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Abstract: Paletrra Al-enabled image analysis Semi-automated single-cell phenotyping
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(lower panel) Figure 3. A. Schematic of weakly supervised mean teacher framework. The teacher network analyzes global, multi-marker cell views to predict phenotypes, while a
Tal " " : : nt model uses marker-specific classifiers operating on single-marker inputs. Teacher phenotype predictions are mapped to marker-level pseudo-labels (PL) to
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‘ . : : 0.16% of total training data). Adaptation procedure runs on a single A30 GPU in <20min. B. Schematic of the source model, a ConvNeXt encoder conditioned on
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>60 Proteins ~, sunsice %‘1& 9’ FOXP3 | GZMB Figure 2: Paletrra Al workflow. Biomarker acquisition is followed by tissue segmentation, cell F. Specificity of T-cell markers to CD3+ cells, demonstrating robustness to spillover and artifacts relative to source. G. Concordance correlation coefficient for
. RN HLADR | LAG3 segmentation, cell phenotyping, and spatial analytics. Spatial analytics are configurable for coexpressions, measured against ground truth positivity in a set of 100um image crops. H. Scatterplot depicting the coexpression positivity used in G, with each dot
§ N : a Sgl))(110 ?_g;zl__: each multiplexing panel and can be tailored to answer specific research questions. representing a single coexpression and image crop.
TIM3
=1 Conclusions
« Paletrra Al-enabled image analysis pairs cell phenotyping with configurable spatial analytics for a comprehensive mlF image analysis solution.
Figure 1: (A) Assay Workflow. Melanoma slides were prepared, imaged, and stained ] . ) o . . ) ) ] ]
using our mlF staining protocol. For each round of staining, conjugated fluorescent « A semi automated cell phenotyping algorithm was developed for efficient single-cell quantification across biomarkers and panel configurations.
antibodies were applied to the slide, followed by imaging acquisition of stained slides. ] . . . i ] o o ] ] o ] ] ]
The dye was erased, enabling a second round of staining with another pair of « Generalization to a specific mIF panel is achieved without panel-specific pretraining by adapting single-channel classifiers to phenotype-consistent expression patterns in the target dataset.
ETo‘)rLZSriZ?é 5222?3.'?; (()E)aI'IA\m1eI7aprl1)(()rr?: ZZ'mZTe”f'”'”g mmune. stroma, and fumer « The methodology is robust to domain shifts due to weak supervision based on expected co-expression patterns that guide consistent marker—phenotype relationships across datasets.
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