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Abstract

In the last decades, technological progress in computing capacity, data acquisition and its storage has enabled new possibilities to analyze big data using
machine learning, which is incomprehensible for manual analysis. Therefore, big data analysis and machine learning are well suited in the realms of drug
development, to analyze the complexity of cellular processes. The objective of the present study is to develop and train an artificial neural network (NN) based

on contractility parameters that differentiates compounds according to their influence on cellular pathways in human induced pluripotent stem cell-derived
cardiomyocytes (hiPSC-CMs).
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Conclusion

On average our developed NN was able to correctly classify >90% of the corresponding target pathways using 65% of the development data for training. The
remaining cross-validation (15%) and test (20%) sets ensured the functionality of the algorithm with predictive powers of 91% and 87%, respectively. In
summary, the NN has shown to be a reliable analysis tool for in vitro drug screening and cardiotoxicity assays using beat shape data of hiPSC-CMs obtained
with the FLEXcyte technology, and thus offers insight into the effects of compounds on the target signaling pathways. Further experiments are planned with
compounds not part of the development set to show the predicting power of this NN.
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