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Abstract

Recent advances in computer vision and machine learning underpin a collection of algorithms
with an impressive ability to decipher the content of images. These deep learning algorithms are
being applied to biological images and are transforming the analysis and interpretation of imaging
data. These advances are positioned to render difficult analyses routine and to enable researchers
to carry out new, previously impossible experiments. Here we review the intersection between
deep learning and cellular image analysis and provide an overview of both the mathematical
mechanics and the programming frameworks of deep learning that are pertinent to life scientists.
We survey the field’s progress in four key applications: image classification, image segmentation,
object tracking, and augmented microscopy. Last, we relay our labs’ experience with three key
aspects of implementing deep learning in the laboratory: annotating training data, selecting and
training a range of neural network architectures, and deploying solutions. We also highlight
existing datasets and implementations for each surveyed application.

Advances in imaging have transformed the biological sciences, enabling researchers

to access temporal and spatial variations inherent in living systems. Progress in

optics has yielded microscopes capable of imaging over a range of spatial scales,

from single molecules to entire organisms. Concurrently, improvements in fluorescent
probes have enhanced the brightness, photostability, and spectral range of fluorescent
proteins and of small-molecule dyes. Combined, these advances allow for a variety of
dynamic measurements in living cells, from long-term imaging of single molecules!-2, to
simultaneous measurements of multiple biosensors34, to observations of the development
of entire organisms®2. They have also led to impressive measurements in fixed samples,
with spatial genomics now driving the simultaneous measurement of dozens of proteins
or thousands of mRNA species in fixed cells and tissues while preserving spatial
information10-12,
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Concurrent with these technological advances has been an increasing demand in the
biosciences for image analysis. Modern imaging data increasingly require quantification

to be informativel3. Typical tasks include unsupervised image exploration (comparing
features of collections of images, for example, by identifying changes in cellular
morphology in an imaging-based drug screen), image classification (predicting a label

for an image—for example, determining whether a stem cell has differentiated), image
segmentation (identifying the parts of an image that correspond to distinct objects—for
example, identifying single cells in images), and object tracking (following an object—

for example, a single cell in a live embryo—among frames of a movie). In response to

this demand, researchers and companies have developed software libraries, use-case-based
implementations, and general-purpose computer vision ecosystems. MATLAB was one of
the first commercial platforms to support solutions for computer vision and continues to
enjoy frequent use. Recently, the development of open-source data-science libraries for
Python (e.g., NumPy4, SciPy15, Pandas'6, Scikit-imagel?, Scikit-learn18, Matplotlibl®,
and Jupyter20) has led to a rise in Python’s popularity. Both MATLAB and Python now
contain ready-made implementations of common computer-vision algorithms. Traditionally,
experimentalists wrote software tools that drew from these libraries. As analysis tasks
became more common, several software tools were created to improve accessibility

through a graphical front-end. For example, there are tools for single-cell analysis of
bacteria (SuperSegger?!, Oufti?2, Morphometries23), single-cell analysis of mammalian
cells (CellProfiler2425, |lastik26, Microscopy Image Browser??), and general-purpose image
analysis (ImageJ?8, OMERO?29). These tools and ecosystems have transformed experimental
design, rendered quantitative and statistical analyses automatable and high-throughput, and
yielded a plethora of critical biological insights.

Excitingly, deep learning has expanded the range of problems that computer vision

can solve®0. Here, “deep learning” refers to a set of machine-learning techniques,
specifically, neural networks that learn effective representations of data with multiple
levels of abstraction3C. Note the contrast with conventional machine learning, in which
representations are manually designed through feature engineering. In deep learning, the
learning can be supervised or unsupervised. Supervised approaches, which have been the
most successful, attempt to maximize performance on an annotated dataset. Unsupervised
approaches are used to reconstruct original data after compression into a low-dimensional
space. Although these techniques have existed in mathematical form for several decades,
they gained attention when a deep-learning-based method won the 2012 ImageNet Large
Scale Visual Recognition Challenge3. Since then, there has been a major increase in the
variety of problems that can be solved with deep learning. In addition, improvements in
computer hardware and deep learning frameworks have placed these tools within reach

of the typical software developer. While deep learning has been predominantly applied
commercially, it is now starting to emerge in the physical32-34, chemical3538, medical37:38,
and biological sciences3%-42 with applications for images and other data types.

Given the central role that observation—and therefore imaging—plays in the biological
sciences, deep learning has the potential to revolutionize understanding of the inner
workings of living systems. Indeed, currently a ‘gold rush’ is taking place, with numerous
groups seeking to apply these methods to their data in order to extract novel biological
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insights. Nonetheless, deep learning has yet to be widely adopted throughout the life and
medical sciences. Importantly, many of the software tools mentioned above (with the recent
exceptions of CellProfiler?> and ImageJ#3) do not yet feature deep learning. In our opinion,
for deep learning to truly transform the life sciences, its application needs to be as routine
as BLAST searches. The barriers to spreading deep learning throughout biology labs are
both cultural and technical. The mathematics renders some of the inner workings of deep
learning algorithms opaque; the unique requirements of deep learning necessitate a different
way of thinking about writing software. Specifically, the need for annotated data means that
data and software must be jointly developed—an approach recently termed Software 2.0
(Fig. 1). The amount of data and the computational resources required for deep learning
constitute a significant barrier to adoption, as does the knowledge required to optimize
model performance and to interpret what deep learning models have learned. To harness the
full power of these tools, life scientists must familiarize themselves with them to enhance
their existing workflows and to set the stage for currently unforeseen analyses.

By focusing on use cases that are common in quantitative cell biology, this Review serves as
a practical introduction to deep learning for the analysis of biological images. It builds

on prior reviews of the intersection of deep learning and the life sciences?2:45-47 py
incorporating a discussion of our labs’ joint experiences in applying these methods to
cellular imaging data, and is meant to make these methods less opaque to new adopters.
First, we review the practical mechanics of deep learning, including the mathematical
underpinnings, recent advances in neural-network architectures, and existing software
frameworks. Next, we outline what we feel are the key components of effective, laboratory-
scale deep learning solutions. We then review four use cases: image classification, image
segmentation, object tracking, and augmented microscopy. For each use case, we cover
problem specification, the state of the field with respect to algorithms and biological
applications, and publicly available datasets. We close by sharing some of the lessons that
our labs have learned while adapting these methods to biological data, and by suggesting
directions for future work.

The practical mechanics of deep learning

In deep learning, an algorithm learns effective representations for a given task entirely from
data. An introduction to the mathematics underlying the training of deep learning models

is given in Box 1, troubleshooting advice is given in Box 2, and a glossary of commonly
used terms is given in Box 3. Because the most successful solutions have been supervised,
we believe that there are three essential components to the successful application of deep
learning to biological image analysis: construction of a pertinent and annotated training
dataset, effective training of deep learning models on that dataset, and deployment of trained
models on new data.

Training data are critical to successful applications of deep learning; this requirement is
one of the key disadvantages of this method. In our experience, assembling sufficient
high-quality data often takes as much, if not more, time as programming the deep learning
solution. Robust solutions require datasets that capture the diversity of images likely to be
encountered during analysis. As much as possible, annotations for these datasets need to be
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error free, because errors can be learned. While training data may be limited, computational
approaches can extract the most utility out of existing data. Image normalization reduces
variation from distinct acquisition conditions#248. Data-augmentation operations such as
rotation, flipping, and zooming can also increase the image diversity in a limited dataset;
these operations are generally standard practices regardless of the dataset size or type?°.
Transfer learning is another approach for creating robust models with limited data. In
transfer learning, a deep learning model is trained on a large dataset to learn general image
features, and then is fine-tuned on a smaller dataset to learn to perform a specific task®051,
While these approaches enable well-performing networks to emerge from limited datasets,
considerable performance boosts arise from large annotated datasets®2. For some uses, such
as the detection of diffraction-limited spots, it has been possible to produce simulated
images with a known annotation®3. In other strategies, the curated outputs of traditional
computer-vision pipelines have been used as training data®. Training data have also been
produced manually by experts using annotation tools such as Fiji/lmageJ8, Cellprofiler®2,
and the Allen Cell Structure Segmenter®®. Crowdsourcing, a cost-effective source of large
datasets, is extensively used in fields such as automated driving; existing tools are being
adapted for biological images. Enterprise commercial solutions include Figure Eight, which
was recently acquired by Appen, and Samasource. The Quanti.us®® tool features a graphical
user interface for biological image annotation for use on Amazon Mechanical Turk, as

does Amazon’s Ground Truth tool, which uses active learning to reduce data-labeling costs.
Gamification has also yielded some very promising results®’. Importantly, the community
acknowledges that the annotated datasets that power deep learning algorithms should

be publicly available, as a comprehensive and expansive set of training data specific to
biological problems would aid the development of deep learning algorithms considerably.

Once training data have been acquired, a deep learning model can be trained to accurately
make predictions for new data. This task has several unique software and hardware
requirements. Currently, Python is the most popular language for deep learning; existing
frameworks include Tensorflow/Keras®829, PyTorch6%, MXNet61, CNTK®2, Theano83, and
Caffe®4. Although these frameworks have important differences, there are also several
commonalities. First, all of them construct a computation graph that outlines all the
computations made by a deep learning model as input data are transformed into the final
output. Second, they all automatically perform derivatives, which enables them to carry
out optimizations like those described in Box 1 without additional work by the user once
the computation graph is specified. Third, they provide an easy gateway for specialized
hardware such as graphical processing units (GPUs) and tensor processing units®>-67,
Because deep learning models often contain millions of parameters, specialized hardware
is needed to perform these computations quickly. Fourth, these frameworks all contain
implementations of common mathematical objects, optimization algorithms, hyperparameter
settings, and performance metrics—meaning that users can quickly apply deep learning to
their data without having to reproduce these implementations on their own. Although a
considerable amount of programming is still required to adapt these frameworks to cellular
imaging data, they substantially reduce the barrier to entry.

These frameworks have greatly simplified the training and deployment of deep learning
models. Programming aspects are often reduced to finding a deep learning architecture
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that yields the best performance for a particular task. Recent strategies have incorporated a
search throughout the space of potential architectures to identify the most effective model
architecture®-70 (Fig. 2). In our experience, the choice of architectural features often comes
down to a tradeoff between overfitting and underfitting; this is also known as the bias—
variance tradeoff in statistical modeling’! (Fig. 2j). Overfitting occurs when models perform
well on a training dataset but perform poorly on a withheld validation dataset, whereas
underfitting occurs when models perform poorly on training data because they are unable

to capture the variation in a training dataset. These two outcomes are often (but not always)
two faces of the same coin, which we call model capacity: the representational power of a
deep learning model. Models with high model capacity perform well on large datasets but
are prone to overfitting. Models with lower model capacity may generalize better but are at
risk for underfitting. Overfit models can be unreliable on unseen data, and underfit models
have suboptimal performance’?. Overfitting is a particularly important issue with small
datasets. Techniques for mitigating overfitting are discussed in Box 2 and Fig. 2j—-m. Recent
years have seen architectural advances, such as residual networks58, that have increased
model capacity, which can lead to overfitting’2. We recommend using model architectures
with high model capacity only when enough data are present to avoid the model fragility
that comes with overfitting. When data are limited, models with limited capacity and trained
with regularization techniques are more likely to be robust. An alternative approach is to use
transfer learning when adapting deep learning models to small datasets. This strategy often
requires that pretrained models be modified to be compatible with the new dataset and task
(changing the number of channels for an input image, etc.); users often are unable to make
substantial changes to the model architecture. Despite these limitations, transfer learning
can be very effective when data are limited. Whether training datasets are sufficiently large
can be assessed with a cross-validation analysis. In this approach, one computes the degree
of overfitting on models trained on varying fractions of the available training data. If the
amount of data is sufficient, then the degree of overfitting should be stable even when the
size of the training dataset is reduced. While overfitting is an important issue, other practical
concerns come into play (Box 2), including optimization of hyperparameters such as the
learning rate, choice of training algorithm, and issues surrounding class balancing.

Once trained, deep learning models must be deployed to process new data. While
deployment can be achieved with scripts and Jupyter Notebooks?8, an alternative and
arguably more effective approach is to use built-in deployment tools in several frameworks.
For instance, both Tensorflow and MXNet have built-in deployment features that enable
models to be deployed on a server and accessed through standard internet communication
protocols’3, which allows the models to be shared beyond the original user. Associated
software and hardware requirements mean that additional layers of software engineering
beyond what is typical for academic software are often required for a deployment solution
to be useful. First, containerization tools such as Docker’* have been essential for the
creation of reproducible environments for developing and deploying deep learning models.
Second, the need for GPUs has been a barrier, as a considerable amount of Unix system
administration experience is necessary to ensure that all the requisite drivers and software
packages are operational. While some vendors such as NVIDIA and Lambda Labs provide
combined software and hardware solutions, increasingly, cloud computing is used because
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it both removes variability in hardware and enables users to match their computational
power to their workload. Further, it empowers new users of deep learning by providing the
requisite hardware quickly and affordably. The cloud was a key feature of the CDeep3M
tool”® and was also used by Keren et al.11 to deploy deep learning models to quantify spatial
proteomics data of the tumor microenvironment.

Biological applications of deep learning

Now, we discuss the application of deep learning to four critical use cases: image
classification, image segmentation, object tracking, and augmented microscopy. For each
use case, we describe the existing deep learning methodologies and their specific application
to cellular analysis.

Image classification.

Image classification, the task of assigning a meaningful label to an image, was one of

the first high-profile successes of deep learning. A classic example is the discrimination
between images of cats and dogs; a biologically motivated example would be identifying
whether a protein is expressed in the cytoplasm or the nucleus on the basis of fluorescence.
A schematic of image classification and its biological application is shown in Fig. 3.
Because of the utility of image classification, much of the recent work in computer vision
has focused on improving performance on standard datasets such as ImageNet8:69, The
architectures underlying biological applications are very similar to, if not the same as, those
in commercial applications. Because of this similarity, and because of the relative lack of
annotated training data for biological images, transfer learning has featured prominently

in the creation of image classifiers that perform well on biological data®%.76. One can
implement transfer learning in these cases by starting with an image classifier that has been
trained on a large dataset, such as ImageNet, replacing the final layer with one suitable for
the new classification task, and then retraining on a smaller set of annotated data®C.

Previous applications of deep-learning-based image classification to biological data
demonstrate the technical advantages of deep learning for biological discovery. For example,
most work on the interpretation of imaging-based high-throughput screens has focused on
the generation of classifiers that identify conditions and compounds that lead to meaningful
changes in cell morphology’’. To account for changes in cell morphology that might not
be captured in labeled data, several approaches have used deep learning models to extract
feature vectors instead of labels, and then clustered those vectors’®:78.79, Image classifiers
have also been used to identify changes in cell state”®-0: in a recent study, scientists used a
fluorescent marker of differentiation to establish a ground truth and then trained a classifier
to identify differentiated cells directly from bright-field images®l. Deep learning has also
been used to classify spatial patterns in fluorescence images and to determine protein
localization in large datasets from yeast32-84 and humans®’. Last, deep-learning-based
image classification was recently combined with microfluidics to produce a platform for
intelligent, image-activated cell sorting8®. Using this technology, Nitta et al.8> isolated cells
on the basis of protein localization and cell-to-cell interactions. These studies highlight the
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fact that deep learning is an accessible tool that can help biologists understand their imaging
data.

Image segmentation.

Image segmentation is the task of partitioning an image into several parts to identify
meaningful objects or features (Fig. 4). One specific biological example is the need to
identify single cells in microscope images, a common problem encountered in analyses of
biological images. It is important to distinguish between semantic segmentation and instance
segmentation because these two tasks feature prominently in the deep learning literature.
Semantic segmentation is the task of partitioning an image into semantically meaningful
parts and assigning each part a class label—for example, labeling each pixel of an image

as cytoplasmic, nuclear, or background. Although this partitioning produces a pixel-level
annotation, ‘object-ness’ is not necessarily preserved (in our example, two neighboring
nuclei might not be separated into two distinct objects). In contrast, instance segmentation

is the task of identifying each instance of a class in an image. Single-cell segmentation

falls into this category and is the focus of this section. While there are numerous problems,
such as spot detection in single-molecule experiments®3, that have benefited from deep
learning, and many more that eventually will, most of the available training data center on
the identification of single cells through microscopy. All the approaches discussed below can
be adapted to other image-segmentation problems through the collection of new, relevant
training data.

Deep learning schemas exist for instance segmentation; post-processing is particularly
important (Fig. 4b). Two of the earliest software packages to apply deep-learning-enabled
instance segmentation to single-cell analysis, U-Net#3:86 and DeepCell“8, treat segmentation
as a pixel-level classification task and generate pixel-level predictions of cell interiors,

cell edges, and background. Thresholding of the final probability maps yields the final
segmentation mask. Deep learning has also been adapted to learn a distance transform

(that is, how far a given pixel is from the image’s background), which can be fed into a
watershed transform, a common computer-vision operation, to produce a final segmentation
mask8’. This approach was recently applied to single-cell segmentation, with very promising
results88. Object-detection-based deep learning methods have also been adapted for instance
segmentation. These methods, which include Faster R-CNN&® and Retinanet®, predict
bounding boxes for all objects in an image and use non-maximum suppression to remove
redundant bounding-box predictions. Mask R-CNN®1, one of the most accurate methods for
instance segmentation on general-purpose datasets, builds on these methods to predict an
object mask for each bounding box. These methods have been successful when adapted to
cellular data®2-94. Recent work has treated the segmentation problem as a vector embedding
problem9:96: a discriminative loss function assigns pixels in the same object to the same
vector and pixels in different objects to different vectors, with unsupervised clustering on
the embedding space identifying objects. This approach has yielded deep learning models
that perform accurate instance segmentation even when objects overlap—a common case

in images of cells. Last, generative approaches have recently been applied to segmentation,
with promising results®7-99,
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While most of the models described here have focused on 2D segmentation, recent
approaches have adapted these models to 3D data’>:190, So far, there is no consensus
approach to 2D or 3D data, and we suspect that the optimal method varies depending on
the amount of training data and the segmentation task. For instance, bounding-box methods
perform well on images of cell nuclei but might not be well suited to the segmentation

of images of filamentous bacteria or fluorescent microtubules. We recommend that users
focus their initial efforts on the existing DeepCell, CDeep3M, U-Net, CellProfiler, or Mask
R-CNN software libraries, as these methods have been applied successfully to a variety of
data types, provide pretrained models, and support both model training and deployment on
new data.

The potential use cases of image segmentation are vast, and the improved accuracy of
deep-learning-based approaches both automates traditional computer-vision workflows and
makes previously impossible segmentation tasks possible. These approaches have been
applied to the segmentation of neurons in images from cryo-electron microscopy9, with
enough accuracy to place imaging-based connectomics within reach92. Single-cell image
segmentation is another key application of this technology. U-Net86 was the first application
of deep learning to single-cell analysis; work from our own groups has demonstrated that
images of cells spanning the domains of life can be segmented with deep learning even
with limited training data*8. Larger datasets, such as those featured in the 2018 Kaggle Data
Science Bowl103, render these approaches even more accurate®2. Improved segmentation
accuracy improves object tracking in both live-cell imaging and tracking of diffraction-
limited objects. Accurate identification of the cytoplasm in mammalian cells improves the
quantitation of localization-based live-cell reporters*8:53 and was recently used to explore
mechanisms of cell-size control in fission yeast!%4. Excitingly, deep learning recently

was used for instance segmentation in pathology images®?:105.106 positioning Keren et
al.11 to quantify interactions between tumor cells and immune cells in spatial-proteomics
measurements of formalin-fixed, paraffin-embedded tissues'9® (Fig. 4c). We anticipate that
deep learning will be critical for development of the Human Cell Atlas107:108 a5 image
analysis is common to all spatial transcriptomics and proteomics experiments. Overall,
easier deployment of machine-learning models should benefit nearly every experiment

that involves cellular imaging. Links to existing tools for users who wish to apply these
techniques to their own data are provided in Table 1.

Object tracking.

Obiject tracking is the task of following objects through a series of time-lapse images.

One example of a biological application of this is the tracking of single cells in live-cell
imaging movies. During a typical movie, cells can move from one side of the imaging
chamber to the other. Single-cell analysis requires that the cells be identified in every frame
and that these detections be linked together over time. Although object tracking can be
challenging, successful solutions have made it useful in a variety of biological analyses,
including quantification of signaling dynamics99, efforts to understand cell motility!19, and
attempts to unravel the laws of bacterial cell growth!11, The task is complex because of the
number of objects in biological images—often hundreds to thousands—and complications
that arise from image acquisition. Phototoxicity during imaging often limits the frame
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rate, and photobleaching causes objects to become dimmer over time. Objects can touch,
disappear, merge (mitochondria or P-bodies), or split (e.g., by cell division). These issues
have made it challenging to adapt existing object-tracking algorithms to biological data.

Object tracking consists of two tasks: object detection and object linkage. The optimal
approach to object detection varies depending on the data. In many cases, objects

can be represented as points; the object centroids in each frame are the information

used for tracking. Classical approaches include nearest-neighbor search!12, state-space
models'13-116 and linear programming1”. When objects cannot be treated as points,
instance segmentation is typically solved in each frame. In linear-programming approaches,
multiple cues such as object centroids, intensity, and morphology are combined into

a similarity score to link objects between frames!18. Complex behaviors such as
disappearance, splitting, and merging can be treated with linear programming, as in the now
classic investigation by Jagaman et al.119, In that work, a linear-assignment problem was
solved to provide a globally optimal solution for both frame-by-frame object association and
the assignment of division/splitting events to newly appeared or disappeared objects. This
approach has been implemented in software packages such as uTrack!19, CellProfiler24:25,
and TrackMate120, which can be applied to images of particles or cells. Two recent
investigations approached cell tracking in live-cell movies with probabilistic models21.122
and active contours!23, with good success.

Deep learning has recently been adapted to track diffraction-limited particles, animals, and
cells. While training data in this space are limited, software packages for curation are
mitigating this issuell. Most work so far has focused on object detection, primarily because
of limited training data; the 3D nature of object tracking means that training data are harder
to produce. Nonetheless, deep learning improves segmentation accuracy, as tracking success
is highly dependent on accurate identification of the objects to be tracked in every frame. For
example, deep learning substantially improves object detection for particle tracking®3, and
work by us*8 and others?3:124 has shown that improved segmentation accuracy facilitates

the tracking of cell nuclei in live-cell imaging. Deep learning has also been used to

detect rare events such as mitosis; accurate detection of these events is likely to improve
tracking performancel25-127, The object-tracking package DeepLabCut, originally based

on deep learning approaches to object detection and pose estimation, tracked appendages

of flies and mice to quantify behavior during neuroscience experiments128, Impressively,

by exploiting transfer learning, DeepLabCut performs remarkably well even with only

a few dozen annotated examples. The recent software package LEAP2? builds on this

work by incorporating a graphical user interface to assist in data annotation12?, while the
idtracker.ail30 software package tracks multiple organisms by using deep-learning-based
image classifiers to identify animals that cross paths. Deep learning approaches to object
linkage perform well on general-purpose datasets, by tracking a single object!31-133
attempting to learn a similarity score directly from data for use in a linear-programming
framework!34, or treating tracking as a reinforcement learning problem235. Although
promising, these approaches have yet to see extensive use with cellular images. One recent
application used deep learning to segment and track single neurons in a time series of 3D
images and to quantify calcium dynamics!36. Interested users should first use deep learning
to solve the object-detection portion of the tracking task. If this strategy does not sufficiently
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boost the performance of existing tracking algorithms, then relevant training data need to
be collected and an appropriate deep-learning-based object linkage approach should be
implemented.

Augmented microscopy.

Augmented microscopy is the extraction of latent information from biological images, such
as the identification of the locations of cellular nuclei in bright-field images!3”. Although
bright-field imaging methods such as phase-contrast microscopy and differential interference
contrast microscopy can generate information on biological structures (e.g., the nucleus and
the cytoplasm), it has been extremely difficult to computationally extract that information.
Scientists solved this problem recently by recasting it as a supervised-learning problem (Fig.
5). Fluorescence images of biological structures serve as the ground truth, and the task is to
predict this ground truth directly from the bright-field images!38.139,

Augmented microscopy is well suited to deep learning38-144, Each approach used so far has
compared spatially synchronized transmitted light images with images from other modalities
to uncover meaningful relationships among the corresponding images. For example, to
create morphological models of the cell membrane and nucleus, researchers at the Allen
Institute used a conditional generative model to create photo-realistic 3D fluorescence
microscopy images, including the structural and functional information that the images are
meant to represent, from 3D transmitted light microscopy images138.140.142,143 Thejr model
featured two unique networks: one to learn variations in nucleus and cell shape, and another
to learn the relationships among subcellular structuresl40. Researchers at Google, along with
their external partners, used a modular approach to predict the location and intensity of
various fluorescent labels on a per-pixel basis3?. Their work made extensive use of multi-
task and transfer learning to produce networks that were robust against varying imaging
conditions, modalities, labels, sample types, and acquisition conditions. Their models were
also trained on samples stained with propidium iodide, and thus their predictions included
information on cell state and viability139,

Augmented microscopy is not limited to the association of fluorescence traces with
transmitted light images#®. Other groups use deep learning to provide content-aware image
denoising146, to improve image resolution4’, and to mitigate axial undersampling8 (to
minimize phototoxicity) in real time. We anticipate that these new augmented-microscopy
techniques will open the door to a new set of ‘computationally multiplexed’ experiments.
While these computational approaches are currently restricted by the same limitations

on training images (such as spectral limitations on probes), transfer learning on imaging
platforms could enjoy a high degree of multiplexing10:12:149, These new tools are

broadly applicable for improving image quality and overcoming limitations from spectral
availability. Once the tools have been trained on broader datasets, bright-field images could
be used as a source of supplementary ‘standard” information (such as the locations of
nuclei), freeing up spectral space for probes of other cell characteristics.
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Looking forward

Although the application of deep learning to biological image analysis is still in its early
days, there has already been remarkable progress in adapting deep learning to biological
discovery. What can be done to encourage wider use of these tools? How can members

of the field improve the performance of existing tools and support the development of

new ones? First, there needs to be a concerted effort to produce large curated datasets that
cover the image-analysis needs of most life scientists. This “cellular ImageNet’ should be
open-access, as it will draw talented machine-learning scientists to biological problems.
Attention must be paid to metadata, which will help researchers map their own acquisition
conditions onto pre-existing datasets, thereby saving them the time currently needed to
produce new annotations specific to their data. Given that crowdsourcing is likely to

feature prominently in these efforts, we encourage sharing of crowdsourcing experiences—
including common errors and solutions. We expect that tools for creating training data using
a human-in-the-loop model>0 will become increasingly valuable. Collections of models and
model components pretrained on specific tasks would simplify the use of transfer learning;
we expect tools like Tensorflow Hub to be valuable for this effort. Recent advances in

neural architecture search!®1152 may yield a set of deep learning architectures optimized for
cellular image analysis. Importantly, good deployment solutions should be made accessible
to new users while direct access to the code base is retained for advanced users. While

the existing feature offerings for deep learning are impressive, we anticipate that they will
be extended to new data types. For instance, cell segmentation should work in 2D and 3D
tissues for multiple subcellular structures aside from the nucleus, such as the cytoplasm,
plasma membrane, mitochondria, and endoplasmic reticulum. Augmented microscopy may
be extended to predict 3D images from 2D datal%3 or to obtain high-quality confocal images
from wide-field microscopy, and object tracking could be adapted to automate cell tracking
and lineage construction. All these developments would greatly aid researchers who conduct
live-cell imaging experiments and those involved in spatial genomics, by replacing existing
analysis pipelines with more accurate deep learning counterparts, thus saving countless
person-hours of curation. Additional applications are no doubt waiting to be uncovered.
Finally, we recommend integrating tool building with biological discovery. Deep learning is
a data science, and few know data better than those who acquire it. In our experience, better
tools and better insights arise when bench scientists and computational scientists work side
by side—even exchanging tasks—to drive discovery.
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Box 1 |
Training a linear image classifier

To illustrate the workflow for training a deep learning model in a supervised manner, here
we consider the case of training a linear classifier to recognize grayscale images of cats
and dogs. Each image is an array of size (Ny, N, 1), where Nyand N, are the number

of pixels in the xand y dimensions, respectively, and 1 is the number of channels in

the image. For this exercise, we collapse the image into a vector of size (NN, 1). The
classification task is to construct a function that takes this vector as input and predicts

a label (0 for cats, 1 for dogs). A linear classifier performs this task by producing class
scores that are a linear function of each pixel value. Mathematically, this is written as

X0

Y0
¥l

wp,0 - WO, NxNy—1
w1,0 " W1, NxNy—1

_ [ Zwo, jx)

[ZWI,jXJ

XNxNy—1

where yp and )4 are the class scores, Wis a matrix of class weights, and x is the image
vector. The class with the highest score is the predicted class. The learning task then
tunes the w; ;values so that a loss function that measures the classifier’s performance

on some training dataset is minimized. A common loss function is the cross-entropy, or
softmax, loss. To arrive at this loss function, we first transform our class scores )4 and )4
into probabilities by defining

oClass i score

bi =
ZAll ClasseseClass score

These probabilities reflect the model’s certainty that an image belongs in class 7 The loss
evaluated for a collection of images is defined as

Loss = — Z log pCorrect + AZ wiz,j
Images iL,Jj

where Peorrect 1S the probability assigned to the correct class for that image. This equation
has two terms. The first can be thought of as the negative log likelihood of choosing the
correct class. The second term is called L2 regularization; it penalizes large weights to
control against overfitting.

To minimize the loss function, most optimization algorithms used in deep learning are
a variation of stochastic gradient descent. First, the weights are randomly initialized to
some small value. The choice of initialization can affect the training of deep models
considerably; best practices for initialization include the initialization settings of He et
al.167. Next, we select a small batch of images, called a minibatch, and identify the
direction in which to change the weights so that the loss function will be reduced the
most when evaluated on that minibatch. We then perturb the weights a small amount in
that direction. The correct direction in which to perturb the weights is captured by the
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gradient of the loss function with respect to the weights. Mathematically, this gradient
leads to the update rule

. dloss
0w,', j

wj, j = Wi, j =1

where Ir, the scalar that scales the gradient at each step, is the learning rate. For the case
of the linear classifier, we can compute these gradients analytically. The gradient for one
image is given by

dloss

5wi,j = xj(p,- — 1(i is correct label)) + 2/1w,-,j

where 1() is an indicator function that is 1 when the statement inside the parentheses

is true and 0 when false. The gradient for the minibatch of images is the sum of the
gradients for all images in the batch. This equation provides some information on how
gradient descent changes the weights. The first term leads to an increase in weights that
correspond to the correct class and a decrease in weights that correspond to the incorrect
class. If the model is certain (p; ~ 1) and correct, the contribution will be minimal; the
opposite is true if the model is certain and wrong. The gradient is scaled by the relevant
pixel value x;, which causes the model to pay attention to bright pixels. The contribution
of the regularization term pushes weights toward zero, preventing any one weight from
getting too big. Once the weights are updated, the user then selects another batch of
images and repeats the process until the loss is sufficiently minimized. The accuracy and
loss of the algorithm on the validation dataset are often used to develop stopping criteria.
Training is often stopped when the validation loss ceases to improve or when the training
and validation error curves start to diverge, signifying overfitting.

While the linear classifier highlights several key features of training, in practice there

are some important differences. Variants of the loss function shown above have been
developed to address issues surrounding class imbalance in datasets. Several variants

of stochastic gradient descent exist, including with momentum68-170, RMSprop171,
Adagrad’2, Adadeltal’3, and Adam74. Recent work suggests that networks trained with
stochastic gradient descent with momentum have better performance with respect to
generalization17>176_ \We have presented the learning rate as a static parameter, but in
practice it often decreases as training progresses.

Importantly, the mathematical structure of deep learning models is more complicated
than the linear model presented here. While this simplification may appear problematic
with respect to analytical computation of the gradients for training, all deep learning
models are compositional. This allows one to iteratively use the chain rulel’” to derive
analytical expressions for the gradients, even for complicated functions, as shown in the
figure in this box.
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Computing gradients with backpropagation. a, During the forward pass, local derivatives
are computed alongside the original computation. b, During the backward pass, the chain
rule is used in conjunction with the local derivatives to compute the derivative of the loss
function with respect to each weight.
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Box 2 |
Troubleshooting

While deep learning can solve many problems in biological image analysis, the creation
of well-performing models often requires a substantial amount of troubleshooting. Here
we provide guidance on navigating common issues that arise in the training of deep
learning models.

Training performance.

Very poor performance during training, defined as a classification error equal to or

worse than random chance, can usually be traced to an issue with data or with training
parameters. For small datasets, errors in training data can lead to poor performance.
These errors often go unnoticed until the training data are manually inspected. Improper
image normalization can lead to poor performance, as images can lose their informative
features. Errors in the code that performs image augmentation and feeds data into the
training pipeline can also yield poor performance. The learning rate is often the first
parameter to be adjusted when the training data are free of errors and the performance is
still very poor. Changing the model architecture to increase model capacity can also be an
effective solution.

Overfitting.

Deep learning models can learn complex relationships among data and annotations. As a
result, there may be concern as to whether a deep learning model has learned something
general that will work on real data or whether the model’s learning is unique to the
training dataset. This phenomenon is called overfitting and is generally measured as the
difference between model accuracy for a training dataset and that for a validation dataset.
The amount of overfitting that can be tolerated varies by task; several percentage points
may be tolerable for segmentation but might cause an image classifier to misclassify
important rare categories. Several regularization techniques exist to mitigate overfitting,
but they often come at the expense of model capacity. Batch normalization®® has strong
regularization properties, as does dropout!®L. Typically, only one of these methods is
used in a model, as performance can suffer if both are used simultaneously2. Increasing
the strength of L2 regularization also mitigates overfitting, but at the expense of model
capacity. Increasing the range of data-augmentation operations creates a more varied
training dataset and hence more robust models#®. Because overfitting often gets worse
the longer that training proceeds, stopping training early can also be effectivel’8. The
choice of model architecture is especially important for small datasets. Architectures
with large model capacities can be especially prone to overfitting on small datasets,
although this tendency can be somewhat mitigated with transfer learning by pretraining
on larger datasets®0. Finally, the training algorithm used affects overfitting: recent work
has demonstrated that models trained with stochastic gradient descent with momentum
generalize better than models trained with other algorithms175:176,

Classimbalance.
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Training datasets for classification tasks often have different numbers of examples for
each label, which can lead to poorly performing models. As an example, consider a
dataset in which 90% of the examples are label A and 10% are label B. The deep

learning model may learn to predict everything as being class A and then report an
overall classification accuracy of 90%. However, the reported accuracy is misleading, and
the model is too inaccurate on class B to be used. There are several solutions to class
imbalance. Resampling the training data to yield an identical number of elements in each
class is one approach. This strategy can include downsampling to match the smallest
class size, upsampling to match the largest class size, or both. Caution must be taken with
downsampling when the least-represented class is much smaller (approximately tenfold)
than all the other classes, as the diversity of the training data will be severely reduced.
Another way to account for class imbalance is to introduce a class weight term into the
loss function. This term, which is often taken as (Mrotal examples/ VExamples in class ) *
(1/Ncasses) for each class 7, multiplies each example data’s individual contribution to the
loss. This class weight term can be comPuted for the entire training dataset or for each
minibatch on the fly.

Assessing per formance.

Following performance metrics during and after training is an important part of creating
deep learning models. For performance assessment, the training data are often split into
two portions, one for training and one for validation. If the performance on the validation
dataset is used to modify training parameters, then it is possible to overfit the model

to the validation data, even though these data were not used explicitly during training.
Therefore, some researchers split their data into three parts: one for training, one for
validation during training, and one for testing real-world performance. Our groups have
achieved good success by reserving 10-20% of annotated data for testing.

Once the dataset is split, the remaining issue is choosing a performance metric. As seen
from the class imbalance example, simple metrics such as accuracy can misrepresent
performance. Useful metrics vary by problem type. For classification tasks, assessment
of the accuracy for each individual class is more informative than an average across

all classes. A confusion matrix17® goes one step further, as it reveals the frequency of
each type of misclassification. For segmentation tasks, both pixel-level (for example,
the Dice and Jaccard indices'8%) and instance-level metrics (precision181, recall8l, and
mean average precision!®2) can be used to measure performance. Quantification of the
rates at which specific errors occur, such as false splitting or merging of instance masks,
has yielded important insights into the failure modes of deep learning models®2. The
appropriate metrics should be used on both training and validation datasets at the end of
each training epoch.

Hyperparameter optimization.

A hyperparameter is a parameter that is set before learning begins. Hyperparameters
include L2 regularization strength, learning rate, initialization settings for parameters,
and details of the deep learning architecture (number of layers, types of layers, number
of filters in each layer, etc.). The optimization of hyperparameters, an essential part of
the training process for deep learning models, usually consists of three phases: selection
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of an initial condition, selection of an optimization objective, and a search to find the
best hyperparameters. While choosing initial conditions can be tricky, packages like
Keras come with best-practice default settings for hyperparameters such as learning
rate, L2 regularization strength, and weight initialization®°. In practice, our groups
often use the per-class training and validation accuracies as targets, with the goal of
maximizing the training accuracies across classes while minimizing the gap between
training and validation accuracies to minimize overfitting. Finally, there are several
strategies for searching hyperparameter space. Grid searches in which the learning rate
and regularization strength are tuned are often effective. Model architecture can also be
modified; our groups often use the tradeoff between model capacity and overfitting as a
guide to determine the changes that should be made. Our prior work has shown that it is
important to match a model’s receptive field size with the relevant feature size in order
to produce a well-performing model for biological images*8. The Python package Talos
is a convenient tool for Keras®® users that helps to automate hyperparameter optimization
through grid searches!®3,

Softwar e engineering.

We have found that modern software-development practices have substantially improved
the programming experience, as well as the stability of the underlying hardware. Our
groups routinely use Git and Docker’ to develop and deploy deep learning models. Git
is a version-control software, and the associated web platform GitHub allows code to be
jointly developed by team members. Docker is a containerization tool that enables the
production of reproducible programming environments.

Dimension mismatch.

Mismatches between the dimensions of adjacent layers are common errors that often
arise. Although most frameworks automatically infer the dimension sizes for each layer,
this error can still occur. Our typical solution is to map out the dimensions of each layer
to identify and correct dimension mismatches.
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Box 3|
Glossary

Deep learning: a set of machine-learning methods—specifically, neural networks—that
are capable of learning representations from data with increasing levels of abstraction30.

Hyperparameter: a parameter whose value is set before training. Examples include the
learning rate, L2 regularization strength, and deep learning model architecture.

Cross-validation: the use of held-out data to test model performance during training’2.
N-fold cross-validation splits data into A/ partitions and uses one of the partitions as
validation data during an iteration through the training data.

Generalization: the ability of a machine-learning model to perform well on held-out
data. Models that generalize have presumably learned important, general features of the
data.

Underfitting: the inability of a machine-learning model to capture the variance present in
training data’. Underfit models have suboptimal performance on training data.

Overfitting: the inability of a machine-learning model to perform well on held-out
data, despite good performance on training data’l. Overfit models learn features that
are specific to the training data, which leads to reduced performance on held-out data.
Overfitting can be quantified by measurement of the difference between a model’s
classification error for training and testing data.

Model capacity: the representational power of a machine-learning model.

Transfer learning: repurposing of a trained machine-learning model for a new task.
In deep learning, transfer learning entails training a model on a large dataset and then
fine-tuning the model for a different task using a new, smaller dataset.

Epoch: one iteration through the entire training dataset during stochastic gradient
descent.

Recall: the fraction of positive examples detected by a model81. Mathematically, for a
two-class classification problem, recall is calculated as (True positives)/(True positives +
False negatives).

Precision: the percentage of positive predictions from a model that are true18l.
Mathematically, for a two-class prediction problem, precision is calculated as (True
positives)/(True positives + False positives).

Mean aver age precision: summary of the precision-recall score. For object detection,
the mean average precision is defined as the mean of the precisions found at a set of
equally spaced recall levels. Traditionally, 11 recall levels (0, 0.1, ..., 1.0) are used!82.

F1 score: the harmonic mean between precision and recall'81, Mathematically, the F1
score is defined as 2((Precision x Recall)/(Precision + Recall)).
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Jaccard index: a metric for segmentation accuracy!80; intersection over union.
Mathematically, if Ris a reference segmentation and S'is a predicted segmentation, then
the Jaccard index is given by RN SRU S.

Diceindex: a metric for segmentation accuracyl80, defined mathematically as 2 |R N

SR+ 1)
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Deep learning

Annotated data
I I
I 1
Fig. 1|. Software 2.0 combines data annotations with deep learning to produce intelligent
software.

Annotations produced by expert annotators or by a crowd can be used to train deep learning
models to extract insights from data. Once trained, these models can be deployed to process
new, unannotated data. The human-in-the-loop extension involves the identification of model
errors, error correction to produce new training data, and retraining on an updated dataset.

Insight

05

Human-in-the-loop curation
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Fig. 2 |. Common mathematical components of deep learning models.
a, Convolutions extract local features in images, and the weights of each filter can be

tuned to extract the best feature for a given dataset and task. b, Transfer functions such

as those applied by the common rectified linear unit (ReLU) make possible the learning

of nonlinear relationships. ¢, Pooling operations like max pooling downsample to produce
spatially coarse feature maps'>4. Deep learning architectures often use iterative rounds of the
three operations in a-c to produce low-dimensional representations of images. d, Dilations
allow convolutional and pooling kernels to increase their spatial extent while keeping

the number of parameters fixed*8:155, When used correctly, dilations allow classification
networks trained on image patches to be used for dense pixel-level prediction. e-i, Modern
deep learning models make use of several architectural elements. e, Separable convolutions
perform the convolution operation on each channel separately, which reduces the computing
power while preserving accuracy®6:157_f, Residual networks learn the identity mapping
plus a small residual and enable the construction of very deep networks88. g, Dense
networks allow each layer to see every prior layer®?, which improves error propagation and
encourages both feature reuse and parameter efficiency6%70. h, Multi-resolution networks
allow the classification layers to see both fine and coarse feature maps8®. i, Through

feature pyramids, object-detection models detect objects at distinct length scales9:158, j,

A plot of the training error during training reveals the relationships among overfitting,
underfitting, and model capacity. The tradeoff among these attributes determines which
network architectures are suitable for a given task. “Underfitting” refers to models with
insufficient representational power, and “overfitting” refers to models that have learned
features specific to training data and hence generalize poorly to new, unseen data. Increased
model capacity reduces underfitting but can increase the risk of overfitting. k-m, Numerous
regularization techniques ensure that deep learning models learn general features from

data. k, Batch normalization both regularizes networks and reduces the time needed for
training?®®. It was initially created to mitigate covariate shift but was recently found to
smooth the landscape of the loss functionl89. |, Dropout randomly turns off filters during
training2®1, which regularizes the network by forcing it to not overly rely on any one feature
to make predictions. Batch normalization and dropout are typically not used together in the
same model162. m, L2 regularization penalizes large weights and reduces overfitting.
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Fig. 3|. Image classification applied to biological images.

a, A deep-learning-based image classifier accurately identifies spatial patterns of protein
expression in fluorescence images. b, Deep-learning-based image classifiers can accurately
interpret changes in cell morphology in imaging-based high-throughput screening. These
models are trained on classification tasks and then used to extract feature vectors from
images, which can be clustered to identify novel cell phenotypes.
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Fig. 4 |. Image segmentation applied to biological images.

a, Instance segmentation identifies every instance of an object type, such as cell nuclei.

b, Processing schema for instance segmentation. Pixel-classification approaches attempt to
accurately predict object boundaries, deep watershed approaches learn a distance transform,
object-detection methods predict a bounding box for each object, and embedding methods
assign pixels in different objects to different vectors. ¢, Application of deep-learning-based
image segmentation to spatial proteomics of breast cancer by Keren et al.}1. Segmentation
masks were used to measure signal intensity for each channel in each cell. This information
was used by clustering algorithms to identify cell types and cell states. The ability to
accurately segment single cells allowed Keren et al. to quantify immune behavior in the
tumor microenvironment. Adapted with permission from ref. 11, Elsevier.
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Fig. 5|. Augmenting microscopy images with deep learning.

a, Deep learning accesses latent data in biological images by using fluorescence images
of biological structures as a guide. This strategy yields predictions of fluorescence images
and can also be used to improve image quality. b,c, This deep learning model infers which
neurons are alive or dead directly from bright-field images. Adapted with permission from
ref. 139 Elsevier.
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