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Fig. 1 Flowchart of subcellular protein localization methods in single cells
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Fig.2 CPM module

AF: activation function.
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Fig. 3 Comparison of AP scores across subcellular localization categories
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Fig. 4 Class activation maps for multi-label IF image
The class activation maps for mitotic spindle, nucleoplasm, and centrosome highlighted the corresponding subcellular regions exhibiting these
expression patterns in the images. These activation maps comprehensively marked all cells bearing the correct labels, demonstrating that the image-

level model can effectively discriminate between distinct protein expression patterns.
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Fig. 5 Visualization of CAM in the first (a) and third (b) epoch

After iterative optimization training, the generated class activation maps demonstrate significantly improved spatial coverage.

Table 2 AP scores of different single—cell protein localization models across 10 subcellular locations on the Annotated

Test Set
Class Nucleoplasm  Nuclear  Nucleoli Nucleoli Nuclear Nuclear Endoplasmic Golgi ~ Mitochondria Aggresome
membrane fibrillar ~ speckles  bodies reticulum  apparatus
center
Image label model 0.689 0.595 0.812 0.606 0.561 0.543 0.762 0.639 0.781 0.842

Pseudo label model 0.718 0.629 0.863 0.647 0.612 0.613 0.850 0.680 0.859 0.822
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Table 3 mAP score of the final ensemble model

Model Public test set Private test set
Image level prediction 0.554 1 0.544 0
Cell level prediction 0.539 6 0.522 3
Fusion final prediction 0.567 6 0.5582
FCAN [ 0.569 5 0.554 1

45 RA%0.014 1, PRI ZERA ML 524
FEMRAE A 45 R 22554 0.029 0, AR SURR R B
PESR, TEDWAS R B A B e P, Aoy
PEREL TEUA ik BEAUMEREA I AE T4 H Y CP-
GCN W 2 Fn 4y B L An MDA bR 2SI A5 i, B ot
CP-GCN [%) 2% B 0 55 ff- b 47 3128 1) Ak 28 =2 ] 1Y) ¢
%, AR R mAPE SS9 4 0.544 0,
M AR SR YR T Az [ 22 5, 4R
fm I CP-GCN R AUZEMNAAR LRy ik aE, P tksh
B PSR RAAT IR AE I A B 4 N 245 S
0.558 2, LU FA— B PN 25 () M RE B 4.

R T BB A SR R ST i MR X IR R S
AW R A7 B AT 5, i Grad-CAM .
ok n LA T FE Y X 3k & 6a Sk BN A0
IZRTG BT I, R SE e T T RUR TR &R
WA, JfHBEE S AN AR X, PR AR
RUAE B REAS SE UM BRI, e iR
FEOEEA B8 09 A= P 2e 0 L. sl 6b fir,  ERAH
Ji PN 2 A s A A0 X e, AR Y 24

Nucleoplasm
Cytosol

Nucleoplasm Cytosol

Mitochondria
Nucleoplasm

Mitochondria Nucleoplasm

Nucleoplasm
Actin filaments

Actin filaments

Nucleoplasm
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Abstract Objective This study proposes a novel single-cell protein localization method based on a class
perception graph convolutional network (CP-GCN) to overcome several critical challenges in protein microscopic
image analysis, including the scarcity of cell-level annotations, inadequate feature extraction, and the difficulty in
achieving precise protein localization within individual cells. The methodology involves multiple innovative
components designed to enhance both feature extraction and localization accuracy. Methods First, a class
perception module (CPM) is developed to effectively capture and distinguish semantic features across different
subcellular categories, enabling more discriminative feature representation. Building upon this, the CP-GCN

network is designed to explore global features of subcellular proteins in multicellular environments. This network
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incorporates a category feature-aware module to extract protein semantic features aligned with label dimensions
and establishes a subcellular relationship mining module to model correlations between different subcellular
structures. By doing so, it generates co-occurrence embedding features that encode spatial and contextual
relationships among subcellular locations, thereby improving feature representation. To further refine localization,
a multi-scale feature analysis approach is employed using the K-means clustering algorithm, which classifies
multi-scale features within each subcellular category and generates multi-cell class activation maps (CAMs).
These CAMs highlight discriminative regions associated with specific subcellular locations, facilitating more
accurate protein localization. Additionally, a pseudo-label generation strategy is introduced to address the lack of
annotated single-cell data. This strategy segments multicellular images into single-cell images and assigns reliable
pseudo-labels based on the CAM-predicted regions, ensuring high-quality training data for single-cell analysis.
Under a transfer learning framework, the model is trained to achieve precise single-cell-level protein localization,
leveraging both the extracted features and pseudo-labels for robust performance. Results Experimental
validation on multiple single-cell test datasets demonstrates that the proposed method significantly outperforms
existing approaches in terms of robustness and localization accuracy. Specifically, on the Kaggle 2021 dataset, the
method achieves superior mean average precision (mAP) metrics across 18 subcellular categories, highlighting its
effectiveness in diverse protein localization tasks. Visualization of the generated CAM results further confirms the
model’s capability to accurately localize subcellular proteins within individual cells, even in complex
multicellular environments. Conclusion The integration of the CP-GCN network with a pseudo-labeling
strategy enables the proposed method to effectively capture heterogeneous cellular features in protein images and
achieve precise single-cell protein localization. This advancement not only addresses key limitations in current
protein image analysis but also provides a scalable and accurate solution for subcellular protein studies, with
potential applications in biomedical research and diagnostic imaging. The success of this method underscores the
importance of combining advanced deep learning architectures with innovative training strategies to overcome
data scarcity and improve localization performance in biological image analysis. Future work could explore the
extension of this framework to other types of microscopic imaging and its application in large-scale protein

interaction studies.

Key words single-cell protein subcellular localization, weak supervision, graph convolutional network, class
perception, pseudo label
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