Classification of Pulmonary Edema
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o Reports labeled as present show higher BNPP values than
those labeled absent. This pattern appears in both actual and
predicted BNPP. Youden’s J optimal threshold is 1027/,

Introduction

o Cardiogenic pulmonary edema is fluid in the lungs caused by Results suggesting the 400 standard is a conservative threshold.
high heart pressure.
« Many machine learning studies rely on expert labeling and e A balanced 50% present and 50% absent tuning split Predicted Edema: — Absent Present
validation, but expert review does not scale. performed best (AUC = 0.79) compared to the LLM without | ey, I T
e Our primary gquestion is can researchers use language from tuning, as well as other split strategies. 0.8 . 400 1:27
radiology reports to emulate expert interpretation? §
e We assess those labels using NT-proBNP (BNPP), a blood NO Tune 50-50 Tune £ 06
measure of cardiac stress that informs edema evaluation. - § 0.4
e Our secondary question is can BNPP itself be estimated g 2 98% 2% s
directly from chest X-rays? § - (65) (1) ' \
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+ We fine-tuned MedGemma LLMs with LoRA to label edema < (%9 7 Figure 5. Actual BNPP distributions by predicted edema label.
from 2,390 radiology reports. About 23% of the training set
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were labeled as edema present. . BBEH .4 B8 BET0 « BNPP Increases with age, so we examined separation within
« We trained ResNet CNNs to estimate BNPP from 21,374 chest riedticied Edema o T T T different age groups. Across each group, labels of present

X-ray images. Resolution was lowered to 256x256 pixels. Figure 3. Confusion matrices comparing LLM results without consistently showed higher BNPP compared to absent labels.

Data A Data B tuning (left) and with balanced tuning (right). Percent values
show how each actual edema label was distributed across
Report Image predictions. Counts appear below Iin parenthesis. 20-39

Predicted Edema: Absent Present
T P
| ‘ '

The cardiomediactng] T“”e LLM « ResNet34 performed best among the architectures tested. 40-59 y
silhouette is mildly ', Predicted and actual BNPP correlated at Pearson r = 0.705. T ] | !
enlarged. The 60-79 _a e |

« The predicted distribution is slightly bimodal and broadly

pulmonary arteries are
enlarged. No

follows the shape of the actual BNPP distribution. N ; | |
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Figure 1. Data overview and model assignment. § s G 99 predicted BNPP and predicted edema.
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« The CNN test set includes 2,602 cases with reports but no 2 10 - 01 Conclusion
edema labels. We used the LLM to assign those labels to get 10 . ) | | |
our final dataset with predicted edema and BNPP. 101 102 103 104 « This study shows that a LLM can generate accurate edema
: s Wi g BNPP labels from radiology reports align with heart stress
DataB's Test Set 10Pre1dc:cte<: g:pl: v measures. It also shows that heart stress can be estimated
Split & Infer LLM Merge & Compare Predicted Edema z : 1 from X-ray.lmages. . .
F—— T R Figure 4. Predicted versus actual BNPP values (left) and their * By comparing edema labels with BNPP estimates, we
: CNN distributions (right). demonstrate a practical way to evaluate edema label quality

without requiring expert judgment.
e This approach offers a method for studying edema at scale

Figure 2. Study design. while remaining grounded in physiology.



