Unsupervised deep learning approach for automated annotation of cellular electron cryotomograms
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Electron cryo-tomography is the most widely applicable method for obtaining three-dimensional information
from biological samples close to their native environment and at nanometer resolution. Owing to the complex
content of these samples and the low signal-to-noise ratio of the reconstructions, interpretation of their threedimensional content is not straight forward (1).
A relatively new class of machine learning approaches termed deep learning holds great promise to help with
interpretation of electron cryo-tomograms. In contrast to other machine learning approaches that require careful
construction of tailor-made data representations to yield good performance, the learning methods that underlie
deep learning are fed with raw data and automatically discover the representations needed for detection or
classification. The deep learning approach uses multiple levels of representations, each at a slightly more
abstract level than the previous one. The layers of representations are not designed by human operators but are
learned through general-purpose representation learning algorithm. These types of deep learning approaches
were shown to be spectacularly successful in several application domains. In particular, deep convolutional
neural networks have done exceedingly well in image recognition tasks. For example, before 2012 no computer
algorithm was able to surpass the 25% mark in error rates for the ImageNet competition, which concerns
classifying and locating different objects in a large set of natural images. With the introduction of convolutional
neural networks in 2012, this rate dropped to 16% (2) and, after additional improvements, is now reduced to a
few percent (3 - 5).
With this type of success in the imaging domain, it is not surprising that applications based on deep learning
approaches started to appear for particle picking tasks in single-particle electron cryo-microscopy (6 - 8), neuron
tracing in block face scanning electron microscopy reconstructions (9) and are beginning to trickle down to
electron cryo-tomography (10).
However, all these algorithms are of the supervised learning category where the algorithms get trained with
classifications performed by human operators. A potential issue with these supervised deep learning approaches
is that they are inherently subject to human bias by being trained by humans. In fact, the severity of human
bias can be magnified by deep learning algorithms, sometimes significantly and in quite unpredictable and
unexpected ways (11, 12).
We are developing an unsupervised deep learning approach that overcomes these potential obstacles by using
of correlative high-resolution fluorescence microscopy and cellular electron cryo-tomography instead of human
classifications. We developed a method for accurately aligning the two modalities (13) and use an optimized
variant of the watershed segmentation approach (14) on the aligned fluorescence images to classify the regions
of interest. We then transfer that classification to the cryo-tomograms. These classifications are then used as
input to a convolutional neural network and the deep learning algorithm commences in the usual way, using
only the underlying cryo-tomography data in the process. Thus, after learning is completed, the resulting
classifier can be used on cryo-tomograms that do not have a corresponding aligned fluorescence image. Funding
for this work was provided by NIH.
References
1. Volkmann N (2018) in Cellular imaging: electron tomography and related techniques , ed Hanssen E
(Springer), pp 301 - 318.

2. Krizhevsky A, Sutskever I, Hinton GE (2012) ImageNet classification with deep convolutional neural networks.
Proc Advances in Neural Information Processing Systems 25:1097 - 1105.
3. Russakovsky O et al. (2015) ImageNet large scale visual recognition challenge. Int J Comput Vis 115:211 252.
4. Szegedy C et al. (2015) Going deeper with convolutions. Proc IEEE Conf Computer Vision and Pattern
Recognition 1 - 9.
5. He K, Zhang X, Ren S, Sun J (2015) Deep residual learning for image recognition. preprint arXiv:151203385
6. Wang F et al. (2016) DeepPicker: a Deep Learning Approach for Fully Automated Particle Picking in Cryo-EM.

preprint arXiv:160501838

7. Zhu Y, Ouyang Q, Mao Y (2016) A deep learning approach to single-particle recognition in cryo-electron
microscopy. preprint arXiv:160505543
8. Chen M, Baker ML, Ludtke SJ (2016) Application of Deep Learning to CryoEM Heterogeneity Analysis.
Biophysical Journal 110:158a.
9. Helmstaedter M et al. (2013) Connectomic reconstruction of the inner plexiform layer in the mouse retina.
Nature 500:168 - 174.
10. Chen M et al. (2017) Convolutional neural networks for automated annotation of cellular cryo-electron
tomograms. Nat Methods 14:983 - 985.
11. Mordvintsev A, Olah C, Tyka M (2015) Inceptionism: Going deeper into neural networks.
http://googleresearch.blogspot.com/2015/06/ inceptionism-going-deeper-into-neural.html
12. O'Neil C (2016) Weapons of math destruction: how big data increases inequality and threatens democracy
(Crown Publishing Group/Penguin Random House)
13. Anderson KL, Page C, Swift MF, Hanein D, Volkmann N (2017) Marker-free method for accurate alignment
between correlated light, cryo-light, and electron cryo-microscopy data using sample support features. J

Struct Biol

14. Volkmann N (2002) A novel three-dimensional variant of the watershed transform for segmentation of
electron density maps. J Struct Biol 138:123 - 129.

