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Abstract

Signaling proteins are flexible in both form and function. They can bind to multiple molecular
partners and integrate diverse types of cellular information. When imaged by time-lapse
microscopy, many signaling proteins show complex patterns of activity or localization that vary
from cell to cell. This heterogeneity is so prevalent that it has spurred the development of new
computational strategies to analyze single-cell signaling patterns. A collective observation from
these analyses is that cells appear less heterogeneous when their responses are normalized to, or
synchronized with, other single-cell measurements. In many cases, these transformed signaling
patterns show distinct dynamical trends that correspond with predictable phenotypic outcomes.
When signaling mechanisms are unclear, computational models can suggest putative molecular
interactions that are experimentally testable. Thus, computational analysis of single-cell signaling
has not only provided new ways to quantify the responses of individual cells, but has helped
resolve longstanding questions surrounding many well-studied human signaling proteins including
NF-xB, p53, ERK1/2, and CDK2. A number of specific challenges lie ahead for single-cell
analysis such as quantifying the contribution of non-cell autonomous signaling as well as the
characterization of protein signaling dynamics in vivo.
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1. INTRODUCTION

The ability to visualize signaling proteins in real time and at single-cell resolution has
revealed a staggering picture of complexity in cellular signal transduction. Genetically
identical cells can show vastly different signaling patterns—even under basal conditions or
in response to the same stimulus. In fact, if there has been one lesson learned from single-
cell dynamics, it is that variability from cell to cell is the rule rather than the exception. Cells
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in the same culture dish can show patterns of gene or protein expression that vary over
several orders of magnitude [1-3], and signaling patterns measured in real time are noisy
and asynchronous [4, 5]. These observations present major challenges for understanding
single-cell signaling: How much of the observed heterogeneity from cell to cell is
meaningful? Are the observed patterns variations of a single signaling response or are there
multiple responses? If there are multiple responses, how can we distinguish among different
signaling patterns in individual cells?

The idea that a single signaling protein can display multiple behaviors is already well
appreciated in the field of intrinsically disordered proteins (IDPs), the focus of this special
issue. It has long been observed that certain proteins associated with signal transduction
have unusually high levels of disordered regions in their peptide sequence [6-8]. This trend
may reflect the tendency for signaling proteins to have multiple binding partners as well as
multiple functionalities in the cell [6, 8, 9]. It is our observation that many IDPs (or those
involved in signaling complexes with disordered proteins) have been examined by
fluorescence time-lapse microscopy. Often, these proteins display rich and complex
signaling dynamics in single cells (Fig. 1). This is yet another indication that signaling
proteins are structurally pliable molecules capable of sophisticated information processing
[10]. As such, the variability of single-cell protein dynamics of IDPs adds additional
challenges and opportunities for understanding the role of these proteins in cell signaling
and disease.

In this review, we examine how signaling patterns among individual cells have been
resolved through the use of computational analyses. We first introduce some of the different
patterns of signaling observed in individual cells across different cellular pathways. Since
this topic has been reviewed elsewhere in depth [11, 12], we provide a brief overview of the
variety of signaling patterns observed among mammalian proteins and highlight the insight
gained from an exciting set of recent studies [1, 13-18]. These studies are drawn together by
a common set of computational approaches used to analyze signaling patterns in individual
cells. We find that these approaches are essentially variations of existing methods for
normalizing and comparing biological data. However, they are specifically tailored toward
the heterogeneous temporal data gathered from single cells. In many cases these approaches
not only resolve, but also make use of, cell-to-cell heterogeneity by relating variation in
signaling to differences in downstream behaviors. We further show how single-cell
signaling has been modeled computationally to predict cellular behaviors and suggest new
mechanistic interactions. Finally, we discuss specific challenges for understanding single-
cell signaling responses that must build on existing work in the field.

2. SINGLE-CELL DYNAMICS OF HUMAN SIGNALING PROTEINS

An increasing number of human signaling proteins have been characterized in living cells
including several proteins with significantly disordered protein structures (Fig. 1). These
studies typically quantify protein abundance over time using a fluorescent reporter protein
that is covalently linked to the coding region of the protein of interest [19, 20]. In cases
where the enzymatic activity of the protein is more biologically relevant than its expression
level, it is necessary to use a genetically encoded biosensor that exhibits conformational
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changes that reflect changes in the enzymatic activity of interest [21]. These biosensors
include, for example, fluorescent substrates that mimic endogenous cleavage sites used to
measure protease activity [22]. Once the fluorescent reporter is stably expressed, cells are
cultured directly on the microscope, relevant perturbations are performed, and images are
acquired periodically at a time scale that is appropriate for the biological process under
investigation [11]. Segmentation borders are then drawn to separate neighboring cells. The
resulting data set is a time series of fluorescence intensity values that reveal how the protein,
or enzyme activity, changes over time in individual cells.

Human signaling proteins show a wide range of dynamical behaviors including pulses [13,
18, 23], bursts [14], oscillations [24], switches [25], and decays [26]. One of the best-studied
proteins in single cells is the stress response factor NF-xB. NF-xB is a transcription factor
that responds to cytokines, inflammation, and other cellular stresses. Upon activation with
inflammatory stimuli such as tumor necrosis factor a (TNFa), NF-kB localizes to the
nucleus and promotes transcription of 1xBa, an inhibitor that binds to NF-xB and triggers
export of NF-xB to the cytoplasm. Activation of NF-xB and subsequent expression of 1kBa,
leads to multiples cycles of NF-xB nucleo-cytoplasmic shuttling. Live-cell imaging of NF-
kB localization has revealed that, after stimulation with TNFa, NF-xB shows a prominent
first pulse of activity followed by a series of long-term pulses [24]. At low doses of TNFq,
activation of NF-xB is highly heterogeneous with the majority of cells showing all-or-
nothing activity [27].

Additional signaling proteins in the immune response have been characterized in individual
cells. Notably, two isoforms of the nuclear factor of activated T-cells (NFAT1 and NFAT4)
show dramatically different nuclear localization dynamics in response to calcium
stimulation [14]. NFAT1 responds slowly to stimulation, showing prolonged occupation of
the nucleus over several hours. In contrast, NFAT4 shows rapid and repeated bursts of
nuclear localization that last between 5 and 10 minutes. Although it is premature to make
any firm conclusions, it appears that a large proportion of signaling proteins that have been
measured in live cells show some form of pulsatile signaling. Whether “frequency
modulated” signaling is a pervasive theme in biology remains to be determined [11, 12, 28].
If so, it would suggest that the temporal pattern of protein signaling may be as relevant as its
absolute abundance. Such a finding expands our notion of good indicators of functional
relevance to include both expression levels and dynamical patterns of activity.

Another well-characterized protein in live cells is the tumor suppressor p53 [23, 29].
Following DNA damage, p53 undergoes posttranslational modification that frees it from
Mdm2, an E3 ubiquitin ligase that promotes rapid degradation of the p53 protein. However,
because Mdm?2 is also a target gene product of p53, the induced elevation of p53 eventually
promotes its own degradation, leading to periodic accumulation of nuclear p53. p53
dynamics were originally predicted to be damped oscillations based on population
measurements of p53 and Mdm2 by Western blot [30]. When imaged in single cells,
however, p53 signaling was shown to occur in a series of pulses with uniform width and
height [23, 31]. Rather than increasing the absolute levels of p53, larger doses of DNA
damage increases the number of consecutive pulses.
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As a well-recognized intrinsically disordered protein, p53 has also been examined at the
single-molecule level to understand its binding and oligomerization properties [32].
Following initial work to characterize the binding affinity of p53 to DNA using ensemble
methods such as analytical ultracentrifugation [33], fluorescence correlation spectroscopy
was used to determine the precise kinetics of p53 oligomerization [34]. More recently,
analysis of p53 oligomerization dynamics in single cells confirmed that dimers are the
predominant form under basal conditions. Interestingly, after DNA damage, formation of
p53 tetramers precedes increases in p53 protein levels suggesting that p53 oligomerization is
dynamically regulated in response to genotoxic stress [35]. These examples show how the
structural disorder of a signaling molecule may affect its cellular function and regulation.

Additional components of the DNA damage response were recently characterized in single
human cells. Two members of the hypoxia-inducible factor family of transcription factors
(HIF-1a and -2a), which can bind both Mdm2 [36] and p53 [37] to alter cellular stress
responses, show a single 3 h pulse that is rapidly terminated under continuous hypoxic
conditions [13]. The p53 binding protein 1 (53BP1), which localizes to double-strand DNA
breaks, shows exponential decay kinetics that reflect the rate of DNA repair in individual
cells. When combined with a reporter for yeast homology Rad52, a marker for DNA repair
by homologous recombination, the relative rates of repair by two alternative mechanisms—
non-homologous end joining and homologous recombination—were determined in
individual cells [26]. While the average rates of repair were consistent with rates previously
estimated through bulk cell measurements, the simultaneous imaging of 53BP1 and Rad52
dynamics in single cells allowed precise calculation of these rates during each phase of the
cell cycle. This led to the discovery that repair processes change continually over the course
of the cell cycle and may depend on the extent of active DNA replication. As this study
demonstrates, simultaneous examination of two or more signaling proteins in the same cell
provides a powerful look at the kinetic and functional relationship between multiple
signaling pathways [38].

Gaining a clear picture of protein signaling patterns in individual cells is critically important
for forming hypotheses about their functional role. For example, the discovery that p53
undergoes repeated pulses of expression in response to DNA damage, rather than damped
oscillations, shifted attention from the amplitude of the p53 response to its duration. This
“dose-to-duration” encoding mechanism [39] suggested that the functional role of p53
pulses may be related to the persistence of the signaling response rather than its absolute
levels. To test this idea, the duration of p53 pulses was altered using an Mdmz2 inhibitor to
maintain a constant concentration of total p53. This perturbation led to changes in target
gene expression and cellular fate [40]. A similar result was observed for the extracellular
signal related kinase (ERK), which relays information about extracellular growth factors to
cell cycle decisions. While the absolute amplitude of ERK was relatively constant across all
cells, the decision for a cell to enter S phase correlated strongly with the fraction of time
ERK spent in an active signaling state [18]. Thus, real-time measurements of protein
signaling in single cells have refined our understanding of how cellular information is
transmitted. An exciting direction for the IDP field will be to examine how protein disorder
is related to signaling dynamics in single cells. For example, sustained expression of an IDP
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over time may allow it the disordered structure to interact with a new set of molecular
partners.

In summary, human proteins show a wide array of dynamical patterns. What is the function
of these signaling dynamics? How do they interact with other components of signaling
pathways to control downstream behaviors? In the following section, we discuss how
functional information has been obtained from live-cell signaling studies through a set of
elegant, but conceptually simple, computational approaches. We find that, when normalized
to other single-cell measurements, some of the observed heterogeneity in protein signaling
—while perhaps functionally relevant—vanishes and dominant patterns of activity emerge.
Remaining differences in normalized signaling patterns are then used to classify cells into
distinct functional groups. In these cases, differences among cells are most helpful if they
can be linked to some measureable difference in phenotypic outcome.

3. COMPUTATIONAL ANALYSIS OF SINGLE-CELL SIGNALING PATTERNS

A single live-cell experiment can easily produce images for thousands of individual cells.
The resulting data set is a collection of individual time series traces that often show
considerable heterogeneity. One of the exciting aspects of gathering such data is that, very
often, novel behaviors are observed using relatively simple experimental designs. Instead of
applying complicated perturbations, new biology can be discovered by simply reorganizing
the data in a systematic way. To this end, three core approaches have emerged for analyzing
single-cell dynamics: dynamic feature normalization, in silico synchronization, and sister-
cell analysis.

3.1 DYNAMIC FEATURE NORMALIZATION

Many bulk measurement techniques in molecular biology employ some form of
normalization to improve biological interpretation. The basic principle behind these methods
is to identify a measurement that is expected to be constant across independent experiments.
For example, quantification of mMRNA levels by real-time quantitative PCR is often
performed by dividing the abundance of the gene of interest to a “housekeeping” gene, such
as GAPDH or ACTB, that is expected to show small variation across experimental
conditions [41]. If the abundance of the housekeeping gene does change, it is usually not
interpreted as biologically meaningful. Instead, the change is interpreted as technical error
that should be equally adjusted for both the housekeeping gene and the gene of interest.
Thus, normalization is both biologically informed (e.g., selecting a gene that is expected to
be constant) and serves to reduce technical variation across experiments, improving the
interpretation of experimental results.

As we have seen, individual cells show large variability in gene expression and protein
dynamics during signal transduction (Fig. 2A) [31, 42, 43]. When measuring signaling
patterns across individual cells, therefore, each cell may be thought of as a separate
experiment that requires an internally constant quantity to allow comparison among cells.
This task is unique for single cells, however, because the variability observed among cells is
generally not due to technical error but is biologically grounded. Thus, careful consideration
must be used to determine what is expected to be constant among every cell. While the
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instantaneous level of a protein can vary substantially from cell to cell, normalizing cellular
responses to certain features of their dynamic response curve can show strong consistency
between cells (Fig. 2B).

For example, the fold change between peak fluorescence and baseline fluorescence yields a
value that is often consistent among individual cells. This approach was used to analyze the
dynamics of ERK2 in response to the epidermal growth factor (EGF), a strong mitogen that
leads to cell proliferation [43]. Upon stimulation with EGF, ERK2 enters the nucleus where
it can be readily quantified through fluorescent time-lapse imaging. Single-cell analysis
demonstrated that basal levels of nuclear ERK2 varied significantly between cells. The
increase observed in ERK2 nuclear fluorescence after EGF stimulation was equally variable
when measuring both the absolute and mean fluorescence intensity. However, normalizing
the maximum fluorescence intensity to the initial intensity, or peak fold change, unmasked a
response whose magnitude is relatively consistent between cells. It should be noted that
although fold change is a common metric in many measurement techniques, peak fold
change differs in that is requires the precise location of a peak response in time and thus
depends directly on the timing of the response. Interestingly, other time-dependent features
of the ERK response showed small variation between individual cells. These results echoes
the findings that p53 [31] and HIF [13] dynamics also show high consistency in the duration
of their response curves.

Why might peak fold change be more tightly controlled than the absolute level of a protein?
One possibility is that the peak fold change of a protein is a relevant quantity for controlling
functional responses. Single cells may detect the relative change over time to control
downstream processes [44]. In support of this hypothesis, fold change of NF-xB was
recently shown to correlate with the expression of the target genes IL8, TNFAPI 3, and
NFKBIA in the same cells [1]. Peak fold change showed a stronger correlation with target
gene expression than absolute abundance of NF-xB in the nucleus. These functional studies
provide strong support that cells adapt to absolute basal levels by detecting fold change, and
that the magnitude of the change in signaling regulates downstream responses such as gene
expression in single cells [44-46] (Fig. 2C). Goentoro and colleagues have offered a
theoretical explanation for how cells may interpret fold changes mechanistically [45]. The
incoherent type 1 feed-forward loop (11-FFL) provides a simplified mechanistic
interpretation of the fold-change response (Fig. 2D). In the 11-FFL, an activator X controls
both the target gene Z and the repressor gene Y. Simultaneous activation of target and
repressor help cells to “remember” past levels of gene Z. Therefore, when X activates the
target gene Z, the repressor Y will ensure that levels of Z return to baseline. This explains
why many fold change responses in individual cells, such as ERK2 and NF-xB, return to
baseline levels after stimulation—a property known as perfect adaptation. The kinetics of
repressor gene Y shapes the response of target gene Z to activator X: a slow response of
repressor Y to activation by X controls the amplitude of Z; a delayed response of Y to
activation by X controls duration of Z. Together, these dynamics define a mechanistic
network that generates responses that are proportional to the peak fold change of the
stimulus. In the case NF-kB, it is likely that negative feedback from inhibitors 1xB and A20
mediate adaptation of target gene expression at the transcriptional level, although definitive
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evidence for this mechanism would require a way to maintain stable elevated levels of active
nuclear NF-kB.

Besides peak fold change, other features of the dynamic response curve have been shown to
be consistent among individual cells (Fig. 2A). Studies of both ERK2 and NF-kB show that
the most tightly controlled quantities are peak fold change, final fold change, and the peak
delay [1, 43]. In these studies, quantities that depend on time show the lowest variability
from cell to cell [11, 12, 31]. A notable exception to this trend is found in the response to
drug-induced apoptosis. The TNFa-related apoptosis-inducing ligand (TRAIL) is a “death
ligand” that activates apoptotic pathways leading to cell death. The delay between the
addition of TRAIL and the cellular commitment to apoptosis varies widely across a
population of cells [22, 25, 47, 48]. In this case, the variable delay in commitment to
apoptosis is thought to be advantageous for a population of cells because it prevents the
simultaneous death of an entire tissue. By staggering the apoptotic responses of individual
cells, certain cells can outlast the death stimulus long enough to engage a survival response.
Whatever the functional role may be, these findings indicate that the timing of single-cell
signaling responses is a primary controller of downstream behavior.

3.2 IN SILICO SYNCHRONIZATION

Normalization typically involves adjusting measurements by calculating the relative
abundance of two or more measured values. However, as we have already seen, many
biological processes are characterized not only by abundance but also the timing of their
responses. Numerous examples of cellular processes that depend on precise timing include
the sequential phases of the cell cycle [49], segmentation of vertebrate development [50],
and delayed sporulation of bacteria [51]. While bulk measurements of these biological
events can often reveal dominant patterns of activity, these approaches can also mask
temporal patterns because of asynchrony among individual cells. As such, bulk
measurements are limited in their sensitivity of detection and potentially miss additional
patterns of activation that may be biologically relevant to the system [11].

A common way to address asynchrony is through experimental interventions that
synchronize cells. For example, chemically inducing cell cycle synchrony using nocodazole,
a drug that interferes with microtubule polymerization, can arrest cells just before mitosis
[52, 53]. However, this perturbation can also alter the biological event under study and
introduce artifacts into the experiment. To alleviate this problem, several studies have
employed computational approaches to synchronize cells in silico after the experiment is
over. This strategy has facilitated the detection of diverse patterns of activation with better
temporal resolution and more physiologically relevant conditions.

In silico synchronization is a form of normalization in which individual cells are compared
on the basis of a common event (Fig. 3). Since the dynamics of each cell are obtained
through a sequence of images, these sequences can be easily shifted forward or backward in
time to align each cell at a different moment in real time. In many cases, synchronizing
single cells computationally has identified dominant patterns of a response that are masked
in an asynchronous population. For example, fluorescent reporters for cell cycle phase such
as geminin show rapid degradation after mitosis. This pattern is invisible by bulk

Semin Cell Dev Biol. Author manuscript; available in PMC 2016 January 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Davis and Purvis

Page 8

measurements such as Western blot, which would show constant geminin levels in an
unsynchronized population. In addition, in silico synchronization can help separate distinct
subsets of cells with different temporal patterns. For example, in silico synchronization of
human mammary epithelial cells to the time of mitosis uncovered two populations with
differing dynamics of cyclin-dependent kinase 2 (CDK2), a regulator of entry into S phase
[16]. One subpopulation (CDK2!°W) exhibited low CDK2 activity of after mitosis, which
corresponded to extended time in a GO-like state. All other cells (CDK2!"®) showed a
gradual increase in CDK2 activity after mitosis and reduced time in G1. Comparison
between different mammalian cell lines showed that CDK2!°W and CDK2in® cells were
present in different proportions, providing a novel and intuitive explanation for well-known
differences in the population doubling times of these cell lines.

The identification of two dynamical patterns of CDK2 activity also helped resolve a
longstanding controversy regarding the location of the cell cycle “restriction point”—a point
in time at which the cell commits to division regardless of stimulation by growth factors.
Previous work dating back to 1974 had suggested that the restriction point occurred in late
G1 in the cell cycle [54], while other studies placed the restriction point just before mitosis
of the previous cell cycle [55, 56]. Experiments using cells synchronized by serum
starvation were only able to detect the late G1 restriction point due to the fact that the cells
had been synchronized in GO. However, when freely cycling cells bearing a live-cell CDK2
activity reporter are monitored and synchronized in silico by the time of mitosis, both a
G2/M and a GO/G1 restriction point are observed. Thus, studying proliferating cells in the
absence of experimental synchronization helped resolve contradictory evidence in the cell
cycle field about the location of a key regulatory event.

Synchronization to mitosis also points to a potential function of pulsatile p53 dynamics.
Under basal conditions, with no acute stress, p53 shows spontaneous and asynchronous
pulses of activity. Aligning these pulses computationally to the time of mitosis revealed that
p53 pulses consistently occur ~5 h after mitosis, a time associated with intrinsic DNA
damage [57]. These pulses may be related to double strand DNA breaks that occur during
normal cell cycle progression. In view of the bifurcation of CDK2 activity after mitosis, this
finding suggests an attractive hypothesis that would cell cycle progression, DNA damage
and p53 dynamics: low levels of DNA damage during DNA replication triggers pulses of
p53 that lead to the quiescent (CDK2!°W) state. Such a mechanism would extend the length
of time a cell spends in GO/G1, allowing any DNA damage to be adequately repaired before
committing to another round of DNA synthesis and cell division. Supporting this idea, a
significant correlation was found between the level of damage and the probability of
observing a p53 pulse [17]. Future studies that incorporate the precise point in the cell cycle
at which the damage occurs could determine whether there is a “restriction threshold” of
DNA damage for generating a p53 response.

Another use of in silico synchronization is to define the precise temporal relationship
between two closely associated events. During apoptosis, for example, mitochondrial outer
membrane permeabilization (MOMP) is a key event that signifies an irreversible
commitment to apoptosis [58]. When cytokines bind to death receptors, initiator caspases
are activated and MOMP occurs, releasing cytochrome c into the cytoplasm and activating
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effector caspases that ultimately dismantle the cell. Previous studies in cell populations
suggested that activation of initiator and effector caspases may occur at the same time.
However, synchronization of live-cell reporters for both initiator and effector caspase
activity with respect to a MOMP sensor determined that initiator caspases are activated first
following exposure to TRAIL [25]. Steady increases in initiator caspase activity reach a
threshold level that induces MOMP followed by rapid activation of effector caspases. In
addition, high time-resolution imaging of cells undergoing apoptosis identified an
intermediate pre-MOMP state where effector caspases are cleaved but their activity is
temporarily inhibited. The key to detecting these patterns was synchronization with respect
to MOMP, a discrete biological event that is easily identifiable in single cells [59].

3.3 SISTER-CELL ANALYSIS

Another approach to understand signaling in single cells is to make systematic comparisons
between specific pairs of cells. While individual responses may be highly variable across a
population because of variation in extracellular signals or cell cycle position, “sister cells”
that were generated from the same mitotic event are expected to show less variability in
these factors. Conceptually, sister-cell analysis is akin to the use of twin studies in
behavioral genetics [60]. Since monozygotic twins share nearly identical genomes, any
observed differences between the twins can be attributed to environmental influences. In a
similar way, sister cells are likely to share a more common epigenetic traits, such as protein
levels, inherited from the mother cell [61]. For example, sister cells show 98%
correspondence in choice of CDK2 activity states after mitosis, suggesting a heritable factor
that regulates proliferation state after mitosis [16]. Using this logic, sister-cell analysis has
helped resolve subtle differences in signaling dynamics between pairs of cells and, in some
cases, has provided profound insight into why individual signaling responses vary across
cell populations, a fact that has confounded single-cell biologists for decades [62].

Sister-cell analysis was used to understand why some cells in a population respond to
chemotherapeutic drugs while others do not. Isogenic cells show widely varying apoptotic
responses to TRAIL including early MOMP, delayed MOMP, or complete resistance to the
ligand [48]. For cells undergoing apoptosis, a relevant quantity is the time that elapses
between addition of TRAIL and the instant of MOMP. While this delay time is highly
correlated for sister cells, it quickly diverges as a function of time since the last mitosis. In
fact, cells show a complete loss of correlation in MOMP delay time in less than one cell
cycle. What causes such quick divergence in cell fate among sister cells? This question was
answered in part by inhibiting protein synthesis, which extended the correlation of MOMP
for two generations [61]. Thus, for resistance to death ligands, de novo protein synthesis
constitutes a major source of heterogeneity among individual cell fate decisions.

The functional consequences of protein signaling patterns can also be discerned by
comparing sister cells. An analysis of ERK activity in over 200 pairs of sister cells revealed
a subtle but highly significant “bump” in ERK activity approximately 12 hours before entry
into S phase. Though modest, this difference was sufficient to discriminate whether or not a
cell was destined to commit to DNA replication. Interestingly, the most significant metric
that discriminated between sister cells with divergent behaviors was the duration of the ERK
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activity (Fig. 2B) [18], again underscoring the potential functional importance of the
temporal features of the signaling response curve.

4. MODELING SINGLE-CELL SIGNALING MECHANISMS

Computational models serve to synthesize our understanding of cell signaling within a
quantitative framework [63]. A good model allows researchers to simulate signaling
responses and make predictions about how the system works. Most often, computational
models are based on existing knowledge of a molecular pathway. Introducing slight
modifications to an existing model can be used to test the feasibility of hypothetical
mechanisms. In this section, we provide examples of computational models that have
advanced our quantitative understanding of single-cell signaling.

Perhaps the most widely used framework for modeling cellular signaling networks is a
system of ordinary or delayed differential equations (ODEs and DDEs). Differential
equation models are desirable because they are mechanistically interpretable, capable of
simulating the system under conditions that were not directly measured, and allow one to
make forward predictions about the signaling responses that can be tested experimentally.
For example, a simple DDE model was used to describe the dynamics of p53 in response to
DNA damage in single cells [64]. Although the negative feedback between p53 and Mdm2
provided the oscillatory dynamics of p53, it was unable to explain the sudden cessation of
pulses observed in single cells. By proposing a putative negative feedback between p53 and
upstream DNA damage signal, the DDE model showed strong agreement with single-cell
data. Additional experimental studies identified the phosphatase Wip1 as a key factor in
terminating a series of p53 pulses.

Introduction of a hypothetical interaction into a model of NF-xB dynamics was used to
reconcile the dynamics of NF-xB with target gene expression in single cells [1]. TNFa
stimulation triggers changes in several genes whose expression levels correlate with the
peak fold change in NF-xB activation. However, when the data were fit to a previously
published computational model of NF-«xB signaling [65], no suitable set of parameter values
were obtained that could accurately predict target gene expression. Drawing on earlier work
suggesting that 11-FFLs can detect fold changes [45], Lee et al. proposed the existence of a
competitive inhibitor of transcription that is activated by NF-xB. This revised model
produced an accurate prediction of the number of transcripts per cell based on NF-xB
dynamics, guiding further molecular studies aimed at identifying the putative inhibitor of
transcription.

Computational models have also been used to guide experimental perturbations. To
understand the function of p53 dynamics in response to DNA damage, a computational
model was used to predict the effect of the p53 stabilizing drug, Nutlin-3 [66]. Nutlin-3
binds to Mdm2 and prevents ubiquitination of p53. This leads to stabilization of p53 but also
the concomitant increase in Mdm2 as a downstream target of p53. Using a derivation of a
previous model of p53 dynamics [64], the highly nonlinear effect of Nutlin-3 was modeled
to suggest a specific dosing scheme that would maintain constant p53 levels over time.
When put to the test, p53 levels were experimentally modified as predicted by the
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computational model. These altered p53 dynamics were found to affect target gene
expression and drive cells into senescence [40].

To understand how ERK dynamics are decoded to make decisions about entering S phase,
Albeck and colleagues proposed an ODE model capable of discriminating transient from
persistent ERK pulses [18]. In short, rapidly fluctuating pulses of ERK activity are decoded
by slowly changing levels of Fra-1, which is a strong indicator of the decision to enter S
phase. A key factor in the model is the slow decay rate of Fra-1, which requires persistent
upstream signals to produce a robust downstream response. This same mechanism was
identified previously in cell populations as a set of “immediate early genes”, which must
accumulate to sufficient levels to detect persistent ERK signaling [67]. A similar mechanism
may be at work in the DNA damage response to decode persistent pulses of p53 [40, 68].

A conclusion from these examples is that each single-cell measurement represents a unique
perturbation that often can be linked to a specific cellular outcome. A vivid example of this
approach, coined as “noise genetics”, was recently reported in which protein levels were
correlated with cell movement—a phenotype that is easily quantifiable with high temporal
resolution [69]. Without any explicit perturbation to the cells, correlations between natural
fluctuations in cell motility and protein levels were used to identify hundreds of candidate
genes that regulate cell movement. In this way, heterogeneity observed at single-cell
resolution has been repurposed as a powerful means of experimental perturbation.

5. OUTLOOK AND CHALLENGES FOR SINGLE-CELL SIGNALING

Time-lapse fluorescence microscopy provides an exciting glimpse at the signaling activity in
individual cells. Here, we have examined the heterogeneity of protein dynamics that is
observed at the single-cell level. We have discussed both experimental approaches to
measure single-cell responses as well as computational approaches to model, perturb, and
understand the role of protein dynamics. Just as genome sequences have spurred the
development of bioinformatics methods to analyze sequencing data, the immense imaging
data collected from live-cell experiments has spurred the development of unique
computational strategies to analyze and model biological phenomenon in single cells over
time.

Despite rapid progress in the field, there are specific challenges for single-cell analysis that
must be met to bring the field to a state of maturity. To date, most live-cell studies of human
proteins have been performed in transformed or immortalized cell lines such as HelL.a and
MCF7. This is likely due to the practical challenges of culturing cells in microscope
enclosure systems and repeatedly exposing them to fluorescent light [19]. A critical step
forward therefore is to characterize signaling in primary cells, stem cells, explants, and other
tissue-like systems. It is known that populations of hematopoetic stem cells and retinal
progenitor cells show extensive intrinsic molecular heterogeneity [70]. Furthermore, there is
increasing evidence that single cell dynamics are relevant to normal growth and
development in vivo [71]. Live-cell time-lapse microscopy of single molecule dynamics in
cells transitioning from multi-potency to lineage commitment could resolve the kinetics of
molecular events involved in cell fate specification [72]. For example, recent studies

Semin Cell Dev Biol. Author manuscript; available in PMC 2016 January 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Davis and Purvis

Page 12

demonstrate that the oscillatory expression of transcription factors in neural progenitor cells
regulates cell fate choice in the developing mammalian brain [73].

Another unexplored direction in single-cell dynamics is the role of non-cell autonomous
signaling. Technological advances in single-cell measurements have thus far emphasized the
characteristics of single cells as independent entities. In contrast, relatively little attention
has been given to cell-to-cell signaling, although some work in this area is beginning to
emerge [74]. In preparation for these data, computational approaches are needed to account
for cell-to-cell communication in order to quantify how the signaling of one cell influences
another. One predicted outcome of such analyses would be to resolve additional types of
single-cell heterogeneity. For example, two cells that share a similar combination of
neighboring cells may show similar signaling patterns. If paracrine signals are at work, it is
likely that signaling dynamics for certain proteins are correlated between neighboring cells,
even if those two cells do not share a recent ancestor. To detect such patterns, new
computational tools are needed to analyze single-cell signaling patterns within the context of
large cell populations.

An ultimate goal for analyzing single-cell dynamics, in both individual and coordinated
populations of cells, will be to understand how signaling patterns change in the context of
disease. With adequate computational tools to simplify and classify single-cell signaling
patterns, perturbations of signaling caused by disease can be more readily identified. Such
methods could also indicate how unwanted molecular interactions shape and respond
signaling patterns in diseased cells. This a natural way forward for the IDP field. By
integrating single-cell approaches with existing tools for protein structure analysis, the field
will further its ultimate goal of understanding how disordered proteins, both natural and
diseased, may function as sources of cellular heterogeneity.
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Protein % Disorder Function Single-Cell Dynamics References
53BP1 74 DNA damage exponential decay 26
NFAT1/4 68 Inflammation pulsatile, dampened 14
Rad52 55 DNA damage exponential decay 26
HIF1/2 50 Hypoxia single pulse 13
p53 29 DNA damage pulsatile, graded 23, 29,31
Mdm2 26 Growth pulsatile 23,31
NF-xB 25 Inflammation pulsatile, dampened 24
SMAC* 15 Apoptosis switch-like 25,47,48
CASP3* 14 Apoptosis graded, switch-like 22,25
CASP8* 1 Apoptosis switch-like 25
CDK2* 7 Growth graded, flat 16
0 50 100
% Disorder in Protein Sequence ERK1/2** 5 Growth pulsatile 18,43

Fig. 1. Dynamics and disorder among human signaling proteins

Interior protein color indicates the level of structural disorder calculated using the meta
approach [75]. A yellow halo indicates that the dynamics of the protein have been
characterized in live cells. *The dynamics of SMAC, CASP3, CASP8, and CDK2 were
characterized by enzymatic activity rather than protein expression levels. Protein-protein
interactions were obtained from the Biomolecular Interaction Network Database [76].
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Fig. 2. Normalization of single-cell signaling patterns
A. Individual cells may vary considerably in the instantaneous level or activity of a signaling

protein. B. High-resolution temporal data gathered from live-cell imaging generates a
dynamic response curve for individual cells. Specific features of the response curve, such as
peak fold change, have proven useful for normalization. Other quantities such as peak delay
and pulse duration are also found to be relatively constant among individual cells across
multiple signaling pathways. Features in red type depend on time for calculation. C.
Normalizing each cell’s response to dynamical features can reverse trends and predict
functional outcomes. In response to inflammatory cytokines the peak fold change of NF-kB,
but not its absolute abundance, correlates with singlecell gene expression. D. An incoherent
feedforward loop can detect fold changes in individual cells. By activating a repressor Y,
individual cells with the same fold change response but different absolute changes in a
signaling protein, X, can produce identical responses in a target gene Z. See ref. [45].
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Fig. 3. In silico synchronization of signaling patterns in single cells
Individual cells often show heterogeneity in the timing of their responses. Aligning response

curves to some common cellular event, such as mitosis, can often reduce the heterogeneity
of the individual responses. This strategy has helped identify distinct subsets of cells and
suggested functional relationships between the measured protein and the aligning event.
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