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Abstract

Single-cell image analysis provides a powerful approach for studying cell-to-cell heterogeneity,
which is an important attribute of isogenic cell populations, from microbial cultures to individual
cells in multicellular organisms. This phenotypic variability must be explained at a mechanistic
level if biologists are to fully understand cellular function and address the genotype to phenotype
relationship. Variability in single cell phenotypes is obscured by bulk read-outs or averaging of
phenotypes from individual cells in a sample, thus single-cell image analysis enables a higher
resolution view of cellular function. Here, we consider examples of both small- and large-scale
studies carried out with isogenic cell populations assessed by fluorescence microscopy, and we
illustrate the advantages, challenges and promise of quantitative single-cell image analysis.
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Introduction

Phenotypic diversity is a consistent feature of cell populations, from microbial cultures
to individual cells in multicellular organisms. Remarkably, even genetically identical
cells grown in the same environment can exhibit different phenotypes depending on

their individual physiology and molecular fluctuations in cellular processes and response
mechanisms (Geiler-Samerotte et al., 2013). Phenotypic heterogeneity is evolutionarily
important as it may represent a bet-hedging strategy that helps microorganisms cope with
changing environments, or it may allow the division of labour in a population (Acar et
al., 2008; Ackermann, 2015; Levy et al., 2012). In more complex organisms, single-cell
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heterogeneity is an integral component of development and differentiation, as well as in
diseases such as cancer.

Historically, analyses of cell populations have been largely limited to bulk read-outs,
producing an average phenotype for cells in a sample, which does not capture information
about population heterogeneity. The past two decades have seen an explosion of single-cell
technologies, enabling quantitative analysis of the properties and molecular constituents of
individual cells (Lee et al., 2020). Many recent studies have analyzed the transcriptome

of single cells using RNA-seq, producing key insights into the gene expression changes
associated with different cell states. Going a step further, single-cell image analysis has
emerged as a powerful technique for exploring the functional consequences of gene
expression dynamics, including effects on protein localization and abundance, metabolite
concentrations, signaling events and overall cell morphology.

In this review, we focus on microscopy, which is arguably the “original’ single-cell
technique, with inherent information about single cells present in micrographs. Major
advances in single-cell image analysis have been driven by innovations in high through-put
microscopy and computational methods, enabling the collection of spatially and temporally
resolved data for individual cells, with the potential to characterize diverse phenotypes

and states within cell populations. Here, we describe examples of both small- and large-
scale studies done with isogenic cell populations assessed by fluorescence microscopy. We
illustrate the advantages and challenges associated with single-cell image analysis and the
power of this approach to reveal new biological insights.

Looking through the lens: low-throughput studies where single cells matter

Phenotypic heterogeneity within cell populations reflects many factors, including both
regulated and stochastic variations in cellular processes and responses, population context
and microenvironment, and the consequent divergence of cell behaviours and fates in

space and over time (Figure 1). To explore the mechanistic underpinnings of cell-to-cell
heterogeneity, biologists have devised powerful single-cell imaging assays that often exploit
fluorescent reporters, some examples of which are shown in Table 1. Below, we discuss
examples of low throughput imaging studies that query a broad range of bioprocesses and
serve to illustrate the potential of single-cell analysis to reveal biological events that are
obscured by population-based read-outs.

Cell-to-cell variability

One prominent source of heterogeneity in single cells is stochastic differences in regulators
controlling key molecular processes. The small number of macromolecules involved in some
biological processes such as gene expression, means that even modest variation between
isogenic cells can have significant phenotypic consequences. A classic study measured the
stochasticity of gene expression and distinguished between two mechanisms by which it
was generated (Elowitz et al., 2002). The experiment involved constructing bacterial strains
expressing two distinguishable versions of GFP with identical promoters regulated by the
Lac repressor. Intrinsic variation, quantified as the ratio between the two fluorescent proteins
within a single cell, uncovered variation inherent to the biochemical processes associated
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with gene expression, such as the binding of Lac repressor to each promoter. In contrast,
extrinsic variation, measured as the variation in expression of each GFP between cells, was
attributed to inter-cellular fluctuations in other cellular components.

More recently, single-cell image analysis of time-lapse images was used to assess reporter
gene expression in a cell line model expressing four selected chromatin regulators (CRs)
engineered to bind promoters only in the presence of an exogenous inducer (Bintu

et al., 2016). When assessing population averages, promoter recruitment of each CR
appeared to cause partial inhibition of gene expression. However, assessing individual
cells revealed that all four CRs silenced the reporter gene in an all-or-none fashion,

each with different dynamics. Likewise, when the CRs were released from binding to
chromatin, reactivation of the reporter gene occurred in an all-or-none manner. Thus,
single-cell image analysis showed that cells stochastically switch between active and silent
states, rather than transitioning gradually through different activity levels. In other studies
of transcription, techniques for direct imaging of single RNA molecules in cells have

been developed, including multiplexed fluorescence /n situ hybridization or insertion of
MS2 stem loops, derived from an £. coli phage, in individual RNAs together with the
expression of GFP-MS2-binding-protein in live cells (Eng et al., 2019; Femino et al., 1998;
Rodriguez et al., 2019). Unlike reporter gene studies, these approaches permit analysis

of local neighbourhood relationships such as ligand-receptor interactions, and the spatial
organisation and connectivity of neurons (Zhang et al., 2020)(Box 1).

Even when populations are known to be heterogeneous, single-cell image analysis can
overturn old ideas about mechanisms of gene regulation based on averaging. HSF1 (heat
shock factor 1) is a transcriptional activator of chaperone and other heat stress genes and
accumulates in nuclear foci during stress. In bulk cell population analyses, the formation
of HSF1 foci correlates with increased heat shock response, leading to the prevailing view
that foci formation marks cells that are actively upregulating chaperone genes. Single-cell
image analysis of HSF1 in primary human tumour cells revealed heterogeneity, as expected,
but surprisingly, the fraction of HSF1 in foci in individual cells was anti-correlated with
chaperone protein levels (Gaglia et al., 2020). Inducing proteotoxic stress revealed that
dissolution of HSF1 foci - not their formation - correlated with HSF1 activity. Indeed, cells
with persistent foci were more prone to undergo apoptosis, indicating that they were not
protected from stress.

Another source of phenotypic heterogeneity is replicative aging, which has been well studied
in Saccharomyces cerevisiae. Budding yeast, which has a replicative lifespan of less than 30
generations, divides asymmetrically, producing a daughter that is smaller than the mother,
and serves as a model for the aging of mitotic cell types, such as stem cells in higher
eukaryotes (reviewed by (Janssens and Veenhoff, 2016; Knorre et al., 2018; Steinkraus et
al., 2008)). In many cases, due to asymmetric segregation, older more damaged components
remain in the mother and the daughter gets the pristine newly synthesized versions. This
phenomenon was recently observed with peroxisomes, whose age was determined using a
tandem fluorescent timer fused to a peroxisome targeting sequence (Kumar et al., 2018).
Tandem fluorescent timers are fusions of two single-color fluorescent proteins that mature
with different kinetics; because of the different folding rates, the ratio of the two fluorescent
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proteins can be used to determine the age of the protein in living cells (Khmelinskii et al.,
2012).

The difference in size between yeast mothers and daughters enables the use of microfluidic
chambers to retain aging mothers and let daughter cells wash away. Following single

cells as they age has revealed that old cells accumulate extrachromosomal DNA circles
(Denoth-Lippuner et al., 2014; Hughes and Gottschling, 2012), misassembled nuclear pore
complexes (Rempel et al., 2019), aggregated mitochondria (Huberts et al., 2013; Hughes
and Gottschling, 2012), oxidatively damaged proteins and protein aggregates, as identified
by formation of Hsp104 foci (Aguilaniu et al., 2003), and have higher vacuolar and lower
cytosolic pH (Hughes and Gottschling, 2012; Mouton et al., 2020). Because most cells in
any population are newly born or young, microfluidics coupled to single-cell image analysis
provides a simple way to track the small sub-population of old cells to visualize differential
phenotypes associated with aging.

Recently, a modified microfluidics system that retains mother cells throughout their lifespan,
and also captures the most recently born daughters, has been used to investigate variability
during replicative aging in single S. cerevisiae cells (Jin et al., 2019; Li et al., 2020; Li et

al., 2017). Two types of aging were observed with about equal frequency: one characterized
by elongated daughter cells with abnormal nucleolar morphology and the other, associated
with a shorter lifespan, defined by small round daughter cells with aggregated mitochondria.
The largely irreversible decision between the two aging paths occurred within 5-10 divisions
after birth. Genetic experiments and computational modeling identified perturbations that
increased the fraction of cells undergoing each type of aging and even led to a new longer-
lived state.

Cell state refers to the overall physiological condition of a cell, which includes its metabolic
status, position in the cell cycle, and state of quiescence or growth. In isogenic populations,
individual cells may express a spectrum of possible phenotypes, making single-cell image
analysis essential for understanding how cell state impacts cell behaviour. Below we
describe some of the reporters that have been developed to illuminate cell state, providing
insight into cell fate decisions.

Growing cell populations contain cells in different stages of the cell cycle, which represent
widely divergent cell states, including S and M phases that require specialized molecular
machines to replicate and segregate chromosomes respectively, and growth phases that
integrate information about cell state to prepare the cell for these major events. The classic
“fluorescent ubiquitination-based cell cycle indicator” (FUCCI) system, offers a method to
visually distinguish metazoan cells at different phases of the cell cycle due to the expression
of red and green fluorescent proteins that are under the control of two ubiquitin ligases
active at different stages of the cell cycle (Sakaue-Sawano et al., 2008). Multiple variants
of the FUCCI system that report on cell cycle stages with finer gradations, as well as other
cell cycle reporters, have been developed (Sakaue-Sawano et al., 2017). For example, the
localization and abundance of fluorescently-tagged endogenous proliferating cell nuclear
antigen (PCNA) reports on cell cycle position, as well as transition into quiescence, and

Cell Syst. Author manuscript; available in PMC 2022 May 17.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Usaj et al.

Cell Fate

Page 5

uses only a single imaging channel (Zerjatke et al., 2017). At the individual cell level, cell
cycle stage can determine the outcome of a perturbation. For example, the cell cycle stage of
cells when they were deprived of zinc determined whether they either entered quiescence or
began another cell cycle, and then stalled in S-phase (Lo et al., 2020).

A wide range of genetically encoded reporters have been developed that are useful for
assessing the metabolic status of a cell, including attributes important for specific cellular
processes. For example, Forster resonance energy transfer (FRET)-based ATP probes,
referred to as “ATeams”, fused to organelle-targeting sequences, provide a ratiometric
readout of ATP levels. Several targeting sequences were used to show that organelles
respond differently to glucose depletion: in the mitochondrial matrix, ATP concentrations
change rapidly, whereas ATP levels in the cytosol and endoplasmic reticulum are less
dynamic (Depaoli et al., 2018). In another example, fluorescent redox sensors have been
developed for NADH and NADPH; in these, binding to the reduced form causes a
conformational change, resulting in a shift in excitation peak (Tao et al., 2017; Zhao et
al., 2015). A proof of principle study monitoring redox dynamics during the cell cycle
revealed that levels of cytosolic NADPH rapidly increased just prior to cell division (Zou et
al., 2018).

Changes in intracellular pH can have profound effects on many cellular processes, including
metabolism, response to growth factors and other external agents, and proper organelle
function. Intracellular pH can be tracked in single cells using ratiometric pHIuorins, GFP
variants whose excitation profiles respond to pH (Miesenbock et al., 1998). For example,

a study tracking cytosolic pH in budding yeast revealed modest acidification in early aging
and a steep drop in pH during the cells’ final division cycle (Mouton et al., 2020). These
observations allowed tests for causality using single-cell image analysis, revealing that
acidification was, in fact, a consequence and not a cause of senescence.

Several novel experimental tools have recently been developed to measure levels of
metabolites in single cells, many of which make use of metabolite-binding transcription
factors (Hanko et al., 2020). A step beyond quantifying metabolite concentration is
measuring flux, the relevant functional output of metabolic activity. Since fructose-1,6-
bisphosphate (FBP) levels strictly correlate with glycolytic flux, a modified Bacillus subtilis
CggR transcription factor that binds FBP, together with a synthetic promoter, were used to
report on flux in budding yeast (Monteiro et al., 2019). Single-cell image analysis revealed
that FBP concentration, and thus glycolytic flux, changes during the cell cycle, peaking
around cytokinesis and in G1 phase.

With single-cell image analysis of time-course experiments, markers of cell state can be
used to follow the pathways taken by individual cells to their ultimate fate. Below, we
illustrate the power of this approach by summarizing examples of studies in which single-
cell image analysis has contributed new insights into cell fate trajectories in response to
signals such as the presence of bacteria or absence of nutrients, and during differentiation
and development.
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Protein kinases are broadly involved in cell signaling and function, and many assays

have been developed to report on their function. Genetically encoded biosensors for
protein kinase activity, kinase translocation reporters (KTRs), are designed to convert
phosphorylation of a protein kinase target into a nucleocytoplasmic shuttling event which
can be visualized microscopically (Regot et al., 2014). The fate choices made by cells
faced with bacterial infection were analyzed by single-cell image analysis using KTRs by
simultaneously measuring both fluorescently labeled Sa/monella bacteria and host signaling
activity (Lane et al., 2019). Remarkably, the dynamics of activation of just two signaling
pathways, MAPK and NF-kB, were sufficient to distinguish between soluble bacterial
proteins and live bacteria, extracellular and intracellular bacteria, and to define the severity
of infection, thus guiding appropriate cell fate decisions.

By tracking multiple readouts in the same cell, single-cell image analysis can be used

to deconvolve cell decision-making. In response to starvation, diploid yeast cells divide
mitotically 2-3 times, then arrest their cell cycle and either enter meiosis or become
quiescent. Six-color live-cell imaging was used to study this decision, with reporters

of cell cycle position, entry into the sporulation program, storage carbohydrates, lipid
droplets, nitrogen metabolism, and mitochondrial morphology (Arguello-Miranda et al.,
2018). Combinations of parameters were identified that had high predictive power, revealing
that, for the vast majority of cells, their ultimate fate was determined before the last cell
division, far earlier than previously thought. Single-cell image analysis showed that cells
process information from multiple sources to select a future course of action and that
the metabolic state of the cell, especially the size of the vacuole, determines the meiosis/
quiescence cell fate decision.

Single-cell image analysis has also long been crucial for understanding cell fate decisions
in multicellular model organisms and their developmental trajectories. Since the 1980s,
microscopy has enabled mapping of single-cell fates during development, beginning with
pioneering and comprehensive cell lineage studies in Caenorhabditis elegans (Sulston et
al., 1983). Current approaches to map the developmental trajectory of single cells typically
involve time-lapse imaging to identify lineage relationships. Following imaging, cells are
fixed and the cell states of the ‘differentiated’ cells are characterized using RNA FISH,
which measures expression of a subset of genes (Hormoz et al., 2016). Alternatively, recent
methods make use of engineered genomic target sites that can be mutated using technologies
such as CRISPR-Cas9 or serine integrases to enable downstream reconstruction of lineage
trees using /n situ sequencing of the targeted sites (Askary et al., 2020; Chow et al., 2020;
Frieda et al., 2017). This approach bypasses the need for time-lapse imaging, enabling the
study of organisms that cannot be easily examined under the microscope.

Time-lapse imaging and single-cell analysis have recently been used to address important
questions in a variety of developmental situations, including disease states. For example,
single-cell image analysis was used to address the long-standing question of how a key
protein regulator of pluripotency, Nanog, is autoregulated. The results of computational
simulation of three different regulatory scenarios were compared against single-cell time-
lapse data of wild type and cells over-expressing Nanog, supporting a model of weak
negative feedback in Nanog dynamics (Feigelman et al., 2016). In another example, the
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prevailing view that embryonic stem (ES) cells transitioned randomly across different states
was challenged. ES cells were imaged over time and endpoint RNA FISH was used to
define cell types; this study showed that cell state transitions were stochastic, reversible

and structured, occurring in a step-wise fashion (Hormoz et al., 2016). Single cell imaging
has also been used to explore the cell fate trajectories of aberrant developmental programs,
such as cancer cells. For example, quantitative measurement of overall nuclear and cell
morphology revealed distinct and heritable morphological features of breast cancer cells that
were predictive of tumorigenic and metastatic potential in mouse models (Wu et al., 2020).

Systematic studies using high-throughput single-cell image analysis

As outlined above, single-cell image analysis has revealed that many different factors,
both deterministic and stochastic, can contribute to phenotypic variability. So far, we’ve
considered low-throughput approaches that exploit single-cell image analysis to address
important hypotheses about cell function that are not otherwise accessible. The availability
of microscopes tailored for high-throughput imaging, and associated development of
automated imaging methods, has produced high-content screening (HCS) platforms
(Boutros et al., 2015; Mattiazzi Usaj et al., 2016; Smith et al., 2018), which enable
unbiased assessment of the origins and consequences of cell-to-cell heterogeneity. Below,
we summarize systematic HCS approaches, and use selected examples to illustrate the
incredible potential of single-cell analysis to advance our understanding of the genotype-to-
phenotype relationship.

High-content screening methodology

HCS combines high-throughput imaging of large sample collections with computational
image analysis, representing a comprehensive and unbiased approach to investigate diverse
biological questions at a global scale. HCS is particularly useful for screens that involve
systematic perturbations using genetic methods or bioactive compounds to systematically
reveal genes and pathways that influence selected bioprocesses. Comprehensive collections
of mutants are available for yeast and other model organisms, such that genome-wide

HCS can be carried out in an arrayed format, removing the need for post-processing to
identify the underlying genetic mutation. The phenotype of interest is commonly visualized
using fluorescent tags or stains to mark compartments or provide functional readouts, with
either living or fixed cells. Studies that collect fixed cell end-point measurements use
immunostaining or fluorescent dye reporters to detect structures of interest. For example, in
yeast, triple staining with fluorescent dyes for cell wall, actin cytoskeleton and nucleus was
used for morphological profiling in several studies (Ohya et al., 2015; Ohya et al., 2005). A
cognate method called ‘Cell Painting’ has been widely used for morphological profiling of
metazoan cells, in which samples are stained with six fluorescent dyes (Bray et al., 2016).
More recently, iterative indirect immunofluorescence methods have been used to produce
maps of localization and abundance for up to 40 proteins per cell, an approach that can be
applied to quantitative single-cell image analysis in various experimental settings (Gut et al.,
2018).
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Major advances in HCS methods have been propelled by the development of computational
image analysis workflows, which are essential for high-throughput and time-lapse studies,
where the number of samples and single cells to be analyzed can be in the millions.
Developing the image analysis pipeline and setting up the biological assay are best done
concurrently, to ensure appropriate fluorescent markers are incorporated for downstream
image analysis and that sensible controls for testing the performance of the image analysis
method are included. After image acquisition, image analysis includes several key steps,
some of which are unique to single cell image analysis, as opposed to other single-cell
techniques (reviewed in (Caicedo et al., 2017; Grys et al., 2017; Mattiazzi Usaj et al.,
2016)). Importantly, these steps can be used in image analysis of both low-throughput and
high-throughput studies.

The first step in image analysis involves locating single cells within images, a crucial

task upon which subsequent steps are contingent. Object segmentation is typically done
by initially identifying individual fluorescently-labelled nuclei in the image, then defining
the cytoplasm and cell boundaries, for example by using a watershed algorithm (Beucher,
1992). Depending on the experimental goal, segmentation of subcellular objects may also
be needed and, if time-course data are involved, object tracking to identify the same cell in
different images may be required. Second, hundreds of quantitative features that describe
each segmented object are extracted. The computer vision field has developed a variety of
numeric descriptors of segmented objects, including summaries of the intensity distribution,
shape, size, texture, radial distribution, and granularity of the segmented region of interest.
Measurements tailored to the problem of interest can be calculated from the extracted
quantitative features, such as the ratio of the area of a segmented compartment to the total
area of the cell.

Subsequently, dimensionality reduction or feature selection may be required to minimize
redundancy of the extracted features, then individual cells are computationally grouped
based on the extracted features. Different machine learning approaches for this step abound
and are being continuously improved. Two commonly used approaches are: i) unsupervised
learning (clustering and outlier detection), which uses unlabeled cells for model training
based on commonalities/similarities between vectors comprised of the extracted numeric
features; and ii) supervised learning (classification) where a mathematical model is trained
using manually labelled representative cells for each predefined phenotype of interest
(reviewed in (Caicedo et al., 2017; Grys et al., 2017)). A variety of software tools have
been developed for phenotypic image analysis (reviewed in (Smith et al., 2018)).

More recently, many labs have employed machine learning based on artificial neural
networks, also known as deep learning, to segment cells, extract quantitative features from
single cells, classify cells into phenotypic classes, and track individual cells (Caicedo et

al., 2019; Durr and Sick, 2016; Kraus et al., 2017; Lu et al., 2019; Lugagne et al., 2020;
Moen et al., 2019). A key advantage of deep learning classification methods is that they
automatically learn suitable features to distinguish between phenotypes directly from image/
object pixels. Deep learning is becoming increasingly accessible to experimental labs:
collections of deep learning models are enabling users with limited expertise in machine
learning to analyze their own data (Chamier et al., 2020), and cloud-based solutions for
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scaling deep learning workflows are allowing cost effective analyses of large datasets for
labs with limited computational resources (Bannon et al., 2021).

Quantitative single-cell data extracted from high-content imaging studies can also be used
for mathematical modeling of complex biological systems. Such models interpret and
simulate the extracted data in order to obtain a deeper insight into the studied system

and predict its behaviour. For example, measurements of protein abundance or status (e.g.
phosphorylation) in a biological pathway have contributed to understanding cell state (Miller
et al., 2018), cell fate (Min et al., 2020), and drug-resistant mechanisms in cancer cells
(Gerosa et al., 2020).

A crucial component of HCS is downstream data analysis, where approaches vary depending
on the question being asked. Often, low-throughput studies employ complex data analysis
strategies that cannot always be scaled to accommaodate larger datasets. Although image-
based data have always been available at single-cell resolution, the large amount of
quantitative data, inherent variability between single cells, and resultant complexity in the
analysis workflow have often led to the use of population averages even when single-cell
data is extracted from images. The information content in many imaging screens is thus
hugely underutilized. Published imaging datasets represent a tremendous opportunity for
re-analysis at the single-cell level to uncover previously hidden information. However, long-
term storage, accessibility and distribution of the acquired datasets, particularly raw images,
represent a constant challenge. Here, use of open-source bioimage database systems, such as
OMERO (Allan et al., 2012), and increased sharing of resources through community-driven
public repositories such as IDR (Williams et al., 2017) play a pivotal role. Additionally,
pixel data and metadata are frequently stored in different, often proprietary, formats,

making reanalysis of the data challenging. The Open Microscopy Environment (OME)
consortium, which developed OMERO, has produced Bio-Formats, an open-source software
tool that aims to address this issue by enabling the reading and writing of image data using
standardized formats (Linkert et al., 2010).

Single-cell HCS in yeast

The most versatile toolbox of genome-scale genetic reagents is available for the budding
yeast. The predominant collections used in single-cell image analysis are: the genome-

wide gene-deletion collection (Giaever et al., 2002), which enables the analysis of loss-
of-function mutations in non-essential genes; the collection of conditional, temperature-
sensitive alleles of essential genes (Costanzo et al., 2016; Li et al., 2011), which enables the
analysis of the highly-conserved essential gene set and; the GFP collection, where each ORF
has been systematically tagged at its C terminus with GFP (Huh et al., 2003). Below, we
summarize recent efforts to systematically explore yeast cell biology using single-cell image
analysis. We note that to date, most large-scale imaging studies, including those with yeast,
have done aggregate analysis rather than single-cell analysis.

Large-scale single-cell image analysis of genetic perturbations.—A major

advantage of the yeast system is that well established methods for high-throughput yeast
strain construction can be used to introduce markers of a compartment or process of interest
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into the mutant strain arrays mentioned above. For example, single-cell image analysis

has been used to screen yeast mutant collections for specific morphological phenotypes,
including defective spindle morphology (Vizeacoumar et al., 2010), increased fraction of
cells with DNA-damage foci (Styles et al., 2016), altered fraction of cells with inclusion
bodies containing Synphilin-1 (Zhao et al., 2016), defects in asymmetrical segregation of
protein aggregates marked by Hsp104 (Hill et al., 2016), and abnormalities in four endocytic
compartments (Mattiazzi Usaj et al., 2020). Single-cell image analysis has also been used to
screen for non-morphological phenotypes, including a search for mutants that had reduced
or improved memory of a previous growth condition, so-called transcription reinduction
memory (Bheda et al., 2020). Many of these screens involve phenotypes that are not present
in all or even most cells in a mutant population, making single-cell analysis essential for a
comprehensive understanding of the genotype-phenotype relationship.

In addition to describing genes and pathways, high-throughput screens can also address
global questions about heterogeneity in isogenic populations. For example, our screens of
endocytic compartment morphology revealed that incomplete penetrance was reproducible
and pervasive, with only ~10% of single mutants showing complete penetrance, where

all cells in the population express the measured phenotype (Mattiazzi Usaj et al., 2020).
Additionally, ~50% of endocytic morphology mutants exhibited morphological pleiotropy,
where a single gene perturbation leads to multiple aberrant phenotypes (Mattiazzi Usaj

et al., 2020). Consistent with these results, widespread heterogeneity in cell shape was
observed in individual mutants in a genome-wide study in Schizosaccharomyces pombe
(Graml et al., 2014). Systematic exploration of penetrance and pleiotropy in isogenic mutant
populations is rare and more studies are needed to understand the fundamentals of cell-to-
cell heterogeneity.

Single-cell image analysis of the GFP collection.—An advantage of image-based
proteome analysis is the ability to study protein localization and protein abundance in single
cells, including proteins that localize to multiple compartments, and to observe cell-to-cell
differences in protein localization or changes in protein levels. More than 15 years ago,
visual inspection of images of the original yeast GFP collection produced the first proteome-
scale catalogue of subcellular protein localization (Huh et al., 2003). This pioneering work
set the stage for more recent projects that have combined cell images of the GFP collection
with various machine learning approaches, including deep convolutional neural networks,
for quantitative analysis of the proteome in single cells (Chong et al., 2015; Kraus et al.,
2017; Parnamaa and Parts, 2017). These proteome surveys also quantitatively determined
that over half of all proteins tested localized to multiple subcellular compartments. Because
many bioactive compounds and genetic mutations affect only a subset of a population,
single-cell image analysis has also been instrumental in identifying changes in the proteome
upon perturbation. By extracting single-cell information, quantitative ‘“flux networks’ that
describe proteome dynamics in response to environmental factors or mutations, which can
include changes that affect only a small fraction of cells, have been constructed (Chong
etal., 2015; Kraus et al., 2017). In addition, several groups have used single-cell image
analysis to identify localization changes in the presence of chemicals using more broadly
defined localization categories or by querying only a subset of localizations (Denervaud et
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al., 2013; Mazumder et al., 2013). Some of these studies used a single image dataset (Chong
et al., 2015) to ask new questions or to develop novel computational methods (Kraus et al.,
2017; Lu et al., 2018; Parnamaa and Parts, 2017).

HCS studies with single-cell image analysis beyond yeast

Exploring genetic perturbations.—In general, other model systems lack the extensive
molecular toolbox of arrayed collections available in budding yeast. Nonetheless, large-scale
RNAI screening has been used extensively to identify mutant phenotypes in the past 15
years, and the availability of arrayed siRNA libraries for some systems has greatly facilitated
functional genomics using high content-screening (Heigwer et al., 2018; Mobhr et al., 2010).
Below, we provide examples of HCS approaches for systematic discovery of phenotypes
associated with genetic perturbation in a variety of cell line models.

Due to a number of experimental challenges, large-scale high-content imaging screens
with living metazoan cells that use single-cell data for phenotype identification remain
sparse. One example is the MitoCheck project, where RNAI of each of the ~21,000 human
protein-coding genes was followed by live imaging of fluorescently labelled chromosomes
and classification of nuclei into one of 16 morphological classes, identifying hundreds of
human genes involved in cell division, migration and survival (Neumann et al., 2010).

On the other hand, many informative single-cell imaging screens that rely on end-point
imaging of fixed cell samples have been performed, uncovering considerable new cell
biology. For example, an RNAi HCS screen in Drosophila cells leveraged single-cell data
to explore the heterogeneity of cell morphologies and revealed that most genes regulate the
transition between discrete cell shapes rather than generating new morphologies (Yin et al.,
2013). An unsupervised outlier detection approach identified HeLa cells with altered Golgi
morphology, and after calculating phenotype penetrance for each gene and clustering of
outlier cells, ten distinct phenotypic clusters were identified. This phenotypic information
was used to build a Golgi phenotypic network that maps similarities between genetic
perturbations (Hussain et al., 2017). Single-cell data has also been used to account for
population context, such as the influence of neighboring cells, a concept that will also be
crucial for informative analysis of more complex cell models (Liberali et al., 2014; Snijder
et al., 2009; Snijder et al., 2012).

While very powerful, RNAI screens have several caveats, including off-target effects and
variable efficiency of silencing, which confound discovery of true biological heterogeneity
and the determination of phenotype penetrance. Recently, several CRISPR-Cas tools for
gene editing have been developed with fewer off-target effects than RNAI (Boettcher

and McManus, 2015; Pickar-Oliver and Gersbach, 2019). Additionally, with appropriate
modifications, CRISPR-Cas-based gene editing appears feasible in almost any organism,
including bacteria and yeast. Editing efficiency remains a confounding factor for accurate
analysis of penetrance, and thus reporters to distinguish between edited and non-edited cells
are needed.

As in yeast, arrayed high-content screens in cell lines enable analysis of multiple subtle
or complex phenotypes, arguably at the expense of throughput, and require no post-
imaging deconvolution to identify the underlying genetic perturbation. Several groups
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have developed experimental platforms for arrayed CRISPR screens with human or other
metazoan cells (de Groot et al., 2018; Kim et al., 2018; Strezoska et al., 2017). For

example, an arrayed library of 2,281 CRISPR-Cas9 plasmids targeting 1457 human genes
was constructed and applied in an image-based screen to identify genes affecting cellular
morphology and the subcellular localization of components of the nuclear pore complex

(de Groot et al., 2018). Since transient transfection of a targeting plasmid results in a

mixed population of wild-type and genetically perturbed cells, the authors first distinguished
between wild-type cells and cells expressing Cas9 (which may or may not be genetically
perturbed). By training classifiers that consider the heterogeneity of specific subsets of
features, they were able to identify genes involved in distinct cellular processes.

Nevertheless, large genomes make arrayed screening, and in particular the use of arrays for
live-cell imaging, expensive and technically challenging. Several groups have thus proposed
pooled CRISPR screening solutions for HCS. For example, targeted /n sifu sequencing

was used to demultiplex a library of genetic perturbations after image-based phenotyping

of individual human cells (Feldman et al., 2019). In Visual Cell Sorting, expression of

the photoactivatable fluorescent protein Dendra2 allows for selective and high-throughput
labeling of individual cells exhibiting different phenotypes (Hasle et al., 2020). Labeled

cell sub-populations can then be sorted using flow cytometry and subjected to different
downstream genomics assays. A similar approach that relies on machine learning to identify
cells of interest on-the-fly, followed by their photoactivation, sorting and sequencing, was
combined with a large-scale genome-wide CRISPR screen to identify genes affecting the
nuclear localization of the transcription factor TFEB (Sarraf et al., 2020).

A potential pitfall of pooled screens is that the results are dominated by the strongest

hits and most common phenotypes. Rare phenotypes or mutations that cause an abnormal
phenotype in only a subset of cells (incomplete penetrance) are more difficult to detect with
pooled approaches and would require screening of much larger cell numbers. Additionally,
as with all classification approaches, a priori knowledge (and classifier training) of the target
phenotype is needed.

Exploring the proteome.—To date, by far the largest attempt at mapping the subcellular
localization of human proteins has been the Cell Atlas project. Twelve thousand human
proteins were localized using immunofluorescence microscopy and in a Herculean effort
manually assigned to 30 cellular compartments and substructures. Analysis of single-cell
immunofluorescence patterns revealed 1855 proteins with variation in either expression
levels or spatial distribution (Thul et al., 2017). Images were subsequently also manually
classified with a citizen science approach, where, over the span of one year, more than
320,000 gamers of a mainstream video game annotated the Cell Atlas images as a mini-
game, producing more than 33 million classifications of subcellular localization patterns.
Besides discovering novel localization patterns, these single-cell annotations were used

to improve the classification accuracy of a deep learning model (Sullivan et al., 2018).

To identify proteins whose abundance varies in a cell-cycle-dependent manner, 1180
proteins that showed cell-to-cell variability in the Cell Atlas images were reassessed by
immunofluorescence in FUCCI U20S cells. Less than a third of these gave significant cell-
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cycle variation, confirming that multiple factors contribute to cell-to-cell proteome variation
in genetically identical cells (Mahdessian et al., 2021).

CRISPR gene editing technology has also been used for the development of fluorescently
tagged cell lines for live-cell imaging of specific compartments in different organisms
(Leonetti et al., 2016; Mikuni et al., 2016; Roberts et al., 2017). In one method,
electroporation of Cas9 nuclease/single-guide RNA ribonucleoproteins combined with a
split-GFP system was used for robust, scarless, and specific tagging of endogenous human
genes (Leonetti et al., 2016). A CRISPR-Cas9 genome-editing strategy was also used to
systematically tag endogenous proteins with fluorescent tags in human induced pluripotent
stem cells, producing cell lines that maintain pluripotency, differentiation potential, and
genomic stability (Roberts et al., 2017). These isogenic stem cell lines can be used by the
community to explore organelle morphology during differentiation or identify the genetic
requirements for organelle function. Even without consideration of splicing variants and
tissue-type-specific gene expression, the size of such reagent collections, their maintenance
and distribution to the community will no doubt pose a particular challenge. In time,
however, these collections of cell lines will allow for live-cell proteome-wide HCS, similar
to studies conducted in yeast using the GFP collection.

Challenges and Outlook

We have highlighted selected studies done with yeast and other cells that exemplify the
value of unicellular and /n vitro cell model systems both to dissect various biological
processes and to develop experimental and computational approaches that are transferable to
more complex systems. Technological advancements have enabled high-throughput imaging,
quantification and profiling of organoids. These 3D model systems better reproduce the
micro-environment, cell-cell interactions, homeostasis, and dynamics of tissue and organ
development in healthy and diseased states. For example, single nuclei from thousands of
organoids have been segmented and quantified to characterize the development of intestinal
organoids from single cells (Serra et al., 2019). A platform that combines high-throughput
organoid production, whole-organoid immunostaining and tissue clearing, and high-content
imaging has enabled the detailed analysis of human midbrain organoids (Renner et al.,
2020). Single-cell imaging studies, no matter the experimental system and analysis pipeline,
provide information that would otherwise remain hidden when treating all cells as a
homogenous population. Analysis of single-cell imaging data highlights the importance of
concepts such as penetrance and stochasticity, as well as cell fate decisions.

Both experimental and image analysis methods have advanced considerably in the past two
decades; we now have many well-established protocols and advanced know-how to reliably
and reproducibly perform HCS, extract single-cell data, and measure an increasing number
of cell properties. The number of structures that can be observed by live-cell fluorescence
microscopy is still limited by the configuration of the microscope and spectral overlap of
fluorophores. Two recent studies (Christiansen et al., 2018; Ounkomol et al., 2018) used
convolutional neural networks to predict fluorescence microscopy images from unlabelled
transmitted-light z-stacks. With larger training sets covering additional diverse phenotypes,
including abnormal subcellular phenotypes, this approach promises to enable multi-marker
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single-cell phenotyping of live cells by combining /n silico labeling of trained phenotypes
with fluorescence imaging of novel/untrained/rare phenotypes.

Computationally, we are at the stage where we need to systematically dissect single-cell
information available through HTP screening and other imaging studies. The overall goal

is to gain an understanding of the events that lead to variability in mutant phenotypes, and
to unravel the consequences for the cell. This highly complex data, however, requires a
high level of expertise that is not available to most labs, which limits the adoption of single-
cell image analysis. With the expansion of data-intensive imaging modalities (e.g. lattice
light-sheet) the need for robust and reliable computational approaches for the analysis of
multidimensional and information-rich data extracted from single cells is even more urgent.
With the bottleneck in analysis shifting downstream, the main question thus becomes ‘how
do we take into consideration the multidimensionality, sheer size, and full extent of single-
cell data in the analysis pipeline?’ High-content screening is inherently interdisciplinary.

In the coming years we expect to see additional interdisciplinary developments at the
intersection of fields that will address this challenge, and a concurrent emergence of
methods that integrate different single-cell datasets to gain a comprehensive and quantitative
view of the cell.

Public data challenges, hackathons, and contributions from citizen scientists have provided
state-of-the-art solutions to well defined data analysis problems in the past (Caicedo et al.,
2017; Ouyang et al., 2019; Sullivan et al., 2018). A similar engagement will prove beneficial
to current and future challenges in the field. Privately funded initiatives have been at the
forefront of some of these developments. For example, the non-profit Allen Institute for
Cell Science is developing openly available reagents and machine learning image-analysis
solutions for live-cell fluorescence microscopy (Chen et al., 2020; Ounkomol et al., 2018;
Roberts et al., 2017).

Understanding single-cell biology is also highly relevant for potential future biomedical
applications; single-cell heterogeneity is common, for example, both in cancer and in

drug efficacy. Broader adoption of single-cell image analysis and integration of different
single-cell data types will provide unprecedented insight into cell function and behaviour.
Ultimately, this will advance our understanding of the relationship between genotype and
phenotype. Instead of ‘hiding’ the messy biological data, it is thus prime time to harness the
power of single cells.
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Box 1:

Transcriptomics with single molecule FISH
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Fluorescence /n situhybridisation (FISH) of RNA offers spatial information unobtainable from sequencing. It is
the gold standard for accurately determining RNA counts and can capture up to 10000 unique transcripts (Torre
et al., 2018). Through iterative rounds of imaging, hybridisation, and re-probing (cartoon above), RNA species
are identified by different imaging readouts (cartoons below). Some recent single molecule FISH (smFISH)
technologies include:

readout

1010

1011

0010

1001

0011

osmFISH (cyclic-ouroboros

SmFISH)

The simplest type of FISH, osmFISH,

is a non-barcoded strategy that has a high dynamic
range. In each

cycle, each DNA probe labelled with a unique
fluorophore targets a

distinct mMRNA. The number of targets detected is
the product of the

number of fluorescent channels and the number of
cycles. This

technique was used to map the somatosensory cortex
in mice (Codeluppi et al., 2018).

The remaining approaches we outline here require
multiple cycles to identify each RNA.

MERFISH (Multiplexed

error-robust FISH)

MERFISH assigns 2-bit

barcodes (0 for absence, 1 for presence of
fluorescence) to RNA

species through iterative rounds of hybridization and
imaging (Moffitt et al., 2016). This

way, in 15 cycles, up to 215 (~30000) unique
barcodes can be

assigned. However, to allow for error correction,
some barcodes are

left intentionally unassigned. MERFISH was used to
identify ~1600

cell-cycle dependent genes as well as RNAs enriched
in the different

compartments in U-2 OS cells (Xia

etal., 2019).

STARmap (spatially resolved

transcript amplicon readout mapping)

STARmap

is useful for 3-D systems. RNA species are paired
with DNA probes in

order to produce a DNA nanoball using
amplification. Here,

hydrogel-tissue chemistry is used to preserve the
spatial

relationships in tissues. Fluorescent-based sequence
readout is then

used to identify RNA transcripts. STARmap was
used in the mapping of

1000 genes of the medial prefrontal cortex of the
adult mouse brain
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(Wang et al.,
2018).

segFISH+ (sequential

fluorescent in situ

hybridisation)

seqFISH+ uses super-resolution

confocal microscopy to avoid optical crowding, and
pseudo-colors to

reduce imaging cycles. Each mRNA species has a
unique color

sequence, so the number of unique barcodes
assigned is F~n

(F=fluorophores, n=cycles). seqFISH(+) was used to
characterize the

transcriptomes of tissues such as the cortex, sub-
ventricular zone

and olfactory bulb in mice and to capture spatial
information

between ligand-receptor pairs in neighboring cells
(Eng et al., 2019; Eng et al., 2017).
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Figure 1. Sources of phenotypic heterogeneity
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Phenotypic heterogeneity in an isogenic population can arise due to variations in a cell’s
microenvironment, and cell-to-cell differences in cell responses and states. These, in turn,
can affect a cell’s fate. Shown are some examples from each of these categories, which we

discus in more detail in the main text.
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Figure 2. Overview of HCS workflows
HCS screens, both to monitor proteome-wide changes and large-scale genetic perturbations,

are generally performed in arrayed format, but more recently pooled formats have been
used. Image acquisition (high-throughput live or fixed-cell imaging of fluorescent markers)
may include multiple planes and/or time points. Microfluidics devices may be used to
track changes after switching growth conditions or to capture and monitor a subset of

cells. Pooled screening approaches require post-imaging deconvolution (e.g. with /n situ
sequencing) to identify the underlying perturbation. After image acquisition, individual cells
are segmented, and in case of time-lapse imaging, tracked, based on positional information.
Numeric features describing different cell/phenotype properties are extracted, and the
derived feature vectors analyzed with different machine learning approaches, including
classification and clustering. Network analysis and feature projection techniques are often
used for data visualization. See main text for more details.
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Table 1:

Reporter

Information provided

Example [organism] (Reference)

Molecule-specific
Fluorescently tagged

tFT linked to protein or
organelle localization sequence

Antibody system

MS2 RNA stem loop + GFP-
MS?2 coat protein system

Signalling

Relocation reporter

TF binding elements or
isolated

promoter driving reporter
expression

Cell State

Cell cycle reporter

pH sensor

Flux sensor

Redox sensor

FRET-based sensor of
metabolite

Live cell stains

Organelle morphology, protein
abundance and localization,
metabolic state

Protein or organelle age and
stability

Organelle morphology, protein
abundance and localization

RNA localization, abundance

Activation of pathway

Activation of pathway

Cell cycle position

Ratiometric readout of
intracellular pH

Metabolic flux readout

Ratiometric readout of metabolite

levels

Intracellular concentration of
metabolite

Abundance and morphology of
organelles, cellular structures,
metabolites, proteins

Gapl-mNeon to assess nitrogen metabolism [Sc] (Arguello-Miranda et
al., 2018)

tFT-PTS to determine age of peroxisomes [Sc] (Kumar et al., 2018)

anti-LAMP1 antibody to assess lysosome morphology [Hs] (Liberali et
al., 2014)

MS2fused to TFFI gene to assess RNA abundance [Hs] (Rodriguez et
al., 2019)

IJNK-KTR to quantify activation of INK pathway [Hs] (Lane et al.,
2019; Regot et al., 2014)

HSP70pr-CFP to quantify activation of heat shock pathway [Hs]
(Gaglia et al., 2020)

FUCCI system to assess G1, G1/S, S/G2, M/early G1 [Hs] (Sakaue-
Sawano et al., 2008)

Ratiometric pHluorin to quantify cytosolic pH [Sc] (Mouton et al.,
2020)

CggR-based YFP system to quantify FBP as a measure of metabolic
flux [Sc] (Monteiro et al., 2019)

iNap-cpYFP to quantify intracellular NADPH/NADP+ levels [Hs] (Tao
etal., 2017)

ZapCV?2 to quantify Zn2* in cytosol [Hs] (Lo et al., 2020)

Fluorescently labelled WGA to quantify bud scars (determine
replicative age) [Sc] (Mattiazzi Usaj et al., 2020)

Abbreviations: tFT, tandem fluorescent timer; PTS, peroxisome targeting sequence; INK-KTR, c-Jun N-terminal kinase-kinase translocation
reporter; TF, transcription factor; HSP, Heat Shock Protein; FUCCI, fluorescent ubiquitination-based cell cycle indicator; FBP, fructose-1,6-

bisphosphate; iNap-cpYFP, indicator of NADPH fused to circularly permuted YFP; FRET, Forster resonance energy transfer; ZapCV2, Zapl
zinc finger binding domain connecting FRET pair CFP and circularly permuted Venus; WGA, wheat germ agglutinin; Hs, Homo sapiens, Sc,

Saccharomyces cerevisiae
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