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As computational analysis of high-throughput imaging screens has advanced and matured, so has 

our understanding that cell’s morphological phenotypes have much to teach us about how genes 

and compounds function in cells. After using staining techniques such as the Cell Painting assay 

(Bray et al 2016), features of cell size, shape, intensity, and texture can be extracted by tools like 

CellProfiler (McQuin et al 2018); once extracted, these features can be built into a "profile" that 

allows the researcher to group chemicals by mechanism of action, associate genes into functional 

pathways (even learning novel pathway-pathway interactions), and even help determine which 

drugs can be used on a given disease (reviewed in Caicedo et al 2017). While traditionally this is 

done by comparing changes in the per-well average measurements after various treatments, 

incorporating measurements of the heterogeneity of treated cells can increase the ability to 

correctly group similar treatments (Rohban et al, 2019). In the absence of conventional 

segmentation and feature extraction, features extracted by deep networks on cropped treated 

single cells can also learn to classify treatments successfully (Caicedo et al 2018). 

 

While the features and relationships learned from such experiments are valuable in and of 

themselves and can answer questions within a given experiment, the features extracted can also 

be used for other purposes. High content imaging assays can be used to aid target enrichment by 

learning relationships between lower throughput functional assays and features extracted from 

imaging assays that are more easily scaled up. Such relationships can then serve as classifiers to 

create "virtual screens" that increase hit rates of selected drugs by as much as 50-250X (Simm et 

al 2018). These advancements may substantially bring down the time and/or cost of drug 

discovery, making research more efficient and creating a "Rosetta stone" that allows association 

and comparison across many kinds of data. 
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