identify the most significant predictors
(Figure 2). Among the list of predictors, problems with performing daily activities, including washing or
dressing, were found to be the most significant predictors for LSS+ patients. Additionally, pain severity,
and pain or emotional distress that restricts social interactions and/or activities were significant

contributors to patients with LSS.

Discussion
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Applications of artificial intelligence (Al), including machine learning (ML) models and
intelligent automation (IA), are increasing rapidly in the medical domain and have demonstrated
remarkable success in various clinical settings and research areas. Al systems strive to improve diagnostic
processes, prognostication, and outcomes in a transparent and observer-independent manner, thereby
enhancing therapeutic decision-making. The field of spine surgery, in particular, benefits from Al
applications and IA tools, as diagnostics and therapeutic decision-making often require clinical expertise
and rely on interpretation of ramified factors such as medical history, imaging, or perioperative data'*.

In this article, we tested a series of ML models to predict symptomatic LSS based on a simple
self-reported history questionnaire of patients with low back pain and/or numbness in the back and legs,
and having problems performing daily activities. Data from 4,827 patients (4,690 LSS- and 137 LSS+)
were collected and key factors identified that revealed strong association with LSS+ patients.
Subsequently, different ML models were trained and evaluated on a balanced subset of the self-reported
predictors, including random forest, lasso logistic regression, support vector machine (SVM), gradient
boosting trees, deep neural networks (DNN), and H20 automated machine learning. Of these, the random
forest model demonstrated the highest diagnostic accuracy with a prediction error as measured by the
AUROC of 0.96, a sensitivity of 0.94, a specificity of 0.88, a balanced accuracy of 0.91, and a Cohen’s
kappa of 0.85. The computation of variable importance revealed that problems with performing daily
activities, pain severity and emotional distress that restrict social interaction or activity rate as were the
most significant contributors to patients with LSS+. As such, self-reported questionnaires may be feasible
to predict symptomatic LSS patients in an IA-based manner, ultimately enhancing human therapeutic
decision-making.

Previous studies have utilized Al applications in spine surgery, with a focus on radiological
features extracted from MRI data and employing various ML models to detect and diagnose LSS>15,
While radiological characterization of morphological stenosis grade contributes to the diagnosis of LSS, it
may not always correlate with pain intensity and functional disability experienced by affected

patients'®!7. Consequently, incorporating Al-guided diagnosis of LSS based on other aspects or in
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combination with radiological features may be a more comprehensive approach to reflect the clinical
syndrome of LSS. However, such approaches have been investigated in only a limited number of studies.
Ren et al. investigated natural language processing-based ML models based on positive symptoms
extracted from electronic health records'®. Contrasting our study, different models were tested to
discriminate patients with LSS from patients with lumbar disc herniation, and found that a Long Short-
Term Memory DNN achieved the highest capacity with an AUROC of 0.85 for this task. Another
approach used ML algorithms on data of patients that performed five-repetition sit-to-stand tests'®. The
algorithm, a fuzzy rule-based system, achieved a classification accuracy of 96.2% for patients with disc
herniation, LSS, and chronic lower back pain. Five-repetition sit-to-stand tests are designed to assess
functional impairment, which has been identified as the most significant contributor variable to LSS+
patients in our dataset, followed by pain and emotional distress that restrict social interaction or activity
rate.

Accordingly, these predictors have been determined as critical factors for treatment and decision-
making in LSS+ patients by previous studies. The presence of disability, along with pain and radiological
stenosis grade, has been associated with the likelihood of requiring surgical therapy?. Similarly,
functional disability and pain severity have been correlated with impairment of health-related quality of
life in patients with LSS or lumbar disc herniation?!. Pain severity has been as identified as the fourth
most important contributor to LSS patients in our dataset, suggesting that actual restriction of daily
activities may be more significant for the diagnosis of LSS patients. However, it should be considered
that pain and functional impairment are closely related, and the inability to perform daily activities likely
is a secondary effect of pain. Another significant predictive variable for the diagnosis of LSS was the
patient’s mental status, evaluated through our questionnaire based on the patient’s subjective grading of
their mental health, encompassing a broader field of psychological factors including depression or
anxiety. Prior studies have indicated that these factors, particularly preoperative depression, are associated
with increased severity of postoperative LSS-related symptoms and poorer long-term outcomes following

22,23

decompression~>. Therefore, although it can be challenging to assess in clinical practice, considering the
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patient’s overall mental health could significantly contribute to a more comprehensive management
approach and improve the patient’s prognosis.

Our study contains several limitations. First, the dataset was comprised 4690 LSS- patients and
only 137 LSS+ patients, which required down-sampling to obtain a more balanced sample size. Second,
the ground truth of LSS+ diagnosis in this cohort was based on clinical history of each patient and reports
from MRI examinations and did not include independent classification by other experts. Third, our ML
models solely focused on diagnosis of LSS on basis of self-reported symptoms in questionnaires.
Symptoms of LSS may partially overlap those of other concomitant degenerative spinal disorders (e.g.
degenerative disc disease, spondylolisthesis) in these patients and differentiation of these entities was not
addressed by our models. Additionally, other factors relevant for management of LSS were not
investigated, including surgical decision-making or impairment of patients’ quality of life. Fourth, our
algorithms were not validated in an external patient cohort within this study, potentially limiting their
generalizability. Finally, our proposed approach is simplified and did not integrate other features, such as

radiological stenosis grade, that may have further increased diagnostic accuracy in detecting LSS patients.

Conclusions

In summary, our results demonstrate that Al can be applied to diagnose symptomatic LSS in
patients based on simplified, self-reported history questionnaires with high accuracy even in the absence
of any imaging input into the model. Functional impairment and pain/emotional distress that restrict
social interaction or activity rate are key contributors to patients with LSS. Implementation of
standardized and automated Al-guided workflow may act as an intelligent automation tool to identify
patients with LSS using simple self-reported history questionnaires and may more efficiently and cost-
effectively help determine which patients required advanced imaging studies such as MRI and

consideration for surgery.
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Figure Legends

Figure 1: Prediction performance of lumbar spinal stenosis (LSS) based on self-reported history
questionnaires for several machine learning models. Receiver operating characteristic curve (ROC) of the
random forest (A), lasso logistic regression (B), support vector machine (SVM, C), XGBOOST (D), deep

neural network (DNN, E), and automated machine learning (H20 autoML, F).

Figure 2: Top key variables to predict lumbar spinal stenosis probability. Variable importance was

calculated using random forests with permutations.

13
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Tables

Table 1: Self-reported questionnaire with 26 questions to assess manifestation of symptomatic LSS.

Question Value
1. Lumbar spinal stenosis Yes/No
2. General health (0 — Worst; 100 — Best general health imaginable) 0-100
3. Mental health (0 — Worst; 100 — Best mental health imaginable) 0-100
4. Congenital diseases or conditions Yes/No
5. Spinal cord or cauda equina injury Yes/No
6. Pain severity (0 — Zero pain; 100 — Extreme pain) 0-100
7. Pain type

Extreme cold Yes/No

Extreme hot or burning sensation Yes/No

Itching Yes/No

Mechanical Yes/No

Sharp stabbing Yes/No

Throbbing and/or pulsating Yes/No
8. Bending forward increases pain severity Yes/No
9. Standing up increases pain severity Yes/No
10. Walking increases pain severity Yes/No
11. Pain increases while sleeping Yes/No
12. Pain prevents lifting weights (0 — Zero pain; 100 — Extreme pain) 0-100
13. Pain prevents sitting (0 — Zero pain; 100 — Extreme pain) 0-100
14. Pain prevents sleeping (0 — Zero pain; 100 — Extreme pain) 0-100
15. Pain prevents standing (0 — Zero pain; 100 — Extreme pain) 0-100
16. Pain prevents walking (0 — Zero pain; 100 — Extreme pain) 0-100
17. Daily activities limited by physical pain Yes/No
18. Pain when lifting right leg:

- I};IO  bai | Yes/No

- P:i(;l rzglizt?;gydown the leg Yes/No

Yes/No

19. Pain when lifting left leg:

- No Yes/No

- Backpain only Yes/No

- Pain radiating down the leg

Yes/No

20. Motor skills reduced or damaged Yes/No
21. Moving devices Yes/No
22. Problems performing daily activities (0 — Zero problems; 100 — Extreme problems) 0-100
23. Problems washing and dressing yourself (0 — Zero problems; 100 — Extreme problems) 0-100
24. Problems with strenuous physical activities (0 — Zero problems; 100 — Extreme problems) 0-100
25. Energy level (0 — No energy at all; 100 — Highest energy level imaginable) 0-100

26. Pain or emotional distress (0 — Zero; 100 — Extreme pain/emotional distress) 0-100




Table 2: Univariate analyses of predictors associated with the diagnosis of LSS.

Variable LSS- LSS+ OR Mean difference  95%CI p-value
(n=4644) (n=137)

General health 57.6 39.51 -18 [-20.71;-15.45]  <0.0001
Mental health 66.83 49.67 -17 [-19.98;-14.34]  <0.0001
Congenital diseases/conditions 11.68% 36.50% 4.34 [2.97; 6.30] <0.0001
Spinal cord or cauda equina injury 14.71% 50.36% 5.88 [4.10; 8.43] <0.0001
Pain severity 46.09 71.46 25.37 [22.64;28.11]  <0.0001
Pain type

- Extreme cold 023%  0.73% 3.08 [0.07;2151]  0.2959

- Extreme hot or burning sensation 7.06% 15.33% 237 [1.39; 3.87] 0.0012

- Itching 0.58% 0.73% 1.25 [0.03; 7.72] 0.5596

- Mechanical 18.42%  14.60% 0.74 [0.43; 1.21] 0.2604

- Sharp stabbing 18.72%  27.74% 1.66 [1.09; 2.47] 0.0141

- Throbbing and/or pulsating 6.20% 5.11% 0.8 [0.31; 1.72] 0.7198
Bending forward increases pain severity 18.61% 32.12% 2.07 [1.40; 3.02] <0.0001
Standing up increases pain severity 10.13% 27.74% 3.4 [2.25; 5.06] <0.0001
Walking increases pain severity 14.05% 48.18% 5.68 [3.96; 8.15] <0.0001
Pain increases while sleeping 22.37% 48.18% 3.34 [2.30; 4.84] <0.0001
Pain prevents lifting weights 42.36 75.41 33.05 [30.08; 36.03] <0.0001
Pain prevents sitting 32.53 57.15 24.62 [20.76; 28.48] <0.0001
Pain prevents sleeping 26.68 51.69 25.01 [20.22;29.81] <0.0001
Pain prevents standing 33.92 69.62 35.7 [31.41;39.99] <0.0001
Pain prevents walking 35.00 69.64 34.64 [30.39; 38.89] <0.0001
Daily activities limited by physical pain 82.20% 98.54% 14.62 [3.95; 122.34] <0.0001
Pain when lifting right leg:

- No 69.46% 45.26% 0.36 [0.25; 0.52] <0.0001

- Back pain only 10.21% 18.25% 1.96 [1.20; 3.08] 0.0044

- Pain radiating down the leg 4.71% 15.33% 3.66 [2.14;5.99] <0.0001
Pain when lifting left leg:

-No 68.14% 43.07% 0.35 [0.25; 0.50] <0.0001

- Back pain only 10.77%  19.71%  2.03 [1.27; 3.16] 0.0021

- Pain radiating down the leg 4.78% 15.33% 361 [2.11:5.91] <0.0001
Motor skills reduced or damaged 57.38% 93.43% 10.56 [5.37; 23.68] <0.0001
Moving devices 5.48% 34.31% 9 [6.04; 13.26] <0.0001
Problems performing daily activities 25.94 59.12 33.18 [30.20; 36.17] <0.0001
Problems washing and dressing yourself 20.77 42.54 21.77 [19.23; 24.32] <0.0001
Problems with strenuous physical activities 3448 61.54 27.06 [23.13; 30.00] <0.0001
Energy level 61.49 35.56 25.93 [-29.06; -22.81]  <0.0001
Pain or emotional distress 24.12 59.80 35.68 [31.67; 39.68] <0.0001

95%CI = 95% confidence interval; LSS = Lumbar spinal stenosis; OR = Odds ratio.



Table 3: Table of predictive performance metrics for the different models.

Balanced

Model Sensitivity ~ Specificity Kappa AUROC Accuracy Fl1 Accuracy AUPRC
RF 0.9394 0.8777 0.8485 0.9645 0.8798 0.9338 0.9085  0.8943
Lasso regression  (0.8788 0.8809 0.8485 0.9461 0.8808 0.9345 0.8798  0.9008
SVM 0.8485 0.8273 0.7576 0.9129 0.828 0.9028 0.8379  0.9062
XGBOOST 0.9697 0.8627 0.8788 0.9582 0.8663 0.9257 09162  0.8971
DNN 0.8788 0.838 0.7576 0.9268 0.8394 0.9097 0.8584  0.9035
H20 autoML 0.9394 0.8691 0.8485 0.9556 0.8715 0.9289 0.9042  0.896

AUPR = Area under precision-recall curve; AUROC = Area under the receiver operating characteristic; DNN =
Deep neural network; RF = Random forest; SVM = Support vector machine.





