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Cryo-electron microscopy (cryo-EM) is arguably the fastest growing technique in structural biology
(Callaway, 2020). Since 2012, the number of deposited structures determined with cryo-EM has been
increasing at rates unmatched by the other techniques, namely X-ray crystallography and nuclear magnetic
resonance (NMR). This has led to the huge investments in the required infrastructure, made by universities
and government-funding agencies worldwide. Moreover, with the recent improvement in sample
preparation and data collection (Jain et al., 2012; Arnold et al., 2017; Cheng et al., 2018; Zivanov et al.,
2018; Darrow et al., 2019; Ravelli et al., 2019), a single cryo-EM instrument can easily generate more
than one dataset (5,000 - 8,000 movies) per day. Data quality assessment and user-free preprocessing will
soon become the bottleneck in the “high-throughput” era of cryo-EM.

Although there has been a lot of development in software and algorithms for cryo-EM data processing in
the past few years (Punjani et al., 2017; Zivanov et al., 2018; Tegunov and Cramer, 2019), manual and
subjective decisions are still heavily involved in solving a structure (Fig. 1, left). As experts represent a
continually shrinking fraction of cryo-EM users, the complexity in data processing frustrates many new
users. On the other hand, even for cryo-EM experts, manual data assessment and supervision through all
the preprocessing steps are still tedious and time consuming.

To improve the automation of cryo-EM data processing, we have developed an automatic pipeline for
cryo-EM data preprocessing and assessment (Fig. 1, right) (Li et al., 2019). Specifically, we used a
combination of deep learning and image processing to transform the expert knowledge to data assessment
models that can replace subjective decisions in the preprocessing steps. Based on the first version of our
automatic pipeline, we made a number of improvements which further improves the robustness and
reduces the computational cost. Moreover, we are exploring new algorithms for particle sorting to provide
a quick readout of particle quality to enable faster preprocessing routines. We believe that our automatic
pipeline for cryo-EM data preprocessing will benefit the users from a range of backgrounds.
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Figure 1. Conventional cryo-EM preprocessing vs. automatic preprocessing pipeline.
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