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Introduction

There is a growing interest in adopting image-based phenotypic profiling for target and drug discovery processes. Much of the growth has been driven by the use of Cell Painting, a standardized high content profiling method
originally developed at the Broad Institute. The JUMP (Joint Undertaking in Morphological Profiling) Cell Painting (CP) consortium has been established to generate a large public reference Cell Painting dataset with the aim to
create a new phenotypic approach to drug discovery. Here, we have focused on the preliminary JUMP CP dataset’, which includes A549 and U20S cell lines treated with chemical and genetic (CRISPR and ORF) perturbations to
explore the CellProfiler output features capturing the variability in this data. We show how our web-based data analytics platform, StratoMineR, can be used to evaluate phenotypic data holistically.
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Intensity Features
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Table 1: Principal Component Analysis results.The five features with higher loadings within the first three
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components are shown. More features were significantly loading within the components (data not shown
here). Morphology, Intensity and Texture features are shown here, the same analysis was performed for the
other feature groups. Please contact us for more information.
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Figure 3: Using the StratoMineR™ Quality Control interactive data visualization module, we can quickly get an

overview of the entire preliminary JUMP-CP dataset. We used the merged metadata module to combine an AN ) ) )

annotation file with the raw data, this supports inclusion of details about the experiment (compound names, time \<>/ Hit selectlon & C[ustenng Ana[yses
points, reagent classes, etc) which results in more plotting options. For example, here the data points are labeled by I2£. —

reagent class and the data is tiled by perturbation type: Compound, CRISPR or ORF.

Besides exploring the features and their importance within each category, we used the pilot data to make
several phenotypic comparisons between two cell lines, and tracked phenotypic drift over various time points
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Figure 4: Feature selection with Morphology features in the preliminary JUMP-CP dataset. The correlation matrix Features -
shows only 250 features, and the table lists the top 10 features with the highest correlation values with their closest
feature, indicating redundancy. The same method was applied for every feature category. Figure 6: Hit selection and clustering identified compounds with related and unrelated targets.
Unsupervised hit selection using Euclidean distance scoring was used for a subset of data from
References compound-treated A549 experiment, and distance scores were calculated from the median of the
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2. Bray MA et al. Nat Protoc. 2016 Sep; 11(9): 1757-1774. distinct from the negative controls. Shown here is a hit selection scatter plot for A549 cell line (A) and
3. Omta W et al. Assay Drug Dev Technol. 2016, 14(8): 439-452. selected hit compounds (inset) can be clustered based on 10 PCAs (B) or across 50 features (C). List of
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