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Abstract

The advent of single cell transcriptome analysis has permitted the discovery of cell-to-cell
variation in transcriptome expression of even presumptively identical cells. We hypothesize that
this variability reflects a many-to-one relationship between transcriptome states and a cell’s
phenotype. In this relationship the molecular ratios of the subsets of RNA are determined by the
cell systems’ stoichiometric constraints, which underdetermine the transcriptome state. Further the
variability is in part induced by the tissue context and is important for system-level function. This
theory is analogous to theories of literary deconstruction where multiple “signifiers” work in
opposition to one another to create meaning. By analogy, transcriptome phenotypes should be
defined as subsets of RNAs comprising selected RNA systems where the system associated RNAs
are balanced with each other to produce the associated cellular function. This idea provides a
framework for understanding cellular heterogeneity in phenotypic responses to variant conditions
such as disease challenge.
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Deconstruction and Variation

The literary concept of deconstruction developed largely by Jacques Derrida derives, in part,
from the idea that meaning derives from the contrasts between opposing words[1]. The word
“black” has meaning in the context of being a contrasting state to “white”, “blue”, “red”, etc.
The function of words is to bring meaning but if that meaning is contextual then this context
must be understood through the opposing contrasts (oppositions) that give rise to that
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meaning. This deconstructionist view is not alien to biology. For example, the meaning of
the term “gene” has become ambiguous with growing complexity of the genome and
proposals have been made to define the term within the variational context of all genomes as
contrasting states [2]. In cells, the correlate of the deconstructionist idea is that the function
of a protein or mMRNA manifests in the variational context of other molecules. Use of
phrases like “necessary and sufficient” to describe the function of a molecule hides the
shared implicit assumption of the contrasting context of all other factors. While biology
requires the function of particular molecules, their presence alone is insufficient for
function; processes such as intermediary metabolism are emergent properties resulting from
the complex interplay of the contrasting functions of other molecules. Contextual functions
of the RNA constituents of the transcriptome or the proteins made from these RNAs define
the pleiotropic relation of the molecular components to biological function.

Cells also display contrasting context in tissues and organs. Rather than comprising identical
units, fully differentiated cells display heterogeneity in function, responses, and dysfunction.
For example, both normal and disease-related cognitive decline involve select brain
subsystems and differential dysfunction at the cellular level [3-7]. Increasing ability to
discriminate molecular states, especially levels of gene expression, has revealed molecular
heterogeneity underlying seemingly homogeneous phenotypes at all scales down to the level
of single cells [8-17]. The first papers presenting single cell transcriptome data [18, 19]
have been followed by a multitude of papers that have carried out single cell measurements,
especially for the transcriptome [18-31]. All of these papers show significant variation
between individual cells for both mRNAs and more recently non-coding RNA [32]. Many
models and hypotheses have been generated to explain cellular heterogeneity [13, 15, 33].
Here we first examine several possibilities concerning the nature of single cell variability.
Then we present our main hypothesis that the relationship between transcriptome states and
the cell’s phenotype should naturally be many-to-one. We propose that the heterogeneity of
cells is a natural relaxed state reflecting both the many-to-one relationship and the ecological
interaction of the cells. We then present a conceptual model that suggests that changes in the
transcriptome to phenotype relationship in relation to changes in the cell’s environmental
context explain heterogeneous cellular responses to external forces such as stress, aging,
therapeutics, etc.

Perhaps single cell variation is due to technical problems

Many factors affect the accurate recovery of transcriptome measurements in single cell
experiments [34, 35] with one of the most significant steps being first strand cDNA
synthesis required for amplification. For single cell transcriptome variation, the unit of
measurement cannot be replicated without techniques for non-destructive whole genome
assays, making it difficult to assess technical variability. Nevertheless, a multitude of papers
have demonstrated biological signals from single cell whole-transcriptome measurements;
for example, using split-pool experiments to identify biological versus technical variance
factors [34, 36], as well as spike-in and single molecule FISH validations [37]. One
important control experiment involves using in vitro dilutions of well-defined bulk RNA or
other control RNA such as the External RNA Reference Consortium (ERCC) RNA [38],
which has been used to model technical noise of single cell transcriptome while
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demonstrating biological variation beyond technical noise [31, 39]. Indeed, using both
commercial bulk RNA (UHRR, Agilent; Human Brain Reference, Life Tech) as well as
ERCC RNA, dilution experiments suggest a quantitative detection of 6-12 input molecules
(unpublished data). As seen in other studies, single cell RNA from five different mouse cell
types (cardiomyocytes, brown adipose tissue cells, pyramidal neurons from hippocampus
and the cortex, and serotonergic neurons) [31] revealed that for every cell type such
transcriptomes show a high degree of cell-to-cell variability. For certain cell types, there is
more within cell type transcriptome variance than the difference between the average
transcriptome of two different cell types. However, in a subset of genes that have previously
been annotated as marker genes for respective cell types, the resulting subset of
transcriptomes cluster by input cell types with a high degree of significance (Fig 1). This
recapitulates many published works that show single cell whole transcriptome
measurements contain biologically relevant quantitative information. As reviewed in [40],
the idea that only technical noise is captured in single cell measurements can be easily
rejected. Further, while the focus of this article is on cellular variation of the transcriptome,
there are other types of single cell variation that are detected using techniques that are less
molecularly cumbersome and hence are independent of RNA amplification and sequencing
technical error such as high content imaging of cellular morphology [41] or live cell
biological processes [42]. These examples serve to illustrate that biological “cell-to-cell”
variation exists regardless of the contributions of technical noise.

Perhaps all cells are different

It is estimated that the human body has ~100 trillion cells, every one of them originating
from a single zygote. The development of a complex multi-cellular body requires cell
lineage differentiation and diversification, but even cells of the same lineage may differ in
their size, shape, epigenetic states, etc. By some estimates, every cell contains at least one
somatic mutation and thus all cells may differ in their genome as well. Some recent studies
even suggest that each cell might express differing alleles of a locus in a random fashion
with the implication that every cell might have a nearly unique allelic expression
combination [27, 43]. It could be trivially argued that all cells are different from each other
in some subset of molecules. Therefore, the question is not whether individual cells are
different from each other but whether there are substantial differences that previously were
thought to only exist between functionally and phenotypically distinct sets of cells. Single
cell genome-wide gene expression datasets suggest the existence of such large-scale non-
trivial differences between phenotypically identical cells. For example, single cell data from
rat hippocampal neurons and astrocytes were analyzed [44] and the divergence of median
gene expression within the neurons was 166.4 (log expression units) and for the astrocytes it
was 128.3; while between the two cell types it was 202.4. Thus, neurons of the same
phenotype displayed ~82% of the divergence between neurons and astrocytes. Similar
diversity of single cell transcriptomes, including distinct multimodality of expression
(suggesting at least for some subset of genes, there is an ON-OFF switching between
different cells) has been seen in other studies [23, 31, 36]. Many single cell studies have
uncovered a rich set of hidden subtypes, which manifest as distinct clusters in transcriptome
space despite the cell-to-cell variation [20, 21, 45, 46] often resulting in discovery of new
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rare molecular factors governing distinct subtypes [28, 47]. In sum, while every cell may be
different at some molecular level, current studies suggest significant non-trivial differences
in the transcriptome of phenotypically identically characterized cells that at a larger-scale
form distinct hierarchical clusters of transcriptome states. These patterns suggest that
transcriptome variation is significantly structured at all levels of cellular organization and
reject the idea that cells are trivially different from each other.

Perhaps transcription is noisy

Recent data suggests that gene transcription is subject to intrinsic and extrinsic noise [15,
48]. At the single molecule-level, transcription and other posttranscriptional processes are
subject to molecular noise due to their finite numbers; and, such noise may be amplified
through gene regulatory networks [49]. The term “noise” is somewhat of an ambiguous
term, and has been used to describe any variation. Here, we differentiate between the
stochastic phenomena that arise from statistical mechanical interactions of a small finite
number of molecules versus variations that occur between different cells due to other
factors. The number of active molecules of a given type is often surprisingly small. For
example, careful measurements suggest that there are 100,000 to 1 million mRNA
molecules per mammalian cell [50] suggesting the mMRNA of most genes are on average 10
to 100 molecules per cell (assuming 10,000 expressed genes). Therefore, transcription of
any mRNA species is likely to have stochastic waiting times; and local spatial environment
of the DNA or the many-body interactions of the relevant proteins may cause the waiting
times to be clustered, or “bursty” [51]. In [52, 53], a statistical model of single cell variation
was used to suggest that variation patterns follow that expected from accumulation of
quantal molecular noise. Nevertheless, mMRNA measures taken with standard RNAseq
techniques do not measure real-time transcription but the accumulated mMRNA over time
(i.e., integration of the transcription over time). The estimated median half-life of
mammalian mRNA is on the order of nine hours [54] and therefore, unless the stochastic
waiting time arising from statistical mechanical interaction of molecules is on the same time
scale, this source of stochastic fluctuations is likely to only affect a small percentage of cell-
to-cell variation. Furthermore, if the variation were due to the bursty waiting times of
transcription, it would be difficult to generate multi-modal patterns [23] or cell-specific
multivariate dependent directions of covariation (other than expression level dependent
directions) [26, 31, 55]. Stochastic molecular interactions of a small number of molecules
undoubtedly play a role in cell-to-cell variation. However, disparate time-scales, distinct
patterns such as multi-modality, and multivariate dependent directions of variation, all
suggest that molecular noise likely explains only a small percentage of the observed single
cell transcriptome variation.

Perhaps transcriptome variability results from dynamical changes in

cellular/molecular physiology

In many cells, there is an intrinsic set of molecular dynamics such as cell cycles [56],
circadian rhythms [57], and metabolic switches [58]. Different cells may be at different
phases of these dynamical trajectories or even coupled dynamics [59], which would manifest
as single cell variability. The effect of such internal dynamics will always play a role in
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single cell variation. Indeed, in the mouse cell data set shown in Fig 1, the cardiomyocytes
were the only proliferating cells measured and the most variable genes in this cell type
belonged to the functional category of cell cycles [31]. Even for post-mitotic cells we cannot
rule out that different cells are in different phases of other physiological dynamics. One
possible hint of the role of physiological dynamics in single cell variation might come from
a dimensional analysis. A dynamical system, at least that of a single smooth system, is
inherently one-dimensional. If a large number of variable dimensions are found in the data,
it may be indicative of factors other than intrinsic molecular physiology dynamics.
However, because the one-dimensional temporal trajectory can be folded in complicated
ways creating a high-dimensional embedding, it is difficult to tease out temporal dynamics.
Fully accounting for such variation will require an experimental design with very large-scale
sampling. Some recent studies have begun to tease out the cell physiological dynamics as a
component of single cell variation [25, 60]. In particular, cell-cycle contribution to single
cell heterogeneity has been explicitly analyzed in [61] and only a small number of genes (n
= 27) showed cell-cycle dynamics in a non-proliferating cell. Another single cell study
suggested that the cell-cycle contribution to variation ranges between 5-17%, again
suggesting that phases of some intrinsic cell cycle dynamics do not contribute greatly to
variation [62]. We recall that the average number of mMRNA molecules in a typical
mammalian cells is between 10-100 molecules and by our measures the relative frequency
of the median rank gene in a mammalian cell is ~107°. Thus, shallow sequencing (e.g., 1
million reads per cell) will not recover full dynamic characteristics of individual cells. In the
meanwhile, statistical analysis of dynamic processes requires a large number of samples
distributed evenly across the phases of the dynamics, thus costs become an important
barrier. We believe as costs come down enabling large-scale measurements with sufficient
read depth, dissecting single cell dynamics will become much more feasible. The idea that
single cells reveal the phases of intrinsic dynamics also suggests that network and regulatory
system models (focus of systems biology) should be estimated with single cell data.

In sum, we cannot rule out the possibility that some of the observed cell-to-cell variation is
due to catching cells at different phases of their natural physiological dynamics. However,
some direct estimates suggest that the contribution of dynamical phases to overall cell-to-
cell variation may be relatively minor. More detailed dynamic analyses from single cell
measurements would be highly desirable as the currently available data is limited in either
read depth or sample size. We note cell-to-cell variation need not be a single factor concept.
All cells may be undergoing, say, circadian rhythm dynamics, while also displaying
variation in other dimensions. This also suggests that changes in the dynamics (e.g., by
disease or external stimulation) may alter the variability in characteristic ways yielding clues
to the cellular responses to the challenge.

Perhaps single cell variation may be a necessary for tissue or organ

function

A tissue or an organ’s organismal function is derived from the collective functions of
individual cells. A tissue is never homogeneous in its cell compaosition and even for cells of
putative identical phenotype, it may be that plastic variation is necessary to carry out tissue/
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organ-level function [13, 63]. The idea of “bet hedging” in single cell organisms as an
evolutionary strategy has been shown in many examples [64—-66]. In multicellular
organisms, a kind of bet hedging may be involved in tissue/organ level function; not only in
clear examples such as adaptive immunity but also in selective differentiation of sub-
functions as in the formation of memory cells [67]. In [68], an intriguing model is proposed
for the slow turnover and maintenance of mammalian tissue sizes by low-level stochastic
switching of cell states. Development and lineage fate choice may involve initial
heterogeneity of cell states that narrow into differentiated substates [33, 69, 70]. Even within
a differentiated post-mitotic tissue, cells may be signaling both for heterogeneity and spatial
differentiation [29, 30, 60, 71]. Recently, a new method for isolating single cell mMRNA
using a photo-activated poly-A capture reagent called TIVA was developed [72]. Using this
method, the expression range of mouse neurons isolated from primary cell cultures versus
those isolated from tissue slices were examined and were found to have a greater range of
expression for the latter. All of this data suggests that a cell within a tissue may adapt to its
micro-environment, driving cell to cell variability. More intriguingly, tissue level function
may require diversified states of individual cells; as much as an ecological community
requires diversified roles of constituent individuals. This idea is suggested in part by a recent
study [73] showing that mouse embryonic fibroblast expression of components of the NF-
kB signaling system are timed to induce cellular heterogeneity in the oscillatory expression
of these proteins. This was interpreted as showing that cellular variation is evolutionarily
advantageous. Thus, some tissues may induce more heterogeneous cell states while other
tissues may involve more homogeneous cells. We also suggest the possibility that the
maintenance of a single cell’s phenotypic state may require underlying heterogeneous
molecular states of surrounding cells, each providing paracrine signals to support the cell’s
phenotype. Finally, while the natural equilibrium state of cells within an organism is
heterogeneous, some transient external stimuli may induce a common transcriptional
response causing more homogeneous states in the activated part of the gene regulatory
network where upon expression variability for the genes in the network might decrease.
Consequently, there is considerable evidence that individual cells in a tissue adopt a
heterogeneous state either through relaxation of their physiological dynamics or by active
signaling and maintenance of an aggregate field. The idea of variation as function is
exciting; however, direct tests in native cells and complex cellular systems will be difficult
until regulatory factors are identified.

Perhaps multiple transcriptome states support identical cell phenotype

A simple view of a cell’s phenotype is that there is a one-to-one relationship between its
transcriptome state and its phenotype state. Therefore, changes in the average expression
(averaged over natural dynamics like cell cycles) are expected to lead to changes in the
phenotype. Here, we make the argument that the set of transcriptome states that support a
phenotype, what we previously called the “equi-phenotypic support” [74], should be a broad
combination of gene expression. That is, a cell has a many-to-one relationship between its
transcriptome and phenotype.

First, with some exceptions, a vast array of post-transcriptional regulatory mechanisms play
a strong role in determining the relationship between transcript levels and protein levels (and
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types) as well as levels of functional non-coding RNA [75-80]. Even in single cell
organisms, such as, Kinetoplastids, no evidence of RNA regulation is shown at the level of
transcription [81]. Thus, the number of molecules of a given mRNA is unlikely to simply
map to the number of functional mMRNA molecules. More importantly, the number of
molecules of many molecular species may be dictated by the need to meet the stoichiometric
relationship of the chemical reactions that comprise the molecular physiology. If so, the
levels of particular mMRNAs may need only to meet some minimal bound rather than an exact
number—for example, we might require “at least twice the number of A compared to B”
rather than “exactly two molecules of A for every molecule of B” (Fig 2). If functional
demand only requires meeting inequality bounds (e.g., “at least as many as”) rather than
exact constraints, then there will be large domains of transcriptional states that are
functionally equivalent (Fig 2).

Second, if satisfying stoichiometric relationships is the functional rationale for particular
levels of MRNA, the question is how many different structural or chemical stoichiometric
relationships are relevant for a given cell at any given time. Stoichiometric relationships
determine a set of “constraints” on the functionally relevant numbers of RNA molecules,
perhaps as a bound rather than equality (e.g., A > 2B). Given the entire transcriptome, the
number of such constraints that need to be satisfied to maintain phenotypic function is likely
to be considerably under-determined. For example, ~12,000 different genes were observed
to be expressed in a single mouse pyramidal neuron [31]. The question is whether there are
12,000 different stoichiometric relationships required by various chemical and structural
constraints or whether there are only, say, 11,000. If it is the latter, there will be 1,000
degrees of freedom; that is, 1,000 dimensions in which variation is functionally neutral. We
note that this argument is different from the “robustness” argument made above for the long
lasting stochasticity of molecular noise upon transcriptional bursting. We propose that there
are multiple combinations of transcriptome states that are functionally equivalent because
the physiological reactions are agnostic to their variations.

A synthetic view of single cell transcriptome variability

There are likely to be many factors that induce cell-to-cell heterogeneity in the transcriptome
state, as well as other molecular and morphological states. These factors are not exclusive of
each other and a given cell’s state is likely to be determined by all of the above
combinations, especially with some factors governing the variability of certain genes or gene
combinations while other factors govern other gene combinations. We suspect that the
factors with the largest amplitude in variability is likely to be (i) dynamics of molecular
physiology; (ii) micro-environment adaptation and tissue level function; and, (iii) “degrees
of freedom” from functional equivalence. The dynamics of molecular physiology may
dominate cell heterogeneity in certain cases such as the cell cycle in proliferating cells while
other dynamics such as circadian rhythms may have smaller effects. Regardless, such
dynamics may manifest in certain gene directions independent of variation in other gene
directions. An important implication is that if single cell variability is due to phase
differences from dynamics of regulated cell physiology then pooled cell measurements will
average out this dynamical information. Thus, system biology models should require
measurement at the level of single cells.
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A population of cells within an organ is likely to experience a significantly different micro-
environment that requires the cell to have different transcriptional states. As mentioned
above, organ function may also require differentiated cell function, not only from different
types of cells (e.g., glial cells and neurons) but also from different individual cells of the
same type. This is certainly true for the neural network function of neurons in the CNS but it
is also likely to be true for other cells with regards to their respective function in an organ.
Even in single cell micro-organisms, populations of clonal cells differentiate into active cells
and quiescent cells by phase regulation [81]. Recapitulation of cell diversity has been
observed in clonally selected and propagated lymphocytes [82]. These data suggest that the
equilibrium state of cells might be naturally variable. Cells may synchronize and
homogenize only at distinct points, e.g., application of drugs, specific stages of
development, etc., and then relax back to heterogeneous states. If stimulus affects only
certain pathways, such pathways might be identified by changes in single cell variation,
which would suggest a new approach towards unbiased screening of the transcriptome for
key genes.

We propose above that there is likely to be large degrees of freedom for variation in
transcriptome states that have no functional consequences. We previously called this the
equi-phenotypic support set [74]; i.e., all the possible combinations of mMRNA that satisfy
the molecular balances required to support that phenotype. The possible constraints are
likely to be comprised of both exact relationships, e.g., A = 2B, and inequality bounds, e.g.,
A >2B. Given typical reaction kinetics, the constraints are likely to also involve non-linear
bounds such as A2 >B (e.g., dimer steady states). Furthermore, the equi-phenotypic support
set of a phenotype may be altered by the context of the cell such as during development,
aging, and drug treatment. Fig 2 shows a picture of this model in a two-dimensional
conceptual representation of the transcriptome. Here, two broad domains of two hypothetical
RNA A and RNA B are shown to support the phenotype of neurons (blue) and fibroblasts
(red). The two domains are specified by a set of functional molecular balance constraints
(e.g, B> 4, A > B2 etc.). There are many possible transcriptome states for each cell type,
which would result in single cell variation. The picture shows that averages of different cells
of the same type may not result in the same transcriptome as any single cell transcriptome
(e.g., the red arrow where the average transcriptome of two fibroblasts do not correspond to
any fibroblast transcriptome). In higher dimensions this phenomenon may happen easily and
the pooled transcriptome of single cells may correspond neither to the tissue level
transcriptome nor to any possible single cell transcriptome. More importantly, such domains
of equi-phenoptypic support sets may shift with changing conditions. For example, aging
may change one functional constraint from B > 4 to B > 6 as shown in the picture. In this
scenario, some of the existing cells may remain functional (blue dots) while others may
degenerate (red stars). This model potentially explains the heterogeneous responses of cells
to therapeutics, aging, and degenerative diseases. An equally intriguing possibility is that
this model might underlie differential responses to drugs such as chemotherapy reagents,
where inherent heterogeneity in transcriptional or other epigenetic states form the basis for
resistant subpopulations, rather than a somatic mutation and clonal selection mechanism.
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Concluding remarks

The idea that biological variation is functionally important derives from a rich history of
observation perhaps most notably that of evolutionary diversification between strains or
species and the establishment of ecological communities. In fact, the ecologist H. Clements
suggested that ecological communities might be considered “super-organisms” [83]; in a
complementary view, cells in tissues might be considered ecological communities.

Single cell deconstruction takes the idea of biological variation to the individual cell where
there is interplay of different RNAs giving rise to acute transient functional states and more
lasting phenotypic states. The process of RNA transcription is regulated through the
combinatorial activity of various transcription components such as polymerases,
chromosome states, regulatory proteins, etc. As described earlier it is likely that transcription
occurs in short bursts of RNA polymerase activity that gives rise to a bolus of RNA that is
then processed and transported from the nucleus to the cytoplasm of the cell. Given that it is
difficult to quantitatively control the amount of RNA that is transcribed it seems unlikely
that this level of control is so tightly regulated that it can account for the balancing of
various intracellular systems. Rather this suggests that the system level function of the cells
(i.e., tissue/organ) involves broad permissible states of individual molecular components—
permissible states that arise both by physical-chemical constraints and evolutionary selection
for the system-level function. It is at this level that cellular deconstruction manifests as the
functioning of multiple cellular pathways including those apparent from the transcriptome
that require contextualization from both the micro-environment and local interactions.

Understanding single cell biology, which will be accomplished as genomics moves more
rapidly into single cell and even higher resolution functional measurements, should permit
synthesis of an over-arching theory of physiology and organismal system level function (see
Outstanding questions). “Deconstructing” the variability of individual components of a
physiological system in relation to their “oppositions” will provide for quantifiable patterns
of molecular characteristics of organismal function and allow for synthesis of concepts that
would have been obscured by non-contextual transcriptome observation and quantitation
(Fig 3). We note again that the original idea of literary deconstructionism is opposite of the
idea of reductive view of nature; that is, it proposes that understanding of the meaning of
words requires deconstruction of the context in which they are written, not a strict definition
but rather a relational meaning that portends understanding. We argue that the functional
pleiotropy afforded by the equi-phenotypic subsets of RNAs requires a similar
deconstruction of cellular language that provides context for the cell’s phenotype state.
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Outstanding Questions Box

How important is the transcriptome in defining cellular phenotype? Many
cellular features are used to “define cell type”, is transcriptome one of the most
or least important of these features?

What aspect of cellular phenotype requires transcriptome variability? If
variability is important to individual cell function or higher system-level
function then it should be possible to define the cellular feature(s) that require
transcriptome variability.

Does single cell transcriptome variability change in a disease specific manner?
Can variability across multiple cells be a biomarker of disease or disease-state?

Does variability in transcriptome change in concert with other highly variable
aspects of cell phenotype such as the metabolome?

How is the degree of cell-to-cell variability regulated, cell-autonomously or
through communication with other cells or its microenvironment?

What is the role of transcriptome and epigenome variability in differential
responses of cells to therapeutic reagents (e.g., chemotherapy) or physiological
changes (e.g., aging)?
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Complete linkage clustering of samples by marker gene expression
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Figure 1.

Individual cells of different mouse cell types clustered using cell type marker genes subset
from whole single cell transcriptomes measured using in vitro transcription amplification
and RNAseq. Reprinted with permission from [31].
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Figure 2.
A schematic diagram representing our conceptual model for the relationship between

transcriptome and phenotype. Cells of a given external phenotype (e.g., neurons and
fibroblasts; blue dots and green dots) are seen to map to broad domains of molecular state
space (many-to-one relationship). The domains are determined by stoichiometric constraints
of active pathways (schematically represented as inequalities). Some constraints may be
nonlinear due to multi-component interactions (A>B2). Non-linear constraints may lead to
population averages of cells being outside the state of any cell (red arrow). The constraints
may change (e.g., from B>4 to B>6) due to physiological changes (e.g., aging) or external
stimuli (e.g., chemotherapy drug) and the response of the cells may be heterogeneous due to
original variation (red stars within blue dots representing neurons) explaining phenomena
such as drug resistance or heterogeneous degeneration.
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Comparison of Literary and Biological Deconstruction. The use of descriptors including

words in literature and RNA for a cell represents an amalgam of other descriptors that

through their opposing meanings or function elaborate the concepts of language and cellular

phenotype.
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