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Background: Machine learning (ML) was used to predict pain scores and opioid consumption after elective spine surgery in the
presence and absence of erector spinae plane block (ESP).

Methods: A single-center retrospective chart review of 2796 cases was conducted. These cases were divided into the control group
(N=1255) consisting of patients who did not receive the ESP blocks and the treatment group consisting of patients who received the
blocks (N=1541). The gradient boosting ensemble tree methodology was employed to develop the Al predictive models. Feature
importance for each optimized gradient boosting model was quantified using impurity-based importance scores, as implemented in the
scikit-learn library. Partial dependence analysis was conducted to characterize the direction, magnitude, and non-linear nature of
predictor-outcome relationships across clinically relevant ranges.

Results: On unadjusted univariate analysis, the ESP block was associated with a statistically significant (p=0.01) yet clinically
irrelevant 1% increase in average postsurgical pain scores. Conversely, ESP block was associated with a statistically non-significant
(p=0.13) but clinically relevant 6.7% reduction in opioid consumption (MME/kg/day). These associations are exploratory and should
not be interpreted as causal. Three Al models were developed to predict postsurgical pain and opioid consumption. The best-
performing model, which predicts average postsurgical pain, achieved a mean absolute error of 1.24 on a 10-point scale (approxi-
mately 12.4%). High-importance predictors across the models included preoperative pain scores, serum glucose, and white blood cell
count, as well as age.

Conclusion: It is feasible to use machine-learning approaches to identify risk factors for postoperative pain and predict population-
level pain scores and opioid consumption in spine surgery using large datasets; these models are not intended for individual-level
prediction. The role of ESP in spine surgery, however, remains uncertain, and ESP block findings should be interpreted as exploratory
associations only.
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Introduction

Machine Learning (ML) techniques are increasingly applied across medical specialties.' In particular, ML is impacting
the way healthcare is practiced in the perioperative arena for spine surgery, with one study using ML models to predict
the total cost of care associated with ambulatory single-level lumbar decompression and to identify the associated major
cost drivers which included anesthesia type, operating room time and race.® Effective postoperative pain control with
judicious opioid use is integral to enhanced recovery after spine surgeries. Though ML have recently been explored to
predict postoperative pain and opioid consumption,* little was done with for spine surgery.’ In particular, Erector Spinae

Plane (ESP) blocks® represent an emerging interfascial block technique’ that has been shown to potentially have opioid-
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reducing analgesic benefits for the past decade,® yet most studies are small, either randomized trials with restrictive
clinical features or single center retrospective studies,”'' hence the effects of ESP in spine surgery remain
controversial.'?

In this study, we aim to assess the potential benefit of an ML algorithm in developing Al models to predict
postoperative pain scores and opioid consumption with and without ESP blocks, using the substantial clinical and
demographic data gathered from 2796 elective cervical, thoracic, and lumbar spinal surgery cases in a single tertiary
academic institution. We hypothesized that the ML models developed in this study would be able to produce clinically
meaningful and statistically robust predictions of postoperative reported pain scores and opioid consumption, and that the
models’ predictions would be sufficiently accurate to guide clinical decision making. In addition, we aim to assess the
clinical benefit of ESP blocks on elective cervical, thoracic, and lumbar spine surgery. We hypothesized that ESP blocks
would be associated with clinically meaningful reductions in postoperative pain (defined as a Minimal Clinically
Important Difference, MCID of a 5% reduction) and/or opioid consumption (MCID of a 5% decrease). It should be
noted that the ESP-related analyses are exploratory and descriptive in nature; as univariate observational analyses, they
are not intended to establish causality or adjust for confounding.

Methods

Machine Learning (ML) Data Transformation

This study was determined to be exempt from full review by the Yale University Institutional Review Board (IRB
exemption category: retrospective review of de-identified electronic medical record data involving no more than minimal
risk to participants), and informed patient consent was waived accordingly. All patient data were handled in a de-
identified manner to protect confidentiality, and the study was conducted in accordance with the principles of the
Declaration of Helsinki. A retrospective chart review was conducted between January 2022 to December 2023 in a total
of 2796 cases undergoing elective, primary surgery performed at cervical, thoracic, or lumbar spine at an academic
center. Exclusion criteria included revision, and patients who received blocks other than ESP. Relevant clinical data on
demographics, postoperative pain scores, opioid consumption and postoperative recovery outcome collected via electro-
nic medical record (EMR), and subsequently used in ML model generation.

Prior to model training, categorical variables (eg, sex, race, procedure type, spine level, and psychiatric comorbidities)
were transformed using one-hot encoding to create machine-readable binary indicators.'® To retain all encounters for
analysis, missing numerical predictor values were imputed using a large constant sentinel value, while missing
categorical values were represented through explcit “Unknown” indicator levels.'* This approach preserved dataset
completeness while accommodating tree-based modeling. In tree-based ensemble methods such as gradient boosting,
sentinel values allow the model to isolate missing observations into distinct regions of the feature space through split
thresholds without requiring removal of incomplete encounters. Sensitivity analyses using alternative imputation
strategies (eg, median imputation for continuous variables) produced similar (though slightly worse) model performance
and feature-importance patterns, suggesting that the primary findings were not materially sensitive to the choice of
imputation strategy.

Average postoperative pain was calculated using a time-weighted area-under-the-curve (AUC) approach applied to all
recorded postoperative pain scores during the inpatient hospitalization period following surgery. This method accounts
for irregular pain score sampling and represents the cumulative pain burden experienced during the postoperative hospital
stay. Similarly, total postoperative opioid consumption during the inpatient hospitalization period was calculated as
morphine milligram equivalents (MME) and then normalized as MME per kilogram of body weight per day (MME/kg/
day). This normalization accounts for differences in patient body mass and length of hospital stay, allowing more
comparable assessment of analgesic requirements across individuals. This standardized metric was chosen because raw
total MME can be strongly influenced by patient size and hospital duration, which may vary substantially in spine
surgery populations.

In addition, we developed a novel Standardized Pain Index (SPI) as a composite metric that integrates subjective pain
reports with objective opioid consumption. This index was developed independently for this study; for reference,
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validated pain scales such as the PEG scale assess pain intensity and interference simultaneously.'> The First, we
calculated the 99th percentile for both the average postoperative pain score and the MME/kg/day across the entire
dataset. Each patient’s individual values were then expressed as a percentage of these 99th percentile benchmarks. The
final SPI was derived using the following formula:

Patient total MME per kg per day + Patient average postoperative reported pain
99th percentile of MME per kg per day 99th percentile of average postoperative pain

SPI =100 (

2

We also created a binary variable to capture whether the patient received the ESP block and categorized surgical level as
cervical, thoracic, lumbar, sacral, or multiple. Surgical level was included as a predictor variable in the machine-learning
models to account for potential differences in operative characteristics across spine regions. Analysis was subsequently
performed in patients who received preoperative ultrasound guided ESP blocks with plain bupivacaine and liposomal
bupivacaine and those who did not.

Across the dataset, missingness for most key predictors was low (generally <5%), reflecting the structured nature of
the electronic medical record—derived dataset.

Statistical Hypotheses and Univariate Analysis

Univariate statistical analyses using Pearson correlation, as implemented in the SciPy statistical library,'® were used to
assess the association between ESP block and postoperative outcomes. Two primary clinical hypotheses were specified
a priori:

1. Analgesic efficacy hypothesis - use of an ESP block is associated with lower average postsurgical pain scores,
with a clinically meaningful difference contextualized by a MCID of 5% reduction, or 0.5 on a 10-point numerical
rating scale.'”

2. Opioid-sparing hypothesis - Use of an ESP block is associated with reduced postoperative opioid requirements,
with clinical relevance contextualized by an MCID corresponding to a 5% reduction in MME/kg/day.

Correlation coefficients (r) and corresponding two-sided p-values were calculated for the following outcomes: time-
weighted average postsurgical pain score, MME/kg/day, and the standardized pain index (SPI). Prior to analysis, outcome
variables were screened for non-finite values, and observations containing missing or infinite values were excluded on
a per-analysis basis to ensure numerical stability. Statistical significance was assessed at a two-sided alpha level of 0.05.
Because ESP block allocation was not randomized, these analyses were intentionally limited to exploratory unadjusted
associations and were not intended to control for potential confounding variables such as surgical level or procedure type.

Machine Learning Algorithm: Gradient Boosting

All encounters meeting inclusion criteria were retained for model development to minimize selection bias and preserve
the full heterogeneity of the perioperative population. Following data cleaning, merging across clinical domains, and
deduplication at the encounter level, the final analytic cohort consisted of 2796 unique surgical encounters, of which
1541 received ESP block and 1255 received did not.

Predictive models were developed using a gradient boosting regression framework implemented in the scikit-learn
library (Python) to capture complex, non-linear relationships between demographic, laboratory, procedural, and perio-
perative clinical variables and postoperative pain- and opioid-related outcomes.'® The analytic cohort was randomly
partitioned at the encounter level into a training set comprising 70% of cases (approximately 1960 encounters) and an
independent test set comprising 30% of cases (approximately 840 encounters).

Model hyperparameters were optimized within the training set using Optuna, a Bayesian optimization framework.
Candidate hyperparameter configurations were evaluated using internal cross-validation within the training set to
minimize mean absolute error, while the independent held-out test set remained completely unused during tuning and
was reserved solely for final model evaluation. Optimization targeted minimization of mean absolute error (MAE),
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a metric that is less sensitive to extreme values than squared-error—based measures and therefore well suited to outcomes
such as postoperative opioid consumption and pain scores.

Feature Importance and Variable-Impact Analysis

To characterize the clinical variables most strongly associated with model predictions, feature importance for each
optimized gradient boosting model was quantified using impurity-based importance scores as implemented in the scikit-
learn library.'® In this approach, importance reflects the cumulative reduction in the model’s loss function attributable to
splits on a given variable across all trees in the ensemble.?’

Feature-importance analyses were derived from the training dataset, while predictive performance was evaluated
independently on the held-out test cohort.?’ Given the potential impact of collinearity, importance rankings were
interpreted descriptively rather than as independent or causal effect estimates. To enhance interpretability, importance
values were ranked and summarized for each outcome, and the most influential predictors were reported. Importance
scores are presented as relative proportions rather than absolute effects and should be interpreted as indicators of

.. . . . 22
predictive contribution rather than causal influence.

Partial Dependence Analysis and Interpretation of Variable Directionality

To better characterize the direction, magnitude, and non-linear nature of predictor-outcome relationships across clinically
relevant ranges, we performed partial dependence analysis. Partial dependence plots (PDPs) were generated for selected
high-importance predictors across the three primary outcomes - average postoperative pain score, postoperative opioid
consumption (MME/kg/day), and the standardized pain index (SPI) - using the trained models (Figure 1). To enhance
interpretability and reduce distortion from extreme values, plots were restricted to the 5th—95th percentile range of each
predictor. All PDPs were derived from models trained exclusively on the training dataset to preserve separation from test-
set evaluation.

Results
Demographics, Clinical Characteristics, Pain Scores and Opioid Consumption with

versus without Erector Spinae Plane (ESP) Block

Baseline demographic and clinical characteristics of patients who received ESP blocks and those who did not are
summarized in Table 1. The two groups were comparable with respect to most demographics including age, body mass
index (BMI), and sex distribution. However, differences were observed in selected clinical characteristics, including
tobacco use and discharge disposition.

ESP block status demonstrated a weak negative, statistically nonsignificant correlation with postoperative opioid use
(p=0.13), yet a 6.7% reduction which was above the predefined MICD of 5%. ESP group and no block group consumed
0.496 + 1.100 and 0.531 + 1.423 MME/kg/day respectively. In contrast, ESP block use was associated with a statistically
significant positive correlation with average postoperative pain scores (p=0.01); However, this corresponded to
a clinically irrelevant mean increase of 0.04 points, approximately a 1% increase, which is well below the predefined
MICD of 5%. The standardized pain index (SPI) showed a near-zero positive correlation with ESP use and did not reach
statistical significance at the predefined alpha level of 0.05 (p=0.71; Table 2).

Assessment of Model Performance
Model performance was evaluated using a combination of quantitative error metrics and graphical analyses applied to
a held-out testing cohort using Mean Absolute Error (MAE), comprising approximately 30% of the available encounters.
This testing set was not used during model training or hyperparameter optimization and therefore provides an unbiased
assessment of model generalizability.

Feature importance was derived from the trained gradient boosting models using impurity-based importance scores,
and the most influential predictors for each outcome were summarized to aid interpretability and clinical relevance.
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Figure | Partial dependence plots illustrating directionality of key predictors across postoperative pain and opioid-related outcomes. Partial dependence plots (PDPs) depict
the average effect of selected high-importance predictors on model-predicted outcomes derived from the gradient boosting models. Columns correspond to the three
modeled outcomes: average postoperative pain score, opioid consumption expressed as morphine milligram equivalents per kilogram per day (MME/kg/day), and the
standardized pain index (SPI). Rows correspond to selected predictors identified in feature-importance analyses. The x-axis represents the value of each predictor, restricted
to the 5%-95%" percentile range to limit the influence of extreme values. The y-axis represents the model-predicted outcome, averaged over the distribution of all other
variables. Navy curves depict the partial dependence of the outcome on the predictor, while the light blue histograms indicate the distribution and density of observations
across the predictor range. These plots demonstrate that the predictor-outcome relationships are frequently non-linear and range-dependent, illustrating why feature-
importance rankings alone do not convey effect direction or functional form. PDPs provide population-level interpretability and do not imply causality.

To assess model behavior across the full spectrum of predicted values rather than relying solely on a single summary
statistic, we performed a series of visualization-based evaluations. First, we examined prediction—outcome agreement
plots in which test-set predictions were divided into ten equally sized groups based on predicted values. For each group,
the mean predicted value was plotted against the corresponding mean observed outcome and compared to a reference line
representing perfect agreement when y and x are the same.

These plots provide insight into how well the models preserve accuracy across low, intermediate, and high ranges of
the target variables, pain scores, opioid consumption and SPI. Close adherence to the reference line indicates strong
agreement between predicted and observed values, whereas systematic deviations reflect tendencies toward overpredic-
tion or underprediction in specific value ranges. In the present models, modest deviations from perfect calibration were
observed at the extremes of the outcome distributions (likely reflecting increased clinical variability and lower observa-
tion density in these regions), whereas agreement was strongest within the mid-range where the majority of observations
were concentrated (Figure 2). This approach allows identification of regions in which model performance is robust as
well as ranges where clinical variability or data sparsity may limit predictive precision.
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Table | Patient Demographics and Perioperative Characteristics

Characteristics No Blocks Blocks P value
Sample Size N=1255 N=1541
Age (yr) 60.77 £ 1291 63.08 £ 13.31 <0.001
Weight (kg) 87.00 £ 19.99 86.74 + 20.14 0.739
BMI (kg/m?) 29.99 £ 6.07 29.90 + 541 0.677
Height (cm) 169.74 = 10.21 169.29 + 10.73 0.278
Preoperative glucose (mg/dL) 137.18 £ 49.83 | 134.00 + 28.62 0.613
Preoperative White blood cell count (10°/L) 13.32 + 498 1221 + 3.36 0.231
Average presurgical pain 4.19 £ 244 423 249 0.661
Sex: Male (%) 684 (54.5%) 823 (53.4%) 0.589
ASA (Median [IQR]) 3.00[2.00,3.00] | 3.00 [2.00, 3.00] 0.64
White (%) 987 (78.6%) 1226 (79.6%) 0.586
Black (%) 94 (7.5%) 112 (7.3%) 0.880
Nicotine use 22 (1.8%) 21 (1.4%) 0.497
Discharge Disposition | Home / Self-care 880 (70.1%) 940 (61.0%) <0.001
Home w/ Health Care Services 242 (19.3%) 407 (26.4%) 0.005
Skilled nursing facility 89 (7.1%) 133 (8.6%) <0.001
Inpatient Rehab Facility 29 (2.3%) 48 (3.1%) 0.893
Surgical level Cervical 615 (49.0%) 128 (8.3%) <0.001
Thoracic 27 (2.2%) 60 (3.9%) 0.011
Lumbar 600 (47.8%) 1346 (87.3%) <0.001

Notes: Data are presented as mean * standard deviation or n (%), as appropriate. P values represent the probability that
observed differences between the “No Block” and “Block” groups occurred by chance alone. Smaller P values indicate stronger

evidence of a true difference between groups.
Abbreviation: ASA, American society of anesthesiologists.

Table 2 Association Between ESP Block and Postsurgical Pain and Opioid Consumption

Dependent Variable Correlation Factor (r) | P-value
Opioid Consumption (morphine milligram equivalents /kilogram/day) —0.028 0.13
Standardized pain index (SPI) 0.007 0.71
Average postsurgical pain 0.051 0.01

Notes: Pearson (point-biserial) correlation coefficients (r) describe the strength and direction of association between ESP block
status (binary variable) and each continuous outcome. Values of r range from —| to +1, with values near 0 indicating minimal

association and larger absolute values indicating stronger associations.

In addition, we visualized individual-level prediction dispersion using sorted prediction scatter plots (Figure 3).
Together, the combination of MAE-based quantitative evaluation and complementary graphical analyses provides
a comprehensive assessment of model accuracy, stability, and behavior across the full range of postoperative pain and

opioid consumption outcomes.
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Figure 2 Calibration plot of postsurgical pain prediction. This figure assesses how closely the model’s predicted postsurgical pain scores match the observed (actual)
postsurgical pain scores in the held-out test cohort. X-axis (Average predicted pain): The model’s predicted postsurgical pain score on a 0—10 numerical rating scale,
averaged within groups of patients with similar predicted values (deciles of predicted pain). Y-axis (Average actual pain): The observed postsurgical pain score on the same
0-10 scale, averaged within the same patient groups. Points/solid line: Each point represents one group (approximately one-tenth of the test set, grouped by predicted pain).
The plotted line connects these group averages. Dashed diagonal line (y = x): “Perfect agreement”. If the points lie on this line, it means the predicted pain score matches the
actual pain score on average for that group.
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Figure 3 Individual-level comparison of observed and predicted postsurgical pain scores. This figure compares actual and model-predicted postsurgical pain scores for
individual patients in the held-out test cohort. X-axis (Sample index): Each point represents a single patient encounter. Patients are ordered from left to right by increasing
observed (actual) pain score. The x-axis does not represent time. Y-axis (Pain score): Postsurgical pain score measured on a 0—10 numerical rating scale, where higher values
indicate greater pain. Blue line (Actual pain): The blue line shows the observed average postsurgical pain score for each patient, sorted from lowest to highest pain. Red dots
(Predicted pain): Each red dot represents the pain score predicted by the machine-learning model for the corresponding patient based on preoperative and perioperative
clinical features. The proximity of the red dots to the blue line indicates how closely the model’s predictions match the observed pain scores. While predictions generally
follow the overall trend of increasing pain, noticeable dispersion around the blue line highlights substantial individual-level variability, reflecting the inherent difficulty of
precisely predicting postoperative pain for individual patients. This supports the interpretation that the model performs best at capturing population-level trends rather than
providing precise individualized predictions.
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Predictive Models

Three separate machine-learning models were developed to predict postoperative pain- and opioid-related outcomes.
Model performance metrics are summarized in Table 3. Predictions with substantially larger errors (approaching the full
scale of the outcome) would indicate poor model utility, whereas errors approaching zero would be ideal for real-time
clinical decision support. Among the three models, prediction of average postsurgical pain score (PPS) demonstrated the
strongest overall performance, with a MAE of 1.24 on a 10-point numerical rating scale. This indicates that, on average,
predicted pain scores differed from observed values by just over one pain unit in the held-out test cohort. The model
predicting postoperative opioid consumption (MME/kg/day) achieved an MAE of 0.46 across the full cohort (0.53 for
patients receiving no ESP block; 0.50 for patients receiving an ESP block). For contextual reference, opioid use in
chronic pain populations has been reported in a range of 0-2.4 MME/kg/day. Prediction of the pain index prior to
percentile normalization yielded a mean absolute error of 17.44 on a 0-100 scale.

Feature-importance analysis revealed clinically coherent predictors across all three models (Table 3). For prediction
of average postsurgical pain score, the most influential variables were average reported presurgical pain, age, body mass
index, and selected anthropometric and laboratory measures. Prediction of MME/kg/day was most strongly influenced by
white blood cell count, serum glucose, ASA physical status, average presurgical pain, and age. For the standardized SPI
model, the most important predictors were average reported presurgical pain, procedure type (laminectomy or discect-
omy), white blood cell count, and age.

Across all outcomes, predicted values demonstrated generally consistent directionality with observed values. We
illustrated the agreement between average predicted and observed postsurgical pain scores across the test cohort using

Table 3 Performance of Gradient Boosting Models Predicting Postoperative Pain and Opioid
Consumption and Five Most Important Features for Each Model

Al Models Mean Most Important Features Feature
Absolute Error Importance
Postsurgical pain score 1.24 (out of 10) | Average reported presurgical pain 26.07%
Age 12.61%
BMI 12.47%
Weight 11.96%
Height 6.44%
Opioid consumption (MME/kg/day) 0.46 White blood cell count 20.72%
Glucose 16.62%
ASA rating 10.24%
Average reported presurgical pain 9.72%
Age 7.01%
Standardized pain index (SPI) 17.44% Height 13.00%
Average reported presurgical pain 12.80%
Procedure: laminectomy/discectomy 12.48%
White blood cell count 12.03%
Age 7.66%

Notes: Mean absolute error (MAE) is reported for each outcome using an independent held-out test set following a 70/30 train—test
split. For each model, the five predictors with the highest relative feature importance are shown, expressed as the percentage
contribution to the model’s total feature importance. Feature importance reflects each variable’s contribution to reducing prediction
error within the trained model and does not imply causality.
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Figure 4 Prediction—outcome agreement plot for the Standardized Pain Index (SPI). This figure evaluates how accurately the machine-learning model predicts the
Standardized Pain Index (SPI) in the held-out test cohort. X-axis (Average predicted SPI): The model’s predicted SPI value, averaged within groups of patients with similar
predicted scores (deciles of predicted SPI). SPI is expressed on a 0—100 scale, where higher values represent greater overall pain burden. Y-axis (Average actual SPI): The
observed SPI value, averaged within the same patient groups. Points/solid line: Each point represents one group (approximately one-tenth of the test population). The solid
line connects the average predicted and average observed SPI values for these groups. Dashed diagonal line (y = x): Line of perfect agreement. Points lying on this line
indicate that the model’s predictions match the observed SPI values on average.

grouped prediction—outcome plots. The proximity of the plotted points to the reference line representing reliable
agreement indicates stable model performance across much of the clinical range, particularly for pain scores between
approximately 2.5 and 4.5. Mild underprediction was observed at the extremes of the distribution (Figure 2).

To assess individual-level performance, Figure 3 presents a scatter plot comparing predicted and observed post-
surgical pain scores for individual test cases, ordered by increasing observed pain. While model predictions generally
track the upward trend of observed values, notable dispersion is evident, underscoring the intrinsic difficulty of predicting
pain at the individual patient level as opposed to population averages (Figure 3). As in Figure 2, modest underprediction
is most apparent at higher pain scores, while mid-range predictions demonstrate closer agreement with observed values.

Performance of the standardized pain index (SPI) model is shown in Figure 4, with an MAE of 17.44 on a 0-100
scale. Similar to the pain score model, predictive stability was greatest in the middle range of the index (approximately
30-50). In contrast to the pain score model, the SPI model demonstrated a slight tendency toward overprediction in this

range, consistent with residual heterogeneity in opioid utilization patterns and pain reporting (Figure 4).

Discussion

This exploratory large dataset study using Al ML models demonstrated the feasibility to predict pain and opioid
consumption after spine surgery.>> For postoperative pain prediction, the best-performing model achieved a mean
absolute error (MAE) of approximately 1.24 points on a 10-point numerical rating scale, indicating that, on average,
predicted pain scores differed from observed values by just over one pain unit. At a population level, this degree of error
is generally considered acceptable, as it is comparable to the inter-observer and intra-patient variability commonly
observed in clinical pain reporting. After including opioid consumption, the MAE values for composite index, SPI,
ranged up to approximately 17 units on a 0-100 standardized scale, reflecting the greater inherent variability of opioid
utilization. Accordingly, the present models are best interpreted as tools for population-level insight and hypothesis
generation rather than individualized clinical guidance.
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Very few studies looked at the utility of ML in the field of pain management from different perspectives. One study
utilized ML and electroencephalography data to predict response to opioid treatment in acute pain management for
81patients who underwent total hip replacement surgery.24 This ML model was able to predict responders with an
accuracy of 65% for postoperative pain. One of the earliest utilizations of ML in spine study was built in 2016, featuring
a predictive Al model using ensemble decision tree technique to predict clinically significant proximal junctional
kyphosis and proximal junctional failure.”> The model showed promising accuracy of 86.3% with AUC of 0.89. Our
study expanded existing literature and provided a predictive modal on postoperative pain scores and opioid consumption
on a population level. Direct comparisons with prior machine-learning studies are limited by differences in outcome
definitions, cohort characteristics, and performance metrics.?®

Regarding the statistically significant but below MICD increase in pain score and simultaneous statistically non-
significant but above MICD reduction in opioid consumption, this univariate analyses of ESP in spine surgery were not
intended to establish causality or to adjust for confounding factors. Rather they aimed to characterize the direction and
magnitude of crude associations between ESP block use and postoperative outcomes, which provided an interpretable
statistical reference point that complements the multivariable, non-linear relationships achieved by the machine-learning
models.?’

We acknowledge several limitations. Even though our study had substantial case number and the predictive models
showed promising results, the models developed in this project cannot be directly deployed in other institutions without
site-specific retraining and data harmonization.”® This limitation primarily reflects differences in data structure, patient
populations, and clinical workflows across institutions rather than the modeling approach itself. Because ESP block
allocation was not randomized and group characteristics such as surgical level differed between groups, future analyses
incorporating multivariable adjustment or prospective randomized designs would be necessary to better address potential
confounding. At this stage, it requires the exact same format for each parameter to be inputted in the predictive models
for it to function as intended. Therefore, it was still limited to a single institution and one type of surgery, thus limits the
generalizability of our promising results in the predictive models. Furthermore, even for the best model predicting
average postsurgical pain—which demonstrated the strongest predictive performance with a mean absolute error of 1.24
points on a 10-point pain scale—the scatter plot of this model, the predicted values are still widely dispersed from the
ideal values. This suggests that this model is not yet usable at the individual level and remains insufficient for direct
clinical deployment as a clinical assistant tool at this preliminary stage.’

It should be noted that in tree-based ensemble machine-learning models such as gradient boosting, relationships
between predictors and outcomes are inherently non-linear, non-monotonic, and frequently context-dependent. As
a result, a given variable may exert different effects at different value ranges or under different clinical contexts. In
addition, unlike traditional linear regression models, where coefficients indicate a constant directional effect
(positive or negative) across the full range of a variable, machine-learning models do not assume a single linear
slope.

This study has several strengths. First, it demonstrated the feasibility of using ML to predict acute pain and opioid
consumption. Methodologically, a major strength is the use of gradient boosting ensemble learning as the primary
modeling technique to tackle heterogeneous clinical data and model non-linear interactions.*® To control model complex-
ity and limit overfitting, cross-validated tuning and held-out testing were employed, which also enabled feature-
importance analysis to identify the variables that most strongly contributed to model predictions. Additionally, we are
the first to define a Standardized Pain Index (SPI) by integrating subjective pain scores and objective opioid use per
kilogram per day into a composite outcome value.

This study suggests that incorporating additional cases across multiple institutions and surgical types would enable
continued refinement of gradient boosting—based models and facilitate systematic comparison with alternative machine-
learning approaches, including random forests, support vector machines, and neural networks, using standardized
regression-based performance metrics evaluated on held-out data,®' particularly in the setting of paradoxical increase
in pain scores in the setting of decrease in opioid consumption in association with ESP blocks. If key sources of bias
inherent to the retrospective design (most notably confounding by indication, residual unmeasured analgesic co-

10 htps: Journal of Pain Research 2026:19



Saksenberg et al

interventions, and selection bias) are addressed in a prospective, double-blinded RCT design, it would allow controlling
for such biases and help clarify the potential clinical benefit of ESP blocks in spine surgery.

Conclusions

The use of ESP block was associated with a statistically significant yet clinically irrelevant 1% increase in pain scores,
alongside a statistically non-significant but clinically relevant 6.7% reduction in opioid consumption (MME/kg/day). The
best-performing AI ML model, which predicts average post-surgical pain, achieved a mean absolute error of 1.24 on
a 10-point scale. High-importance predictors for postoperative pain across the models included preoperative pain score,
serum glucose, white blood cell count, and age.

Clinical Relevance

It is feasible to use machine-learning approaches to identify risk factors for postoperative pain, as well as predict pain
scores and opioid consumption in spine surgery at a population level using large dataset. The role of ESP in spine
surgery, however, remains uncertain, and ESP block findings should be interpreted as exploratory associations only.
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