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ABSTRACT

LLM vs. Rule-Based NLP for Classifying Adaptive Radiotherapy Rationales

INTRODUCTION

In Proton QACT Notes
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workflow analytics.

Figure 1. Row-normalized confusion matrices for primary rationale classification across documentation tiers: (A) Noisy free-text, (B) Standardized, (C) Structured.

Rows are ground truth; columns are predicted category.
CONCLUSIONS

DISCUSSION
e Standardized notes: Grok k=0.94 (95%), Copilot  LLM performance for classifying ART rationales is highly
sensitive to documentation quality.

k=0.88 (90%), Rule-based NLP k=0.76 (81%). * Performance is highly sensitive to documentation
structure across all methods tested.

e Structured inputs: all 3 LLMs k=1.00 (100%); Rule- .
based NLP k=0.74 (80%).Binary avoidability * Noisy-text errors cluster between weight/anatomy and

classification outperformed the 8-class primary target-change categories; largely resolved once notes

* Noisy free-text: Copilot k=0.80 (84%), ChatGPT
k=0.72 (77%), Rule-based NLP k=0.69 (75%), Grok
k=0.32 (46%).

Perfect agreement (k=1.00) is achievable only with
structured input.

task across all tiers. are standardized or templated.  Rule-based NLP: stable, lower-ceiling, documentation-
agnostic.
e @Grok: weak on noisy text, strong on
Primary (8-class) Agreement vs Documentation Structure standardized/structured. Model choice should not be « Documentation standardization and ongoing model

1.0 generalized from clean-text benchmarks. validation are key to reliable Al-enabled ART analytics.
o * Rule-based NLP: stable but lower-ceiling across all tiers. e Future work: multi-institution extension; structured-
%06 A reasonable fallback, not a substitute for structured template adoption as a QA lever.
g notes.
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Table 1. Cohen's k for primary (8-class) rationale classification, by method and

documentation tier (noisy free-text, standardized, structured). templates to unlock reliable Al-enabled ART analytics.

deployment.
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