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Motivation Imaging flow cytometry (IFC) is a technology used for studying
heterogeneity in cell populations, for example in blood samples. An IFC instrument typically produces two types of images per cell: (1) bright-field and
dark-field images that capture transmitted and scattered light passing through
a cell, and (2) up to 10 different fluorescence intensity images that capture fluorescence emitted by targeted stains attached to the cell surface. These stains
are used to identiy specific cell types.
The images are acquired at a throughput of 5000 cells/second. This fast acquisition of information-rich data makes IFC technology an ideal candidate for
machine learning applications. In particular, since staining techniques are expensive and possibly a confounding factor, a machine learning-aided application
of interest is stain-free cell type classification.
Problem Identifying the cell type based on bright-field, dark-field and fluorescence images is relatively easy through targeted staining followed by manual
gating. In manual gating cells are hierarchically subdivided into populations
of cell types based on measurements extracted from the images, such as fluorescence intensity, image heterogeneity, cell roundness, and other morphology
features. Each population subset is defined by selecting an area on a 2D-scatter
plot of two measurements.
When the analysis is limited to only stain-free data, the identification becomes much more challenging. Then, only morphological characteristics inherent
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to the cell can be captured in the dark- and bright-field images. Manual gating
is in this case no longer feasible, as this linear, bivariate method is too simplistic
to uncover the subtle morphological differences between cell types.
Approach In this work we assess whether we can use machine learning classifiers to tackle this problem. We use two IFC datasets in which immune cells were
labeled with a ground truth cell type by an expert, using the targeted staining
process described earlier. The classifiers are trained to predict this ground truth
using only dark- and bright-field data.
Additionally, we extensively compare the performance of deep and classical
machine learning on this problem. For the former, we use two convolutional
neural nets: ResNet and DeepFlow. DeepFlow is an architecture optimized for
IFC data. These models are optimized with the Adam optimizer from scratch
using the images (90x90 pixels) acquired by the imaging flow cytometer. For the
latter models, we use a random forest and gradient boosting classifier. These
models are trained on a host of features computed on the images by IDEAS, a
specialized software suite for IFC data.
We apply data augmentation on minority class instances to counter class
imbalance present in the data. For feature-based models instances are randomly
over-sampled, and for image-based models, instance images are randomly rotated, shifted, and flipped horizontally or vertically.
Results We obtained results on two datasets: (1) one contained eight labels
identifying several white blood cell (WBC) types, the other (2) contained three,
identifying eosinophils – an immune cell type circulating in the blood – in two
activation states. The datasets contain 98 013 and 190 557 instances, respectively.
On the WBC dataset the best obtained results were 0.778 and 0.703 balanced
accuracy for classical machine learning and deep learning, respectively. On the
eosinophil dataset this was 0.871 and 0.856 balanced accuracy, respectively.
In both datasets, the classifiers struggle with fine-grained cell type classification. For example, in the WBC dataset, T-cells can be separated from other
cell types relatively well with a recall of 0.789. However, fine-grained CD4+ and
CD8+ T-cell classification is much more challenging (recall of 0.609 and 0.588,
respectively). The same is seen for the eosinophil dataset, where eosinophils can
be separated from other cells, but active and resting eosinophils cannot. This
could be a limitation of stain-free IFC: the bright- and darkfield images might
not contain enough information to accurately make a fine-grained distinction.
Conclusion We conclude that classifying cell types based on only stain-free
images is possible with all four classifiers, but fine-grained classification remains
challenging. Noteworthy, we also find that the deep learning approaches tested
in this work do not outperform the approaches based on manually engineered
features.
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