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Introduction LLM (MediPhi) Development & Explainability

Text: We fine-tuned Microsoft’s MediPhi LLM using Low-Rank Adaptation (LoRA) to extract struc-
tured edema outcomes (presence and severity) from structured radiology reports. Base model
weights were frozen, and only lightweight adapter layers were optimized.

= Pulmonary edema is a life-threatening condition characterized by fluid accumulation in the
lungs, often caused by heart failure.

= Convolutional Neural Networks (CNNs) and Large Language Models (LLMs) show strong
potential for detecting pulmonary edema from chest radiographs and radiology reports,

respectively. However, their limited interpretability restricts clinical trust. Evaluate: Confusion Matrix
Radiology Reports : o

= \WWe evaluate model-agnostic and model-specific methods on CNNs and LLMs to learn the
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= ResNet50 exhibits more localized activation than VGG16, suggesting deeper networks

Figure 2. CNN Interpretability Workflow : :
capture more focused imaging features.

= MediPhi explanations indicate reliance on descriptive severity language, while embedding
analysis reveals meaningful semantic relationships among clinically relevant terms.

= Combining model-agnostic and model-specific explanations reveals both what inputs drive
predictions and how the model internally represents clinical features.



