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Cell Painting ORF Screen

Introduction
While the technologies for the generation of high content data are now widely accessible, many biologists still struggle to
make use of the extracted features. Often this is due to the lack of suitable data analytics tools. Until recently another
problem in the field was a lack of publicly available screening data sets, that biologists could use for training and analytical
method validation.
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Here we show how recent advances can serve to make high content analysis accessible to more biologists. We
demonstrate how data from a publicly available highly multivariate high content data set was processed in our commercial
tool, HC StratoMineR (https://www.corelifeanalytics.com). The results of the analysis can be easily validated by way of
access to the corresponding image data set that is publicly available in the IDR (https://idr.openmicroscopy.org) image data
repository.

cDNA Overexpression Screen
220 genes
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WT and Mutant Pairs
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○
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We analyzed the numeric data from the “Cell Painting” cDNA overexpression screen, (Rohban MH et al. 2017) in HC
StratoMineR using exploratory, unsupervised techniques. Phenotypic outliers were identified which could then be rapidly
viewed in the IDR for validation of the phenotypes. Hierarchical clustering revealed a group of hits that were enriched for
Ras/Raf pathway genes.
We then demonstrated how Artificial Intelligence algorithms and numeric features extracted at object level can be used to
train a Random Forest model which can then be used to identify similar phenotypes. The RF model also assisted in the
identification of critical extracted features for the identification of specific phenotypes. These could then be used to build
more efficient models for the development of future robust screening assays.

Data Analytics Workflow

8 PCs were used for hierarchical clustering of
hits generating 6 clusters

Plate map assigned from control class
information in data files.

Fig 1. A. The Cell Painting Assay is a target agnostic phenotypic profiling method that can be used to profile bioactive
molecules, (Bray et al. 2016) B. The data set analyzed here was from an cDNA overexpression screen run at the Broad
Institute (Rohban et al. 2017). Extracted features were provided by the Carpenter group, Meta data and images can be
viewed at the Image Data Repository, (https://idr.openmicroscopy.org/), idr0033-rohban-pathways/screenA. Image links
from the IDR were added to the data set.

Data Reduction
A

A median estimator was applied to all wells. Wells
were plate normalized against the median of the
negative control. Heavily skewed variables were
automatically detected and transformed. All data
was scaled using a robust Z-score by plate.
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Clustering
100 problematic variables removed. A further 834
variables removed at Pearson correlation co-efficient
cut-off of 0.852. A further 9 variables were removed
due to uniform distributions. 841 variable remain.

Hit Picking
Data Reduction

Extract well identifiers, reagent
classes & links to images

Plate Normalization
No missing data was detected. Principal
component data reduction was carried out
generating 8 components.

Quality Control

1783 features,
cell level data, 34 GB

Variable Selection
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Unsupervised Hit Picking was carried out by calculation multiparametric
Euclidian distance score from the median of the Negative controls. A p<0.4
cut-off generated 39 hits.

Meta Data

For supervised Hit Picking a two-class model was built based on BRAF-WT
and BRAF-V600E. Hits similar to BRAF-V600E were identified with p<0.4
cut-off.

Data Upload

Fig 2. Overview of data analytics workflow in HC StratoMineR (Omta WA et al. 2016)

Clustering

Unsupervised Hit Picking
A

B

D

Fig 3. A Scree plot to determine the appropriate number of components to calculate. B. Correlation plot of all
features before data reduction. C. Correlation plot of 8 principal components after data reduction. D. Plots showing
the loading of features on the first two principal components.
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Fig 4. A. Distance scores for all wells calculated from the median of the
NEGATIVE wells B. Correlation scatter plot of distance scores for first two
replicates. C. Scatter plot of -Log10 of p-values with hit cut-off line. D.
Distance scores of strongest hits. E. Distance score of wild-type/mutant
pairs. E. Images from the IDR of Erg-truncated and NEGATIVE well.
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Fig 5. Hierarchichal clustering of hits reveals a cluster containing BRAF-V600E and RAF1-L613V

Optimization of Supervised Hit Picking
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Conclusions
We have shown how unsupervised analytical methods can be used to identify phenotypes of interest in complex high content
data sets. Artificial intelligence can then be applied to generate classification models that can be successfully used to identify
similar phenotypes. Machine learning also allows for the identification of the features that distinguish the phenotypes. This can
be a guide to the biology behind the differences.
The information can also be used to accelerate the development of superior phenotypic screening assays for the identification
of desirable phenotypes.
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Fig 6. A. A binary Random Forest classifier was trained against
BRAF-WT and BRAF-V600E wells. B. Feature importance plot
showing the critical features for the model. C. Scatter plot for each
well showing the probability score it is in the BRAF-V600E class. D.
Heatmap of hits at p<0.4. E. Images from the IDR of BRAF-WT and
BRAF-V600E wells.
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Fig 7. A. The top 10 most important features were used to build a new
model which was then applied. B. Feature importance plot for 10
features. C. Scatter plot of probability scores for all wells. D. Heatmap of
hits at p<0.4. E. List of hits from all three hit picking strategies.
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