
Iterative Data Mining of a Cell Painting Multiparametric Dataset Allows 
Rapid Identification of Phenotypes of Interest.

The advent of high content screening (HCS) created opportunities to measure diverse 
phenotypic endpoints for drug discovery in biological models, and it is amenable to 
laboratory automation. HCS yields multifaceted data that provides critical insights into 
mechanisms of action, as well as compound pharmacology and toxicology.  However, 
these large datasets are often analytically challenging for scientists with little data 
science experience. Here, we demonstrate how StratoMineRTM, our online data 
analytics platform, when combined with iterative data mining, can be used to rapidly 
gain greater insights into the performance of a HCS platform. We used the publicly 
available LINCS Cell Painting (CP) data set of a small molecule screen. We 
demonstrate that StratoMineRTM can be used for iterative data mining to refine our hit 
selection without biased towards cell-death related phenotypes. Multiple iterations of 
removing toxic phenotypes resulted in 1088 hits from the initial 1748 hits, based on 
Euclidean distancing scoring from the negative controls. For proof of principle we 
selected two hits AZD2014, an mTOR inhibitor, and YM155, a Survivin inhibitor, with 
effective doses of 3.33 nM and 0.12 nM respectively. Our third iteration identified other 
small molecules with similar mechanisms of action relative to AZD2014, such as 
Erlotinib, an EGFR inhibitor. Indeed, one of the downstream targets of the 
EGFR-mediated signaling pathway includes mTOR. Thus, iterative data mining using 
StratoMineRTM allows external annotations and/or generation of new knowledge in hit 
selection and clustering steps, which can further refine compound phenotypic analysis 
from a CP data set.

We developed StratoMineRTM, a 
platform that offers a flexible data 
analysis workflow, allows  users to 
engage an iterative data mining process 
(Figure 2). An initial analysis of a data 
set can be used to generate knowledge 
that can then be used as metadata. 
This metadata can be subsequently 
merged with the original data set and 
used in additional rounds of analyses. 
Here, we use the iterative data mining 
method to evaluate the utility of Cell 
Painting for phenotypic profiling.
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Remove redundant data

Figure 3. A. StratoMineRTM uses 
sequential approach starting with data 
type, number of data points, standard 
deviation and Spearman’s rho 
correlation coefficient to identify useful 
measurements or features for this 
experiment (3 examples were shown 
with maximum of 850 features allowed)). 
Further features were eliminated based 
on distribution curves; features with 
uniform distribution curves (B. left 
panel.) are rejected, and those with 
normal distribution curves (B. right 
panel) are accepted.

Figure 2.  Overview of the data 
analytics workflow and an iterative data 
mining loop.
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Dimensionality reduction 

Figure 5  A.  A Scree plot was generated by the StratoMineRTM that suggested 15 principal 
components.  B. A loading plot showing one of the principal components, with significant 
features that influences the principal component are labelled.  

Hits identification based on distance scoring

Figure 6. Unsupervised hit selection based on Euclidean distance scoring was used for all 
wells calculated from the median of the negative controls (red dots) with p < 0.05 (red dotted 
line) and based on 15 PCAs. This identified a total of 1225 hits that were phenotypically far 
from the negative controls. Other reagent classes shown here are samples (blue dots), positive 
controls (green dots) and Bortezomib (purple dots).   

Our analysis demonstrates how Iterative Data Mining in StratoMineRTM can be used to 
generate knowledge from very large and complex data sets. Here, we have applied 3 rounds 
of iterative data mining to the analysis of diverse phenotypes in a LINCS CP data set. In 
addition to removal of toxic compounds, our iterations identified other small molecules with 
similar mechanisms of action relative to AZD2014, such as Erlotinib, an EGFR inhibitor. 
Indeed, one of the downstream targets of the EGFR-mediated signaling pathway includes 
mTOR. Further iteration using unsupervised hit selection found additional hits, such as 
indobufen, a cyclooxygenase inhibitor, that are different from AZD201, but are also 
phenotypically different from the negative controls from the first iteration (data not shown). 
The iterative nature of the data mining process can be repeated using additional external 
annotations and/or new knowledge from previous iterations until a desired resolution is 
reached. Therefore, this approach can be used to develop a better understanding of the data, 
and gain novel biological insights with each iteration to refine phenotypic profiling.  

To find out more about StratoMineRTM for HCS image analysis, come to our booth #2138.  
For more details about your data analytics needs or to schedule a live demonstration, please 
contact us at sales@corelifeanalytics.com.
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Your Experiment.  Your Data.  Your Analysis.
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Introduction

Experimental Parameters 
Cell Line: A549
Plate Format:  384-well
Number of Plates: 40
Number of Replicates:  5
Number of Treatments: 72
Number of Doses Tested:  6 
Number of Features: 1748
      

Figure 1.  The Cell Painting (CP) Assay is a target 
agnostic phenotypic profiling method that can be used 
to profile bioactive molecules1.   The LINCS CP data 
set is a publicly available small molecule screen that 
was originally performed by the Connectivity Team, 
wherein A549 cells were treated with ~1,500 
compounds with 6 doses in 5 replicates.  All image 
data and extracted numeric features from the screen 
can be found at the Github data repository2.  
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Normalization

Figure 4.  To account for variations between plates wells were normalized against the median 
of negative control. Heavily skewed variables were detected and transformed. All data were 
scaled using a robust Z-score. Scatterplots of un-normalized (top) and normalized plates 
(bottom) are shown.  

We began our approach to analyze the LINCS Cell Painting data set by performing 
several critical steps in pre-processing of the data. We first eliminated redundant 
measurements with binary data types, low or no variation in standard deviations, or 
high Spearman’s correlation values (Figure 3A).  Moreover, measurements lacking in  
variation in data distribution were also considered redundant (Figure 3B).  We further 
performed normalization to account for plate-to-plate variations (Figure 4), as well as 
data transformation to handle any skewness in the data, and feature scaling to 
normalize the range of independent measurements (data not shown). Due to the large 
number of features from the LINCS dataset, we performed dimensionality reduction to 
reduce the complexity of the data (Figure 4). This is useful for three critical reasons: 1) 
reduces computational load, 2) reduces redundancy, and 3) reveals the biology behind 
the data by highlighting important features. 
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Figure 7. A second iteration of unsupervised hit selection based on distance from the 
negative controls, without toxic compounds (i.e., Samples with cell count < 500; data not 
shown) yielded 1088 hits. In addition, re-assigning the plate map back in StratoMineRTM 
allows visualization of the hits of interest. A. A 3D scatter plot shows that AZD2014 is 
significantly different from the negative controls compared to YM155; thus, indicating 
different mechanisms of action. B. A scatter plot of Euclidean distance score for AZD2014 (at 
3.33 nM) and YM155 (at 0.12 nM) demonstrates significant distances from the negative 
controls. 
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Figure 8. A. Euclidean distance scores from StratoMineRTM can be used to compare 
samples from hits of interest to find other compounds with similar MOA. Distance scores of 
samples were re-calculated relative to AZD2014, an mTOR inhibitor. Table below A. shows 
the Euclidean distance score list ranked from closest to furthest from AZD2014. Erlotinib, an 
EGFR inhibitor, can be found scoring close to AZD2014. B. EGFR-mediated signaling 
pathway includes mTOR as a downstream target3. C. Erlotinib significantly decreases 
phosphorylation (and activation) of p70S6K, a downstream target of mTOR, in human 
myeloid KG-1 cells4. D. EGFR inhibitor significantly decreases mTOR protein activation and 
subsequent p70S6K phosphorylation in EGFR-sensitive H3255 lung adenocarcinoma cells5.  
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