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Introduction Methods

* 1in 5 cancer deaths in the US are due to lung cancer. [1] LLM-Assisted Annotation Biomarker Feature Extraction
* Non-small cell lung cancer (NSCLC) accounts for 87% of lung cancers. [2] ‘ Figure 3 INPUT -. .- OUTPUT ‘ Figure 4

* While certain immune checkpoint inhibitors have proved useful, around C I
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* Radiographic images and imaging reports, and results from blood tests like . Mzta . 1 ;’SONtOUtP”t _l:_dyc:)deel, Prompt o - _
comprehensive metabolic panel (CMP) and cell blood count with Llama 4 . S;r:rapmmgt. Tem[;erature) ' M|§3|ngness, parameter d|str|but_|o.ns, and bgsellne Ve op-treatment
differential (CBC with diff) have information rich data that could be useful in Maverick . Variesbasedon "« APIOutput (JSON Shlf_ts were assessed. Durable cllnllcal pen§f|t (DCB), a binary
machine learning models but contain excessive noise in raw form. | prompt type - Format) variable based on whether the patient is alive and cancer

progression free at 6 months, was defined as the outcome variable.

* Principal Component Analysis and unsupervised clustering were
performed on features across CBC, CMP and Clinical data to
identify patient subgroups.

« The derived features and clusters were then evaluated for
* Objective 2: Develop and evaluate a machine learning model using associations with DCB to identify clinically relevant predictors of
laboratory-derived biomarker features to predict immunotherapy response Immunotherapy response.
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Tested all Comblnatlons of Input parameters; prompts iIncluded zero-, one-, and
few-shot (varying #examples) and chain-of-thought (stepwise extraction). [4]

* Primary disease site and metastatic status, sites, and stages were extracted.

Objectives )

* Objective 1: Develop and evaluate an LLM-based pipeline to identify
NSCLC metastatic features by optimizing prompting strategies and

compare model outputs to expert manual annotations. « BERTScore, a pretrained model that compares text using context, was used to
compare API output of 45 reports to ground truth classifications; scores range
from O to 1, with higher values indicating greater semantic similarity.

* Objective 1: 360 radiographic reports (text-based) without the impressions.

Ground-truth JSON format interpretations for all 360 reports were curated by Figure 5 L Cerature Responsible for Output Instability (95% CI) W zero_shot
an expert thoracic oncologist. (Fig. 1) 07 e shothed o
 Objective 2: Longitudinal CBC with differential (n = 3201; 117 patients) and 06 — ‘;V;i—:“::thought 08
CMP (n = 4513; 124 patients) records. (Fig. 2) 1 Primary site )
« Overlap: Shared cases (n=98) across datasets enables cross-comparison. o0 (4 Metastatic sites é 06
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: metastatic disease sites) showed no statistically significant differences in ¢,
Conclusions performance across temperatures, models, and prompt-types. (Fig. 6/7) =

* Increased variability at higher temperatures does not necessarily translate ¢ Across all models, prompt types, and temperatures, mean BERTScore F1  °4]
to reduced semantic accuracy. was 0.77 for primary disease site and 0.65 for metastatic disease sites,
° Large |anguage models like GPT, LLaMA, and Claude have h|gh potential indicating mOderate-tO-high semantic Slmllarlty between LLM OUtpUtS and
to assist in the structured extraction of data from imaging report texts with expert-annotated ground truth. (Fig. 6/7) -
similar levels of inaccuracies across tested parameters, and BERTScores Biomarker Identification and Clusters Pt Claude LLaMA
iIn the mid-to-upper range of semantic similarity. Figure 8 . . _ Figure 9
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identified clinically meaningful patient subgroups with distinct i O ) s . NSCLC patients (128 CBC/CMP/clinical features)
immunotherapy response profiles, with baseline liver functon e e e IO 000 o O identified 5 subgroups with DCB rates spanning
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markers and on-treatment neutrophil dynamics emerging as
the strongest cluster-defining features, supporting the

25%—85%, demonstrating meaningful
immunotherapy response stratification. (Fig. 8)
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feasibility of blood-test-based resistance prediction in g o < . The highest-DCB cluster (85%, n=13) showed
NSCLC and warranting prospective validation. | : L ) ’ .
. . . g . | 3 significantly lower on-treatment neutrophil
* Future work will train and cross-validate an XGBoost g | = counts (g<0.05), consistent with favorable
classifier on the identified candidate features. E immunotherapy; response biomarkers; the
Overall, these results show that routinely collected clinical data ’ e i owest-DCB cluster (25%, n=8) showe(; elevated
can be leveraged to enable scalable, data-driven prediction of N W e A haseline AST (r=0.926 q;O 002), implicating
treatment outcomes for those with NSCLC. ot e e e e 2o e 022 1 o8 e oo O nepatic status as resistance predictor. (Fig. 9)
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