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B D learning for imaging flow cytometry
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- ; LightLoss + FVS520 + Anmexin V LightLoss U _ Figure 5. Label-free identification of Jurkat cell apoptosis induced by different drugs. (A) Mechanism of cell apoptosis induction by different
] Q P/ G 91 -0sS nnexn FVS520 + Annexin V drugs. Camptothecin and etoposide promote cell cycle arrest and DNA damage by inhibiting topoisomerases. On the other hand, staurosporine

induces DNA damage by blocking protein kinases. In response to DNA damage, the Bcl-2 family proteins modulate the function of mitochondria.
Cytochrome C escapes from the damaged mitochondria and activates the protein complex apoptosome, which cleaves pro-caspase-9, triggers the
cascade of caspases and eventually induces cell apoptosis. (B) Jurkat cells were treated with 10 uM camptothecin, 10 uM etoposide or 1 uM
staurosporine overnight. Cells were stained with PI and Annexin V APC. Images and the fluorescent signal of all single cells were recorded using the
BD FACSDiscover™ S8 Cell Sorter. (C) Precision, Recall and F1 scores are shown for the three apoptosis datasets using different drugs. (D) tSNE
plots of unsupervised clustering on live, dead and apoptotic cells. Separation of the three populations was observed for all three drugs.
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live cells 0.96 0.93 0.94 Figure 6. Label-free identification of PBMCs using the deep learning model. (A) Dose-dependent cell apoptosis induction on PBMCs. PBMCs
dead cells 0.96 0.97 0.97 were treated with either DMSO or increasing concentrations of camptothecin for 4 hours. Elevated levels of dead and apoptotic cells were
SSC apoptotic cells| 0.88 0.92 0.90 observed whereas the proportion of live cells reduced with increased concentrations of camptothecin. (B) PBMCs were treated with 10 uM
MECE camptothecin for 4 hours and collected for cell staining with PE-CF594 Annexin V and the viability marker FVS780. Both the flow cytometry data
and label-free images were saved for single cells. (C) Confusion matrix and accuracy scores (Precision, Recall and F1) are presented for the PBMC
dataset
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scores were reported for live, dead and apoptotic cells. (D) Unsupervised clustering analysis (UMAP and tSNE) was performed using imaging
features extracted from the deep learning model. Cell identity associated with live, dead and apoptotic cells from the ground truth labeling
was overlaid onto the plots.
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