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Imaging cell biology
Imaging technologies drive discovery in cell biology. Innovations in microscopy hardware, imaging methods and
computational analysis of large-scale, complex datasets can increase imaging resolution, definition and allow
access to new biology. We asked experts at the leading edge of biological imaging what they are most excited
about when it comes to microscopy in cell biology and what challenges need to be overcome to reach these goals.

Brenda Andrews, Jae-Byum Chang, Lucy Collinson, Dong Li, Emma Lundberg, Julia Mahamid,
Suliana Manley, Musa Mhlanga, Akihiko Nakano, Johannes Schöneberg, David Van Valen,
Ting ‘C.-ting’ Wu and Assaf Zaritsky

Brenda Andrews: what lies ahead for
high-throughput single-cell imaging

The convergence of advances in
high-throughput light microscopy, genome
editing for genetic perturbation, and
machine learning has catalysed large-scale
efforts to quantitatively describe single-cell
biology. The potential of imaging screens
to reveal new facets of cell biology,
including unanticipated connections
between bioprocesses, subcellular structures
and regulatory pathways, is enormous.
Foundational work using budding yeast has
provided a clear conceptual and technical
road map for using genome-scale mutant
screens to map and interpret quantitative
cell biological phenotypes from single-cell
images. For example, fluorescent markers
of any subcellular compartment of interest
can be introduced into arrayed collections
of mutant strains, and computational
image analysis can be used to describe the
spectrum of morphological phenotypes
associated with single (or multiple) gene
perturbation in living cells. By integrating
multiparametric measurements of
cellular compartments and structures,
morphological profiles associated with
gene mutation can be produced, yielding a
comprehensive view of genetic determinants
of subcellular compartment morphology in a
eukaryotic cell. Moreover, unbiased analysis
of single-cell images will allow cell biologists
to discover answers to broad questions, such
as the prevalence and biological importance
of cell-to-cell heterogeneity in isogenic cell
populations, incomplete penetrance and
morphological pleiotropy.
Similar single-cell imaging pipelines
have been developed to use proteome
dynamics as a read out for the effects of
genetic or environmental perturbation, and
of different cell states such as the cell cycle
phase. Image-based studies of the proteome
in living cells require collections of tagged
proteins. The yeast GFP-ORF array, in which
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yeast genes are tagged C-terminally at their
endogenous loci, is the only proteome-wide
resource of this nature at present. The
GFP-ORF array can be genetically modified
to express fluorescent spatial markers,
enabling automated cell segmentation and
image analysis to use pixel intensity in each
cell as a measure of protein abundance
and machine learning methods to classify
proteins into different localization classes
(for example, thecellvision.org/; www.
yeastRGB.org). This approach has been
used to survey changes in the proteome in
response to alterations, but the genotypic
and environmental space that remains to
be explored is vast. Comparable collections
are currently being assembled for imaging
proteins in living human cells (such as
OpenCell, opencell.czbiohub.org; and Allen
Institute for Cell Science, alleninstitute.
org/), and image collections such as the
Cell Atlas describe protein expression and
spatial distribution in a variety of cell lines
stained with antibodies from the Human
Protein Atlas (HAP) antibody resource
(www.proteinatlas.org). Because single
cells are being analysed, these projects
provide an opportunity to study not only the
conservation of dynamic protein networks,
but also the prevalence of proteomic
heterogeneity across systems.
Future challenges
include the
continued
production of
image datasets that
sample cell biology
across many genetic
and environmental
conditions, and
model systems.
Options for high-throughput imaging
continue to expand and include methods
for image-enabled cell sorting for analysis of
single-cell phenotypes from pooled CRISPR

screens in mammalian cells. In parallel, an
abundance of image analysis approaches
will continue to be developed, including
deep learning to extract feature profiles
from images. Feature profiles can then be
analysed using a variety of downstream
methods including unsupervised clustering
to enable the identification of biologically
meaningful patterns in images, such as
sub-compartment protein localization,
without relying on supervised labels for
accurate annotations. Computational image
analysis can identify cell biological changes
that are not obvious by eye. As the accuracy
and predictive power of these algorithms
improve, we will need to develop sets of
gold standard comparators that reach
beyond visual inspection of the same type
of image. Finally, solutions for storage of
terabytes of imaging data and benchmarks
for quality standards will be required for
optimal access and re-use of cell images
and associated feature profiles by the cell
biology community.

Jae-Byum
Chang: visualization of all cellular
proteins in 3D

An ultimate goal
of structural
imaging in cell
biology is the
visualization of all
cellular proteins in
three dimensions.
To accomplish this, three technological
obstacles must be overcome. First, lateral
and axial resolutions of less than 10 nm
are required. Second, small molecular
labels of a few nanometres in size that can
precisely target particular proteins must
be available. Third, an ultra-multiplexed
imaging technique that can recognize over
10,000 distinct proteins is necessary. During
the past 30 years, considerable efforts
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have been spent to solve one or all of the
abovementioned problems.
Expansion microscopy could be a
technique that solves all three issues.
Recent expansion microscopy techniques
have achieved a resolution of less than
20 nm, with the possibility of additional
resolution enhancement. Small antibodies,
such as single-domain antibodies, would
be an appealing choice for labelling
proteins with minimal positional errors.
At present, single-domain antibodies are
available against a very restricted number
of targets, but the repertoires are being
expanded. The final hurdle for expansion
microscopy to overcome would be achieving
ultra-multiplexing imaging, specifically
3D registration with the precision of a few
nanometres. Recently developed tissue
expansion techniques have enable several
cycles of antibody labelling on specimens. In
this process, expanded specimens undergo
repeated shrinkage and expansion, which
can result in specimen drift in both axial
and lateral directions and non-uniform
distortion within specimens. Owing to this
drift and distortion, a registration technique
that permits the 3D registration of images
acquired in different rounds with a precision
of 1 or 2 nm is required. Once such
ultra-precise registration is attained, the
ultra-multiplexed imaging of proteins from
expanded specimens could be accomplished
by using barcoding principles that have
proven effective in multiplexed mRNA
imaging. 3D imaging of all cellular proteins
may revolutionize our understanding of cell
biological phenomena.

Lucy Collinson:
imaging cells
and organelles
in their native
context

Volume electron
microscopy (EM)
is a collective
term for a group
of imaging
technologies
that reveal
Credit: Dave Guttridge
the nanoscale
architecture
of cells and tissues in three dimensions.
Volume EM technologies are based on the
electron microscope, and each incorporates
a mechanism for slicing the sample prior
to sequential imaging of the sample
surface (serial block face scanning electron
microscopy, focused ion beam-scanning
electron microscopy) or the sections
themselves (serial section transmission
electron microscopy, serial section electron
tomography, array tomography). All volume

EM techniques deliver a stack of serial
images that, when digitally reconstructed,
represent an anatomical digital twin of
the original sample volume. Membranes
and organelles are visible in the context
of surrounding cell structures, within
volumetric datasets that are both exquisitely
detailed and dizzyingly complex.
Rapid development of volume EM
technologies has resulted in the automation
of image acquisition and thus the generation
of vast quantities of complex image data,
with each microscope capable of producing
hundreds of gigabytes or terabytes of
data per day. However, automated image
analysis algorithms that can distinguish
one organelle type from another have been
slow to develop, partially owing to a lack
of availability of large-scale training data.
An example segmentation of even a single
organelle type in a dataset from a single cell
can take weeks or months for an expert to
generate. Progress is being made by large
teams of experts employed solely to segment
datasets, citizen science projects that ask the
general public to assist in segmentation, and
machine-learning strategies that minimize
the amount of training data needed.
In the next few years, it is likely that
imaging scientists will be able to acquire
thousands of serial images of cells and
tissues in a day, with the data segmented
into different organelle classes on-the-fly as
the data is generated, thereby simplifying
volume EM image data into a format that
allows quantification in health and disease
states (morphometrics). The contribution
of volume EM to discovery and clinical
research is in the detail of organelles
and membranes at the nanoscale, across
volumes large enough to judge context and
interactions. Just as function follows form,
so can the size and shape of different cell
constituents and their connections give
vital clues to their role in the cell. Changes
to biological state that cannot be seen with
any other imaging modality include: the
morphology of mitochondrial cristae in the
context of mitochondrial networks, with and
without drugs; switches in ER morphology
between sheets and tubules during
development; the formation and fusion
of trafficking vesicles; breaks in organelle
membranes as subcellular pathogens
escape cellular responses; membrane
rearrangements at immune and neuronal
synapses; and immune cells and tumour
cells crossing the endothelial cell walls of
blood vessels, to name but a few.
Volume EM is most powerful when
combined into correlative and multimodal
imaging pipelines that incorporate the
detection of molecules (for example,
using fluorescence microscopy), elements

(with nanoSIMS) and the mapping of
volume EM data into the context of larger
tissues, organs or organisms (thanks to
X-ray microscopy). Further development of
probes and sample preparation protocols are
needed to move the same sample between
the different modes of imaging and to
understand complex biological processes
across scales. Progress will accelerate through
the coalescing of an enthusiastic expert
community (volumeem.org) and the creation
of infrastructures housing expertise, hardware
and software to support ‘Cell Biology 2.0’.

Dong Li: minimizing trade-offs
to increase
resolution

Optical
fluorescence
microscopy is
one of the main
driving forces
in determining
the dynamics
and functions of bioprocesses in live
cells. The long-standing dilemma when
studying subcellular dynamics with optical
microscopy is how to acquire the greatest
spatiotemporal information with high
fidelity and quantifiability but the least
photobleaching and phototoxicity possible.
In this regard, super-resolution microscopy
surpasses the diffraction limit, enabling the
visualization of the subcellular organization
with unprecedented spatial resolution.
However, the gain in spatial resolution via
any super-resolution microscope comes
with trade-offs in other imaging metrics
that are equally important for dissecting
bioprocesses. Consequently, super-resolution
live-cell imaging often suffers from fewer
time points, lower frame rates and smaller
fields-of-view than conventional imaging.
Computational approaches, especially deep
learning algorithms, have demonstrated
astonishing capabilities in a variety of
image transformation tasks, such as image
restoration and resolution enhancement,
indicating a great potential to revolutionize
the development of super-resolution
microscopy.
Despite impressive advances in
computational approaches, the tasks
of image inference and transformation
are essentially ill-posed and commonly
suffer from spectral-bias (that is, gaining
the desired high-frequency information
less efficiently than low-frequency one),
model-uncertainty (output image depends
on the training data representability and
network architecture), and are demanding
for high-quality super-resolution training
datasets. These effects can impair the
Nature Cell Biology | www.nature.com/naturecellbiology
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quantifiability and fidelity of deep-learning
super-resolution images that are crucial
for scientific research. In my opinion, a
holistic design that wisely synergizes the
developments in both optical front-end
and algorithmic back-end methodology
might be a promising way to address their
respective challenges and overcome the
enduring dilemma of SR live-cell imaging.
Furthermore, observing subcellular
dynamics in multicellular organisms is
increasingly important in cell biology
research, but all super-resolution microscopy
is susceptible to the optical heterogeneity
of multicellular systems, leading to quick
degradation of resolution, contrast and
signal with increasing imaging depth.
Hence, the development of super-resolution
microscopy by implementing adaptive
optics to compensate for aberration, and/
or light-sheet illumination to prevent
excessive out-of-focus blurring are expected
to become turnkey solutions. Similarly,
synergizing these hardware implementations
with deep-learning methods of superior
pattern recognition and inference
capabilities might bring exciting progress
in physiological imaging of subcellular
dynamics at high spatiotemporal resolution.
Such efforts in the near future will shed new
light on diverse cell biology research.

Emma Lun−
dberg: towards
quantitative
spatial models
of cells

We are at the brink
of an exciting
convergence of
approaches that
will change how
we use quantitative
microscopy to build data-driven
representations of cells. Although genomic
single-cell technologies have a remarkable
capacity to provide molecular profiles
of cells, microscopy provides spatial and
temporal measurements that, when integrated
together, give a deeper understanding
of the relationships between genotype
and phenotype. Since its origin, optical
microscopy has benefited from breakthrough
innovations for improved visualization,
resolution and throughput; while there
are many exciting, emerging imaging
technologies, it is the intersection of these
technologies with artificial intelligence
(AI)-based image analysis and cell modelling
that excites me most as we enter a new era of
quantitative data-driven microscopy.
An area close to my research interest is
subcellular proteome biology. The cell is
a fascinating functional unit that consists
Nature Cell Biology | www.nature.com/naturecellbiology

of large specialized components such as
organelles that recursively factor into
smaller components, such as condensates
and protein complexes, thus forming an
intricate multi-scale functional structure
ranging at least four orders of magnitude.
The subcellular proteome distribution is, in
turn, remarkably complex. It has extensive
spatiotemporal dynamics, and half of
all proteins localize to multiple cellular
compartments, which both may give rise to
pleiotropy. I believe that we won’t be able to
fully understand, predict, repair or control
cell function until we have determined the
multi-scale proteome architecture of cells
and its dynamic rewiring. Quantitative
microscopy and AI-based modelling will be
key to building these representations of cells
in a data-driven and unbiased way.
Microscopy is likely to move towards a
quantitative approach for tracking hundreds
or even thousands of biomolecules,
subcellular structures and cells in time
and space. Machine learning has already
proven valuable for many post-acquisition
image applications, such as de-noising,
pattern classification and segmentation.
We are now seeing more effective machine
learning-powered microscopy systems
that will further benefit from increased
reproducibility and more rapid advancement
thanks to strengthening community
engagement with open-science initiatives,
such as open image archives and platforms
for sharing AI models. I envision self-driving
microscopes capable of long-term assay
planning and optimal decision making using
deep reinforcement algorithms, probabilistic
models and optimization methods.
Self-driving microscopes could, for example,
enable rapid on-the-fly predictions of cell
fate and ensure that sufficient data are
captured for all cell states, including rare
ones. Such microscopes will be foundational
tools for systematic AI-powered data-driven
cell modelling, to help paint a more nuanced
and dynamic picture of cellular biology.

Julia Mahamid:
molecular snapshots of cellular
functions

The recent
technological
breakthrough
in cryo-electron
tomography opens
the transforming
possibility to image
Credit: Kinga
macromolecular
Lubowiecka/EMBL
complexes in their
native cellular
context at close to atomic resolution.
This technology is the foundation for an

emerging field in the life sciences, often
referred to as structural cell biology,
which can directly reveal how different
conformational and compositional states
of macromolecular complexes give rise
to cellular functions. At the same time,
fluorescence imaging of live samples can
now study fundamental cellular functions at
the single-molecule level in space and time
in both cellular and organismal models. To
link the structural and functional insights
from both of these traditionally separate
disciplines, we must develop correlative
multimodal microscopies for seamless
switching from millimetre-scale organisms
via micrometre-scale cells to the nanometre
range of macromolecular complexes.
In the past decade, there has been a major
leap forward in cryo-electron microscopy
of frozen-hydrated biological specimens.
This required solving three major technical
challenges. First, the realization of data
with unsurpassed signal-to-noise ratio
thanks to the introduction of direct electron
detection cameras, contrast-enhancing
phase plates, automated high-throughput
data acquisition and computational
image processing. Second, the ability
to obtain structures from deep inside
cells; imaging the crowded interior of
mammalian cells has been complicated
by the ‘immense’ sample thickness as
seen from a nanoscopic perspective. The
development of cryo-focused ion beam
micromachining has solved this problem by
opening up ‘electron-transparent windows’
into single cells and the ability to extract
micrometre-scale biopsies from multicellular
specimens. Third, linking cell and structural
biology through the development of
correlative light and electron microscopy in
3D at liquid nitrogen temperature, recently
also in super-resolution regimes. These
advances enable assignment of molecular
structures directly from 3D stills of intact
cells and reveal their molecular sociology.
A major challenge remains to
comprehensively mine datasets that
link cell and structural biology towards
discovery. Early developments using
artificial intelligence for structural pattern
mining have started to make an impact.
Furthermore, the integration of several
sources of data is key to the interpretation
of the complex intracellular structural
signatures. As an example, using the
genome-reduced human pathogen
Mycoplasma pneumoniae as a minimal
cell model, we synergistically applied
whole-cell crosslinking mass spectrometry
and cryo-electron tomography to determine
an integrative structural model of actively
transcribing RNA polymerases coupled
to translating ribosomes, thus capturing
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the central dogma of life in a single
macromolecular complex. Innovative
image processing algorithms enable such
molecular machines to be resolved at
the residue level, reveal small molecule
antibiotics bound to their active site within
intact cells, and animate their structural
dynamics along biochemical reaction cycles.
These methodologies combined unlock an
enormous potential for discovery enabled by
structural cell biology.

Suliana Manley:
integrating
dynamics into
noisy structure–function
relationships

What makes
imaging such a
powerful tool for
cell biology? The
structure–function
Credit: EPFL/Alain
relationship
Herzog, CC BY 4.0
indicates
that function
arises from the physical arrangement of
component elements: seeing structure
drives an understanding of function, on
scales ranging from molecules to tissues.
In addition, changes in function may be
reflected in structural modifications. This
paradigm is increasingly leveraged at the
molecular scale to successfully interpret
structures, boosted by cryo-electron
microscopy.
At the cellular scale, fluorescence
microscopy simultaneously measures
structure and dynamics, as well as chemical
or physical context (via fluorescent
biosensors), offering mechanistic insights.
However, structural variability becomes
increasingly important: consider, for
example, heterogeneity in cytoskeletal
organization, or organelle size and shape.
Complexity arises because at scales around a
micrometre, thermal energy and ATP-driven
agitation dominate over electrostatic energy,
creating fluctuations that deform and buffet
biopolymers and organelles. Yet, seemingly
amorphous structures remain the substrate
for key functions, from cellular motility to
ATP generation. Cascading interactions
between several cellular components are
signatures of distinct pathways and fates.
Capturing large, functionally enriched
datasets is essential to decipher dynamic
structural signatures among the noise.
Emerging complementary tools —
molecular, optical and computational — are
pushing the boundaries of fluorescence
microscopy methods to meet this challenge.
Super-resolution microscopy improves the
spatial acuity of fluorescence, but at the

cost of higher light doses, with the risk of
phototoxicity. Adaptive microscopy offers an
important part of the solution, by reducing
light doses through selective illumination
of the relevant parts of the sample. Deep
learning offers another important part:
reconstruction and de-noising restore
low-light images, and inference extracts
fluorescence-like information in the
absence of labels. The next wave of adaptive
microscopies will harness neural networks
to allow biological events, despite their
heterogeneity, to modulate the acquisitions
in real time. A challenge that users will
face is to define the optimal measurement,
to instruct the intelligent microscope as it
sculpts data collection to integrate dynamics
into elusive structure–function relationships
and their mechanisms.

Musa Mhlanga:
the spatial
single-cell biology revolution

Biology exists in
three dimensions.
The quiet
revolution that
will profoundly
reinvent modern
cell biology will be
a spatial transcriptomic atlas of all human
tissues visualizing thousands of species
of RNA.
An important goal of the Human Cell
Atlas (HCA) project is to build a high
resolution and comprehensive three
dimensional reference map of all human
cells in the body. Notable progress has
occurred in less than a decade since the
project has begun. A draft ‘healthy’ atlas
with single-cell RNA sequencing of all
organ systems and tissues will be available
by 2025. The contributions to human
biology of the HCA project thus far have
been profound and do not need further
enumeration here.
The most significant technological
advances in spatial transcriptomics have
emerged recently, with imaging platforms
that can detect hundreds of RNA molecules
at subcellular resolution in primary tissue
samples. These platforms reveal subcellular
RNA distribution at high spatial resolution.
This has unlocked the ability to pinpoint
cell identity using RNA transcript copy
number, and provide identity in tissue
space. Cells are functionally plastic, so
too are their molecular components and
subcellular organizations. Nearly all are
revealed using current spatial transcriptomic
technologies. Undoubtedly, this will inform
a fundamentally new and highly refined
classification of cell types.

Less than a decade ago, single-cell
RNA sequencing could measure only
a few hundred cells at a time, and the
high-throughput acquisition of spatial
information is also in its infancy. Similarly,
the computational frameworks needed for
quantitative analysis of high-dimensional
imaging datasets are just emerging. Modern
cell biology will be upended with deeper
quantitative knowledge of subcellular
molecular organization and situating it
within a tissue, with acute knowledge of
how RNA numbers relate to functional
plasticity. As bandwidth improves, spatial
transcriptomics will become routine in
pathology and histology. Early use cases
for diagnostics may be in the gut epithelial
and the dermis of the skin, where biopsies
currently conducted with coarse-grained
haematoxylin and eosin staining will be
markedly enhanced by spatial omics data.
It will improve discovery in fields such as
developmental biology and cancer research,
and become a cornerstone of precision
medicine by improving diagnostic capability.

Akihiko Nakano:
imaging small
substructures
at high resolution in time and
space

Cutting-edge
electron
microscopy
technology such
Credit: RIKEN
as focused ion
beam-scanning
electron microscopy provides a massive
amount of structural information at very
high 3D-space resolution. In addition,
understanding dynamics requires time
resolution. Small structures such as vesicles
are running around at amazingly high
speed, which can be captured only by 4D
imaging at very high resolution in both
time and space. This is the motivation for
my group to develop spinning-disk-based
high-speed and super-resolution
microscopy named super-resolution
confocal live imaging microscopy (SCLIM).
It now enables simultaneous multicolour
4D observation at 70–100 nm resolution
in space and at 20 volumes per second
resolution in time, which is almost capable
of tracking individual vesicles in a living
cell. This will be extremely helpful for
determining molecular sorting mechanisms
in membrane traffic, which are still
unsolved in many aspects.
By fluorescence microscopy, we can
observe only the molecules that are labelled.
This of course has pros and cons. The
disadvantage that unlabelled molecules
Nature Cell Biology | www.nature.com/naturecellbiology
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are not seen should be compensated by
other methods, such as correlative light
and electron microscopy (CLEM), which
can correlate the place of fluorescent
molecules with the background structures
such as membranes. CLEM technology
is, however, quite laborious and is still
on its way to further development — for
example, artificial intelligence-aided image
processing. Innovative microscopy without
labelling at high resolution, perhaps by other
light sources such as soft X-ray analysis, is
seriously awaited.

Johannes
Schöneberg:
increasing
access to and
use of lattice
light-sheet
microscopy

Adaptive optics
lattice light-sheet
Credit: Catherine Eng
microscopy
(AO-LLSM)
is a wonderful gift to cell biology. Life is
animate, three-dimensional and often
multicellular. Lattice light-sheet microscopy
provides both the low phototoxicity and
the speed to capture unprecedented high
frame-rate 3D movies of cells. With adaptive
optics, tissue-induced aberrations can be
corrected to retain subcellular resolution in
a multicellular environment. The result is
an unprecedented window into cell biology
in which a cell can be imaged fast, in 4D
(x, y, z, time) in its natural environment
embedded in its tissue.
Mitochondria form a 3D network in the
cell that is highly dynamic. The capabilities
of AO-LLSM are a perfect match for the
mitochondrial network. My lab focuses
on using AO-LLSM to investigate how
aberrations of the mitochondrial network
dynamics and morphology contribute
to devastating diseases and how we
can use 4D data of the mitochondrial
network as a readout for drug discovery.
Stem-cell-derived organoids of cortical and
intestinal tissues are our model systems.
Data analysis and data management
are an integral part of AO-LLSM. There
are very few quantitative analysis tools for
the hundreds of terabytes of 4D data that
are acquired from AO-LLSM for a single
experiment. Similarly, solutions for efficient
data management, such as preprocessing,
annotation, visualization, short, medium
and long-term storage are just being
developed. Computer scientists and machine
learning experts in my lab are working on
solutions.
Cell biology has a bright future with
new tools such as AO-LLSM. I believe
Nature Cell Biology | www.nature.com/naturecellbiology

that we can address the currently limited
accessibility of the microscopes — there are
only a handful of AO-LLSMs available —
and the limited availability of data analysis
tools by coming together as a community
and making the subcellular inner workings
of the cell visible to all of us.

David Van Valen:
extracting information from
image data with
machine learning

I think this is
a particularly
exciting time to be
studying cellular
systems with
imaging. Advances
in live-cell reporters and multiplexing are
increasing the amount of information about
cells we can capture with images. At the
same time, advances in machine learning
are increasing the amount of information
that we can extract from imaging data.
Although exciting, with these advances
come new challenges. Machine-learning
methods that operate on images require
large amounts of labelled imaging data
to be able to perform specific tasks. If
we want these methods to do things like
identify cells, then we need to be able to
generate labelled data that can be used to
teach these machine-learning methods how
to perform these tasks. Generating new
software systems for building these datasets
and making the derived models accessible
have been challenge that my lab and others
have sought to tackle. Substantial progress
has been made and a new generation of
machine-learning algorithms that can
identify cells in images with human level
performance have recently come online.
Looking forward, I think a major challenge
is going to be maximizing the amount of
information that can be extracted from
images. Doing so will require teaching
machine-learning models notions beyond
‘what is a cell’, as they will need to identify
cell types, states and interactions across a
wide range of static and dynamic images.
As part of this, I believe that we will need
to rethink what it means to ‘label’ an
image, as labels are the lens through which
machine learning models view human
insights. Another major challenge is going
to be integrating these new methods into
experimental designs. Now that we know
what machine-learning methods can do and
how to get them to perform, can we design
better, more scalable experiments? Although
there is much work ahead of us as a field, I
am very excited about the innovation that is
coming in our near future.

Ting (C.-ting)
Wu: imaging the
elusive genome

What, we have
been asked, are
the next major
directions in
imaging and, as
we push toward
our goals, what
challenges will we
Credit: Wyss Institute
encounter? From
the perspective
of genome imaging, region-specific
and genome-wide approaches as well as
strategies that aim for whole-genome
coverage are already exploring the
relationship between genome organization
and gene regulation; so what other
directions might warrant consideration
at this time? Given the role of genomes in
heredity, one possibility would be to explore
the potential of genomic structures, per se,
to be inherited from parent to child, perhaps
independently of underlying sequence
and, like other genetic material, be subject
to mutation and natural selection. It may
be through genomic structures that we
better understand missing heritability,
incomplete penetrance, variable expressivity,
position effect variegation, paramutation,
the versatile plasticity of centromeres,
transgenerational inheritance, meiotic
drive, and so much more — in essence,
puzzles that have defied geneticists for up to
a century or more. Will specific structural
features be found to run in families and
ultimately become as much a part of a
person’s profile of health and disease as is
genomic sequence? Will they be as amenable
to architectural restoration and renovation
as DNA sequence is to gene editing? What
will those structural features be? Put more
simply, what are we looking for, and how
are we going to recognize it? Better yet, if
we want to minimize the chances of missing
something — what are we seeing, and what
is it telling us?
Here, we arrive at a convergence of
challenges, both conceptual and technical.
Conceptually, we may need to put aside
preconceived notions of what the genome
looks like so that we may be more likely to
identify signatures that would not otherwise
be noted. After all, chromosomes do not
have eyes. Technically, we will need to
augment optical and genomic resolution,
increase throughput to accommodate large
numbers of entire genomes, consider all
organisms, both model and mischievous,
and democratize technologies. This last
challenge may be the most impactful for
accelerating the field. By reducing costs,
streamlining data management, and
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rendering microscopy as well as image
processing, analysis and modelling more
accessible, we will be better able to recruit
the diversity of teams and minds required to
truly appreciate the genome. And, in doing
so, we may strike a blow for the international
flavour of science, one of the most enduring
traits of genetics.

Assaf Zaritsky:
interpreting machine
predictions

Deep learning
is a powerful
computational
technique for
complex pattern
recognition.
In traditional
machine learning,
measurable properties known as features
are explicitly engineered by experts;
however, success in deep learning stems
from data-driven feature extraction that is
optimized toward a specific task without
relying on previous assumptions about
the image data or specific measurable
properties. Deep learning is extensively
used in cell biological imaging to enhance
image quality, to automate image-analysis
routines such as segmentation and
tracking, and to discriminate, or classify,
different experimental conditions, and
it is becoming more accessible in cell
biology with open software and easy-to-use
platforms. However, the success of deep
learning in identifying complex patterns
that exceed human intuition comes at
a cost of interpretability. Non-linear
entanglement of image features makes deep
learning models a ‘black box’ that lacks
straightforward explanations of which
biologically meaningful image properties
are important for the models’ decision. For
image analysis tasks, such as deconvolution
or segmentation, it is perhaps natural to
trust the machine without necessarily
understanding how a model reached a
decision. However, extracting a deeper
biological understanding, such as the

discovery of rare phenotypes or mechanistic
description of complex phenotypes, will
require human interpretable explanation of
the model’s decision process. Deep learning
image interpretability is a nascent field of
research with techniques such as ‘attention
maps’ that highlight the regions within
the image that most strongly contributed
to the decision, or methods that identify
localized image properties that can be
altered to affect the model’s decision.
Visualization of these image patterns
can then be interpreted to establish new
mechanistic hypotheses and draw biological
conclusions. These interpretability
techniques are in their infancy, and are the
first step towards systematic interpretability
of deep learning applied to microscopy
images. Development of user-friendly
tools will make efficient visual quantitative
exploration accessible to the cell biologist
end-user.
With the rapid growing volume and
complexity of modern bioimaging data,
we can no longer rely on the amazing
capacity of humans to identify visual
patterns in microscopy images.
Interpretable machine learning could
enable computationally driven biological
discovery: capitalizing on the machine’s
unprecedented ability to automatically
identify complex patterns within cell
biological images, followed by human
interpretation guided by visual explanation
techniques. Using the power of the human
visual system to understand machine
learning would ultimately lead to the
generation of new biological insight and
testable hypotheses.
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