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Supplementary Methods

Zero-Shot and Fine-Tuned Language Model Evaluation

Model Selection and Rationale
To contextualize the performance of the proposed structured-to-narrative transformer, we evaluated several large language model (LLM) baselines representing common zero-shot and fine-tuning paradigms. These included GPT-2 (a general-purpose autoregressive language model), BART-MNLI (a natural language inference model frequently used for zero-shot classification), and BioClinicalBERT (a domain-adapted transformer pretrained on clinical text). The objective was not to optimize these models exhaustively, but to assess whether generic or minimally adapted LLMs can serve as viable classifiers for imbalanced structured clinical prediction tasks.

Zero-Shot GPT-2 Evaluation
GPT-2 zero-shot inference was implemented using a prompt-based binary classification strategy. For each structured-derived narrative, the following prompt template was appended: “Discharge next day? Answer as a single digit 0 or 1. Label:” 
Token-level log-likelihoods were computed for the candidate responses “0” and “1” by conditioning on the full prompt and summing log-probabilities over the answer tokens. The predicted class was assigned based on the higher sequence log-likelihood. No temperature scaling, sampling, or calibration was applied. Padding tokens were aligned to the end-of-sequence token to ensure valid likelihood computation.
This approach was evaluated under two configurations: (1) full narrative intermediate representations and (2) simplified structured narratives. In both settings, GPT-2 exhibited extreme class bias, either predicting nearly all samples as positive (high recall with catastrophic false positives) or collapsing entirely to the majority class. Due to degenerate probability distributions, AUROC and Brier scores were not meaningfully defined.

Zero-Shot BART-MNLI Evaluation
BART-MNLI was evaluated using a natural language inference formulation. Each narrative was paired with hypothesis statements (“The patient will be discharged the next day.” Or “The patient will not be discharged the next day.”). Entailment probabilities were mapped to binary predictions. The model was used without further adaptation.
Across all zero-shot configurations, models exhibited extreme class bias, either predicting exclusively the majority class or labeling nearly all cases as positive. As a result, AUROC and PR-AUC values approximated chance-level performance, and calibration metrics reflected degenerate decision behavior.

Fine-Tuned BioClinicalBERT Evaluation
BioClinicalBERT was fine-tuned using the same structured-to-narrative representations as the primary transformer experiments. A sequence classification head was added, and training employed AdamW optimization with a learning rate of 1×10⁻⁵, batch size of 8, and five training epochs. Class imbalance was addressed using inverse-frequency class weighting. In additional experiments, focal loss was evaluated but resulted in unstable convergence and majority-class collapse.
Decision thresholds were optimized on the validation set to maximize macro F1-score and then applied unchanged to the test set. Evaluation metrics included accuracy, AUROC, PR-AUC, Brier score, precision, recall, F1-score, and confusion matrices.
In contrast to zero-shot models, fine-tuned BioClinicalBERT demonstrated substantially improved recall for next-day discharge and balanced macro-F1 performance. However, focal loss variants were unstable under extreme class imbalance and resulted in prediction collapse, reinforcing the importance of calibrated loss selection in clinical settings.



Supplementary Results

SHAP-Based Explainability Results for Machine Learning Models
SHAP analysis was performed using the LGBM model, which demonstrated strong discrimination and stable calibration among the structured machine learning approaches. As shown in Figure 4A, procedure-level CPT codes dominated the top-ranked SHAP features, indicating that surgical extent was the primary determinant of next-day discharge probability. Multilevel fusion-related procedures, including CPT 22614, 22630, and 22612, consistently exerted the strongest negative contributions, reflecting greater surgical invasiveness and postoperative burden. In contrast, decompression-only procedures such as CPT 63047, 63030, 63020, and 63005 showed strong positive SHAP values, indicating a substantially higher likelihood of next-day discharge in patients undergoing isolated decompression. Beyond procedural features, age and physiologic stability emerged as secondary contributors. Increasing age showed a consistent negative effect on discharge probability, while laboratory abnormality indicators (RESULT_FLAG_high and RESULT_FLAG_low) and white blood cell count shifted predictions toward prolonged hospitalization. Diagnosis codes related to spinal pathology (e.g., ICD M48 and M54) contributed modest additional negative effects. Demographic variables, including sex, ZIP code, and ethnicity, demonstrated smaller and more stable contributions, suggesting limited reliance on non-clinical proxies. Figure 4B presents SHAP dependence plots for age, CPT 22630, and sex, representing non-procedural, procedural, and demographic dimensions of the model. Age exhibited a clear monotonic relationship, with higher values corresponding to progressively lower discharge probability. CPT 22630 showed uniformly negative SHAP contributions, confirming its strong association with prolonged LOS. In contrast, sex displayed a weaker but directionally consistent effect, indicating a secondary demographic influence rather than a dominant driver of predictions.






























Performance of Zero-Shot and Fine-Tuned Transformer Baselines
To contextualize the performance of the proposed structured-only transformer, we compared it against zero-shot and fine-tuned large language model baselines. Zero-shot inference using BART-MNLI and GPT-2 performed poorly on the next-day discharge task, yielding near-zero sensitivity for the minority (discharge) class and macro F1-scores below 0.10 (Table S1). These models consistently predicted the majority class across all operating thresholds, indicating an failure to form calibrated decision boundaries under severe class imbalance. In contrast, fine-tuned BioClinicalBERT substantially improved minority-class recall (0.45-0.67 across validation and test) and achieved balanced performance after threshold optimization (macro F1 = 0.67 on the test set). These findings are consistent with prior evaluations showing that non-specialized language models are not suitable for structured clinical prediction without domain-specific supervision. 

Supplementary Table 1. Performance comparison of zero-shot large language model baselines and fine-tuned BioClinicalBERT for next-day discharge prediction. Zero-shot models exhibit extreme class bias and degenerate decision behavior under severe class imbalance, whereas domain-specific fine-tuning with threshold optimization enables balanced classification performance.

	Model

	Setting
	Accuracy
	AUROC
	PR-AUC
	Brier
	Precision (Class 1)
	Recall (Class 1)
	F1 (Class 1)

	GPT-2
	Zero-shot (prompt-based)
	0.145
	0.540
	0.130
	0.510
	0.071
	1.000
	0.132

	GPT-2
	Zero-shot (structured narrative)
	0.900
	0.500
	0.100
	0.490
	0.000
	0.000
	0.000

	BART-MNLI
	Zero-shot (NLI-based)
	0.921
	0.470
	0.090
	0.168
	0.000
	0.000
	0.000

	BioClinicalBERT
	Fine-tuned +threshold
	0.856
	0.850
	0.340
	0.082
	0.308
	0.667
	0.421

	BioClinicalBERT
	Fine-tuned (focal loss)
	0.900
	0.660
	0.200
	0.217
	0.000
	0.000
	0.000



Narrative-Based Prediction Case Examples
To illustrate the behavior of the narrative-centered transformer, we present representative test-set prediction examples generated from structured EHR-derived narrative inputs. These cases demonstrate how the model assigns probabilistic discharge predictions based solely on structured clinical information rendered in text. In a correctly classified non–next-day discharge case, a 79-year-old male patient with multiple fusion-related procedures (CPT 22612, 22614, 22630, 22633) and chronic spinal pathology (ICD M48, R52) received a next-day discharge probability of 0.836 and was correctly classified as not discharged the following day. The high procedural burden and diagnostic complexity were reflected in the model’s low discharge confidence.

In contrast, a correctly classified next-day discharge case involved an 81-year-old female patient who underwent a single decompression procedure (CPT 63050) with a limited diagnostic profile (ICD M54). The model assigned a next-day discharge probability of 0.892, consistent with a low procedural burden. Additional long-stay cases exhibited similarly low predicted discharge probabilities among patients with multilevel fusion procedures and multiple neurologic or musculoskeletal diagnoses. For example, an 83-year-old patient with combined fusion and decompression procedures received a discharge probability of 0.286, while an 87-year-old patient with malignancy-related diagnoses received a probability of 0.021, both correctly classified as non-next-day discharge.


Supplementary Table 2. Confusion Matrix for Next-Day Discharge Prediction (Transformer Model).
	Actual Discharge Status
	Predicted: Not Discharged Next Day (label = 0)
	Predicted: Discharged Next Day (label = 1)

	Not Discharged Next Day (label = 0)
	218
	89

	Discharged Next Day 
(label = 1)
	9
	75



