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NorSpine studies; (non)-successful outcomes after surgery
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Success/non-success in NorSpine 2007-2022 (n~60.000)

Success 

disc herniation;

• ≥ 22 points (ODI)

• ≥ 2 points (NRS back)

• ≥ 4 points (NRS leg)

Success 

spinal stenosis;

• ≥ 14 points

• ≥ 2 points

• ≥ 3 points

Predictive modeling (MICPredictive)

• Adjusted for the proportion of 

improved patients (MICAdjusted)

(Terluin et al. 2013, 2017)



Response to treatment after degenerative lumbar spine surgery
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AID-Spine – using data from NorSpine 2007-2022 (n~60.000)

Success disc herniation 12 mo;

• ≥ 22 points (ODI)

• ≥ 2 points (NRS back)

• ≥ 4 points (NRS leg)

Success
55%

Non-success
45%

ODI

Success
64%

Non-success
36%

NRS back
Success spinal stenosis 12 mo;

• ≥ 14 points (ODI)

• ≥ 2 points (NRS back)

• ≥ 3 points (NRS leg)



AID-Spine – Background and objectives

• So, are we satisfied with the 27-45% non-success rate?

• How to improve the success rates?
• To become better in selection of patients referred to (elective) 

surgery?

• Can Machine Learning (ML) methods provide precise 
prediction models for successful/non-successful outcomes 
after surgery?

Development

population

Internal

validation

Temporal

validation



To develop and validate prediction models for disability and pain 12 months 
after lumbar disc herniation surgery (and spinal stenosis surgery):
Examples from prediction models for disability (ODI) after lumbar disc herniation surgery

-Sp neAID-Spine treatment success

Objective



<

NORspine 2007-2021

Included:

Primary procedure for

✓ Herniated disc

✓ Microdiscectomy

✓ Open discectomy

➕New case >90 days



Response to treatment after degenerative lumbar spine surgery
-Sp neAID-Spine treatment success

Machine learning approach

Cleaning
Feature 

engineering

Data Manipulation
Preoperative predictors (n=25)

• Patient demographics

• Clinical characteristics

• Comorbidity

• Analgesics use

• Type of surgery

(No variable selection techniques)

Routinely available preoperative predictors



Response to treatment after degenerative lumbar spine surgery
-Sp neAID-Spine treatment success

Machine learning approach

Cleaning
Feature 

engineering

Data Manipulation
Multiple imputation
(50 imputed datasets)

Model 

performance

Hyperparameter 

tuning

• Gradient Boosting

• Extra Trees

• XGBoost

• Random Forest

• Logistic Regression

• LDA

• MLP

Model Building

Internal-external

cross-validation

Model Testing

Scaling (min-max)

One-hot encoding

Combine 

estimates across

k imputations 

SHAP values
(explainability)



Response to treatment after degenerative lumbar spine surgery
-Sp neAID-Spine treatment success disc herniation

Results – performance ODI (AUC) for lumbar disc herniation

Performance AUC Calibration

(over/underestimation)



Response to treatment after degenerative lumbar spine surgery
-Sp neAID-Spine treatment success

Calibration plots for ODI (over/underestimations of the model)



Response to treatment after degenerative lumbar spine surgery
-Sp neAID-Spine treatment success

Predictive features ranked according to importance – ODI

SuccessNon-success

Feature value

- Low to high

The SHAP value is on the x-axis, indicate 

whether it pulls the prediction towards 

treatment success or non-success.



-Sp neAID-Spine external validation in SweSpine (2016-2023)
Performance of ODI with cross-validation of regional clusters in Sweden (Allan Abbott)

Performance AUC Calibration

(over/underestimation)

AUC of 0.81 but with larger differences between the health regions in Sweden, 

also less stable calibration plot



NorSpine analyses – preliminary conclusions

• Can Machine Learning (ML) methods provide precise prediction models for 

successful/non-successful outcomes after surgery?

• Promising for disc herniation surgery (both internal and external validations) using ODI 

as outcome

• Lower accuracy for NRS back and leg pain 

• Lower accuracy for spinal stenosis surgery for all three outcomes

• Further external validations in DanSpine

• Further discussions and work in AID-Spine

• Access to other exposure variables/features 

• Other outcomes than PROMs (e.g. unfavourable outcomes, sickness absence, prescribed 

medication)

• Complexity vs feasibility of ML models

Development

population

Internal

validation

Temporal

validation



AID-Spine: Health and welfare outcomes (data source)

Unfavorable outcomes (health registers NPR, KUHR)

Receiving sick leave and/or disability benefits (SSB/NAV)

High use of prescribed medication (health registry NorPD)

Treatment success or non-success (PROMs, NORspine and NNRR)
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