GramMorph: Comparing CNN, Vision Transfor

1. Introduction

Positive blood culture Gram stains provide

rapid preliminary information for bloodstream

infection management but require expert
manualinterpretation. Deep learning may
support automated morphology
classification. CNNs capture localimage
features, Vision Transformers model global
context, and hybrid models may combine
both.

This study directly compares CNN

(ConvNeXt), ViT (UNI), and hybrid approaches

for Gram-stain classification from positive
blood cultures.

2. Dataset

Gram stain data set

10,982 images
Five classes
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Gram positive cocci in clusters 5,071
Gram negative rods 3,864
Gram positive cocci in chains 1,499
Gram positive rods 415
Yeast 133
Total 10,982
Data Split
» 80% Train = 10% Validation 10% Test
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4. Results/ Discussion
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MODELS COMPARED
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K. / (CNN-only baseline) and staining features from PBC
2 Gram-stain crops.
Pretrained Vision Transformer
UNIVIT feature extractor evaluating

transfer of global contextual
representations to Gram-stain
morphology classification.

(Vision Transformer)

Feature-level fusion model
combining ConvNeXt local features
with UNI contextual features.
Projected features were

" Hybrid
I/ ConvNeXt + UNI

TRAINING DETAILS

Input size: 224 x 224 px
Optimiser: AdamW

Batch size: 32

Augmentation: RandAugment, MixUp, CutMix

Early stopping: validation macro F1
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Hybrid strategy: ConvNeXt partially unfrozen after
epoch 5; UNI frozen
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Hybrid feature fusion produced the strongest internal classifier, suggesting complementary
value from CNN local morphology features and UNI transformer representations.
Performance was high for common morphology classes, but minority classes remained more
challenging, particularly Gram-positive rods and yeasts.

With further external validation, this approach could
support diagnostic workflows by reducing repetitive
manualreview, flagging uncertain cases, and providing
an additional check to reduce reporting variation or
error.

Future work:

* Externalvalidation,

* Improving minority-class performance

* Developing subclassification of Gram-positive cocci
in chains (Pneumococcus, Enterococci, viridans
group streptococci, and haemolytic streptococci.



