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Background:Patient–clinician conversations during home health care (HHC) visits are information-dense, yet important 
problems and interventions are not fully captured in documentation. One study found, ~50% of patient problems and ~20% of 
interventions discussed during HHC visits never reached the EHR1, undermining care continuity, quality measurement, and 
analytics, while adding documentation burden for clinicians managing multiple visits in a day. Another study found, adding 
conversational data to risk models improved prediction of emergency visits and hospitalizations by 26%2. LLM-based AI 
scribes are already being used to mitigate above  challenges, but single-pass generation can blur evidence vs inference, 
increasing errors, especially in longer conversations during HHC3. In addition, common evaluations using BLEU/ROUGE or 
human ratings reward lexical overlap and surface fluency but fail to detect in-depth missing or fabricated clinical facts4. We 
address these gaps with a verifier-augmented, multi-step LangGraph-orchestrated agentic AI scribe and fact-level evaluation. 
Methods:Fifteen HHC patient-clinician audio recordings (>8 hours, recorded by VNS health-one of the largest HHC 
provider in the US), were stratified by duration into short (10–25 min; n=5), medium (25–45 min; n=5), and long (45–70 
min; n=5) encounters. Audio recordings were transcribed with OpenAI Whisper (medium) and diarized using PyAnnote 
Audio; speaker turns were labeled Patient/Clinician via GPT-4o role classification, yielding labeled transcripts. Transcripts 
were fed into a LangGraph-orchestrated agentic pipeline to generate SOAP (Subjective, Objective, Assessment, Plan) notes. 
The agentic pipeline comprised of four parallel section-specific drafting nodes (S: patient-reported symptoms; O: clinician 
observations; A: clinician assessment; P: plan of action) with anti-fabrication guardrails and clinical taxonomy constraints, 
followed by a merge node that combined sections into a SOAP draft and a verifier node that reviewed the draft against the 
transcript to identify and remove transcript-unsupported statements. The pipeline was run with two reasoning-capable model 
configurations, GPT-5 and GPT-5.1 (temperature=0, reasoning effort=medium), three times for each encounter-model 
configuration pair (yielding total 15*2*3= 90 notes). For the gold standard, two clinicians extracted a total 428 consensus 
atomic clinical facts from 15 transcripts (e.g., dizziness ×3 days; BP 142/88; follow-up scheduled), decomposing compound 
statements into separate facts. We manually compared AI generated SOAP notes against gold standard, and evaluated using 
metrics:precision, recall, hallucination rate (100-precision), omission rate (100-recall), run-to-run consistency (recall standard 
deviation across three runs to quantify consistency in clinical facts captured), and conciseness (output tokens/note).  
Results: Across 15 encounters, the two model configurations exhibited a precision-recall tradeoff: GPT-5 configuration 
achieved higher precision (94.48%) with a correspondingly lower hallucination rate (5.52%) and lower recall (95.3%) with 
higher omission rate (4.7%), whereas GPT-5.1 configuration achieved higher recall (97.36%) with fewer omissions (2.70%) 
but lower precision (88.91%) with a higher hallucination rate (11.09%). Encounter duration amplified this tradeoff. In short 
encounters, both model configurations exceeded 95% precision and 94% recall. In medium encounters, GPT-5.1 
configuration displayed higher recall than GPT-5 configuration (97.24% vs. 93.34%) with modestly lower precision (91.89% 
vs. 94.15%). In long encounters, GPT-5 configuration maintained 93.91% precision (hallucination rate 6.09%) while GPT-5.1 
configuration precision declined to 79.63% (hallucination rate 20.37%), despite near-ceiling recall for both model 
configurations (GPT-5: 98.30%; GPT-5.1: 99.35%). Run-to-run variability remained low across all strata (≤ 0.5%). 
Operationally, GPT-5.1 configuration generated 2.2× longer SOAP notes than GPT-5 configuration (by output tokens). 
Hallucinations were primarily clinically plausible inferences rather than clearly wrong, fabricated facts absent in transcript. 
Conclusion:LangGraph-orchestrated, verifier-augmented LLM scribes produced SOAP notes with high recall and low 
run-to-run variability across both configurations. However, precision declined with encounter length, with hallucinations 
becoming increasingly common (reaching 20% for GPT-5.1 configuration) in long encounters. Hence, safe deployment of AI 
scribes for medically complex older adults in HHC requires fact-level evaluation, length-aware configuration/guardrails, 
transcript-grounded verification, and clinician-in-the-loop review before notes enter the EHR. 
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