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Peripheral blood smear review remains crucial for
hematologic diagnosis, as automated analyzers often miss
key morphologic abnormalities. Manual interpretation by
experts ensures accuracy but is time-consuming and subject
to variability. These limitations highlight the need for
supportive technologies that combine efficiency with
consistency. Artificial intelligence (Al) offers a promising
solution by learning from large image datasets to detect .

subtle morphologic changes, potentially improving diagnostic K 010 epochs
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To explore the potential of GPT-40, a vision-language
foundation model, in classifying peripheral blood smears using comons | 225 [N &2
few-shot prompting. The study specifically aimed to assess its B =8 R R R LA N R R
ability to distinguish eight morphologic cell types: neutrophil,
eosinophil, basophil, lymphocyte, monocyte, immature
granulocyte, erythroblast, and platelet, and evaluate its o] 21 | 25 25 o [ | e | e (D
usefulness as a supportive tool in hematology, particularly
where expert review and labeled datasets are limited. - P
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Objectives

To benchmark GPT-40 with few-shot prompting against
supervised models ResNet-50 and VIiT trained on the B
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BloodMNIST dataset (16,990 images). Testing was done on
192 images (24 per class) The objective was to compare their
accuracies and see how close can GPT-40 get to fully fine-
tuned models in peripheral blood smear classification.
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/ \ GPT-40 reached 50% accuracy in 5-shot setting for classifying 8
Dataset Preparation

blood cell types, improving with more examples. Supervised
models, ResNet-50 and VIiT exceeded 95% accuracy,
highlighting both the difficulty of this multi-class task and the
promise of few-shot learning in data-limited settings.

Discussion

« Dataset: BloodMNIST

* Classes: 8 blood cell
types

» Size: Resized to 224x224
* Modality: RGB
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\ and GPT-40) / ﬂ@ \ « GPT-40 showed progressive improvement with few-shot
Supervised prompting:
 Models: ResNet-50,
ViT-B/16 . 0-shot: 0.31 (95% CI: 0.26-0.35)
+ Train: 10 epochs . 3-shot: 0.41 (Cl: 0.37-0.44)
» Hardware: NVIDIA « 5-shot: 0.50 (Cl: 0.46-0.53)
\ A100 GPU /
« Supervised models outperformed few-shot prompting:
- ) . ResNet-50: 0.96 (Cl: 0.94-0.98)
ICL (GPT-40)  Vision Transformer (ViT): 0.95 (Cl: 0.92-0.98)
* Shots: 0, 3,5
* Support: image + label * Improvements in recall for several classes (e.g., Platelets
/7?7@ \ S up to 0.67, Monocytes up to 0.50) demonstrate potential
il * Query: image + prompt adaptability of GPT-40 with limited examples.
Evaluation - Parameter Updates:
none
» Metrics: Accuracy, 95% K\ / /
cl

» Confusion matrix per-
class
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