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Abstract

Microfluidic technology can provide a precise and controllable microenvironment for cell experi-
ments, overcoming the shortcomings of traditional cell migration experiments that cannot inte-
grate complex environmental factors. A large amount of cell image data can be generated using
microfluidic chips, but how to analyze the cell data accurately and rapidly is an important and dif-
ficult task. To address this problem, this paper designs a microfluidic cell migration chip with a
unique micropillar blocking structure within the chip to ensure that the cells are located on the
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same side before migration and to reduce the cell overlap phenomenon. Fluid simulation was
performed using multi-physics Field Simulation Software, and the results confirmed that the chip
model could generate a stable concentration gradient that induced cell migration. Finally, cell mi-
gration experiments were performed to enable the collection of sufficient experimental data. With
the help of deep learning tools to construct an analysis tool for cell images for this type of data to
meet the requirement of fast and accurate analysis. The tested constructed data analysis tool is
accurate up to 95.1% in cell segmentation.
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Figure 1. Chip effect diagram
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Figure 2. Chip structure
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Figure 3. Physical picture of cells passing through the microcolumn
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Figure 4. Concentration distribution in the main channel
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Figure 5. Concentration gradients at different locations in the main channel

5. FBBENEELAIREREE

DOI: 10.12677/mos.2024.133212 2319

e

B A


https://doi.org/10.12677/mos.2024.133212

Bl

Figure 6. Concentration gradient actually generated
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Figure 7. Data enhancement results are shown, (a) is the original image, (b) is the result of rotation, and (c) is the result of
multi-contrast enhancement
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Figure 8. SAM model structure
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Figure 9. Segmentation test result
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