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OPEN A stacking ensemble machine
learning model for predicting
postoperative axial pain intensity
in patients with degenerative
cervical myelopathy

Xu Chu'*, Jiajun Song?*, Jiandong Wang? & Hui Kang**

Machine learning (ML) has been extensively utilized to predict complications associated with various
diseases. This study aimed to develop ML-based classifiers employing a stacking ensemble strategy

to forecast the intensity of postoperative axial pain (PAP) in patients diagnosed with degenerative
cervical myelopathy (DCM). A total of 711 consecutive postoperative DCM patients were included
between 2016 and 2024, and after excluding patients who did not meet the inclusion criteria and
those who met the exclusion criteria, a total of 484 patients were ultimately included in this study.
The intensity of PAP was assessed using a standardized Numerical Rating Scale (NRS) score one year
following surgery. Participants were randomly allocated into training and testing sub-datasets in a
ratio of 8:2. 91 initial ML classifiers were developed, from which the top three highest-performing
classifiers were subsequently integrated into an ensemble model utilizing 13 different machine
learning models. The area under the curve (AUC) served as the primary metric for evaluating the
predictive performance of all classifiers. The classifiers EmbeddingLR-RF (AUC=0.81), EmbeddingRF-
MLP (AUC=0.81), and RFE-SVM (AUC=0.80) were recognized as the leading three models. By
implementing an ensemble learning approach such as stacking, an enhancement in performance for
the ML classifier was observed after amalgamating these three models, with SVM ensemble classifier
performed the best (AUC=0.91). Decision curve analysis underscored the advantages conferred by
these ensemble classifiers; notably, prediction curves for PAP intensity among DCM patients exhibited
significant variability across the top three initial classifiers. The ensemble classifiers effectively
predicted PAP intensity in DCM patients, showcasing substantial potential to aid clinicians in managing
DCM cases while optimizing medical resource utilization.

Keywords Degenerative cervical myelopathy, Postoperative axial pain, Machine learning, Stacking,
Ensemble learning

Abbreviations

ML Machine learning

PAP Postoperative axial pain

DCM Degenerative cervical myelopathy
NRS Numerical rating scale

SVM Support vector machine

AUC Area under the curve

ROM Range of motion

SVA Sagittal vertical axis

HADS Hospital Anxiety and Depression Scale

HADS-A Hospital Anxiety and Depression Scale-Anxiety
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HADS-D Hospital Anxiety and Depression Scale-Depression

SE-36 Short Form-36 survey

JOA Japanese Orthopedic Association

JOARR Japanese Orthopedic Association recovery rate
nPAP Non-postoperative axial pain

RFE Recursive feature elimination

MIC Maximal information coefficient

mRMR Minimal-redundancy-maximal-relevance
LR Logistic regression

RF Random forest

LSVC Linear support vector classifier

LDA Linear discriminant analysis

AdaBoost  Adaptive boosting

DNN Deep neural network

MLP Multilayer perceptron

NB Naive Bayes

KNN K-Nearest Neighbor

DT Decision tree

MICE Multiple imputation by chained equations

Degenerative cervical myelopathy (DCM) is a prevalent condition in clinical practice, characterized by the
acquired narrowing of the spinal canal, which leads to non-traumatic spinal cord injury'. The primary treatment
for DCM involves spinal canal decompression surgery?. While there remains ongoing debate regarding the
optimal surgical approach, posterior laminoplasty and laminectomy continue to be the principal methods
employed for effective spinal cord decompression®. However, despite the success of these procedures in
alleviating cord compression, a substantial number of patients experience postoperative axial pain (PAP), a
complication that often results in significant discomfort and hinders recovery*. Research has indicated that PAP
may be influenced by factors such as anatomical abnormalities, neurological function, and preoperative pain
intensity’-®. Despite this understanding, there exists a notable deficiency in effective predictive models capable
of identifying patients at elevated risk for developing PAP post-surgery. Given the impact of PAP on patient
outcomes, it is imperative to further explore the association between these factors and PAP intensity. Such
investigations could facilitate more personalized surgical approaches and postoperative care strategies aimed at
mitigating the incidence of PAP.

In this context, machine learning (ML) algorithms have emerged as powerful tools for analyzing large and
complex datasets, rendering them particularly well-suited for developing predictive models within clinical
settings. The capacity of ML to manage extensive data volumes while uncovering nonlinear relationships between
predictors and outcomes has garnered considerable attention®. As ML techniques have advanced over time,
researchers have increasingly applied them to predict various types of pain—including PAP—with promising
results!%12, Unlike traditional statistical models that may struggle with intricate high-dimensional data sets, ML
models possess an inherent ability to identify subtle patterns that can significantly enhance predictive accuracy'.
This capability is especially valuable in guiding clinicians toward tailored perioperative management strategies
based on individualized risk predictions.

Although numerous ML-based prediction models have been developed across different types of pain
conditions, most studies primarily focus on comparing individual model predictive accuracies with an aim to
identify a single best-performing model'>!*. However, recent advancements in ML have introduced ensemble
learning—a more sophisticated methodology that amalgamates predictions from multiple models into a
cohesive system designed to yield stronger and more reliable predictions'. Ensemble learning presents several
key advantages: improved accuracy; reduced risk of overfitting; greater robustness; and enhanced stability'®.
By integrating diverse model strengths through ensemble learning techniques holds promise for surpassing
individual model performance while providing more accurate predictions applicable within clinical contexts.

Consequently, this study’s objective was to develop an ensemble learning-based predictive model capable of
analyzing clinical data to elucidate key relationships while predicting PAP intensity among DCM patients. This
approach seeks not only to enhance prediction accuracy but also provide critical insights aimed at optimizing
perioperative management practices ultimately improving patient outcomes.

Materials and methods

Patient cohort

The data for this study was retrospectively gathered from the Orthopedic Department of Honghui Hospital from
2016 to 2024, encompassing a total of 711 consecutive patients who underwent posterior cervical decompression
for symptomatic degenerative cervical myelopathy (DCM). This study was approved by the institutional ethics
board of Honghui Hospital and conducted in compliance with recognized ethical standards. All methods were
performed in accordance with the relevant guidelines and regulations. All patients provided written informed
consent prior to each procedure. The inclusion criteria were as follows: (1) evidence of myelopathy along the
cervical spine (C3-C7) on cervical MRI; (2) associated symptoms and signs of myelopathy, including sensory
and motor deficits, bladder/bowel dysfunction, and gait disturbances; (3) willingness to undergo posterior
decompression surgery (e.g., laminoplasty); and (4) age of 18 years or older. Exclusion criteria included: (1)
history of previous cervical surgery; (2) stenosis of the extracranial vertebral or carotid arteries as determined by
Doppler ultrasound; (3) any indications of other neurological, psychiatric, ophthalmic, or systemic conditions
such as hypertension or diabetes; (4) a history of alcohol or substance abuse; (5) lost to follow up.
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Baseline data

Machine learning models were trained utilizing a variety of potential preoperative predictors, including patient
demographics, baseline axial neck pain intensity, functional status, mental health assessment, and other pertinent
radiological and surgery-related factors.

The radiographic parameters measured on preoperative neutral standing lateral X-rays included the
following: (1) the anteroposterior diameter of the spinal canal at C5 as determined from plain preoperative lateral
radiographs’; (2) the C2-C7 lordosis angle, defined as the angle between the lower endplate of C2 and the upper
endplate of C7'; (3) range of motion (ROM) for C2-C7 assessed through flexion-extension lateral radiographs
using the C2-C7 lordosis angle'?; (4) sagittal vertical axis (SVA) for C2-C7, representing the distance between
the plumb line at C2 and the posterior superior endplate of C7, with positive sagittal alignment characterized by
anterior deviation'!; (5) T1 slope measured as the angle formed between a horizontal line and the upper endplate
of T1'%; and (6) definitions for anterolisthesis and retrolisthesis as anterior or posterior vertebral body slippage
exceeding 2 mm in a neutral position'?.

Preoperative neck pain intensity was evaluated using a standardized Numerical Rating Scale (NRS), which
ranges from 0 (no pain) to 10 (worst imaginable pain). Patients were instructed to rate their average axial neck
pain intensity experienced over the preceding month. At one-year follow-up conducted via telephone interview,
patients utilized the same NRS scale to reassess their average neck pain intensity over that period!”. All patients
underwent evaluation for anxiety and depression within one week prior to surgery using a Chinese version
of Hospital Anxiety and Depression Scale (HADS), comprising 14 items—seven assessing anxiety symptoms
(HADS-A) and seven evaluating depressive symptoms (HADS-D)—with scores ranging from 0 to 3'8. Generic
health-related quality of life was measured using Short Form-36 survey v2.0 (SF-36). Neurological function was
assessed both preoperatively and one year postoperatively by a senior spine surgeon employing JOA scoring
system, with recovery rates calculated according to Hirabayashi’s formula!®:

postoperative JOA score — preoperative JOA score

JOA recovery rate (JOARR) = (17 — preoperative JOA score)

Surgical techniques

Under general anesthesia, patients were positioned prone, and a standard posterior midline exposure was
performed for all procedures. In the laminoplasty group, the supraspinous ligaments were preserved, and the
open side was determined based on symptomatic or severely compressed areas, or at the surgeon’s discretion
when unclear. Using a high-speed burr, a full-thickness trough was drilled at the junction of the lateral mass
and lamina on the open side, and a partial-thickness trough was created on the hinge side. The lamina was then
elevated toward the hinge side and stabilized with miniplates and screws. For the laminectomy and laminectomy
with fusion groups, complete removal of the lamina and ligamentum flavum was performed at the target levels.
In the fusion group, lateral mass screws and rods were placed, and autologous bone from the laminectomy was
grafted onto the lateral mass.

Predicted outcomes

The primary outcome of this study was the incidence of moderate-to-severe axial neck pain at the one-year follow-
up, operationally defined as a Numerical Rating Scale (NRS) score of 4 or higher!?. Patients were subsequently
categorized into two groups: the postoperative axial pain (PAP) group, which included individuals experiencing
moderate-to-severe pain (NRS>4), and the non-postoperative axial pain (nPAP) group, comprising those
reporting mild or no pain (NRS<4)'%

Model development

The analysis workflow is illustrated in Fig. 1. After excluding patients who did not meet the inclusion criteria (36
patients) and those who met the exclusion criteria (191 patients, of which 105 were lost to follow-up), a total of 484
patients were ultimately included in this study. To identify the most relevant features, we employed seven widely
recognized feature-selection techniques: recursive feature elimination (RFE), maximal information coefficient
(MIC), minimal-redundancy-maximal-relevance (mnRMR), embedding logistic regression (embedding LR),
embedding random forest (RF), embedding tree, and embedding linear support vector classifier (embedding
LSVC). Subsequently, thirteen machine learning (ML) algorithms were applied, including linear discriminant
analysis (LDA), random forest (RF), gradient boosting, adaptive boosting (AdaBoost), deep neural network
(DNN), multilayer perceptron (MLP), bagging, support vector machine (SVM), Gaussian naive Bayes (NB),
extra trees, K-Nearest Neighbor (KNN), logistic regression (LR), and decision tree (DT)!>%. Given that many
of these algorithms do not natively provide probability estimates, Platt scaling was utilized to transform raw
model outputs into probabilities for enhanced interpretability. All input features were standardized using
z-score normalization to ensure consistency across variables. Categorical variables were encoded with one-hot
encoding. The dataset was then split into training and testing sets using stratified sampling to maintain the
outcome distribution in both sets.

From the combination of these seven feature-selection methods and thirteen ML algorithms, a total of 91
classifiers were generated. The dataset was partitioned into training, and testing sets in a ratio of 8:2. A single
iteration of 10-fold cross-validation was performed, followed by independent testing on a reserved test set. The
cross-validation procedure involved several steps: (1) Data Partitioning: The training dataset was partitioned
into ten subsets of roughly equal size; (2) Training and Validation Cycles: For each iteration, nine subsets were
used for training while one subset served as the validation set—ensuring that each subset functioned as the
validation set exactly once; (3) Performance Aggregation: Classifier performance was averaged over all ten
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Fig. 1. Flowchart of the analysis pipeline for this study.

folds to mitigate bias from any single data split; (4) Independent Testing: After cross-validation completion,
final model evaluation occurred on a distinct test set excluded from both training and validation stages. This
comprehensive approach involving repeated 10-fold cross-validation provided an extensive assessment of
classifier performance. Additionally, model hyperparameters were optimized during cross-validation through
grid search methodology with parameter ranges detailed in Supplementary Table 1.

The models’ ability to distinguish between patients with and without the target condition was evaluated
using various evaluation parameters, including area under the curve (AUC), accuracy, sensitivity, specificity, and
Brier Score. Among these metrics, AUC was selected as the primary measure for evaluating the models. Based
on the AUC scores obtained during cross-validation, we identified the top three classifiers, which were then
combined into an ensemble model. The ensemble model employed a stacked approach, where a meta-classifier
synthesized predictions from the top three base classifiers to evaluate performance. Initially, each base classifier
generated individual predictions on both the validation and testing datasets. Subsequently, these validation
predictions were combined to create a new dataset, which was then used to train the meta-classifier with 13
different machine learning models. The meta-classifier was developed to enhance predictions by integrating the
outputs of the three highest-performing classifiers. Finally, we assessed the performance of the stacked models
on the testing set, providing a robust measure of its predictive power.

Results

Table 1 provides a summary of the clinical characteristics of the patients included in this study. The average
age was 63.2 years, with 35.1% being female. The mean axial pain intensity score decreased from 4.74+2.1
preoperatively to 3.65 + 1.8 postoperatively and further reduced to 2.36 £ 1.2 at the 1-year follow-up. At the 1-year
follow-up, 169 patients (34.9%) reported moderate to severe axial neck pain, while 315 (65.1%) experienced
mild or no pain. The mean baseline HADS-D score was 8.3+1.9. A total of 26 potential features were selected
and analyzed in developing the predictive machine learning models.

Performance results of all classifiers in predicting PAP in DCM patients are shown in Fig. 2A-B, and the
sensitivity, specificity, and AUC for the top three individual classifiers in cross-validation and independent
testing are provided in Table 2. The classifiers EmbeddingLR-RF, EmbeddingRF-MLP, and RFE-SVM were
recognized as the leading three models, each attaining the highest AUC values. In the testing dataset, AUCs for
these models were 0.81 for both EmbeddingLR-RF and EmbeddingRF-MLP, and 0.80 for RFE-SVM (Fig. 2C).
Independent testing demonstrated that the SVM ensemble classifier performed the best in predicting PAP in
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Variable Mean + standard deviation or frequency (proportion) | Range (minimum-maximum)

Patient characteristics

Age (year) 63.2+11.5 36-84
Sex (Female) 170 (35.1) N/A
BMI 22.5+3.4 16.6-31.8
Current smoking 271 (56) N/A
Duration of symptom (mo) 18.2+12.5 0-60
Baseline symptoms
Axial pain intensity 4.74+2.1 0-9
Pre-JOA score 8.5+1.8 5-13
HADS-D 83+1.9 3-14
HADS-A 6.8+2.2 4-12
SE-36 PCS 23.6+£12.2 15.5-44.3
SE-36 MCS 51.0+£10.9 28.5-62.1
Baseline radiological assessment
A-P canal diameter (mm) 123+1.9 6.8-14.6
C2-C7 Cobb angle (°) 13.5+8.9 8.6-33.5
C2-C7 ROM (°) 34.0+12.8 18.6-54.0
C2-C7 SVA (mm) 20.6+11.1 —53-45.2
T1 slope (°) 28.5+15.3 15.8-42.5
Anterolisthesis 33(6.8) N/A
Retrolisthesis 21(4.3) N/A
Surgical-related factors
Operation time (min) 164.5+25.6 142-218
Blood loss (ml) 284+35 215-420
No. of laminoplasty levels 2.8+13 1-5
Laminoplasty 176 (36.4) N/A
Laminectomy 233 (48.1) N/A
Laminectomy + fusion 75 (15.5) N/A
Postoperative parameters
Post-JOA score 12.7+2.5 9-16
Axial pain intensity 3.65+1.8 0-7

1-year follow up

Axial pain intensity 2.36+1.2 0-6

Table 1. Clinical features and outcomes of the cohort of 484 DCM patients. Continuous variables are
presented as Mean + Standard Deviation, while categorical variables are expressed as frequency and percentage
(%). DCM Degenerative cervical myelopathy, BMI Body Mass Index, Pre Preoperative, Post Postoperative,
HADS-D depression subscale of hospital anxiety and depression scale, HADS-A anxiety subscale of hospital
anxiety and depression scale, A-P anterior-posterior, ROM range of motion, SVA sagittal vertical axis, JOA
Japanese Orthopedic Association.

DCM patients, outperforming the initial classifiers, with a superior AUC of 0.91 (Fig. 3A; Table 3), while the
initial classifiers had AUCs of 0.80, 0.86, and 0.79, respectively (Table 4).

Decision curve analysis emphasized the advantages of the ensemble classifier, revealing notable distinctions
compared to the curves of the top three classifiers in predicting PAP in DCM patients (Fig. 3B). Feature importance
was evaluated using permutation importance, which identified the top ten predictors for the ensemble model.
The five most influential features were “preoperative axial pain intensity;” “JOARR;” “preoperative C2-7 Cobb
angle,” “HADS-D;” and “age” (Fig. 3C).

Discussion
This study identified three key findings: (1) Classifier performance was significantly improved by applying
an ensemble learning approach that integrated three commonly used ML models—EmbeddingLR-RE
EmbeddingRF-MLP, and RFE-SVM; (2) The implementation of an ensemble learning approach, such as
stacking, led to an improvement in the performance of the machine learning classifier, with the SVM ensemble
classifier achieving the best results; (3) Finally, preoperative axial pain intensity, JOARR, preoperative C2-7 Cobb
angle, HADS-D, and age were identified as the five most important clinical predictors of postoperative axial pain
following posterior cervical decompression surgery in DCM patients.

Determining the optimal NRS cut-off between mild and moderate pain is essential for identifying patients
who require pain management (moderate-to-severe pain) versus those who do not (mild pain)?!. However, the
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Fig. 2. Prediction performance of postoperative axial pain in patients with degenerative cervical myelopathy.
(A) AUC values of all initial classifiers during cross-validation; (B) AUC values of all initial classifiers during
independent testing; (C) ROC curves of the top 3 classifiers with the highest predictive performance.

Model ‘ AUC ‘ Accuracy (%) ‘ Sensitivity (%) ‘ Specificity (%) ‘ Brier score
Cross-validation

EmbeddingLR-RF 0.82 | 79.59 0.82 0.77 0.18
EmbeddingRF-MLP | 0.83 | 82.69 0.83 0.83 0.18
RFE-SVM 0.82 | 78.42 0.77 0.8 0.18
Independent testing

EmbeddingLR-RF 0.81 | 79.97 0.77 0.83 0.18
EmbeddingRF-MLP | 0.81 | 80.49 0.80 0.81 0.18
RFE-SVM 0.80 | 76.10 0.78 0.74 0.19

Table 2. Comparison of the AUCs, accuracies, sensitivities, specificities and BrierScores of the top three
individual classifiers in both cross-validation and independent testing. EmbeddingLR embedding logistic
regressor, RF random forest, EmbeddingRF embedding random forest, MLP multilayer perceptron, RFE
recursive feature elimination, SVM supported vector machine.

exact threshold remains debated. Current literature suggests varying cut-off points for moderate-to-severe pain,
with NRS thresholds ranging from 3 to 6, depending on diagnostic criteria and analytical methods?!. Recent
studies show a tendency to set the threshold at 4 for identifying postoperative patients needing pain treatment?2.
Accordingly, this study defines postoperative axial pain as an NRS score of 4 or higher.

In this study, we converted a continuous variable (e.g., postoperative axial pain) into a binary one in the
machine learning classifiers for three primary reasons®. First, with a limited sample size, binary variables
simplify model construction by reducing data complexity. Second, this transformation minimizes the impact
of outliers, enhancing predictive reliability. Finally, binary variables are less prone to noise and measurement
errors, thereby improving the model’s robustness and stability—qualities critical for clinical applications.

Early identification of patients with PAP enables clinicians to develop new perioperative management
strategies and early interventions to reduce postoperative pain incidence. Over recent decades, efforts have
focused on creating clinical prediction models to forecast PAP severity in DCM patients undergoing posterior
cervical decompression surgery?*~?6. An accurate prediction model would help spine surgeons identify
individuals at higher risk of severe pain postoperatively, facilitating the creation of personalized treatment plans
based on each patient’s risk profile. However, current predictive models for PAP following this procedure remain
limited. Prior studies have offered some insights. Kimura et al. used logistic regression to identify predictors

Scientific Reports |

(2025) 15:9954

| https://doi.org/10.1038/s41598-025-94755-y nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A

1r ROC Curves 0.5 Decision Curve Analysis
5k
\
09F 0455 2N ——EmbeddingLR-RF ——RFE-SVM -- Al
: s \.\ EmbeddingRF-MLP Ensemble Classifier - None
081 0.4f %N
E Y \\1; ~
g 07 0.35 RN
= N
Lot = 03f % \\ -
‘S \ —C
114 2 . \
gos 80251 . \
= -
Goaf S o2 \
o i W\
Sosf 0.45F .
- N N
01f v
0.2 . :
0.05F N
0.1 I— Ensemble Classifier Refrence LineI k!
0 ; . : i i 0 : . o R
0 0.2 0.4 0.6 0.8 1 0 0.2 04 0.6 0.8 1

Pre-Cervical C2-7 Cobb angle

Duration of symptom -+

Pre-Axial pain intensity 4

False Positive Rate (FPR) Threshold Probability

Operation time -
SF-36 MCSH
Laminectomy -+
Anterolisthesis

Age-
HADS-D A

JOARR-

0.02 0.04 0.06 0.08 0.10

Feature Permutation Importance

0.00

Fig. 3. Decision curve analysis and feature permutation importance. (A) ROC curve of the ensemble classifier,
(B) Decision curve analysis (DCA) for predicting postoperative axial pain in patients with degenerative
cervical myelopathy; (C) Top 10 features contributing to postoperative axial pain prediction in the ensemble
classifier. Pre preoperative, JOARR Japanese Orthopedic Association recovery rate, HADS-D Hospital Anxiety
and Depression Scale—Depression, SF-36 Short form-36 survey.

of PAP, including anterolisthesis, smoking, moderate-to-severe baseline neck pain, and lower SF-36 Mental
Component Summary scores'?. Ionse et al. found that preoperative and postoperative cervical lordosis in
extension independently predicted postoperative neck pain'!. Additionally, Cao et al. used logistic regression on
144 patients to predict PAP after cervical decompression surgery, achieving an AUC of 0.78, with a sensitivity of
0.77 and specificity of 0.65, and identified preoperative C2-C7 Cobb angle as an independent PAP risk factor?’.
This study systematically examined and compared various widely used machine learning algorithms to identify
the most effective predictive models for PAP in DCM patients. Future research should build on this work,
focusing on model refinement and optimization to enhance predictive accuracy and clinical relevance.

In this study, the three top-performing classifiers, selected based on AUC, were integrated into an ensemble
model utilizing an SVM classifier. Ensemble learning provides distinct advantages over individual machine
learning models by harnessing the collective strengths of multiple algorithms. By combining diverse models,
ensemble methods reduce the risk of overfitting and improve generalization, as different algorithms capture
unique patterns within the data. This diversity allows the ensemble to compensate for the weaknesses of any
single model, resulting in more robust predictions. Additionally, ensemble techniques enhance model stability
by aggregating multiple outputs, thereby minimizing the influence of performance variability. Another
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Model AUC | Accuracy (%) | Sensitivity (%) | Specificity (%) | Brier score
Stacking-LDA 0.82 | 79.65 0.80 0.80 0.18
Stacking-RF 0.86 |81.40 0.84 0.79 0.17
Stacking-GradiantBoost | 0.83 | 83.37 0.82 0.85 0.17
Stacking-AdaBoost 0.88 | 86.98 0.89 0.85 0.16
Stacking-DNN 0.86 | 83.68 0.85 0.82 0.17
Stacking-MLP 0.89 |86.78 0.86 0.87 0.16
Stacking-Bagging 0.87 | 84.50 0.85 0.84 0.16
Stacking-SVM 091 |88.76 0.92 0.85 0.15
Stacking-NB 0.81 |78.51 0.79 0.78 0.19
Stacking-Extra-Tree 0.85 |81.92 0.80 0.84 0.17
Stacking-KNN 0.87 | 84.50 0.87 0.82 0.16
Stacking-LR 0.88 |87.09 0.87 0.87 0.16
Stacking-DT 0.83 |81.30 0.79 0.84 0.18

Table 3. Model performance for stacking-learning of top 3 machine learning models in independent
testing set. LDA linear discriminant analysis, RF random forest, AdaBoost adaptive boosting, DNN deep
neural network, MLP multilayer perceptron, SVM support vector machine, NB naive Bayes, KNN K-Nearest
Neighbor, LR logistic regression, DT decision tree.

Model AUC | Accuracy (%) | Sensitivity (%) | Specificity (%) | Brier score
Cross-validation

EmbeddingLR-RF 0.78 | 75.58 0.77 0.74 0.20
EmbeddingRF-MLP 0.88 | 89.02 0.89 0.89 0.16
RFE-SVM 0.81 | 79.59 0.80 0.80 0.18
SVM Ensemble Classifier | 0.89 | 87.47 0.87 0.88 0.16
Independent testing

EmbeddingLR-RF 0.80 | 7791 0.75 0.80 0.19
EmbeddingRF-MLP 0.86 |82.43 0.84 0.80 0.17
RFE-SVM 0.79 | 78.81 0.78 0.79 0.19
SVM Ensemble Classifier | 0.91 | 88.76 0.92 0.85 0.15

Table 4. The AUCs, accuracies, sensitivities, specificities and BrierScores of each individual classifier in the
ensemble model in both cross-validation and independent testing. EmbeddingLR embedding logistic regressor,
RF random forest, EmbeddingRF embedding random forest, MLP multilayer perceptron, RFE recursive feature
elimination, SVM supported vector machine.

critical benefit is their ability to explore the solution space more comprehensively, helping prevent models
from becoming trapped in local minima or overly influenced by specific data patterns. The synergistic effect
of ensemble learning ultimately yields more accurate and reliable predictive outcomes, especially valuable in
complex clinical scenarios.

To enhance methodological rigor, this study incorporated insights from prior research and introduced
independent testing, which was absent in similar studies. Independent testing enabled objective assessment
of model performance, reduction of overfitting, and increased reliability of findings. For example, Jiang et al.
developed a predictive model for forecasting JOARR in DCM patients, achieving an AUC improvement from
0.78 to 0.81 through an ensemble learning approach. Similarly, by stacking the top three predictive models in
this study, an AUC increase from 0.81 to 0.92 was observed®’. This improvement underscores the potential of
ensemble learning to enhance classification accuracy and affirms the model’s practical applicability in clinical
settings.

To further assess the role of each feature in the final ensemble model, the relative importance of predictors
was evaluated. Machine learning-driven feature selection offers significant advantages, particularly in reducing
the subjective bias commonly associated with manual selection methods?®-*. By algorithmically determining
the significance of predictors, this approach ensures an objective and data-driven process. It is especially effective
in managing large datasets with numerous variables, facilitating the identification of the most relevant features.
This reduction in dimensionality minimizes redundancy, irrelevant information, and the risk of overfitting.
Streamlined models resulting from this process not only operate more efficiently—requiring fewer data and
computational resources—but also maintain high levels of generalizability. Moreover, isolating the most
impactful factors provides valuable scientific insights by revealing key causal relationships, which can guide
future research by emphasizing high-value variables that drive outcomes. In summary, automated and unbiased
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feature selection enhances model performance and efficiency while deepening the understanding of complex
phenomena, making it essential for advancements across various scientific fields.

Our analysis identified preoperative axial pain intensity, JOARR, preoperative cervical C2-7 Cobb angle,
HADS-D score, and age as the most predictive features, aligning with established predictors of postoperative
axial pain (PAP) in patients with degenerative cervical myelopathy (DCM)”!*?6, Notably, preoperative axial
pain emerged as the most significant risk factor for predicting postoperative pain. A study revealed that
approximately 40% of patients experienced postoperative axial pain, predominantly affecting those with a
history of preoperative pain®'. Research by Su et al. linked preoperative pain hypersensitivity to the development
of PAP in DCM patients, indicating that individuals with preoperative axial pain exhibited higher levels of pain
hypersensitivity, leading to increased postoperative pain intensity®. Additionally, our findings highlighted the
JOARR as a significant predictor of prognosis, serving as an important indicator of neurological recovery and
functional outcomes post-surgery. Yoshida et al. found that patients with poor JOARR often experience more
severe postoperative axial symptoms, suggesting that degenerative changes in the dorsal horn of the spinal cord
may contribute to chronic axial pain in those with impaired neurological function’. Toyama et al. also indicated
that certain cervical myelopathic pain types may stem from abnormalities in second-order neurons located
in the dorsal horn2. The preoperative cervical C2-7 Cobb angle (CCA) is another risk factor for predicting
PAP, consistenting with previous studies. Previous studies have demonstrated a negative correlation between
preoperative CCA and postoperative axial symptoms'%. Biomechanically, a cervical spine with reduced lordosis
or kyphotic alignment experiences increased flexural stress, contributing to postoperative axial pain®*. Chavanne
et al. found that a cervical lordosis of less than 7.5° resulted in elevated intramedullary pressure within the spinal
cord, hypothesizing a higher likelihood of developing postoperative axial pain®%. Notably, our study identified
the HADS-D score as a key predictive factor for PAP intensity, indicating that depressive states in DCM patients
are associated with postoperative pain severity. Previous research highlights a bidirectional relationship between
chronic pain and comorbid depression, with Kroenke et al. demonstrating that pain predicts depression
severity while depression predicts pain intensity®. In this context, chronic neck pain in DCM patients may
lead to psychological comorbidities such as depression, exacerbating the severity of PAP after posterior cervical
decompression surgery. The role of age as a risk factor for PAP in DCM patients remains controversial”-2%3,
Kato et al. discovered that an older age (greater than 63 years) significantly reduced the risk of postoperative
axial pain, while another study reported that patients over 70 years of age experienced significantly higher levels
of axial pain®. Our findings suggest that age is one of the most important predictive factors for PAP intensity,
as age-related spinal cord changes and comorbidities may hinder elderly patients from achieving the same level
of functional improvement as younger patients, potentially leading to PAP?. Additionally, degenerative changes
in the dorsal horn of the spinal cord may be associated with postoperative axial pain in patients with cervical
spondylosis. In conclusion, our thorough analysis not only confirmed established predictors but also identified
new determinants, including the HADS-D score, thereby improving the accuracy of PAP predictions in patients
with DCM.

It is worth noting that the choice of surgical techniques in this study may also influence the occurrence of PAP.
Simple laminectomy achieves decompression by removing the lamina but may cause biomechanical instability
by disrupting posterior muscles and ligaments, leading to atrophy, dysfunction, and persistent neck pain®’.
Laminoplasty, which preserves part of the posterior structures, reduces cervical instability but may still result in
muscle atrophy and pain due to muscle detachment or damage to facet joints and ligaments*!*3, Laminectomy
with fusion combines decompression and stabilization using internal fixation, minimizing instability-related
pain but restricting cervical motion, which can cause compensatory stress and new sources of discomfort™’.
Additionally, recent advances, such as the application of endoscopic techniques and minimally invasive tubular
approaches in DCM patients, have shown promising outcomes in reducing postoperative pain and improving
recovery. These approaches minimize tissue disruption, preserve posterior muscle and ligament integrity, and
shorten recovery times, offering potential advantages over traditional surgical methods**.

Limitations

This study has several limitations that warrant acknowledgment. First, the sample size is relatively small, and
all patients were recruited from a single center, which limits the generalizability of our findings. Future studies
utilizing larger, multicenter datasets are necessary to validate the predictive performance and robustness of our
machine learning-based ensemble model across diverse patient populations. Second, the retrospective nature of
this study may have introduced biases, particularly in the selection of predictor variables. For instance, certain
key preoperative radiographic parameters, such as global sagittal alignment, which significantly influence
patient outcomes and quality of life, were not included in our model. Given that overall sagittal balance
is a critical determinant of postoperative recovery, future research should incorporate full-spine standing
radiographs to evaluate the impact of global sagittal alignment on postoperative axial pain. Additionally, prior
studies have underscored the benefits of modified surgical techniques and paraspinal muscle preservation in
reducing postoperative axial pain. However, our retrospective study did not capture predictive data related to
these surgical techniques. Prospective studies with more comprehensive clinical and imaging data are warranted
to address these gaps in future research. Furthermore, postoperative changes in cervical alignment, alongside
preoperative alignment, should also be considered as potential predictors of postoperative pain. In clinical
practice, uncorrected cervical kyphosis and a high SVA may lead to poorer outcomes for patients*’*142, Due to
the limitations of the existing data, we did not analyze the changes in postoperative alignment. Future studies
should consider these factors. Finally, the inclusion of different surgical types (laminoplasty, laminectomy, and
fusion) introduces heterogeneity. Due to the small sample size, stratification was not feasible, though surgical
type was analyzed as a risk factor. Future studies with larger cohorts should address this issue.
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Co

nclusion

The ensemble classifiers successfully predicted postoperative axial pain intensity in DCM patients, and
preoperative axial pain intensity was identified as the most relevant predictor. This finding can assist clinicians
in identifying patients with postoperative axial pain preoperatively, thereby enabling more rational formulation
of perioperative management strategies.

Data availability
The data supporting the findings of this study are available from the corresponding author upon reasonable
request.
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