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RESULTS

OBJECTIVES

• We leveraged large language models (LLMs) to extract imaging intent from 

unstructured radiology reports, enabling evaluation of surveillance CT survival 

benefits across different healthcare systems.

BACKGROUND

• Current clinical guidelines recommend routine chest CT surveillance every 6–

12 months, yet these remain consensus-based

• A fundamental barrier is that health records rarely distinguish whether CTs are 

performed for routine surveillance versus symptom evaluation

• Conflating these clinically opposite indications introduces confounding by 

indication, obscuring true associations.

CONCLUSIONS
• This study provides rigorous real-world evidence associating guideline-recommended CT 

surveillance with improved LC-specific survival across academic and community settings. 

• LLM-extracted imaging intent offers a scalable, multi-system framework for surveillance 

effectiveness research that addresses confounding.

METHODS 
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Hypothesis: Surveillance CT is associated with better survival, and this 

may be through the early detection of recurrence or SPLC 

• Associations with LC-specific survival were estimated using time-varying 

Cox models, treating LLM-predicted surveillance as a time-varying 

exposure to mitigate immortal time bias and adjusting for 

clinicodemographic variables. 

• Secondary analyses evaluated recurrence and SPLC. 
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Result 2: First-year CT adherence (≥1 any CT within 12-months ±3-months buffer) was 

88.1% at SHC and 73.3% at Sutter.  At both, surveillance was the most common indication

Result 3: Time-varying “surveillance” CT was associated with improved LC-specific survival. 

Surveillance CT was also associated with higher SPLC detection (SHC HR=4.19; Sutter 

HR=1.98; both p<0.001) but not recurrence (p>0.05)

Result 1: In classifying surveillance CTs vs others, the most accurate LLM (OpenAI o1) achieved 97% 

accuracy (F1: 98%) on SHC annotations and 87% accuracy (F1 92%) on external validation at Sutter

N = 5,556 Stage I - III lung cancer patients

200 radiology reports, 200 patients

187 radiology reports, 187 patients

27,549 longitudinal CT reports (10,525 SHC; 17,024 Sutter) within 5 years post-diagnosis 

LLM Performance Metrics: Stanford/Sutter Temporal patterns of LLM-predicted CT indications

CT imaging adherence rate within 1 year diagnosis
Patient level CT adherence patterns within 1 year by indication and 

treatment (Stanford)

HR: 4.19 [ 2.02, 8.72]
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