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Abstract

Cell fate decisions in multipotent progenitor cells are believed to be regulated by
gene regulatory networK6&RNSs)in a deterministic way. However, observation of cell fate
behavior of individual cells point to stochastic process. Stochasticity is ntedifas
heterogeneity in clonal cell populations. According to dynamical systems framework, cell
fates are stable attractor states and fate commitment is the exit from the progenitor attractor
into a differentiated lineage attractor. As experimental systenstudied the multipotent
common myeloid progenitor€MP9 with the capability to commit to the erythroid (ERY)
or myeloid (MYL) lineages and used singtell RT-gPCR technique to measure in
individual cells the expression of a settadnscription factes (TFs) important in CMP
multipotency and differentiation. We asked: how does the state of an individual cell as a
dynamical system, change when the cell makes a binary decision? First, we confirmed that
the heterogeneity of transcript expression of thESe is the basis of priming otherwise
identical cells for the downstream lineages of ERY and MYL. The cells that happen to be at
opposite Aborderso of the progenitor attr ac
prospective lineages. Second, as@yof transcript expression change following exposure
to differentiation factors in multiple individual cells and over multiple time points revealed
signs of a destabilization of the progenitor state. This indicates that cells undergo a
bi furcatioingalbrpfiase transitiono, in which
into an instability that forces cells into the attractors of the committed lineage, ERY and
MYL. Specifically, we found, as indicative of a critical phase transition, that-gene
correlation increased (a sign of GRN activity), while -oelll correlation decreased (a sign
of state diversification due to instability). Third, a more detailed dissection of the MYL
differentiation process along the axis of CD11b marker revehkedransient splitting of
the uniform population into three discrete subpopulations of destabilized progenitor state,

intended MYL and unintended ERY fates, in agreement with a progenitor state



destabilization. This finding reveals that cytokines opergtsdbectinga latently present,
ratherthaninstructingthe de novo establishment of the gene expression program of the
desired lineage. Finally, to further dissect the role of selection and instruction, we explored
the response of the progenitor cellsstmultaneous exposure to both the ERY and MYL
cytokines. We discovered evidence footh mechanismsn the lineage commitment

process.
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1.1. Cell differentiation in hematopoiesis

Hematopoiesis, a system whose biology is relatively well known owing to the relative ease
of isolation of the cells and established experimental tools, such as purification methods
and functional stem cell assays, is considered a paradigm for stem tedjybamd for
understanding how multipotent cells choose their fate during developn&uistained

bl ood cel |l pr o du lifdis tkeemesporsibiliywfgthe oate tcelloimtieedane
marrow called the hematopoietic stem cells (HSCs). These cells are able-rieneelf
(generate more HSCs through cell division) and also differentiate into the progenitor cells
which commit to a viaety of blood cell lineages during a process called hematopoiesis. The
HSCs are functionally defined by their mdlieage and the lontgrm reconstitution
potential when transplanted into irradiated mice. They constitute approximately 1 in 10,000
nucleded cells in the bone marrow. Various protocols, most of them using combinations of
antibodies against the cell surface markers, permit the enrichment of the HSCs to a high
degree of purity.

Blood cells are derived from the mesodermal layer in the embryo via unknown
steps. Blood cell developmentccurs in two waves, the primitive (embryonic
hematopoiesis) that takes place in the yolk sac and the definitive (adult hematopoiesis) that
happens in the embryo. The relationship between theseampartments is still debatéd

The decision of an HSC to undergo differentiation is associatdd thet loss of
seltrenewal potential and leads to the generation of a multipotent progenitor, MPP which
is a secalled transit amplifying cell that can undergo limited rounds of cell division before
differentiating into a series of progressively lineagsdricted progenitors. The HSCs as
well as the progenitors are identified based on surface markers followed by bioassays of
developmental potential in the tissue culture or transplantatidihe hematopoiesis is a
hierarchical process with the HSCs at the top of the hierarchy that gives rise to the
progenitors that then commit to the different blood lineages.

In more details, the hematopsis (Fig. 1.1) starts with the lotgrm hematopoietic
stem cells (LFHSCs) that have the ability to sednew during the entire life span of an
organism. The LIHSCs develop into the shadgrm hematopoietic stem cells ($ISCs)
that contain limited sélrenewal activity® *. The SFHSCs, in turn, differentiate into the

multipotent progenitors (MPPs) which cannot geliew but a multipotent as they can



further differentiate into the progenitors either of the megakaryocyte/erythroid/myeloid cell
fate, named the common myeloid progenitors (CMPs)or alternatively, into the
progenitors that have the potential to become the lymphoid cells, named the common
lymphoid progenitors (CLPs§. The CMPs in turn have the potency to differentiate
subsequently into either the myelomonocytic precursors, also named the
granulocyte/macrophage progenitors (GMPs) or alternatively, the
megakaryocyte/erythrocyte progenitors (MEP%)The GMPs in turn differentiate into the
myeloid (MYL) cells, the precursor of most other white blood cells, including the mast
cells, eosinophils, granulocytes (neutrophils), and monocytes/macrophages. On the other
hand, the MIPs develop into the erythrocytes (ERY) and the megakaryocytes. T and B

lymphocytes are generated from the CLPs.
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Figure 1.1. Diversification of the hematopoietic lineages.The longterm (LT) and shorterm (ST)
haematopoietic stem cells (HSCspyide longterm (more than 4 months) and shietm reconstitution in

lethally irradiated mice. According to the model established by the Weissman group,-tH@CSTproduce

the MPPs, which have lost sednewal potential but are still able to generatetted haematopoietic cell
lineages. The CLPs give rise to T and B cells and the CMPs give rise to granulocyte/macrophage progenitors
gGMPs), megakaryocyte/erythroid progenitors (MEPs), and-oedsaind basophil progenitors. Adopted from



After almost three decades of successmalecular biology in identification of
central regulator genes, there is still controversy and debatedatmasic principles of
i h o adalt hematopoiesiexactly happens. It is wortlmentionng that the most common
steps involved in the process were mamid above as has been worked out by the
Weismann laboratory: There are other models describing hepatesis- for example the
generation of MEP directly from HSC and/or the generation of the lympho
myelomonocytic progenitors, also called Lymphpiimed multipotential progenitor
(LMPP) without MegE potentiaf that results in generation of the GMP and the CLP;
therefore, in the canonical scheme, the LMPP would be downstream of the MPP and the
MEP would be generated directly from the HSC.

As the above scheme indicategmatopoietic evelopment is a hierarchical, muilti
step process consisting of a series of subsequent binary developmental branch points. Thus,
the multipotent cells generally have to make decisions that are between two cell fate
choices (binary fate decisions) to ultimigt produce the entire variety of blood cell types.
Moreover, each cell type in this process has a distinct gene expression program that is
established, maintained and stabilized by specific combinations of transcription factors and
chromatin modifying anaemolding proteins, such as the histone modifying factors, the
histone methyltransferases or deacetyldd@s

Hematopoietic proliferation, commitmendifferentiation and survival events are
also coordinated at the level of direct interactions between'¢eliad between cells and
the extracellular matrix components of the surrounding microenvironfeand the
interactions with soluble factor3 that are produced locally or arrive from the circulation
13| At the intracellular level, in addition to the transcription factors that form a network that
coordinate gene expression and hence are pivotal for the cell fate specification and
commitment, receht regulatay RNAs, such asMicroRNAs have emerged as important
players*.

The integration of these extracellular and intracellular stimuli happens through a
complex network of finely tuned regulatory pathways at the level of gene expression. The
positive and negative modulators of transcription interact to define the specific pattern of

gene expression in response to external stimuli. Thus, the expression of specific



combinations of transcription factorisat determinghe fate of the hematopoietoells to
such signals arises from extrinsic or intrinsic regulatory factors.
In the following sections, | will discuss the role of cytokines as external and transcription

factors as internal regulatory factors of hematopoiesis.

1.2. Growth factors involved in the common myeloid progenitor

maintenance and differentiation to the erythroid and myeloid lineages
Growth factors (cytokines) are the protein molecules that enhance proliferation and
differentiation of progenitor cells. They typically act on cdfiat are already specified and
restricted in their lineage potentials as well as the maturation and functional activities of
these cells. However, they also can actually control the fate decision and induced the fate
specific factors. (This dualism betwepromotion of survival and growth of committed
cells or actually induction of the commitment is at the center of my question and discussed
lateri see section 1.4).

Thus, one of the interesting features of the cytokines is theiffpobtionality; they
can induce proliferation, survival, commitment, maturation and functional activation of the
mature cells. This pleiotropic action of cytokines depends on the differentiation stage of the
target cell. Another interesting property of the cytokines is theunaant function; they
can have identical or widely overlapping effects on the same target®c@ltokines
mediate their actions by binding to their cognate cell surface receptors whose cytoplasmic
regions contain speciakd domains that initiates signal transduction within the cells. Many
of the growth factors such as the stem cell factor (SCF) utilize receptors of the protein
tyrosine kinase receptor family. This family of receptors mediate the signaling through the
ligand-dependent activation of a catalytic activity of the receptor and subsequent activation
of signaling pathways through protein tyrosine phosphoryldtion

The majorityof the hematopoietic growth factors including3l.GM-CSF and Epo,
bind to the receptors of the cytokine receptor superfamily. These receptors do not have the
catalytic activity but this family of receptors recruits a #eceptor kinase protein that then
induces the protein tyrosine phosphorylation cascade. One example family-i&cepior
protein tyrosine kinases termed Janus kinases (Jaks) which associates with the intracellular

portion of the receptors and are activated following ligand binding antbrnational
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changes of the receptor proteih Activated Jaks phosphorylate the receptor creating
docking sites for @me proteins that couple the receptor activation to the activation of
multiple pathways, including Stat,-BK/Akt, Ras, and MAPK.

Phosphorylation of Stats induces their nuclear translocation and-ti#ng
activity. Stats can bind to a variety of targeines. For instance, Stat5 may be responsible
for promoting the survival of the differentiating cells via regulation ofah&apoptosis
gene, Bcl2. Stat3 can promote differentiation by-tggulation of the cyclirdependent
kinase inhibitors or downegulation of the genes involved in the cell cycle progression
such as cyclin or cyclin kinase which results in the cell cycle arrest. It also can specifically
target the transcription factors involved in the differentiation program such as CHBPs
Upon phosphorylation and activation of the Ras wath MAPK (mitogeractivated
protein kinase) becomes activated and induces expression of some genes, shijit as ¢
which results in stimulation of proliferation.

The cytokines can act on different stages and lineages of the hematopoietic system.
Some cyt&ines promote the growth and survival of more than one hematopoietic lineage,
such as SCF, H3, and GMCSF. In contrast, other cytokines act primarily on a particular
lineage of the cells such as@SF, MCSF and Epd®. (For areview of growth factors
regulating hematopoiesis refer'to").

1.3. Transcription factors regulating the common myeloid progenitor and

its development into the erythroid and myeloid lineages

Whether lineage decisions are induced by extracellular cues, intrinsic events or a
combination of both, it fundamentally is associated with changes in gene expression
program. These programs are controlled by the transcription factorgh@ilye the major
drivers of differentiation. Major deviations from normal regulation by TFs due t
inappropriate expression patterns of TFs can lead to maligndnend cause
reprogramming®. Some transcription factors are required in multiple cell types, and more
than one transcription factor is required tocfyea given lineage. Some TFs regulate gene
expression through interactions with chromatin at DNA regulatory elements such as
promoters and enhancers and can open the chromatin; others bind to DNA only in open

chromatin regions. Collectively TFs functibmgether by forming a larger gene regulatory
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network. The transcriptional regulatory networks describe the interactions of transcription
factors with their cognate eiggulatory elements of the target genes on DNA to control
gene expression pattern acrdBe genome and thereby, control cell phenotype, function
and cellular decision makirfg >
Knockout studies showed that the ablation of transcription factors can cause a
variety of phenotypes including complete loss of a progenitor or lineage, the differentiation
and maturational block, functional defect, increase or decreabe mumber of cells in a
given lineagé. These transcription factors function in a extdependent manner and are
re-used over and over at different stagésH&C development to different lineages. In
addition to the combinatorial effect of TFs, it seems that an ordered sequence of them is
required for orchestration of blood cell differentiation. For example some are only
important at the earlier stages of dmpment and some strictly at the later stages.
Therefore, the presence or absence, the expression level, timing and collaborative or
competitive actions of TFs are all important for cell fate decidforFor example, the
quantity of C/EBPU TF is important for geneé
graded reduction of this TF by transduction of #hfi E BRENW&i revealed that the mast
cell generation frequency is inversely correlated with the level of thi€.TFhe oder of
expression (timing) of C/ EBPU and GATA2 c:
eosinophils or basophil s. The enforced expr
generation of eosinophils and vice versa. Therefore lineage commitment can lagedegu
by shared determinants expressed in different sequential order.
In contrast to the above notion of a tightly controlled network, cell fate decision
may happen stochastically because the expression level of the TFs can fluctuate in a
random manner, lch can make the process of lineage choice stochastic. This process is
also called Aintrinsico because in the ab
fluctuations of key regulatory factors may at some point achieve by chance to such high
levelthatd f or d cell s with an Ainternal o configur
Therefore, orchestration of the hematopoietic developmental program by the
transcription factor network is achieved via cooperative gene regulation, via synergistic and
inhibitory proteinprotein interactions, promoter auto regulation and eregslation,
regulation of factor levels, and induction of cell cycle arfést



Regardless of whether the lineage commitment and subsequent differentiation of the
multipotent cells fdbws the scheme of intrinsic or extrinsic causation, it is driven and
controlled by the expression of specific combinations of transcription fatftatscan
regulate other regulatory factors or effector genes. This results in the selective activation
and silencing of a set of genes that realizes the specific gene expression program of the new
fate. For a review of transcription factors known to play tialédhe common myeloid
progenitor fate decision into its downstream lineages, the erythroid and myeloid lineages

refer to?4?’,

1.4. Regulation of cell differentiation from common myeloid progenitor
Commitment is defined as the decision that a cell makes to enter a particular lineage (to
later then differentiate into the respective mature cell type). This decision need not
necessarily be accompanied by anyniediate change in morphology or expression of the
membrane proteins or regulatory recepforsCommitment is an irreversible process and

not susceptible tehange by the action of the growth factors. Studies have shown that
insertion of the erythropoietin receptor into macrophage committed precursor does not
change the lineage outcome to the erythroid.

It is generally accepted that a variety of cytokines el regulatory factors)
sustains the hematopoiesis and control the cell fate choice. But one fundamental question
remains: What is the very nature of the process by which an external signal controls the
outcome of the cell fate decision? What are thehmeisms underlying commitment of the
multipotent hematopoietic progenitors to cells of each blood lineage? As already alluded to
above, two alternative but not mutually exclusive models have been proposed, and debated
over the past decades:

() The first model of cell fate control is referred to interchangeably as the
stochastic, intrinsic, permissive or selective model. Here lineage commitment is
Aintrinsicallyo determined with cytokines
that have alreadyntrinsically, that is, without external cause or specific instruction,
committed to a lineagehence the signal @&s not enforce a particular lineage, but just
facilitate expansion of already committedcéls e nce ar e fAper mi ssi veo.

determination is seen as primarily driven by a program of transcription factors that activate
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unique preexisting programs of gene expression and also exert inhibitory effects on
alternative lineage gene programs by directly antagonizing the action of igppos
transcription factor$ 2° 2* 28 Thus, in modern terms, this is issence the same as the
concept from dynamical systems theory that
regulatory networki akin to potential wells in gene expression state space: latently pre
existing preferred stable states. Driven by gene expressin oi se (hence fAst ocf
near such attractors (fAprimed cell so) can
commit to a fate. Attractors are stable and-stbilizing gene expression patterns. The
latter encode a specific genetic pragramong which is the expression of lineage specific
cytokine receptors t hat provi de -srpeescpiofnisc ov
survival, proliferation and differentiation signals. In summary, in this model the initiation
of the stem or progenitare | | 6 s commi t ment i s thought to ©b
fluctuations of regulators, such as transcription factors and leaving cytokines only the role
to ensure survival and proliferation of the committed progeny Teffs.

(i) In the second model of cell fate regulation, interchangeably referred to as
deterministic, extrinsic or instructive model.ettiocus is on external factors, including
niche?® and cytokines?. These signals explicitly convey specific signals to the multipotent
hematopoietic cells that are transmitted to the nucleus to operate gene expression. External
signal s are i nstor uchtei vmeulitni ptohtaetn tt hceeyl | twehlilc |
order to take a particular developmental path to realize the lirsgsegific gene expression
pattern® In other words, external signals impose the genetic program to the cell by
activating or repressing the appropriate set of genes vial dignaduction cascades. In
principle, in this model, a gene regulatory network (and its associatedrgaifizing
dynamics) is not necessary. The instructive model recognizes the role of transcription
factors but proposes that cytokine signaling also/gla fundamental role in lineage
determinatior?®. In the modern version, of course TFs are part of the instruction, but the
instructive model is compatiblgith pathways acting independently, without crosstalk.

1.4.1. Evidence supporting the stochastic model of commitment and differentiation
regulation

Several lines of experimental evidence support the stochastic model:

10



(1) Studies using knoe&ut mice lacking growth factors and/or their receptors suggest that
lineage commitment can take place in the absence of growth factors; and thus, they are not
essential for this proces8. For example, in the absence of GMF no deficiency has

been observed in the production of the myeloid cells. Moreover, overexpression of the
receptors in progenitor cells showed bias in lineage output. It isoteworthy that
although lineage comnment is unimpaired the generation of functionally terminally
differentiated cells was severely damaged which points to a role of cytokines in post
commitment cell amplification and maturatidh'2. Moreover, investigations using hybrid
cytokine receptor, in which the external ligand binding portion was swapped to receive
signals from another cytokine also revealed no effect on lineage output and supported the
selective role of cytokines:or example, a chimeric receptor consisting of an extracellular
domain of GCSFR and intracellular domain of EpoR did not redirect differentiation
towards the erythroid lineage nor disturb formation of granuloéytes

(2) Analysis of the structure of cytokine recept@tdemonstrated that although the
extracellular ligand binding domains are specific, many recggtoare common signaling
domains and they activated overlapping downstream signaling pathways. However only if
the receptor has separable and distinct cytoplasmic signaling domains for proliferation and
differentiation, as in the ®&SF receptor, could thibe supportive of an instructive role of
the cytokine.

(3) Analysis of hematopoietic stem and progenitor cells demonstrated that these
cells express cytokine receptors at very low level and in some cases it was even
undetectablé® ?°. Therefore, the growth factors cannot instruct the cells if their receptors
are not preseran the cells. Nevertheless, progersteespond to these stimuli.

(4) The instructive role of transcription factors (TFs) have been suggested mainly
based on their roles in reprogramming or switching the lineage phenotype of 2ells
through gene targeting in mice. GATA1 and PU.1 are master regulators for the
erythrdd/megakaryocyté® and the myeloid* differentiation respectively and promote the
transactivation of a large arrays offezftor genes that implement the erythroid or
myelomonocytic program. Upon ectopic expression (retrovirus) of TF GATAL in
progenitors, they reprogrammed into the erythroid, megakaryocyte and eosinophil lineages.
The lineage outcome was correlated with tlegel of expression of this protein in
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progenitor cells. A similar reprogramming phenomenon has been observed fer over
expression of TF PU.1 which transforms the progenitors into myeloid cells. PU.1 also has
been found to exert concentratidependent effés on differentiation. Moreover knock
down experiments suggest the same instructive role of these two TFs

(5) Suppression of setenewal by withdrawal of gwth factors from progenitor
cell culture while cell death was suppressed by overexpression e Bzdulted in
differentiation and maturation of many cefté Thus, just the release of the generic
suppressor of differentiation that maintains the multipotency, commitment to specific
lineages is induced. This suggests that perhapskiogs are not necessary even for
maturation initiation.

(6) The simultaneous expression of lineagstricted regulators at low level has
been observed in the HSCs as well as multipotential progefitsd This phenomenon is
called multilineage or mixed lineage (transcriptional) priming and is assumed to be the
molecular mechanism that ensures the multiple developmental potential of progenitors. The
promiscuous gene expression patterns would be resolvedtenpeogenitor cell has made
its choice and committed to a specific lineage by selectivelggplating proper genes and
downregulating inappropriate genes. The decision and commitment would be reinforced
and stabilized by autop-regulation of one factoand crossnhibition of the inappropriate
TFs. In fact, promiscuous activation of erythroid and myeloid specific lineages (globin and
myeloperoxidase) as well as diverse cytokine receptor genes has been observed at single
FDCP and primary multipotentialD34+ cell level®® . Priming therefore appears to be
restricted to genes expressed in the physiologicadeny of a cell. For example the CMPs
express promiscuously erythroid and myeloid genes but not lymphoid genes and the CLPs
only express B and T specific genes but not myeloid g&hdis fact Hu et al believe that
the priming of genes affiliated with multiple lineages would afford flexibility in cell fate
decisions and would allow multipotent precursarsapidly respond to environmental cues
33.

One molecular mechanism that has been proposed for imgtiatid resolving the
mixed lineage gene expression patterns of progenitors during cell fate determination is the
antagonistic interplay between primary lineatgerminant factors. Fig. 1.2 illustrates a
simple scheme explaining how decision could be madehipotential progenitor. Gene X

12



and Y could represent the GATA1 and PU.1 genes which are expressed at low level in the
multipotential CMP. They establish creasstagonisni® 3® and positive autoegulation®’ 3
which makes the poised indeterminate state a labile equilibrium such that there is robust

binary decision to commitmeta either the erythroid or myeloid lineage.

PEl s

Figure 1.2. Regulatory interaction of key lineagespecific factors in the cell fate commitment and
specification. Arrows indicate positiveinfluences, whereas blunt ends represent repressiveegative
effects. Factor X (or Y) acting positively on its own transcription (indicatedrbgrrow) provides an auto
regulatory loop to stabilize a developmental choice, which is reinforced by the repression of gene Y by factor
X and conversely of gene X by factor Y.

Therefore, the lineage commiémt and differentiation involveboth the
consolidation of appropriate programs of gene activity and also the repression of the primed
gene programs that are no longer appropriate for differentiation down the lineage pathway
selected. The observation of-egpression of genes for differelineages ah low level in
undecided progenitor cells supports the stochastic model of fate commitment and
specification because the unstable equilibrium is sensitive to small fluctuations in the
partners of the balance that can tilt it to either datbers, agnostic of dynamical systems
concepts that have formalized such behavior, have proposed to view the undecided state as
Aground stateo of progenitors that Asneak

which lineageaffiliated genes are exmged.

1.4.2. Evidences supporting the instructive model of commitment and differentiation
regulation

Contrary to the stochastic model, theselimited evidenceof the role of growth factors
acting in regulating commitment in a purely instructive marfiief®. Overexpression

studies ofcytokine receptors for the first time revealed the possible instructive roles of
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growth factors in the cell fate by reprogramming the liné8g&or example, exogenous
expression of the GNCSFR or I:2R in the CLP cells reprogram the early lymphoid cells
into myeloid cells®. Almost allattempts at the population leviel addresshe question of

the deterministic role of cytokines on cell fate commitment was flawedusecthey did

not really overrule the possibility of selection of a small subpopulation of cells within the
progenitor population that were already committed to the specific lineage. On the other
hand, some successful studies on leukemia cell line couldrrélevant in normal
physiological conditions.

Finally Rieger et al used continuous single cell imaging and for the first time
directly demonstrated the instructive role ofGSF and MCSF cytokines in GMP
commitment*’. In another study, MCSF cytokine seemed to instruct the progenitor to
commit to myeloid cells via activating PU.1 gene while the observation suggested that
another TF, MafB can attenuate the instructive effect of the signaling on the céflfate
Recently MossadegKeller et & using video imaging and singtell gene expression
analysis convincingly demonstrated thatQ%F can in fact instruct myeloid fate in single
HSCs via inducing the PU.1 geffe

In summary, therés evidencan support of both stochastic and instructive models
of fate decsion. However these two models are not mutually exclusive and a formal model
will be presented later that unites the role of both mechanisms within the same process of

lineage commitment.
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2.1. The choice of transcription factors for monitoring CMP
differentiation

Hematopoiesis (blood formation) has long served as a model for studying the specification
and subsequent differentiation of stem and multipotent progenitor cells and represents the
best characterized adult stem cell systetim the hierarchical tree of (presumably) binary

fate decisions in hematopoiesis, one stage downstream of the hematopoietic stérscell

the common myeloid progenitor (CMP). This multipotent progenitor cell faces the fate
choices of developing either into megakaryocyte/erythroid prtggen(MEP, in brief,
Aerythroidod or -lBRIYQ c ytre gpracmgd rmoictydres ( GMP,
response to the cytokines erythropoietin (Epo) or-G8F, respectively (Fig. 2.1).

[GATAIMI |
[PU.1MID]

MP d—}‘
é‘pw % Q;‘\

[GATALHIGH | [GATA1LOW]
[PU.110W] [PU.1HIGH]

Figure 2.1. Binary cell fate ccision in the common myeloid progenitor (CMP)This simplified scheme
illustrates the CMP (EML cells in our study) and its binary cell fate decision to either the MEP (erythroid) or
the GMP (myeloid) lineages upon exposure to appropriate cytokines. Fanalysis we just focus on this
compartment of the hematopoiesis.

To understand the molecular machinery that drives the common myeloid progenitor
fate decision and differentiation to its downstream lineages, the dynamics of the underlying
gene regulatorynetwork (GRN) must be analyzed. A GRN is a network of the genes
encoding regulatory factors that influence the expression of each and other genes via a web
of molecular regulatory interaction. Since the structure of a regulatory factor, typically
transcrption factor, determines its target (via molecular recognition through physical
proteinprotein or proteirgene interaction), the architecture of the network is essentially
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encoded in the genome. This means that the GRN is specified by the genome sequence
which defines which gene locus regulafésConsequently, the behavior (dynamics) of
gene expression change, which governs the
by the GRN.

Therefore, weneed to monitor the changes in the gene network state of the GRN,
which is manifested in the gene expression profile of genes that are part of the GRN, along
the CMP developmental process. This is currently only possible for small networks for
obvious tebnical reasons (use of qPCR for singdl analysis precludes genoméde
analysis). But also the wiring diagram, that is, which gene regulates which one has only
been characterized with sufficient resolution for valldied biological processes, among
which is hematopoiesis. For this reason we focus on a rather small transcriptional
regulatory network of a carefully selected set of genes known to be part of the core circuitry
that governs CMP differentiation to the erythroid and myeloid lineages.

But which genes are relevant? The common myeloid progenitors are proliferating
and maintaining their developmental potential until either an intrinsic or extrinsic signal
pushes the cells towards the specification. Cell fate specification involves tbe atti
primary lineage determinants (typically transcription factors) that initiate and resolve the
mixed lineage patterns of gene expression characteristic of the undecided progenitor state
by activating the lineagdetermining andspecific genes while epressing the alternate
lineage gened. Cell fate choice then is reinforced by the induction of secondary
transcription factors that function in concert witlinpary determinants to achieve the entire
cell type specific gene expression profile. Therefore, we must assemble all those genes that
have been reported to play role in the CMP proliferation and maintenance of the
multipotency (indeterminacy) state (ste#sa genes) as well as those that are involved in
lineage specification and differentiation to the erythroid and myeloid lineages (erythroid
associated and myeloaffiliated genes, respectively). Many key transcription factors in

g6 174730 and their roles

murine hematopoiesis habeen identified in past few decad®
have been determined by gene knockout, overexpression and expression profiling studies
(for an overview sed.

With systematic survey of the literature on the activities of transcription factors

based on expression patterns, transcription factor perturbations, chromatin
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immunoprecipitdon (ChlIP) and cigsegulatory elements (TF binding sites) as well as
information mining in transcription factor data base (e.g. TRANSFAC Biobase), a set of 13
key TFs regulating CMP maintenance and cell fate decision and differentiation in to the
erythrod and myeloid lineage along with 4 surface markers and effector genes was
selected. The goal was to establish a directed (upstieamstream) graph of the gene
regulatory network with use of the information about the modality of interactions

(inhibitory o stimulating).

2. 2. Mo d e | construction: t he cur ated

regulating cell fate decision in the CMP
Despite the spate gdapers in the literature that report the relationship between specific
transcrption factors,few publications have attempted to systematically integrate this
information to a networf® 49 °0°1205221 53

Here, we have curated the GRN underlying the specification of the common
myeloid progenitor (CMP) and isubsequent differentiation to the erythroid and myeloid
lineages, mainly focusing on the mouse. This collected network is called the
AHemat oNet wor ko. The i nteractions ar e der |
perturbation experiments and the anaysf the TF binding sites in the aisgulatory
elements of target genes. The scope of our study involves those genes and interactions
specifying the erythroid and myeloid lineages via the CMP and we disregard the players at
earlier and later stages of thematopoiesis. We acknowledge that there are many links and
genes missing from the network in its current form and that the reliability of individual
links within the network depends on the evaluation of the source data. A summary of the
evidence for eachnk is available in Table 2.1 and the collected network of interaction is

generated witlraphvizand presented in Fig. 2.2.

Table 2. 1: Summary of the regulatory interactions
Interactions are either activatiiig) or inhibiting (I). For each interaction, the literature is referenced. All the
interactions have been reported in the murine hematopoiesis.

Number in the network Regulator Interaction Target Reference
1 GATA2 A GATA2 >4
2 GATA2 A GATA1 55
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In addition to the transcription factors regulating each other, the curated
AHemat oNet wor k0 gaegulatoy igenss thatol nireludedoas marker of
differentiation of CMP down to the erythroid and myeloid lineagegs&hgenes include
the peripheral effector gene Hbaadich expresses upon erythroid determination as well
as the surface markerskit (for stem and progenitor cells, including the CMB)EpoR
(the erythropoietin receptor, a marker for the erythroid differentiafibmnd CD11b (a
marker for the myeloid differentiatiori}. Intotalair A He mat oNet UDTFKk 0 com
and 4 markers for the progenitor and differentiated cells. There are in total 40 interactions
in our network (Fg. 2.2).

1 —

GATA1 § Runxl clmn 7| C/EBPa
A u T
EpoR Hbaal 4 PU.1 <
,_.
TS il
|
y L L J Yy
Sel Fog-1 [* EKIf CD11b Egr-2
I c-Kit c-Myb GATA2 Fli-1 [* Gfi-1 |

GATA1 - PU1 circuit
Transcription factors
Progenitor surface marker
ERY surface marker

MYL surface marker

Figure 2.2. Curated regulatory network model in binary cell fate decision in the CMP and downstream
l'ineages ( A He mMaliteratNredenvedr netvgrk. compiled of mainly transcription factors

regulating multipotency, fate decision andfeliéntiation of the CMP to the erythroid and myeloid lineages.

This network was curated from the literature and databases such as the Transfac. ThePGIAT Aitcuit is

highlighted in green. A few surface markers includirgjtqprogenitor,greybox), EmR (erythroid, red box)

and CD11b (myeloid, blue box) was also included in the network to control the cell differentiation behavior.
This network is referred in my thesis as the AHemat
t he #f Reffoerr etnftree sHemat oNet wor ko section after Bibliogr

2.3. The structure of the core GRN governing the binary cell fate decision

in the common myeloid progenitor (CMP)
At the core of the binary cell fate decision at the Cat&ye is the gene circuit consisting of

the two TFs, the zin@inger transcription factor GATAL and the Ets family transcription
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factor PU.1 (Fig. 2.2, green circuit). Exogenous overexpression of &Udkletion of

GATAL in the CMP cells promotes the myeloid lineage, characterized by the expression
pattern [GATAL®Y, pU.1"®"]. By contrast, overexpression of GATAL or suppression of

PU.1 switches cells to the erythroid lineage, which expresses thesitgpattern,
[GATA1"YW PU.1"CM) 3835 This happes because GATA1 and PU.1 form a circuit in that
they mutually inhibit each ot her Ofrotdinr anscr
interactions™.

As | will explain in chapter 3, section 3.4.3, this mutual inhibition generates two
alternative stable states corresponding to the erythroid artbishyineages. Moreover, the
simultaneous expression of GATAL and PU.1, stabilized by the positive feedback loop of
these two genes individually establishes the poised expression pattern [GATA1
PU.T"P]. This balanced state corresponds to that ofGW#, the multipotent progenitor.

The positive feedback loops are believed to sustain and stabilize the expression of the genes
and subsequently, of the balanced gene expression pattérdeed this could be shown
in mathematical modef.

The lineage outcome of the progenitor cell is determined by thgveelevel of
expression of these two opposing TFs. An imbalance in expression with dominance in
either of them can resuih differentiation of the progenitor cells towards the respective
downstream lineages. The regulatory modules of mutual inhibigiomell known to be
capable of generating a togglwitch behavior, predestined it to control binary switching.
The autefeedback loop for the involved factors could generate multistability in the system.

At the megakaryocyte/erythrocyte progenitor (MERiferentiation decision point, one

level below the CMP (see Fig. 2.1) the pair mutual antagonist of EKLF arid¥Fieems

to playan analogous role as the GaRl.1 pair in the ERY/MYL decision. FIi inhibits

the activity of EKLF by preventing the expression of genes involved in the erythroid
differentiation while promoting the megakaryocyte program. EKLF functions in the
oppositeway to encourage the erythroid differentiation. The observation thdt &tid

EKLF factors are downstream targets of the PU.1 and GATA.1 respectiVely
demonstrates how the outcome of the later decision in hematopoiesis can be influenced by
earlier ones. Howeverery little is known about such creksvel regulation where two

levels of binary decision machinery influence each other.

21



The macrophage and neutrophil cell fate specification at the GMP decision on the
ot her hand require the transcription factor
level demonstrates even morevwhthe levels are intertwined. Thuglative concentration
of PU.1 in the granulocytic/macrophage progenitors (GMPs) was suggested to regulate
macrophage versus rtepphil fate decision based agene dosage experimerifs Using
PU.1 knockout myeloid progenitors, has been demonstrated that PU.1 attbuéshold
levels (likely sufficient to tilt the GATA.ZPU.1 balance at the higher level fate decision
towards the myeloid side) regulates a mixed pattern (macrophage/neutrophil) of gene
expression within individuamyeloid progenitors. In fact, in the binary cell fate decision
between the granulocyte and macrophage, PU.1 plays an important role. An increase in the
level of PU.1 in myeloid progenitor cells (CMPs) can modulate a regulatory circuit of
mutual antagonist transcription factors (Eet, Eg-2, Nab2 and Gfil). In detail at high
level of expression, PU.1 activates HgrEgr2 and Nab2 compleand inhibits G#Hl
expression(Nab2 functions as a eepressor for the Egt/2). This complex drives the
macrophge gene expression program while repressing the neutrophil program. Then, the
mixed lineage pattern in GMP is resolved in favor of macrophage lineage. In contrast, Gfi
1, which is downstream of C/EBPU, drives
represing the macrophage progréf The Egrl/2/Nab2 complex and Gfi also directly
repress one another, providing yet another mechanism directly analogous to the
PU.1/GATA1 and FIk1/EKLF switches previously discussed. Moreover, -E@ and
Nab2 are themselves doviteam of PU.1, acting as secondary cell fate determinants in
concert with the primary determinafits

Another interesting regulatory module is the negative -feedard loop between
GATA2, GATA1 and Fogl. In proliferating progenitor cells the GATA >* positively
regulates its own expression and also activates GATeéxpression™”, GATA-1 then
activates eMyb ®°. Prolonged expression of GATAL results in activation of -Eog
expression and dsequently, GATAL associates with the Hogrotein to dowsregulate
the GATA-2 and eMyb expressiori®. This circuit enforces a timeelayed switch from
GATAZ2 to GATAL expression. This cascade, starting with GAZTAnd eMyb and ending
with GATA-1/Fogl, moves the network from the stem/progenitor proliferating state
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towards the efthroid fate and represents an example for generating a forward momentum
within the GRN.
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3.1. Nonrgenetic (epigenetic) cell population heterogeneity

The dominancef deterministic thinking in biology has stifled attention to a fundamental
property of living organisms: variability between cells in an apparently uniform cell
population. Heterogeneity (variability) as a cell population property refers to the existence
of cell-to-cell variability with respect to any quantifiable morphological or functional
parameters. It can also be revealed by analysis of the level of measurable molecular trait(s),
such as the level of protein molecules within the ¢lisieterogeneity of cell populations

may arise due to genetic differences between cetlsiwihe population that resuh the

trait variation in the population. This type of genetic heterogeneity is common among cells
in a tumor populadn due to genome instability of neoplastic cells.

In contrast to this obvious scenario of genetic variability, heterogeneity of
phenotype within a cell population is present even if the population is clonal, that is,
isogenic. This type of heterogeneisyparticularly interesting because it raises the question
as tohow the same set of genes can generate distinct phenotypes produced by distinct gene
expression profiles.

First, what is the definition for a clonal cell population? A clonal (isogenic) cell
population consists of cells that are genetically identical, are derived from the same
common ancestor cell, and have been expanded in a uniform environment exposed to the
same set of signals. Therefore, fhis popul a

Now, a typical question is how a clonal cell population, for example a progenitor
cell line, responds when it is exposed to a stimulus, such as a differentiating signal.
Traditionally, to answer this question, one uses biochemicalgenomics analysis
techniques, such as western blotting, microarray or gPCR to measure the changes in gene
expression upon treatment. Fig. 3.1A shows a western blot for a differentiating surface
marker, such as CD11b. As expected, upon stimulation ogepror cells with
differentiating cytokines, CD11b is trpgulated because progenitor cells are induced to
differentiate. If we perform qPCR the same observation at the transcription level would be
obtained. These techniques measure the population avibti@ges, millions of cells are
lysed and used as input material for the analysis and the output is an average of the entire
cell population. The underlying assumption for this type of analysis is that all cells within

the population respond uniformly toe stimulus. If instead of western blot, flow cytometry
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is used to measure the expression of the same marker (CD11b);shdpa! histogram
(broad distribution of protein CD11b expression) is observed, corresponding to cells within
the population that expss the marker at different levels (Fig. 3.1B). This-genetic
heterogeneity among cells with respect to CD11b protein expression would not have been
revealed by the above cglbpulationaveraging techniques. Tirm®urse analysis of
expression of theusface marker protein CD11b with western blot after differentiation
initiation shows gradual upegulation of this protein (Fig. 3.1A). Here one cannot
distinguish between the two fundamental possibilities for a change in a cell population from
state 1 tostate 2: i) graded responses of evecgll synchronously (Fig.3.1C) or,
alternatively {i) the switchlike behaviour of individual cells (Fig. 31.D). Both processes

would give rise to a gradual increase in the band intensity (Fig. 3.1.A).
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Figure 3.1. Populatioraveraging versus singlecell measurement of the surface marker expression

level. (A) Western blot shows a gradual increase in the marker expression upon stimulation. (B) Flow
cytometry reveals negenetic heterogeneity in cell poptitan with respect to expression of the marker. (C)
Time-course flow cytometry analysis reveals the continuous increase in the protein in all cells as the
distribution shifts to the higher expression level. (D) Tooerse flow cytometry analysis shows-aitnone
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switching which means only a small population of cells respond and the number of responding cells increases.
(E) Micro-heterogeneity versus maeheterogeneity. Figure partially frofh

Flow cytometry analysis readily distinguishes between these two possibilities by
displaying the cell population distribution with respect to the expression level of CD11b in
individual cells as a histogram. The bimodal distribution (Fig. 3.1D) suggestsrilyaa
subpopulation of cells responds to the stimulus andegplates expression of the marker
and as time passes more and more <cells hayv
mani fested by the Aredistri budenceafonesngle cel | s
peak in the flow cytometry histogram (Fig. 3.1C) reflects the presence of one population
with respect to the marker and the spread within that peak (variance) is sometimes referred
to as micreheterogeneity (Fig. 3.1E).

By contrast, maroch et er ogenei ty denotes the presen
cytometry histogram (Fig. 3.1E) which is a manifestation of multiple distinct
Ssubpopul ations with Iikely biologically di:
the two cell states progenitor and differentiated)According to the model of the
epigenetic landscape, madneterogeneity then is due to simultaneous occupation of
multiple valleys (attractors) while miciteeterogeneity corresponds to the dispersion of
cell s i ret ttrhaect s sl® wi t hin one major attrac

between these swditractors takes place due to stochastic fluctuation (nise)

3.1.1. Origins of norgenetic heterogeneity
Non-genetic heterogeneity of cells within a clonal population may arise from intrinsic or
extrinsic factors. Part of the heterogeneity emerges from inside of the cell as a result of: (i)
the inherent stochasticity of biochemical processes, such as sgrdnesdegradation of
MRNA and protein molecules which display a
they depend on molecular events involving small number of molecules; (ii) differences in
the internal states of the cells within a population, suchediscgcle state or unequal
partitioning of mitochondria or molecules in general during cell divifoff and their
random execution.

The variability in nature of cellular components and their quantity has one

important functional consequence: the cells respond to stinftérehtly because of the
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distinct basal statdatpromotes the heterogeneity in the population. In fact we can assume
that the wvariability in the |l evels of key
and plays a role in decision making prams For instance, it has been shown that cells
within a clonal population express different level of transcription factors GATAL and PU.1
and that heterogeneity hagreat effect on the output pfogenitor cell differentiatiofi*.

Because of the intrinsic variability of cell responsiveness, external factors awery &ct
uniformly on the populationwould trigger responses only in a fraction of cells that are
poised to respond.

It shall not be forgotten that the more trivial source of heterogeneity is the
heterogeneity of the cellular environment: in addition to intrinsic heterogeneity, the variety
of external stimuli due to neaniformity of the local microenvironment in the tissaiso
can exert different effects on individual cells; for instance in tissue niches where cells differ
with respect to their vicinity to the blood vessels or other structures, the local cell density
and the number of cetlell contact$? %2,

3.1.2. Temporal noise (gerexpression noise)

Regarding the kinetics underlying mieheterogeeity according to Huan§' one can

distinguish at least three distinct situations (from a continuous spectrum): (A) fast noisy

fluctuati ons ( At amegaertimdcale (orégslar)dlyctuatiqndd guchias t

oscillations, and (C) slow changing traits almost constant but distinct for each

i ndi vidual in the population (fApopul ation n
Temporal noise refers to the rapid fluctuations mdbkllular content of a molecule,

such as a particular protein within an individual cell over time. Temporal noise is also what

traditionally was referred to as fAgene ex

fluctuations happen asynchronously betwesslls, they collectively give rise to a

heterogeneous population at any time point (Fig. 3.2A). The dispersion of a population seen

in a snapshot histogram catches essentially all the expression levels because the

fluctuations are so fast and the numbeasynchronously fluctuating cells is sufficiently

high.
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Figure 3.2. Flow cytometry reveals heterogeneity of phenotype in a clonal cell populatioRopulation

variability for expression of a specific protein is illustratedthe differentlyshaded cells within the clonal

population, and is manifested in the width of the distribution peak in the flow cytometry histogram. However,

such distributions of a trait are only population snapshots. Three interpretations for this snapshot spread in the
level of protein that can all give rise to the distribution in the histogram is shown. (A) Fast random
fluctuations (temporal noise) are sufficiently fast so that each cell visits all the possible statisafkthe

histogram) at a probability that ieftected in the histogram. (B) This panel shows asynchronous (but
deterministic) slow fluctuations, such as oscillatory processes. (C) An extreme case in which each cell is
stable and has specific | evel o fdividuality and &s apqpeationf i ¢ pr
affords a type of nowenetic heterogeneity called population noise. Figure partially ftom

3.1.3. Population noise (population heterogeneity)
The broad dispersion of protein expression within €éfl a clonal population, manifested
as the broad distribution in the flow cytometry histogram, can also arise from a situation in
which each cell has a more or less stable (that is, time invariant) bgpeeific level of
the protein. This persistectll-to-c e | | variability, or Opopul at
some norgenetically heritable indiduality (Fig. 3.2C). Thereforahe fluctuations of the
protein level in every single cell are quite slow. The heterogeneity in protozoa is believed to
happen mainly due to gene expression or temporal fibise

Although in eukaryotethis variability seen in the flow cytometry histograms have
been interpreted by gene expression noise it has a major component that is due to very slow

changing states of cells, i.e. the diversity would in great part represent population noise.
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Chang et alused flow cytometry analysis to measure the time needed for FACS sorted
population fractions to restablish the parental distribution and discovered that in
mammalian cells, the fluctuations are surprisingly slow; taking several days to relax back to
the parental distributiorf*. Moreover, it has been observed that only a fraction of cells
within the early embryo express the faetermining proteins that correlated with their
prospectie cell fates®®. Overall, it seems that in mammalian cells, population noise is a
prevalent component of nagenetic heterogeneity.

What could be the molecular use of the slow flctuations in protein level in
individual mammalian cells? While the rapid fluctuations of temporal noise is explained as
a manifestation of the thermal fluctuations of molecular processes, the slower fluctuations
appears to be the consmmce of deterministic regulatory constraints. One possibility could
be the complex intracellular regulatory network in the eukaryotes. For instance multiple
steps with different time scales are involved in the protein synthesis process or even the
chromain remodeling and modification which is necessary for the activation of a gene
promoter could be a relatively slow process. Another possible reason for the slow, enduring
changes in mammalian gene expression pattern can be explained by the underlying gene
regulatory network and multistability that creates-attbactors that delay fluctuations (see
section 3.4). In the picture of the epigenetic landscape, so goes the idea, in high
dimensional genomeide gene regulatory network the epigenetic landscapegged,
meaning that within the basin of each attractor state there are multipdétsadiors’™. The
cells can be trapped in these aitractors transiently delaying the transition (relaxation) of
the cells to the equilibrium states which is a nalggen process. Therefore, the transition
of the outlier cells to the average population (equilibrium state) is stochastic;steplti
noisedriven and slow. A heterogeneous cell population can be mypezsas a cloud of

points in the state space, constrained by the basin boundaries.

3.1.4. Biological significance of nogenetic heterogeneity
Cellular heterogeneity withian apparently homogenous populati®a common event that
has been observed in both bacteffa®* and eukaryotic populatiorfé ° ® including the

embryonic and adult stem cell populatiGA&’ >3
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Heterogeneityin bacteria has been shown to be beneficial as it allows them to
maxi mize their survival through diversifica
multi-cellular organisms, it seems that heterogeneity is a dadged sword. On one
hand, the presee of the negative feedbacks in the regulatory gene circuit which minimizes
noise suggests that reduction of noise is what the biological systems attempt to achieve. It
is expected that the reduction in heterogeneity is desirable for a cell populatespond
more or less synchronously and in a predictable manner to function properly. On the other
hand, a certain degree of heterogeneity in a cell population is needed to generate the
diversity so it allows some cells to differentiate into another cp# tythis is important in
the stochastic modelsée section 1.4)The very first step in the cell fate decision in
progenitors has been suggested to be the destabilization of the progenitor attractor leading
to an increase in heterogeneity of the sysf8mThis possibility is directly tested in
experiments described in chapter 10 and discussed in more detail ihedections 3.4.3
and 3.4.4.

A completely different type of variability is population variability due to-teitell
differences in alternative splicing that has been observed in the cance? agllaging
heart cell$® suggests that the heterogeneity has a potential negative role in diseases.

Analysis of celito-cell variation in different systemallows us to gain some
insights in the mechanisms underlying the biological processes. The finding tBat IL
receptor levels vary between T cells significantly determine how regulatory and effector T
cells can respond to stimuli differently and demonegahe degree of flexibility in the
immune systenf>. In another study, the responsecahcer cells to a chemotherapy drug
varied drastically among cells which were correlated with the variability in expression of a
few proteins that were involved in resisce to drugnduced apoptosi.

Of central importance for this thesis is the role of-genetic heterogeneity among
cellsin stem cell fate decision and developmé®hang et al. discovered that in the EML
cells used here, cells with extreme high or low expression of Scal (a membrane protein
marker of progenitor cellsywhi ch are call ed fAoutltwth 06 cel
respect to the level of the observed protein (Scal) but had distinct gandengene
expression profiles that primed these cells to differentiate into different linédges
Through sorting and repopulation experiments, they showed that heterogeneity of
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progenitor cells is not static (the extreme form of population noise) but represents a
snapshot of a dynamic equilibrium of underlying dynamical systems in which cells can
fluctuake slowly between different primed states tivatre poised to become erythroid or

myeloid.

3.2. Cell fate commitment and differentiation (phenotypic changej the

systems biology point of view

In the following sections, | will use the systems biology poihview to explaincell fate
commitment and differentiation. The goal is to explain the molecular basis of the

Al andscapeo met aphor, as mo s t famously us
differentiation into discrete states, on the grounds of gendaton.

Systems biology tries to describe the biological phenomena in terms of the
fundamental principles of physics and mathematics; the biological observations can be
explained as consequences of these rule. In fact, | will use the central prin€ipigk-o
dimensional dynamical systems in a simplified manner to explain the multipotency state,
cell fate choice, phenotypic change and integration of the stochastic and deterministic
models of fate decision.

Cell types in general (as well as in the hemaieiic system) are discrete, mutually
exclusive and stable phenotypicstdtéa d di ngt ondés vall eys. These
include immature stem and progenitor cells as well as the fully differentiated mature cells.
Each of them is characterizeg & specific gene expression progrtmat can be measured
as transcriptomes. Beyond this, the problem of how stem cells determine their own fate and
how they establish the gene expression program which is defined by the gene activity status
across the tethousands of loci in the genome is still unsolved. Regarding the fate choice of
a multipotent cell, two major hypotheses have been proposed as | explained earlier in
section 1.4. To formally address the cell fate commitment issueljmear dynamics of a

network of interacting genes, the gene regulatory network, will be used.

3.2.1. Gene regulatory network (GRN, transcriptional network) and its dynamics
A Gene regulatory network consists of N interacting genes (Fig. 3.3A); it orchestrates the

gene expressn across the genome, generating gene expression profiles. Therefore each
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gene expression pattern represents one state of this network (Fig. 3.3B). In other words, one
state is defined by the expression level of all N genes {(Sz€x, ¥ in the network. All

gene expression profiles of the network (states of the network) collectively generate the
state space (Fig. 3.3C). Each point on this state space represents one state or gene
expression profile and obwsly distinct cell types occupy different regions in the state
space because they have different gene expression patterns. Therefore, changes in gene
expression profiles that drive the biological processes such as differentiation can be
illustrated as moveent of these points or network states in the state space (Fig. 3.3C).
Because genes are interacting with each other in gene regulatory network, their changes
must be coordinated (constrain€d) This means thagenes cannot alter their expression
independently but in a highly constrained manner and as a whole. For example if gene A
inhibits gene B then when A increases, B must be decreased and subsequently the
movement on the space is limited by this interacti®herefore, the gene regulatory
interactions dictate how gene expression profile changes and therefore creates specific
trajectories or paths in the state space.

Now the central idea is the following: because of the regulatory interactions
(constraints) majority of the states are not stable and therefore gene expression profiles
move or channeled in the state space to reach regions that are stable. In thesteathble
or equilibrium states all the regulatory interactions are satisfied. Therefore, movement of
t he states i s driven by t he net wor kos s e
(configurations). These steady states that are stable called attrac®r(Sigite3.3D) as it
attracts the states in the neighborhood away from unstable régi§ng other words, the
attractor states restablish their gene expression profiles if they slightly perturbed. All the
states within a region of thease space moves towards a specific attractor state and this
region is called fibasin of attractiono of t

Kaufmann first suggested that these attractor states correspond to the stable distinct
gene expression préds that define the observable cellular phenotypes, the cell types.
Huang et al experimentally demonstrated that the attractor states are in fact celf.types
They differentiated promyeloid precursor cells, HL60, with different diffega&ng stimuli
(ATRA and DMSO) and measured gene expression profiles of the cell population with

microarray at different time points. They observed that regardless of the type of stimuli,
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cells end up to generate the same gene expression profile codiegptmthe neutrophil
cell type. This convergence of trajectories to one specific region of the state space (one

distinct gene expression profile) suggested that the neutrophil cell type is indeed an
attractor state.
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Figure 3.3. Schematic overview othe conceptual framework of GRN, state space and attractor states

The genome (A) and its associated network architecture are mapped to the epigenetic landscape (D) via the
dynamics of the expression patterns (B) in state space (C) controlled by the B&Neritral concept to
understand the landscape is that each network state S (gene expression pattern, blue discs in B and C) maps
into one point (blue balls in D) on the landscape. The position of the point or network state (S) on N
dimensional state spade determined by N expression values corresponding to N genes. In B the two time
points § and t represent the dynamics and the constrained change of gene expression pattern. The quasi

potential value of U can be approximated by Ulr [P(S)], the nedéve logarithm of probability to find the
network in state S. Partially frof

As shown in Fig. 3.3D, there are multiple attractor states within one network
perhaps because the network is complex with-lmogar regulatory interactions and
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feedback loops. The coexistence of multiple stable steady states (attractors) within one
network is called multistability.

3.2.2. Waddi ngt o-poterdial)dapdsogpenet i ¢ (quasi

The term epigenetic was introduced by the Waddington in 1940s to describe phenotypes
that are not directly encoded by genes but arise from the interactions between the genes.
This definition is captured i n t hagdingtenr m 0 er
proposed to explain the discreteness and robustness of phenotypes of céfl. tyioes

that the term Oepigeneticd used by Waddingt
molecular Iology for covalent modifications of DNA or histones which affect gene
expression without altering the DNA sequence through modulation of chromatin structure

%_ While the dynamics of gene regulatory networks generates the stable gene expression
profiles epigenetics as covalent modifications may only increase the stability at individual

gene loci.

Figure 3. 4. Waddi ngt ondés Clh 4957% Canrad Waldngtan eproposed the Land s
concept of an @genetic landscape to represent the process of cellular denisiking during development.
At various points in this dynamic visual metaphor, the cell (represented by a ball) can take specific permitted
trajectories, leading to different outcomes or tats. Figure reprinted from Waddington, 1957

I n formal terms, Waddingtonos epigenetic
of an Ndimensional state space (for a GRN of N genes) into two dimensions (the XY
plane) (Fig. 3.3D). This then allows the thidimension (vertical -axis) to serve as the
elevation to assign to each XY position (a state of the GRN, or equivalently, the associated
gene expression pattern) a value that reflects the stability of a given GRN state that is
represented by that respiget position in the XY plan€” In other words, for better
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understanding and visualization, each network state in above mentioned state space can be
assigned an elevation or potential (qe@stiential energy, Ywhich inversely related to the
stability of that state or the probability of finding the system in that state (Fig. 3.3D).
Therefore the above mentioned attractor states (stable gene expression profiles) are at a
local minima in U (local minimum), whicks the bottom of potential well in the quasi
potential landscape. The potential values for all the states collectively generate the quasi
potential landscape.

In this landscape the valleys are the basin of attraction of the attractor states and the
hills are the unstable states which do not realize. The system moves toward the stable
states, the valleys. These attractor states at the bottom of the valleys are robust against
minor perturbations. However, external regulatory signals and large perturbatigns (
strong gene expression noise) that alter the expression of multiple genes can induce
transitions of the network between attractor states. Herein, these system states cross the
Ohill s6 on the | andscape and nm@nsiBonstappean S e p 3
as the aHlor-none ceHtype switching in individual cells.

The epigenetic landscape as a whole thus depicts the entire set of possible stable
states (valleys) that exist in the GRN and that the cell can in principle achieve during
developmentand unstable norealizable stateshowever, it also shows the ease or
difficulty with which these potential attractors can be reached. At each point, the cell faces
constraints of the dynamics of the GRN that predefine a set of realizabletygie=n This
is captured in the Waddingtonds | andscape
represent the binary decision points at which the cell has only two possibilities (experience

the constraints).

3.2.3. GATA1PU.1 regulatory circuit within thegenomewide GRN

Comprehending the dynamics of the hdjimensional GRN is not an easy task. For our
purpose | will focus on the small circuit consisting of two important hematopoietic master
regulators, the GATAL1 and PU.1 genes. We are already familiart@se two TFs as they
were introduced in chapter 1 and 2. Here | will explain how the phenotypic switch can be

regulated by modulating only this circuit.

36



There is a mutually antagonistic relationship betwéenRU.1 and GATAL genes

(Fig. 3.5A)* which gee r at e s
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which has the expression pattern (GATA1>> PU.1) (Fig. 3.5A). These two stable states
represent celfates with higher GATAL expression levels encouraging differentiation to

the erythroid (ERY) and higher PU.1 expression driving development to the myeloid

(MYL) 36 35.
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Figure 3.5. From gene circuit architecture to celfate behavior. The theory of dynamical systems predicts
the repertoire of cell behavior. The dynamics can be precisely visualized as -@aigatial landscape in
which each position represents a state S (an expression profile of the two genes X, Y). The bottom panels

show a cross section of the landscape along a diagonal that cuts through the attractors. Stable steady states

(attractor states) are the lowest point in valleys (potential wells) and unstable steady states are hilltops. Orange
dashed lines depict attractboundaries. The dynamical behavior (manifested in the shape of landscape) is
determined by the architecture of the circuit and by the strength and modality of the interactions (model
parameters) and gene expression noise. The bistable -mgighh circut (Panel A) has two stable attractor

states A and B, characterized by reciprocal expression of X and Y, (X>Y or Y>X, respectively), whereas the
hybrid state C (X =) is by necessity an unstable steady state. In the tristable circuit (Panel B), the central
state C is locally stable. Its relative stability depends on, e.g., the strength of thetisation loops, which

may be the basis for its stabilization in the hybrid state. Partially ffom
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In presence of the austimulation for both gene® >* the third state (C) also
becomes relatively stable (mettble, is susceptible to fluctuations),cas be shown by
modeling the dynamics with differential equatioffs® '®. This state is defined by
simultaneous low expression level of both genes, (GATA1~PU.1) andstimdime with
the suggestion of™@mBbR).i |l i neage primingbod

The model thus predicts the existence of a locally stable state that exhibits
ipromi scuous e-pppasiagsTEs (GATAL amd PUfPR In ether words,
multipotent progenitors gxess both GATAL and PU.1 at relatively low levels External
signaling events or intrinsic fluctuations or both may tip the balance between the two
transcription factors, thus allowing the progenitors to differentiate along one oreanoth
pathway. The aforementioned circuit of the two opposing fate decision controlling TFs
(such as GATA1 and PU.1) must be integrated into the gemade GRN. Thus, we can
extend the twagene circuit that give rise to the bistability to a broader picthes t
encompasses all the genes in the genome. During differentiation it is the transcriptome that
ultimately shifts from one state A to another state B in which thousands of genes will
change their expression levels. The GRN structure therefore can gue tlse landscape

with multiple stable states (multistability).

3.2.4. Cell fate specification and differentiation unification of the stochastic and the
instructive models
As we discussed in section 1.4, evidence exist that support both the selective and the
instructive models of fate commitment. The study of cell fate decision therefore shall unite
these two models, rather than find out which one is correct.
Within the sem or progenitor cells the factors that control fate decisions between the two
opposing cell lineages (such as aforementioned GATAL1 and PU.1) inhibit each other and
therefore, generate a bistable switth However because of the presence of -auto
stimulatory feedback loops that control expression of these opposing factors, a state is
generated which is partially stable and it6é€
from the mathematical modeling of the dynamics of the RN

Several studies have now | efiHemintheence

progenitor cells occupy the metastable state that is stable enough to be observed as a
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ground state for these cells and it can be destabilized with differentiating signals. Upon
exposure of the cells to a differentiating signthis central attractor is destabilized (as
mentioned above), and the cells <can, dri ve
basin of the progenitor attractor state and spread, following the slopes of the hills of the
epigenetic landscape, to mgsing regions in the state space with opposite gene expression
profiles (two stable states of the system).

Previous studies based on whole population studies and mathematical m&teling
have suggested two stages in this decisiamtgss: (i) The multipotent progenitor state
which represents the metastable state is destabilized in a symmetrical bifurcation event
resulting in a poised state at the boundary between the two lispag#ic attractors
(precedes fate decision); (ii) tleell is driven to the respective now accessible attractors
(fate commitment). The symmetry breaking event that results in the bifurcation
(disappearance of the progenitor state and generation of two stable attractor states) is the
instructive component: éhdifferentiating signal can instruct the cells to change their gene
expression profile such that the destabilization is biased toward one of the valleys of the
prospective lineage in the first stage. The stochastic component is embodied by the
fluctuatiors of the cell state once the progenitor basin is destabilized enough (flattened
enough) so cells can exit that attractobiased by the asymmetry of the destabilization.
Therefore the cell decision is accomplished by the joint effect of fluctuationgutatery
proteins inside the cells and biased by external signals. This concept naturally unites the

stochastic and deterministic models of cell fate decision regulation.

3.2.5. Bifurcation and critical phase transition concepts

As | explained earlier,he GATAL-PU.1 circuit model (which is based ¢ime functional
relationship between GATAl and PU.1) predicts tristability for the system with the
progenitor cells sit in a metastable central attractor state. The model also predicts the
destabilization of te metastable state of the progenitor cells upon stimulation with the
differentiation signals. This initiates the commitment of progenitor cells to a specific
lineage. It has been suggested that at certain ranges of the parameters of the model (control
pammeters, e.g. those that influence the -aagulation or cross;hibition of GATAL or

PU.1 genes or even protein deactivation), a destabilization of the progenitor state takes
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place ®°. This sudden discontinuougualitative changehat occurs as a parameter is
gradually chanigg (the sudden disappearance of the progenitor attractor and conversion to
a hill top, concomitantly to the generation of two new stable states) is cdliotcation.

Now with this introduction onbifurcation, we can describe the concept of the
critical phase transitiothat happens if a system shifts from one attractor state to another
193 A critical phase tmasition is the phenomenological manifestation of a bifurcation of an
underlying mechanism. Here we have the conversion of the progenitor attractor to a hill
top, associated with destabilization of the progenitor state.

For an observer agnostic of the urgieg bifurcation following changes will be
measurable: When the system is stable, internal fluctuations are damped down; however
when the attractor state starts to destabilize, the fluctuation increases (flatter attractor) and
thus celito-cell variabilty increases. This is manifested as a decrease of theedell
correlation with respect to the gene expression patterns of individual cells. At the same time
the trend of the cell to fall over the cliff down to the new valleys is a consequence of the
detaministic (instructive) change of the landscape, and this coordinated change in gene
activities that accompanies the bifurcation is associated with an increase hgegene
correlation.

Thus, in the absence of higlsolution timecourse analysis which ikhe typical
method to expose critical phase transitions and given that we have -dirhig/hsional
population, it has been proposed that the change of the correlations between the objects
(cells) and their attributes (genes) can provide the informatidrcémabe interpreted as the
sign for the destabilization and critical state transifioh'® upon destabilization of the
current state, the heterogeneity between the cells increases and simultaneously the

correlation between the genes increase
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4.1. The importance of singlecell analysis: Move from bulk analysis to

single cell analysis

The majority of our knowledge and understanding of molecular, cellular and biochemical
processes until recently came from analyzing millions of celer@gecell-population
techniques); therefore the experimental readouts report average values. For instance gene
expression analysis at the level of bulk cell populati@s performedvith gPCR'*® and
microarray™’.

Some of the reasons behind the preference for population analysis are: (1) Scientists
have neglectedhe variability among individual cells mainly because these fluctuations
were considered to be noise and thus biologically irrelevant. Therefore, researchers have
tried to minimize or eliminate these fluctuations to the extent possible by statistical
treatrents. As a result any meaningful variability information such as thecekll
variability due to differentiation or adaptation among single cells is lost. (2) The underlying
assumption in molecular and cellular biology was that all cells are more @irteks and
therefore quantifying the mean of the population can be a good representative of cells
within the population.In other words scientists were not aware of cell population
heterogeneityBulk-measurement methods are in fact inferring the probstalie of an
average cel |l i n the popheavardge celhactbaliytexidtoh  39Q u e s
The technologies for collection and analysis of single cells were limited. For example, laser
microdissection was able to dissect single cells hewévwas difficult and very low
throughput. Moreover, the aforementioned methods were not sensitive and advanced
enough to detect ~ 10 pg total RNA content (~ 1 pg mRNAithin an individual cell.
Microscopy of course offersinglecell level analysis but was limited to morphology and

few molecular markers.

4.2. Overview of singlecell analysis techniques

To reveal any meaningful variability among single cells, however, these fundamental units
of metazoan tissues must apalyzed at the molecular and cellular levels one by one. In
the past few years owing to technological advances, this type of analysis has become
possible. In the following sections, some of the techniques that have been used for single

cell gene expressin analysis will be overviewed.
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4.21. Flow cytometry

The throughput of single cell analysis was improved by invention of flow cytometry. Flow
cytometry is a cell population analysis method with single cell resolution. It measures a
specific trait of cel, usually the cellular abundance of a specific protein, and provides the
statisticaldistribution of that trait ina population. The results, spilayed asa histogram,
provides crucial information for the study of gene expression noise and population
heteogeneity and its dynansd* 8. It specifically allows for the analysis of the presence

of multiple distinct subpopulations in the population of intef&tFlow cytometeres and

cell sorters fluorescentactivatedcell sorting, FACS) can analyze thousands of single cells
per second at high precision and currently for up to 18 protein markers at a time. Therefore
it is a highthroughput technique regarding the number of analyzed cells.

Recent progress in flow cytometry techniquetthas increased its potential to a
new level is its combination with mass spectrometry (mass cytometry, CyTOF) to detect
molecules with different properties in timglecells*'°. The antibody in this application is
labeled with special heavy elemefisotope)tags with different massin place of the
differentf | uor escent | abel s. Mol ecul ar mass doe:¢
case with fluorescence. This wilesult in an increase in the number of molecules that
simultaneously can be analyzéuicrease the muHplexing) because it overcomes the

problem of spectral overlap between signals from fluorescent labels.

4.22. Fluorescentactivated cell sortindFACS)

Physical isolation of any population fraction, subpopulation or even single cells with
respect to the distribution of a trait can be done with fluoresaetivated cell sorting
(FACS). Although there are multiple techniques for isolation and ¢mlteof snge cells

such as glass capillary (micromanipulati@s) well asmicrodissectionFACS sorting of
single cells is the most preferable technigd& This is mainly because it is high
throughput and the user can specify from which gated fraction or subpopulation the single
cells will be sortd from. Single cells usually FACS sorted into a lysis solution especially
for the subsequent analysis by gPCR or sequencing.
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To investigate the dynamics underlying heterogeneity at the population level, either
a distinct subpopulation of cells (Fig. 4.1A) or a population fraction (Fig. 4.1B) can be
sorted and recultured. At the next step flow cytometry can be used to monit@ohed

cells behave over time, do they restore the original (parental) population and at wfat rate
11289

hMacro- B Micro-
A heterogeneity heterogeneity
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and
monitor

Time
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Cell abundance of X

Figure 4.1. Analyzing the dynamics underlying norgenetic heterogeneity Sorting and reculturing of a
FACS sorted subpopulation (A) maeheterogeneity, or of a tail fraction in the (B) midreterogeneity, can
provide information on the nature of the processes that generate heterogeneity among cloRalriiallis.
from &%,

The rate at which a subpopulation repopulates the entire distribution provides
information about the transition rate between distinct subpopulations. Sorting a distinct
subpopulation and monitoring it over time to observe whetheepbpulates the other
subpopulations would be useful in distinguishing two scenarios; if the subpopulations are

stable and irreversible cell types or they occupy two dynamic and reversible states. In such
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case macrdeterogeneity represents a dynamic elguidm with cells switching between

two states (subpopulations}®. Soring a population fraction (a part of a peak in flow
cytometry histogram) and monitoring it over time resulted in interesting observations that
the sorted fractions of cell population have distinct gene expression profile and different
differentiation potetial 3. Typically, outliers in mammalian cell populations slowly
repopulate the parental distribution, which indicates the presence of an attractor state in a

rugged epigenetic landsa{.

4.2 3. Quantitative realtime PCR (qPCR)

Although flow cytometry in conjunan with FACS have improvedingle cellanalysis
throughput however it haseen only able to evaluate a few targets per cell. In fact, in order
to reveal the heterogeneity among single cells, many of them must be analyzed with respect
to many properties (expression of many genes). Therefore, development of alternative
technologies with higher capacity is needed. The fact that the amount of RNA enthin
individual cell is minute (between 42D pg) and mMRNA only comprises a few percent of
the total'® ! challenges the analysis of the transcripts. PCR is a sensitive technique in
amplification and detection apecific DNA sequences and it Hasen adopted for single

cell analysis in past few years. Very first attempts of gPCR on single cell samples were
directly applied on single cell cDNA content. For example, Piexoto €f demonstrated

that transcript detection from single cells is possible by direct qPCR on splitted cDNA
content ofthe cell The number of analyzed genes was quite low and the unceriainty
quantification was high due to possibly high sampling error. Later, PCR has been used in
its quantitative RIPCR form in combination with targepecific multiplex pre
amplification to generate enough material from single cell samples for analysiangf m
genes of intere$f 14 115 (for more information pleassee chapter 5Currently n RT-

gPCR analysis of sgie cells, to avoid loss of pgram amount RNA content of single
cells, RNA isolation is skipped, and cells directly depuksiinto lysis solution followby
reverse transcription and multiple amplificati This template is used for transcript
quantification in qPCR. Using this technology tens to hundreds of mENZ and

microRNA targets were analyzed in singkls so far® ",
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4.2 4. Microfluidics based reatime analysis of singleell gene expression
Extensive gene expression profiling of single cells has been made practical owing to recent
advances in microfluidics. THatest generation of microfluidic devices can perform liquid
handling stps on nanoliter scale and makare of the uniform distribidn of template
within the reaction chambers. These devices are in factdugtent gPCR platforms
capable of analyzing a large number of genes in large number of cells. Two main platforms
on market are the OpenArray (BioTrove) from LifeTechnologies waltitity to analyze 64
transcripts in 48 single cells and the BioMark from Fluidigm which is able to analyze 96
transcripts in 96 single cells. With these technological advances in microfltidits,
thousands of PCR reamhs were run in parallel allowing combinatorial analysis of assays
in single cells. Using these techniques, dissection of heterogeneous tissues into
subpopulations according to their unique gene expression profiles was ptisible

Another significant advance in microfluidics is the development of fully integrated
device for the single cell processing and transcript profiling all on #meesdevice
(microfluidic 6l ab 6.nOther microfluigicodevices catenatsd o g i e
developed that can be used to track gene expression changes in a [argigoo of
individual cells. It also allows the precise control of the cellular microenvironment and
monitoring their effects on gene expression. It can in fact combine the advantages of flow
cytometry (analyzing many individual cells) and microscopyckirag individual cells) to
monitor single cells over longer period of time and generate good statistics over the

population due to analysis of more single cEffs

4.25. Digital PCR (dPCR)

Sometimes single cell gene expression analysis requires high precision in measurement
such as analysis of copy number variation and estimation of patimogeier within an
individual host cell; in these cases, digital PCR can be tfSe@his method is based on
counting the number of DNA molecules by limiting dilution of the template molecules to a
large set of parallel PCR reactions such that the majority of the reactionsntdirceither

0 or one cop of the of the starting template DNA molecules (for more information please
see chapter 12). Microfluidic platforms such as BioMark from Fluidigm, OpenArray and
QuantStudio from LifeTechnologies can be adopted for digital PC&usedhey have high
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capacity in miniaturizing and multiplexing many PCR reactions. Warren*&t ased this
method to absolutely determine the number of PU.1 transcripts in the single common
myeloid progenitor cells and found out that the large variation in expression of this gene
among the cells linked tiheir commitment potential of these cells to distinct cell fates.
Another technology for absolute quantification of the transcripts is Nanostring
which is based on the direct multiplexed measurement of gene expression witoc&dr
probe pairs targeig the transcript. The technology uses molecular barcodes and single

molecule imaging to detect and count the transcripts in a single re&ction
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Thesis hypothesis and specific goals

A multipotent progenitor cell is able to commit to multiple distinct cell lineages. This
process involves the establishing of the gene expression profile of the prospective cell fate
via modulating the expression of a set of regulatory genes. The regoedination of

gene expression activities is achieved by the gene regulatory network (G&itiary to

this picture of deterministic control, experimental observations suggest that cell fate
decision between multiple lineages is clearly stochastic. &iyiland related to the
stochasticity of gene expression, mammalian populations are heterogeneous as best
evidenced by the high ceatkll variability with regard to gene expression in individual
cells. This norgenetic heterogeneity is the combined consege of multistability
(presence of multiple attractors) due to the dynamics of GRN and of the gene expression
noise. From the dynamical systems perspective, the differentiation process could be
regarded as transition of cells from the current attratcabe $o0 another attractor state. An
overarching theme of this thesis is to analyze the elementary process of a (binary) cell fate
decision of a multipotent cell within the framework of the theory of-lreear dynamical
systems.

An attractor state is a estabilizing steadystate of a network, here defined by a
distinct gene expression profile which due to the gene regulatory interactions will restore
itself upon small perturbations. Thuisis in principle a state at the bottom of some sort of a
potental well. More generally, the underlying gene regulatory network dynamics generates
multiple attractors for a network (multistability), as is the case with the GRN of the mouse
or human genome. Cells will occupy these attractossnce all other gene exgssion
patterns (or network states) are unstable due to conflicts in the regulatory interactions. With
respect to these gene expression patterns,
but they can transition between them. Such attraatansitions can happen either
spontaneously and in a stochastic manner due to noise in gene expression or in a directed
way by external signals that change the gene expression profile. The transition into a new
attractor state, hence acquisition of a neablst gene expression profile, corresponds to the
commitment to a new cell fate, or differentiation into a mature cell type.

With this theoretical framework, which an increasing number of biologists have
begun to embrace, one can now readily see why they mmnrgenetic heterogeneity of
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clonal cell populations has biological consequence: the spread of cells within an attractor
state (which is the formal basis for the emdll variability of gene expression) affects fate
deci si on maki ng.ut$p e cellsitha adelsya, state &t the bdrder of

an attractor basincan be observed in the flow cytometry as thoses ttedit account for the
Atail so of a broad distribution in a clona
states th distinctive transcriptomes which account for their differential responsiveness to
differentiating factors, such as cytokines. They are poised to jump to the other attractors.
This picture has been inferred from theoretical models and indirect measuseof cell
population heterogeneity, such as sorting of the tail fractions and assessment of their fate
potential. With the advent of singtell gene expression pattern analysis we can now
directly testthe specific hypothese regarding the above contepf fate decision asn
attractor transition Therefore, in the current study, we will investigate the role of non
genetic heterogeneiin cell fate decision, the outcome of the cells, using “thgbughput
singlecell transcript analysis by gPCR. Specifically, we will analyze the dynamics of a
GRN (a haneturated subnetwork of relevant genes) involved in the decision making of
blood progeitor cells, choosing between the two downstream lineages, erythroid (ERY)
and myeloid (MYL).

On the basis of a refined theory of attractor transitions, together with the new analysis
techniques and accompanying extension of the domain of testabillypoftheses, we

formulate the followingvorking hypothesis:

Individual cells within a clonal, apparently uniform cell populatiavhich occupies an
attractor state possess distinct enduring individuality, which accounts for the |cell
population heterogensi with respect to gene expression and is due to the coexistence of
multiple metastable states. In a population of multipotent progenitor cells, the cells in some

of these distinct substates near the porder
into neighboring attractors which represent the cell fates to which the multipotent
progenitor cells are capable cbmmitmentA differentiation signal that triggers a cell fate

decision induces the exit from the progenitor attractor state and the corantiinto one :t

the differentiated cell lineage. This process begins with the destabilization of the progenitor
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attractor which will be manifested as an increase in heterogeneity/diversity aof the
progenitor cells Upon further destabilization a@ke progaitor cell converts to an unstable
state, forcing the cell to enter any of the accessible neighboring attractors. The primed
cells are the first to face this decision point, and are stochastically pushed to one qf these
newly accessible attractors. This Iwbe manifested as the simultaneous (transient)

commitment to opposite cell fates at the siragllt level. The transition of cells from one
attractor to another during differentiation thus can be framed in a more formal way| as a

type of bifurcation even the dynamics of the GRN.

The overarching goal of this thesis is to test the above hypothesis which, as indicated has
experimentally testable manifestations. This translates into the specific operational goals of
my work: to characterize the role oftamgeneity in multipotency and during binary cell

fate decision at the level of gene expression changes measured atsiingdeolution in

an entire population. The specific experimental objectives of this thesis can be framed as

addressing the followig questions:

QUESTION (1): Can singlecell resolution analysis by flow cytometry reveal the
presence of multiple temporary subpopulations that, according to the attractor
destabilization idea, arise early on when progenitor cellsare stimulated to

differ entiate? Does cell heterogeneity increase upon perturbation?

RATIONALE: the hypothesis predicts the presence of multiple substates within the
apparently uniform progenitor cell population which can be visualized by the model of a
rugged epigenetiandscape that can trap cells. During cell commitment the attractor of the
progenitor state is destabilized, causing more cells to (temporarily) occupy more of the
marginal metastable substates hence increasing population heterogeneity.

QUESTION (2): Are we able to cature the bifurcation event during lineage

commi t ment? Specifi cal dcogmmitted aefls upoa stimblasoar ve i
of progenitor cells with AMYLO cytokines?
RATIONALE: if decision making involves a near symmetric bifurcation that destabilizes

the progenitor state and cells are pushed stochastically (driven by gene expression noise)
out of the progenitor attractor state, then cells will not only be pushee iotédnded fate,
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MYL (although the majority will) but also it can be expected a fraction of cells to spill over
into the noAintended one, ERY.

QUESTI ON ( 3) : Can we observe the predicted

phase transi t ioar of@ellsdaring thedransitermfom one attractor to

another upon perturbation by differentiation signals?

RATIONALE: if commitment happens via a bifurcation that involves a destabilization then
there could be signs for a critical phase transition.s Tédncept predicts that the
correlations between the elements (genes) within the system (cell) and between replicates
of the system (cells) with respect to their attributes (genes) should change during phase

transition in a characteristic manner.

QUESTION (4): How do cells behave in terms of lineage commitment if they are
exposed to conflicting differentiation signals? Do they ignore the simultaneous
exposure to cytokines and follow their initial path towards commitment and
differentiation to one nominal cell lineage?

RATIONALE: this question will also address an old dualism, which emerged decades ago
and is agnostic of the dynamical systems formalism: instruction vs selection, as principle
for fate determination in cell lineages. We can now revisit, & lipht of dynamical
systems this old dichotomy. If cytokines instruct the cells, we would expect to see a hybrid
phenotype in every <cell in response to a
conflicting signals. If the selection model plays thejor role, we expect to see that each
individual cell is forced to make an eithar decision, committing to either the ERY or
MYL lineage, next to other responses, such as staying uncommitted or cell death (due to
inhibition of progenitor survival signs).

We also expect to gain insight from our observation that will lead to an advanced
model, based on the bifurcation principle that unifies the selection and instruction models
of cell fate decisionSpecifically, if cells onone hand, are stochastigalprimed (as
opposed to commit) to a specific cell lineage (in agreement of selection model) but the

priming affords specific gene expression configuration making them more susceptible to
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instruction by specific cytokines, then we should be able to fibbservation at the level
of singlecell expression patterns into a model that combines both mechanisms.

We will address the above questions in the experimental work whose results represent the
main substance of this thesis. However, given the noveltycoofcept as well as
methodology, substantial introductory material that will provide the basis for understanding
the work performed, must be elaborated. Therefore, this dissertation is organized in the

following chapters:

Chapters 1, 3 and 4reviewed therelevant literature on hematopoiesis and provided an
introduction to the concepts and the theoretical frameworks of the thesis.

Chapter 2 presented the result of an intensive literature survey on transcription factors
regulating CMP maintenance and diffietiation. This database of transcription factors will

be used to generate a small, handr at ed gene regul atory netw
usingGraphviztool.

In Chapter 5, | will describe in a stevise manner and in sufficient detail, the
establishmenof quantitative reverse transcription (RGPCR to be used to quantify the
expression | evel of the genes of the HfAHen
differentiating cells. This chapter not only covers optimization of different steps involved in
themet hod but also the evalwuation of the tec
basic aspects of RGPCR, the optimization is aimed at achieving a solid protocol for
quantitative singleell RT-gPCR

In Chapters 69, | will address this question: hodoesthe gene expression profile

(network state) of the population of single cells change as a population of progenitor EML
cells differentiates into either the erythroid (ERY) or the myeloid (MYL) lineage? The gene
network state of many individuahultipotent progenitor (EML) and differentiating cells

will be monitored and the dynamics of the network state will be analyzed during this binary

fate decision.

Note that to study heterogeneity, multipotency and cell fate determination, the EML cell

line, a murine blood progenitor cell line that corresponds to common myeloid progenitor
(CMP) stage was used®. The use of a cell line permits at any time teneration of
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clonally derived cell populations. This is paramount to explicitly study the role of
heterogeneity in cell fate decision as this would be unknown in studies with primary cells
because they are of unknown clonal history and still can be higttgrogeneous with
respect to the markers that are not used in their isolation.

In Chapter 10, | will show how cell fate commitment may take place with respect to the
initial destabilization of the progenitor state upon stimulation by appropriate myeloid
inducing cytokines.

Chapter 11 will examine how individual progenitor cells behave and redpora mixture

of opposing cytokines. Evidence will be presented to help us to evaluate the possible roles
of the selective (stochastic) versus instructive (deterministic) models in cell fate
determination.

Chapter 12 will present an extension of currehgital PCR technology for future use that
was developed in the course of this project. Hémnill demonstrate a new method for
estimating the absolute concentration of a cDNA template in a sample in digital PCR
(dPCR). The method takes current methothtonext level towards the future use of dPCR
that will take advantage of a novel generation of microfluidm@sed PCR machine.

Chapter 13 will describe all the materials and methods that will be used throughout the
thesis.

Chapter 14 concludes the disstation with the presentation of models for progenitor cell
fate commitment and differentiation and how the experimental findings support the
hypothesis and answer the questions posed above. Broader implications for our
understanding of cell fate decisiand development will be discussed. Finally, some of the
unresolved issues in this dissertation will be outlined, and suggestions for future

experimental systems that can help resolve these issues will be presented.
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5.1. Introduction

Even cells within a clonal population show high eicell variability in proteins level,
phenotypes and functions. This ngenetic heterogeneity of an apparently homogenous
population has been the center of many investigations and shown to be oichlolog
significance® 86 81 27 127128 |n nast few years, there has been a push for improving the

met hods for analyzing multiple species ( fimi
cell level and even in genorvade scale. CurrentliRT-gPCR (in combination with FACS

for single cdlhandling and collection) has risen to a standard method. It is able to analyze

100s of single cells for expression of up to 100 genes and thedordéalance large

numbers of targets with large numbers of c&ls'®®. In this scenario, higthroughput

nanoliter gPCR platforms, such as BioMark (Fluidighi)®® and to a lesser extent,

OpenArray (LifeTechnologies)?® %

are now widely adoptedgPCR offers high
sensitivity, reproducibility and a large dynamic ran@e.. Moreover, it is considered the
most accurate quantitative method for measuring transcript abundance in an individual cell
and costs are not prohibitive when entire population of cells are to be analysed. Therefore,
gPCR is the mébd of choice to achieve accurate quantitative gene expression analysis of
individual cells if one is interested in defining a cell state which can be readily determined
by a gene expression pattern of tens of genes, as opposed to the search for soxiptdran
which would entail genomwide analysis.

Since the RNA content on an individual cell is minute, amplification of the
transcripts of interest prior to quantification is generally needed. Specifically, the majority
of transcripts (99%), including that of many transcription factors of interest heze,
expressed at < 50 copi¥. Given these low numbers of mMRNA molecules, the efficiency
and uniformity with which each mRNA is copied into cDNA during the firsp sted
ultimately represented in the library is also crucial. Lesg&le singlecell gene expression
profiling using RFQPCR and using versions of the current method oftobe assays has
been performed in an increasing number of systems, including epgiocrcells %,

§3 M7 embryonic stem cell§*'* hematopoietic cell§* .

circulating tumor cell
In this following chapter, multiple steps in the establishment of a successful RT
gPCR protocol for analysis of expression of multiple transcripts in individual mouse blood

progenitor cells will lp described. | will emphasize the optimization of various steps of the
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method however the analysis of data obtained using this technique will be described in
section 13.8.

5.2. Description of method: steps of singleell RT-gPCR

Singlecell RT-gPCR methodaonsists of several steps as outlined in Fig. 5.1.

Single cell collection (Section:3)
3.1. Single cell collection using fluorescent activated cell sorting (FACS)

Single cell lysis (Section:4)
4.2. RT-gPCR inhibition evaluation for lysate-based RNA template
4.3. Tsolated RNA (classic) workflow vs. lysate-based RNA workflow

{4

Reverse transcription (RT) (Section:5)

5.1. Reverse transcription priming strategy

5.2. Reverse transcriptase enzyme

5.3. Efficiency, linearity and dynamic range of reverse transcription

4

Target-specific amplification (pre-amplification) (Section:6)

6.1.1. Pre-amplification uniformity

6.1.2. Competition between assays during multiplex PCR amplification

6.1.3. How many cycles of pre-amplification are needed to robustly quantify cDNA
molecules in OpenArray qPCR platform?

6.1.4. Necessity of dilution of pre-amplified product on subsequent quantitative PCR
6.1.5. Pre-amplification efficiency, linearity and reproducibility

{

Quantitative polymerase reaction (qPCR) (Section:7)
7.1.1. qPCR assay performance evaluation

7.2. Detection chemistry for quantitative transcript quantification

7.3. Inter-run calibrator

7.4. BioRad vs BioTrove qPCR platforms

5.4. Reverse transcription variability

Figure 5.1.Overview of steps involved in singleell gene expression analysis using RGPCR. Different
steps of the process are listed with a link to the corresponding sections.

Every step needs to be optimized carefully to be able to maximize efficiency and
minimize technical variability. Because of the inherent variability of transcript levels of
individual cells, it is not possible to assess sensitivity by comparing thedudivcell
samples. There are no replicates in the traditional sense because each single cell is different.
Instead, serial dilutions had to be performed on large cell populations which can be

replicated. Large cell population aliquots of known cell nundet/or of RNA standard

57



were performed down to amounts that correspond to that of individual cells, which we call
singlecell equivalentr singlecell RNA quantities (120 pg).

Throughout this chapter, the input material for optimization was eithefigalri
RNA or serial dilutions of cell lysates prepared from clonal EML cells, a blood progenitor

cell line**®. For more information please refer to sectiGtb11.

5.3. Singlecell collection

An often overlookedaspect of single cell analysis is the difficulties of handling single cells
for molecular analysis. There are a few major approaches for single cell collection however
we used the flow cytometry ironjunction with fluorescent activated cell sorting (FAGS)

°3 136 The choice was driven because of our need for a-tighughput technique that
allows us to collect many single cells in a short period of time. Moreover, we were
interested in capturing the cells based on their surface marker expression which is best
achievedby flow cytometry/FACS. In addition, this technique allows us to collect intact,
live cells.For a comprehensive list of all the factors important in FACS performance and
sorting refer to™*’. For more information regarding singtell collection please refer to
section 13.7.1.

5.4.Single-cell lysis
5.4.1. Onetube analysis of singleell

For convegPCRnNnah PRBO®pul ations of cell s, san
thousands of cells are analyzed. Here the ¢
agents t hegtrorteelcdasnaucdred ¢ acids. Al though 1t}

applicati omPCR®, g.t hRY ar e removed by t he

extraction/purification of RNA which el i min
It is commononl toppberWwashi mg steps to achi eve
situation is different: Since th20 RNA icmna
typical mafmaldi arhecellulmber of mol ecul es per

RNA splddngs RNA | oss during purification ca

become common practice to skH®R tihre tphue isfad e
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whi ch t hed Isidregloesid ed and Hwded.prTohied ulr ®@wewn

cell lysis buffer is compatibl® with the su
4. 2 Evaluation of |lysis solutions

For efficient and complete reverse transcri
to be sufficiently | ysed for the RNA to be
released RNA from degradation aftgeaentcsel la |
ri bonucl ease inhibitor must be added to t he
compatible with downstream RT a'fl SvPexR etto
recently publ i shefd ea ecna mpaeraigsgomiC o ff olf 71 ddwir a gt
l ysi s. They observed that BSA is the best

enhanced R °eBéngisesoygy et al. also tested f
pancreatic cells. They reported that | ow co
their ageh'tt Alftdidfufderent techniques for sin
including freeze and thaw, the commonly wuse
pressure!*flmmomg)t he methods mentioned, son
to be | ess aggressive, such as osmosis met |
Cells swell and burst wh%®n Weondiecci dedenpt!tl
commercially avail abl elcleslDi rleycsti s( |srowlittrioogne r
(Applied Biosystems, formerly Ambi on) and

experi ment as they have been cl aimed to be
communication with Lites)fleamhbbbghbesdsgrhe&empsecd

-~

eveal the composition of their |lysis solut
14 ?add 10 EML cells were sorted in a PC

each cell number three biological replicate
the effect of the |l ysiwe sdditti @®mnamal ysd mxyd ma
instead-cefl singl®rder to eliminate the eff
associ atedd oelflil4’Biulti thyy keeping the number
performancel ¢ j(ast |iewl eeas 10) nayt emref | e
control was used as a replacement for I ysis
was andbyded.able to compare the effect of
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downst r-eR@RI RT steps and conditions were perf

| y s i sForsrore mmformation regarding singtell collection please refer to section
13.5.3.

Fig. 5.2 represents that both I ysis solu

t oonct r ol water. Lysis solutions from both Kk
whil e Cell sDirect kit performed better for
100el | popul ations as wel |, we decfiadredaltlo

experi ments.
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Figure 5.2. Evaluation of direct cell lysis protocolsThe lysis yield of GATAL (A), PU.1 (B) and GAPDH

(C) mRNA, as detected by RJPCR using 1%) 107 and 10 sorted EML progenitor cells as starting material,

in a comparison between CellsDirect (triangle) and @eliSt (square) lysis solutions. Relative cDNA yields

were calculated using water control instead of lysis buffer as baseline. Values are 1®&&8nfor three
separate experiments. The experiments were carried out in the presence of RNase inhibitor. The value of the
control was arbitrarily set to 1. There is a significant difference for all genes between control and both lysis
solutions (Student-test, p < 0.05). There is a significant difference for all genes between the two lysis
solutions (p < 0.05) for faand 16 cells but not for single cell sample.
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5.4.3. RFgPCR inhibition evaluation for lysatdbased RNA template
Quality, validity andreproducibility of RFQPCR data depends on the quality of the starting
template, with respect to RNA purity and integrity. One major influencing factor is the
presence of inhibitors in the reaction that can supress the kinetics of the RT and gPCR step.
These may include inhibitory components that are frequently found in biological samples;
factors carried over to the reaction after RNA isolation process or used in reverse
transcription process.

One common approach for assessingd®CR inhibition is to usepikein RNA,
the addition of separately synthesized RNA of the species of interest to the lysis buffer for
entire workflow from single cell collection to data analysis. However, the use of RNA
spike will not reveal any information about cell quality, $ysefficiency, mRNA
accessibility and mRNA quality. RNA spikes can either be commercial or generated by in
vitro transcription~.

To evaluate the presence of inhibitory components in our Wxeted RNA sample
and its negative effect in RGPCR process, Solaris RNA spike control was used
(ThermoScientific). The Spike assay is designed so that the primers and probe lack
homology to the annotated sequence in human, mouse and rat transcriptomes, permitting
specific amplification of Spike control when added to an RMAgle. To assess reaction
inhibition, Spike Control was added to the experimental isolated RNA sample, cell lysates
and, in parallel, to a water sample and carried through the entitPRR workflow (Fig.
5.3). Spike Control was reversmnscribed with the RNA sample (either ified or lysate)
and the resulting cDNA was subsequently amplified using the Spike Assay. If the
difference in Cqg values was greater than 2 between these two reactions, (1) RNA sample
with Spike control and (2) Water sample with Spike control, this wilk B&ong indication
for inhibition in the RFqPCR step(s)**. This is expressed in the following equatisrly;:

y# \8 D EEEIA QOIGAIT DI3dEEA GAIOA O
I OA OANBAD EERRIER . OAT B A
AOA ARG D EERIEA A OA O v

Fig. 5.3 shows that, as expected isolated RNA as input fegfROR seems to
exhibit the lowest inhibition ofhe process because it has the least delay in quantification
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cycle (Cq). This is likely due to the multiple washing steps involved in RNA purification
that removes all possible inhibitors. Cell lysate revadigyher level of inhibition relative

to purified RNA. The extent tavhich the Cq is delayed is different and it depends on the
cell number input. The RGPCR process was more inhibited as the input cell number
increasedalthough even for fxell lysateit still did not constitute a major probleffhus,
using the cell lysate as an input for PCR quantitation of transcripts is not expected to

pose any significant problem for accuracy of quantification.
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=
s 125 E
=
5 11 }
s - .
§ 0095
wn
g o8
o
@
=~ 065 +
8 05
RNA 1 1@ 10 1 cell

Figure 5.3. RT-gPCR inhibition in reactions using purified and lysatebased RNA template using the

Solaris Spike control.10 ng isolated RNA from progenitor EML population along with lysate from different

EML cell input number (1%) 1¢%, 10 and 1 cell) was used as RNA sample input. Solaris Spike RNA (1X) was
added to the RNA sample and reverse transcription
control RNA samplé Spike control water) = avg Cq (Spike gene in RNA sarmiplayg Q) (Spike gene in

water) value < 2 for Spike control show no inhibition for the RNA sample including purified RNA and lysate
based RNA. The RNA Spike also can be used to evaluate and optimize RNA input amounts. Lower input cell
number (lysatdbased templajeto the RT reaction resulted in decreased inhibition level. Values are mean +

STD for three separate experimentsStatistically significant difference betweearell lysate and isolated

RNA (Anova, P<0.05).

5.4.4. Isolated RNA (classic) workflow vs. Iysdbased RNA workflow

In order to compare the sensitivity of gPCR to determine transcript levels when using cell
lysates versus working with purified (isolated) RNA as input for reverse transcription, a
dilution series of progenitor EML cell line (3,0LC°, 1 cells) with triplicate samples was
prepared. It was either subjected to classic RNA isolation (using RNAG4&LR Kit
(Ambion)) immediately (section 13.5.1) or lysed with lysis buffer (CellsDirect) (section
13.5.3). The CellsDirect RT protocol ($en 13.5.3) was used for cDNA preparation from
both purified and lysatbased RNA. To normalize the amount of cDNA input for the gPCR
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reactions to the input cell number, the same fraction of either isolated RNA orbpsate
RNA was used for RT (25% a@bdtal volume). gqPCR was performed on BioRad instrument
and 3 genes (GATA1L, PU.1 and GAPDH) was quantified.

Both workflows showed comparable linearity over the cell dilution series (Fig. 5.4).
For every point in the cell serial dilution and for every @gjene, the reported Cq values
appeared earlier for the cell lysdtased workflow (Fig. 5.4) except for the*if@ll lysate
input where purified RNA showed better sensitivity. This could be due to possible

inhibition of RT-qPCR by high cell input.
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Figure 5.4. Comparison of cell lysate and purified RNA workflows as input for reverse transcription
process using progenitor EML cell dilution seriesA 10-fold cell serial dilution was prepared from*10

10 cells and cells either used for standard RNA purification workflow (open diamonds) or-thpsste
workflow (filled diamond) and this used as input for cDNA synthesis. Sample was analyzed with gPCR for 3
genes (GATAL (A), PU.1 (B) and GAPDH (CMean quantification cycles (Cq) from three replicate cell
samples are shown?Ralues from linear regression of Cq againstdggell number) are displayed.
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The difference became more pronounced as the number of input cell number was
reduced to 100 cal] illustrating the superior sensitivity of cell lysate approach over the
purification. At lower cell input when the amount of RNA is a limiting factor, the
conventional coluniibased RNA isolation approach results in loss of RNA sample, which
accordingly $ manifested in loss of sensitivity. Fox et al in a comparison of direct
fibroblast cell lysis with extraction also showed the superior performance of the former

approacH**

5.5. cDNA synthesis (Reverse transcription (RT))

Reverse transcription (RT) i esbandantctechly g
which can only amplify DNA templaaanleses 8ibohce
amplify over multiple rounds, it represents

accuracy and precision olfowutamandgadrciapt omu mE

single cell I's detected and quantified by
t his, sever al deci sions have to be guided
involved in the RT pr amnasst hean adflf encete dp etrof
Among these factors, the type of reverse t

and temperature of RT (which deterhfi*ngde by

evaluate the performance of RT, its wvariabi
To avoidgssaymple variability in the test e X
puri fiedt REBML fprroongeni tor cel l popul ation wa:¢

optimization of these different factors of
efficient process.

To determine the opti mal RT condition fo
pri ming strategies at di fferent concentr a
(Super Script L1 1) (personal communi cation v
welsl tawo ot hers. Table 5.1 presents the expe

of enzymes and pri ming strategy at di ffel
guantitative PCR protocols usedséotrimmesnet at
13.5.5.

64



5.5.1. Reverse transcription priming strategy

Reverse transcription can be primed using-specific oligo(dT) or randorhexamer
primers to synthesize a cDNA pool representing the entire population of messages in the
RNA sample. Alternatively,genespecific primers (GSPs) can be used so that only

particular mRNA targets are transcribed into cDNA

As the best approach for RT priming 1is
eval uate all di fferent strategteblianabysby
al so tebBtedtiaomoomf oligo(dT) and random pri

two priming strategies may provide better r
100 n®RNAot slol ated from EML progenitor ¢

condition |isted in Table 5.1. As it was me
described in section 13.5.2. As shown in Ta
asugsgested by the literature, *det®'™®2gthed f
Super Script [ RT enzyme was wused to eval
priming approaches by qPCR output. After
strategy and the associated conoctehnetrr art e voenr
transcriptasege8uppteSih iiarcd uBMluhti Scri be, W &
opti mal RT pri mer condition. No RT pri mer
included in the experiment to etviadmabé R
reagents as well as the presence of genom
di fferentially. Both controls | ed to negat.

Table 5.1. Overview of different tested RT conditions in our experimental setuBy varying the type of
RT priming strategy (oligo(dT), random hexamer, and ggpecific), their concentrations and type of RT

enzymes (SuperScript Il, SuperScript Ill, and MultiScribe (MMLV)) a combination of factors were
investigated.
RT primer strategy [primer] RT enzyme
1.5mM SuperScript Il
Oligo(dT) : . .
20 3mM SuperScript IIF SuperScript IF MultiScribe
6 mM SuperScript IlI
1.4 ng/ul SuperScript Il
Random hexamers . . e
2.8 ng/ul SuperScript Il SuperScript IF MultiScribe
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5.4 ng/ul SuperScript llI

1.5mM + 1.4 ng/ul SuperScript 111

Oligo(dT),, +

Y . . -
Random hexamers 3 mM + 2.8 ng/pl SuperScript - SuperScript IF MultiScribe

6 mM + 5.4 ng/pl SuperScript Il
0.12 uM SuperScript IlI

Genespecific primer 0.25 uM SuperScript IIF SuperScript I+ MultiScribe
0.5 pM SuperScript 111

Fig. 5.5 shewki ¢tihancy hies Rfuite variabl e

as it has beéh®’r epionrctee dt hbee fsoarnee amount of s
for all reverse transcription reactions anc
step (which was performed i nvalarelilredi d etre sa

efficient rever sédst FagscnhHiptiioondi cad etsi ;. R
best for all four genes. For example, for t
yi el d was obt ahienxeadmewistl hga arrridaotm 2. 8 ng/ Ol

ol i godlddne (Fig.-spebAfiandFggne5.5D) RT pri

i n |l ower cDNA yield (which is consistent wi
of bul k, pur i fi eodnbRMA).Ii o nkeovd wod-a webdd mMe&r) ( Fi g
5.5C) provided an overal/l better c¢cDNA yield

Note that the majority of genes we pl ai
medium to | ow expression |evel, tmheraftornoea I
may be specific to the cases of GATA1 and P
for various experiment al conditions we wil/
transcripts as a baseli-nexameBs egadp) epr ovd
hi gher cDNA yield for the transc3i pmMmM) TBRAd
raneheemmamers (2.8 ng/ Ol) provided higher c|
therefore this RT primer condihtei aarb owas epmrpe fr
determination, a gaambi naedameofabl cgon¢cdidr a

and 2.8 ng/ Ol respectively was adopted for
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Figure 5.5. RT priming strategy. To determine the optimal RT condition, the effect of different RT priming
strategies (oligo(dBy (A), randomhexamers (B), a combination of two latter (C) and ggpecific primer

(D) on cDNA synthesis yield was measured. Identical amounts of purifi@d ROIA was used as starting
material; cDNA synthesis was performed using SuperScript Il RT enzyme and four genes was measured
(high-abundant GAPDH (grey), medivabundant TBP (green) and leabundant GATAL (red) and PU.1
(blue)). The genspecific primerwas identical to reverse gPCR primer. Relative cDNA vyield was arbitrarily

set to a value of one for lowest RT primer concentration. Values are mea®TB/ for 3 separate
experiments. * Statistically significant difference between cDNA vyield of Oligo@) random hexamer at

two different concentration of (3mM and 2.8ng/pl) and (6mM and4ng/ul) (Stuetent,tP<0.05).

5.5.2. Reverse transcriptase enzyme

After determinati on of t he opti mal RT proi
approachelbi ¢&( d@M)8 ngh©xamem,doan mi xture of I
gewspeci fic primer), we compared the perforn
and common reveemszymersancCsup et acri pt 1 an
Super Script 111 to identify the most effici

Fig. 5.6 showsostthadptiinmaele dRT hper i mi ng app
ol i goeadd) random hexamer at 3 mM eacntdi va. § . |
Mul ti Scribe was the | east efficient RT enz
| ower c DNA. Al t hough t he performance of {
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Figure 5.6. RT enzyme performance comparisondentical amounts of purified total RNA was used as
starting material and four genes were measured @gimdant GAPDH (grey), medivabundant TBP
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(green) and lowabundant GATA1 (red) and PU(blue)). Determination of optimal reverse transcriptase
enzyme under optimal RT priming conditions [3mM oligo(&T(A), 2.8 ng/pl random hexamer (B), a
mixture of both (C) and 0.12 uM geispecific primer (D) ] as determinéal Fig. 5. Relative cDNA yieldvas
arbitrarily set to the value =1 for the least efficient reverse transcriptase. Values are msa f6r 3
separate experiments. * Statistically significant difference between cDNA yield of SuperScript Il and Il
enzymes (Studenitést, P<0.05).

In concl usi on, it seems that reverse tral
enzyme awrddk piendgeate Therefore, there is no
RT efficiency depends on mul ti pl e fnac ttdres,
genes of interest. Therefore, ideally the
each experi ment al system. Mor e i mportant
measurements based on separately perfor me
compar abl e, the same RT enzyme, RT priming

be used.

5.5.3. Efficiency, I|linearity and dynamic r a
To estimate the reverse transcription (RT)
MRNA converted into c¢cDNA, we measured gPCR
DNA containing a gene of interest or on c¢DVW
the corresponding mRNA (generated by 1 VT, se
of RT efficiency because the actual direct
require radioactive tracer experi metntes t o
c DNA) . Assuming equal amplification effici
process, however, an estimate of RT efficie
MRNA processing/reverse transcriptiom can

bet ween detection of same number of I nput

experi ment . RT-depéendeenhcgpndswgeperformed th
and PU.1 genes. MRNA was generated from t
behi odebiaal promoters (sections 12.5.1 and

was prepared, and subjected to cDNA synthes
13.5.2 and used as input for gPCR (sectionl
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gPCR readout wsats ; dpdfep tdietdh eagamRNA or p |
concentration (Fig. 5. 7). Linearity, sensi

transcription process can be determined wit

50 =Gatal linear plasmi 50 =PU.1 linear plasmi
A OGatal mRNA B OPU.1 mRNA
=40 & = 40 %
% L y =-3.7637x + 43.067 % bz y =-3|;.26288< o 9‘%'32
S 30 T B R?=0.998 < 30 T '
s y =-3.578x + 38,999 ™. "@.. < L,
= 20 R2 = 0.9986 - z 20 y =-3.4574x + 37.568 "z
2 = 8 R? = 0.9991 -
g 10 £ 10
= S
154 o

0 0
0 1 2 3 4 5 6 7 o 1 2 3 4 5 6 7
Log ,, (Gatal copy number) Log 10 PU.1 copy number

Figure 5.7. Reproducibility, linearity and dynamic range of reverse transcription and gPCR.Cq values

determined by gPCR for both linear plasmid DNA as template for gPCR and mRNA (its corresponding
cDNA) as input for reverse transcription and itods pl
Inp ut fistandardo DNA is the Ilinearized plasmid and i
lines are linear regression lines. (A) GATAL DNA (line) and RNA (open rectangular) (B) PU.1 DNA (line)

and RNA standard (-tepptatecot eot an gvalsaru)s.ediNos negati ve
specificity of performance and absence of prigiener formation.

Since the amount of mMRNA mol ecules used
DNA Astandardodo is established using define
possible to calculate the 'edlo efaflicail aney
transcripeéefobinciyeredw) , first a calibration ¢
2x YMNA mol ecul es) was prepared (Fig. 5.7).
(Cq) against DNA copy number of mo32cul es p

6NN @ i &éap@ £00 6 (52)
wher(eDNMMy t he number ,o0fiflsDNAemohecuicept of

equation. The reverse transt%iption efficie
QAR Q — wp T (53)

The(cDN#&)the unknown but can be replaced b
the DNA standardb52Tht s nf e DiNgGB@ g waet iodn a( n:
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wQQbk Q

QP T T (54)

whem(EemRNA) t he nWNmMAbenm | @efcumkRs of a particul ar
test biasnptlee intercept of the |l inear regres
Cqg is the gquantuirfeidc B Hg POOR &fiyocrli e ume a s

To assess the RT efficiency at a specifi
was used for thel cafl ctah @aRT &rn&a cstiinocne wWas uUsSeEe
assAwegrea RT efficiency for GATA1 mRNA was 5
85. 703v%r the entire qRafA®opiesti bh wasgéO0o¥
transcript varyi mBg .% M stuhnemarra nzgeedT lidn BEadbh? &t 1
i n RT efficiency was mai nly caused by thi
concenonas.

Our observation suggested thatepRhdahti ai
has been repdtedowgver hethsre is no signifi

efficiency for these two gengsanti heantt gpne
evaluated by plotting Iizlﬁgélg-Trh@egﬁ@(ses)ﬁffoinciaenr
determ@zﬁaan‘iomnRNA standards represents high

amplificaxil@ol @dul2ds of=O0RNIAD 8 nfpourt GORTAA 7 @ n d
for PU.1 RNA standard). The Il inearity of qP

was f=or. 9@ 86 for =®AT®A9 lanfdorR PU. 1. 1In fact

reverse transcriptionquaintde amipgh fi cation pro

Al t hough Fi g. 5.7 shows a h-2ghdoppioepsoradfi
mol ecules for both RT and gPCR, the high Cq
reduction in sensitiviiiTyheaerd esdpecteio fuincciebrgt aat
dynamic range of RT is a$xwitmeites / bleoagesh)i b he
while the dynami-cog-akdd@o poife so/ HBRyeivse o) a ne g :
no template control in the experiment all ow
20 copy molecule input of RNA and therefor e
|l ow as approxi mheetessgegdemokeeoatluased the dy
of five different RT systems and their abi

i nput inft% ThEBNA used either constant or dif
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Their results suggested that di fl i eni ewsitt hRT
Super Script l1 Abeitmg tstaeneb & s tme, they war ne
expression anal ysi s usi ngbutnidiasnt RT r angyg mep
overesti mat‘da. thex oetheal hand f@wmpd es KR&NtAe ¢ t
Super Script 111 RT enzyme.

As pexted, the reproducibility of RT r e
reveal ed by the ,whighri ST®n (&1 gor 5t Fat i s 8
both reverse tr.anTshcirsi psteieooms atnod bgeP CaRc cent uat

As a conclusion, for singleell RT-gPCR we can have some certainty of
quantitative detection for RNA molecules representing220F copies per cell. The
linearity that persists in the lower range of RNA molecules suggest that while a change in
expression level based on absolute numbers is not always possible (because of higher
uncertainty), one can arrive at reasonably reliable ceimig based on change of ratios of
transcripts.

5.5.4. Technical wvariability of reverse tra
As mentioned briefly ablpdPLCR, rtetaecrtae oins ' dmrit al
straight gqPCR on pl acselild sannoafl ysuiamtsictr a pit e ¢
the | ow amount of RNA templ,wheclavabbubdl & eb
| arger experi ment al (t echni-ccealll) waarriiaabtiiloint.y
separated from t ecchendi cianl -tvbaerlisaabniglligtsyi si nptrroocd
all>tvaluated the technical wvari abicleiltty RfTr on
gPRE process and concluded that the main co
Di erck'ddleso alneported the samé?bonb stehrev aa ti hoenr.
reported that at |l ow copy number of RNA, i
measurement stems in qQPCR step.

We planned to investigate the tecdlinl cal
RFTQPCR process i nscpleucdiifnigc RaTmp |tiafrogceatst o mata d
technical variability at RT -cdlelgp PEfRrdo d et sss ,r e
t heef or ementi oned calibration curves of the

5.5. 3) which spanned a) watdet g namncesmtamatei
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2x 9c0opi es/ OI (low i nput amoaealt!| wpamiihdeeDNA e
and RNA standards were used to est-gm@Re t h:

process respectively.

To estimate the variability at rever se |
bet weg®CRT (using standamg XRitNAPNdamd LRHWPA)R Was
The coefficient of variation (CV), the nor
di spersion and variability was caltcwaltatoend o¢

i nput DNA and RNA.

Tabl e 5.2 swamaatizes dadheompanied with qF
5.3 summarizes -gdhCGR vapTatdexnbh. 2 nsiRdws t hat t
gPCR is quite | ow for both GATA1l and PU. 1
0.82% over entamege guwailmbdpfiiecatdlom especti vel
was dominated by the variability at the tw
| owes't concentration, It can be appreciate
possibly duédi sbr Pbusson that affects the de

Table 5.2. Technical variation in gPCR step was evaluated using DNA standard curvesdilution series

of standard DNA (linear GATAL and PU.1 plasmids) was prepared @x2@ copies/ul. gPCR was
performed on these dilutions; reported Cqgs are the average of 6 technical replicates at each dilution +/
associated standard deviation. To calculate coefficient of variation at each dilution, standard deviation was
divided by mean CdReported Cgs were plotted against; g DNA concentration.

DNA standard DNA standard

(GATAL) (PU.1)
Mean Cq (n=6) +/STD CV% Mean Cq (n=6) +/STD CV%
210 16.65 +£ 0.09 0.54 15.88 +£0.06 0.36
210 19.82 +/0.03 0.15 19.12 +40.07 0.35
210 23.85 +£ 0.01 0.04 22.84 +/0.03 0.14
210 27.12 +40.08 0.29 26.3+/0.1 0.38
210 30.49 +/0.31 1.01 29.32 +/0.39 1.33
2.10 34.64 +0.71 2.05 33.27+40.79 2.37

R 0.9986 0.9991
Mean 0.68 0.82

variation
The average variation introduced by r1ev

12.71% for GATA1 and 12.60% for PU. 1 (var
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variability for RT/ gPCR) and the main var.i
(Table 5. 3).

Table 5.3. Technical variation in RT step was evaluated by RNA standard curveé. dilution series of

standard RNA (irvitro generated GATAL and PU1 mRNA) was prepared a2 copies/pl. 6 replicates

of RT was prepared at each dilution followed by gPBRR port ed Cqgds weiofREA ot ted
concentration. Regression equation provided slope, intercept apdri@PNA) (refer to equations(2)), and

reverse transcription efficiency then was calculated using equation (4) in the text. lrudtiereq(cDNA

for each dilution was calculated via equati&@i2]. n(mRNA) is 1/8*RNA copy number at each dilution

because 1/8 of RT reaction was used for each gPCR reaction. Reverse transcription efficiency therefore was
calculated using equatiob.4).

RNA standard RNA standard
(GATAL) (PU.1)
Mean RT yield % CV% Mean RT yield % CV%
(n=6) ++ STD (n=6) ++ STD
210 60.33 +# 4.08 6.77 59.46 +# 4.63 7.78
210 67.65 +/ 3.34 4.94 69.18 +/ 4.04 5.85
2.10 85.73 +7.34 8.57 82.12 +/6.73 8.20
210 56.71 + 6.30 11.10 64.50 +/9.37 14.54
210 43.51 +/ 8.65 19.89 53.08 +/8.90 16.67
2.10 36.99 +/10.76 29.01 36.25 +£ 10.09 27.85
R 0.998 0.9979
Average RT 58.49 +/17.43 60.77 +£ 15.51
efficiency
Mean variation 13.39 13.42
Fig. 5.8 shows the summarayndofmeaal RIIl ati e
l i sted in Tables 5.2 and 5.3) as a function
dependence of technical noi se on the start

standard copy numbetrDideswccréet a saels ,f oQuvh di nrcoruegahsl e
variati on*‘asRewd edi et aé lesveéelmaoedt ebhknisaal
reverse tramgpdriifptciadn,onpraemd quantitative P

amount of variation catsed by sample evapor
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Figure 5.8. Relationship between coefficient of variation (CV %) of RT and gPCR processes with input

copy number of standard DNA and RNA templatesCV % was calculated from tables 5.2 and 5.3 for
gPCRand RT and plotted as a function of the input copy nunfenial dilutions of GATA1L (red) and PU.1

(blue) DNA and RNA standard were prepared for the range -@x20° copies. At each template dilution, the

CV % was calculated by dividing the standard daon by the mean of either Cq (A) or RT vyield (B) for

gPCR or reverse transcription process. As the copy number of template decreased the measurement noise
(CV) increases.

5.6. -9pegeti c amplmpfliiciatciacn o(npr e
The essence of netwodnd cell state analysis is to measure multiple transcripts in the same
singlecell sample. RIGPCR analysis of multiple genes in single cells is hindered by the
very limited amount of RNA in each sample. In fact, tiiculty of achieving reliable
RT-gPCR quantitation from a single cell is magnified when rare transcripts are targeted in
the analysis. Since multiplexing PCR (amplifying multiple amplicons driven by distinct
primer pairs in one reaction) has long known to be problematic due to competition,
requiring extensive primer optimization for exceptionally acceptable results, one obvious
strategy that has been used to evaluate more than one genes $ertéfiwas to aliquot
the cDNA prep from single cell into independent, gepecific PCR assays for
amplification and quantification. This approach is not scalable to profiling zerdogenes
given the limited starting material. Besides, sampling noise associated with aliquoting
dilute volumes will most probably compromise quantification of-Elwandant genes and
may result in lower dynamic range and reduced sensitivity.

Another appoach is a global (genonwide) preamplification of mRNA (or more
precisely, of its cDNA). This approach provides great flexibility in the choice of genes to
be analyzed which can be made at any time point later, and has been widely used for
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transcriptane analysis of single cells with microarrdys*? or sequencing®® ***. Global
MRNA amplification can be achieved by either linear amplification based on Wit
transcription)after dscDNA is made from the RNA> **® or by exponential amplification
157153 of the cDNA.

The inherent notinearity of PCR amplification makes results difficult to inbest
and introduces bias if p@mplification was performed in the format of multiplex PCR
amplification as is often the case. However, some studies have shown that with proper
assay design and careful optimization of PCR condition, these complicationd beou
alleviated"3 18 19

Increasingly, RTqQPCR studies on single cell that involves profiling ohegla of
genes have turned to sequespecific preamplification in the multiplex setting. In this
strategy, a set of multiple cDNA targets are initially amplified together in a dingée
multiplexed reaction using a limited number cycle of PCR. Sineestbereby avoids the
exponential phase as much as possible, the known problems of bias due to competition in
multiplex PCR can be minimalized. The product is then a mixture of cDNAs in sufficient

amount that can be aliquotated without the aliquot sampliray and used in independent,

singleplex qPCR to quantify genes of intere§¢ %3 | n early single ¢
mul ti pl-ameldi fpireed product was amplified in s
H ut later it was found that -smpnlei fpird ateiro rs

g P C Rurrently, it appears that the sequespedfic pre-amplification is the most
promising strategy for increasing the breadth of siegle RT-gPCR analysid®® *** and it
is most widely used. The optimization of the multiplex-aneplification reaction is critical
however a comercial buffer system specifically developed for this task is available and
used by the majority of investigators (Tagman Preamp Master Mix, LifeTechnologies).
Highly specific RFgPCR assays with optimized primers are availablegh&fshelf
for thousands fomRNA targets in different model organisms. The main obstacle to the full
exploitati ocampdfi ft bat ifcgel &Gudiésois thesnumbgrl of the
subsequent individual gPCR analyses on each cell lysate that can be alleviated with usage
of curent highthroughput gPCR platforms such as OpenArray and Fluidigm that need
nanoliter volume of reaction. In our study, we used ggpezific preamplificationt o t a k e
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a | imting amount of cDNA and convert it I
mul ti ple target genes.

5.6. 1. Eval saeicohnhi of amaimpeéti caciaonohpr e

As was expl ai-aamepl idarclaiteron pdgrse ancelmpoge aat
expression analysis. This stepaf(gé¢sinbececuasl
starting materi al (cDNA) all owingatusotadi magnr

t haenal ysis of more transcripts.

I n a suc-ampki ul cgptrieon process, because
expected thatresdet atniian adbf reare genes i s
amplification of highly abundant gene copi €

guantitative multiple factors need to be e\
preempl i f yebusegaences prior to eurgntiiffiiccaatiic
have negative effects on the accuracy of g

guestions in the following sections.

5.6. l-atnpl Pfecation uniformity

Prempl i feemsi oo sffer a solution to the pro
RNA input for single celll or rare popul ati
t he-appéi fication met hods pgnagi fiind ramplcief iac asteic
someequences or paampl ofythbhanseri phanpthbe o

assessed the per-daompmahceawbifodi agpgarogpacle and

prempl i fication is independent o f isypah RN,
i mportant factor. They al samplhiofwieadd tphrad d ucutr
result in Cq°%i mmroamotemer st-amyl i fe xcpaotn eonnt
i nvestigated for 92 genes using inventori e
amplicons. Theyamphowed at havha | prepgr oavned Csqu b s e
increase the detection sensintpilviftiyc.atkaom tum
was preserved, and the authors did not of f
rest of°®geélowever, their study highl-ighted

ampiladti on uniformity beforehand.
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To be able to quant i f-eyx ptrreassmssear | gorieets| iers |
sampl es, t heemprleqgfuiicraetdi opnr ecycl e number needs
The goal is to find a condition thaot biencr e
robugsudmnti fiable in the gPChkRaf{momae ni ngsebei
relative transcr i pampalbiufnidcaantcieo. n Dci yfcfleer emu mbper
in the literature2Rvacyidigsi*®®’*t Feusangédeohuh
mul ti p-aepl ipfriecat i on cycl es whi ch can be p
amplificatiesthbhssmeBherngfiorn e.,& lowe .ecsd c itdheed ¢
of 10,anld4.,221& yarmhelsi ffiocdatpiren on the relative
of a set of genes (section 13.5.4 for more

The first step thouglkimpsi fg,; gé@éfemagt eogucecbDbD
high quality from EML progenitor <cell popu
13.5.2). Assuming 10 pg RNA per single cel
S nce t-oel 1109&mpl e afforded enough materi al

amplification; t his samplpa-aemploivfiideatTi@ao ns tcaon
eval uatmp |l prfé cation wuniformity, reffatrimee qu
with selected Tagman assays (19 gen-esge] | Tabl

sampl e, 5Bqutad i ampl i fainpdtiifdre doft ®OiNIAe ¢ 4-dPI0e s
amplified at aforementioned &6f fwaeated®CR
The stogdigrertdhod (5&q,uadammwmlinoyed to quantitate

was upsfeqd:cl ose to zero indicates that the ar
YO A0 00 6 OB OGO  OL Q1 HINY (55)
Y6 i QO afH WO Qi &R GL Qi &PR (56)
YonR ¥Rt Qoan w@oayenmos 6 (57)
whe€g is the quantification cycle, THKeis t
ref erence gene in our study was GAPDH.
Fig. 5.9A reveals that r egrap Idil feissa toifo nt he

results in hiop@her rdaewv izadriomxncradlts hgdeWwEeB R c e pt a b
prempl i ficati ompdugniwiotrfimi @+yt & trhange '%a% gest e

78



This shows-18hatyc-impgl igfffiecati on the sampl es

abundannce torfangsecri pts, representing the ini.H
reduce the probability of primers interfer.:
reaction were kept as |l ow as possi bl e. Th
uni formity at 22 cycl es amplification perf

observation underscores the i-amppolritfainccaet ioofn
number as | ow as possible. However we mu st
trapl ate concentratioas (h@da eg)ngeées RAUAhamobi
Therefore, It seems r eanspdnablceattimnuder23ia
uni formity can be shown to be presethed. I
starting templ a4t cyolcesant mmaati ornequd3®@ed for
saturation phase which is an ind2@ad¢yolheofo
mul tiplexed PCR in theory woul d bdke time t h

competition between target amplicons for th
si ngd lel anal ysi s wher e t he starting- cDNA
amplification should hatvlkramomegdteined i @cnas .y

Low standard deviation between two repld.i

(Fi g. 5.9) s-amgleist isc atthiaotn phraes high reprod
di spr opocratnponiaftiec aptlgeem eqf s@/gHBRB< g encgi faigea i fna ogt
w e hypot hesi zed t hat it coul d be due t o

amplification efficiency. Mul tiplex amplif

reduced PCR efficiency tH&% Hmavweventr édu coeu

di stortion of wuniformity appeared to be i nct
gensags with | arger amplicon exhibitdd acce
assays are al/l examples for this observati

amplicon while thedqshbwgreba®)jvely | ow
We next chedkead itome edmplciVessygy fosi ndec TN

templ at e. We observed that Uhenempsi Fowa(Ba
(Fig. A.6). Therefore, poor amplification e
of wuni forinmsi thydyownmist hat cDNAs of differing |
amplified with differing effi claesnscaiye s ,t aweg ed
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a different region of the templ ate. By doi
98. §5F% g. A.6) oK whe awvemwzee from 4. 065 t
dynamic range of this new assay is | arger
(Fig. A.6).

10cycles
14cycles
18cycles

~
o

®®q (GCq (preamp)-Cq (CDNA)

-3
75 10cycles
' e ] 4CyCles
18cycles

6

4.5

P (GCq (preamp)yqCq (CONA)

Figure 5.9. Pre-amplification uniformity of 19 Tagman assays at different PCR amplification cycle

number. Tagman® ABI inventoried gene assays as listed in Table A.3 were used. Values are displayed as
means = SD. 10 ng purified RNA at high quality from EML progenitt population was used for cDNA

synthesis. RT samples were fanaplified at 4 different cycle number (10 (blue line), 14 (purple line), 18

(green line) and 22 (red line) cycles). A control cDNA sample (noapmplified) was also included in the

experimat. There were 2 biological replicates for each condition. To evaluatengpéfication uniformity,

pPpCg were calcul ated J5%6&e tlextppCqusvalguequlad-s®ngs o 7z
amplification uniformity (no change in relative trangtrabundance before and afterjaraplification). (A)

Il nitial attempts with CEBPU assay showing poor PCR
amplification efficiency reduced the o@pCqg significan
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5.6.1.2. Competsi tdiuan nlgetmud én pdsesxay$PCR ampl i f
A specific reason for the | ack of uni f or mi
bet ween the ammpmmpddnrs cabhi amewlpireh i s now
mul tipleX?®reomcdiiroeict!ly evaluate competition
progenitor CcDNA wasanmgpmrplfiifciagd ohn PCRe f pre !
separately for each individual gene (singl
(multiplkeat). weNotdecitded to evaluate assay e
amplification cycle number (18 cycles). Ne
conditions were ampliACR.d on a second quant
As shown in Fi g. 50f10e x ptrhees sii ®lna toifv ee al ce
comparabl e when the gene cwashi aMpli shgedf isedq
di fferences were observed between Weecdamwo a
conclude that multipl exmanemoplsil yi dat non dfavege
on the quantification of gene expression.

Singleplex
m Multiplex

= N N
[6)} o (6]
I I )

(6}
I

Quantification cycle (Cq)
'_\
o

P AL S L PSS > DD
é‘%@’q’@ & &‘b(?\}.&*' < & @Q 0”@ > é°<¢°%o @”@2@6

Figure 5.10. Evaluation of assay competition in multiplex preamplification. Aliquots of cDNA from 10

ng purified RNA of EML progenitor cells wengreamplified for 18 cycles either separately for each gene
(singleplex), or in combination with other assays (multiplex). Quadruplicates of these reactions were then
quantitated in standard qPCR. Comparison of quantification cycle mean values (Cq)dolfibairach
different gene amplified in multiplex (black bars) or separately (gray bars). No significant differences were
observed between the two amplification conditions for each different géest,(P > 0.1).

5.6.1. 3. How mampl iciyced @ar ef ngpeadcked to robus
mol ecules in OpenArray gPCR platform?
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As we pl an -anopluisfei etdh ec DoN\Ae scaemp Ise st of raonna | syizneg
of the transcripts of i nterest by gPCR on
Terefore, to more @ampdtificaltli pnagopt ecloe pr
cel lgPRKR, #&amel pfecation cycle number provid
on nanodtihtreugh@@hf or mat must be deter mi ned.
In brief, in the OpenArray platform, e
subarrays and each subarray contai'fi6Fi8dg.8 =
A. 7A) . One sample is distributed into one s
Pri mer s-i mmebiplriezed in the individual c hamb
spotting in microarrays whererigmeds aadfdr £8 s a
o f i nterest (all assays i n -i Tnanmlbe | Az8d eknt
chambers of each subarray in a customized
technical qgPCR replicates for aadhnags gL Rwe
the OpenArray platform wil!| be explained in
Onemportant quest-aompli i bawi onangy elre nun
i ncrease the concentration of cDNA from a
di stri buteé4 meaotsi ons on one OpenArray sube
from the conditions used for the above opti
we first defined what Arobust detectiono me
failure due to | ow sampling error. Di stri
chambers of a subarray Wheddwwsey @ntalingé s s on d
template molecules is partitioned acrasg p replicate reactions of identical volem
U wfU, then the expected number of molecules in each replicate is¥0 and the
probability of finding"™Q molecules in any replicate is given by the Poisson distribution
(5.9):

nenL Q& L&y

Using Poisson statistics we <can <calcul ate
mol ecul e/ reaction) at selected average temp
can estimate that i n an average cwalceemda,r at

there is a 95% chance that any reaction wi
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average number of mol ecul es can be i

probability ofLi¥a¥% '%s Thded dHmyhphl| fiycapiren
amplify one c¢cDNA molecule to a concentrat
reaction vol ume. The volume of each react

NCr ea s

targets peéeumeeaorirespovnd to 91 molecul es/ Ol
of Il nterest were esti matoddd (tTabbe &n 6) n

reportedmphiafi pati on can have effictency

Tabl e 5.4 shows t he t heoretical number

motal e at dimpfledfertatproe cycle numbers

amplification efficieampli fTheatifomeef faissiuen

cycl es-amgdg!l ipfriecati on would generate a-t

stranded c¢cDNA molecule and that shoul d

one original cDNA mol ecule with one
technical replicates for each assgyttoe
negative reaction from failure due to

in Table 5.4 are based on the initial
stringent i n that sense. T hoefr eggmol e ,f i wat d e
i ncrease the number of mol ecules for -
amplification cycl es as | ow as-l ipmoeasriibtlye

amplification process.

Table 5.4. Theoretical number of matcules generated by premplification from one starting cDNA

replic

sampl

conce

robus:

molecule in the reaction as a function of cycles and efficiencyheoretical number of molecules generated

by preamplification was calculated for 4 different pmenplification cycles. Althoughpre-amplification

efficiency was evaluated for two genes (GATAL and PU.1) and estimated to be high, we still assumed that as
amplification cycle number increases the amplification efficiency decreases. All dilution steps after pre

amplification step to gPR were considered in our calculation.

Cycles * Efficiency % ** Number of Concentration (number of molecules/pl)
molecules
generated ***
In 35pl In 10 fold In gPCR
(preamp final  diluted preamp  reaction****

volume) volume

10 98 467.73 13 1.3 0.5

14 98 7188.65 205 20 8

18 92 65481.84 1871 187 75
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95
98

22 92
95
98

85229.2 2435 243 97

110486.3 3157 316 126
889868.4 25425 2542 1017
1232329 35209 3521 1408
1698122 48518 4852 1941

*cDNA is single stranded and at first cycle of PCR it becouhasble stranded so one cycle need to be
deduced from the mentioned pamplification cycles for calculation of copy number generated during pre

amplification.
*We assumed three

different efficiencies for higher number ofgpnplification (18 and 22 cyc® within

the estimated range of amplification efficiency (95%9%/

***All the calculation

in this table was based on the assumption of having one cDNA molecule as starting

input for preamplification.
**x2ul of 10 -fold diluted preamplified product isadded to 3ul of master mix per one subarray (64
wells/reactions) on OpenArray plate, thus we have a 2.5 fold dilution edmpdified product with gqPCR

reagents.
5.6.1. 4.
PCR

I'n mul ti
di versit
amongst
't mi ting

product s
Fig.
product
i ndi cat e
pl etio

mpl at e

,_..
® @D O

mpl at e
I n ou
check fo
formatio

al so nee

Necessamyl ioffi efldef@reacdmomtaf spbeequent

pl egt PeCRd aregaecrt i @ofn pr i mer di mer for

y of primer sequences used may incr
pri mer mol ecul es. MWeanpd¢ anh iecpa hbtya n(nls)t
the cycle number of mualnipilplfeixc aP C K

going into the qgqPCR.

5.11A presents the effeatmpdfi fdiclauti io
on the subsequent qPCR. Unusual amj
s inhibition of PCR reactieomnwhioah
n of reagents because of carrying
for reagents. As sampwnf i oatFiign br.
for gPCR restored the normal ampl:
rr qPWR analaysi 4 @aopluate anegattiove col
r t he prsbBeesnicdee so,f tpor irmeedru cdei niehre pr o
n the assays must be designed <care

d to be maintained | ow specificall

performed direampllyfattérobhespneeded to dil

past PCR

formatio

step including primer di mers to p

n during the cool down afteRCR he fi
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product I sed uirmhehedassemblUsionfg tThaeg mpMC R hree
which provides high specificity for detect,]

grants another | ayer to alleviat.e the probl
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PCR amplification cycle

Figure 5.11. Necessity of diluting the preamplified product prior g°PCR. (A) 18 cycles preamplification

product was directly wused for quantification in qgP(
indication of PCR reaction inhibition. (B) 10 fold dilution of preplified product results in normal shape of

amplificat i on curves. RN represents the total amount of
5. 6 Pr-&&mplification efficiency, |inearity an
To study thempfifdcdtcatobnpoae the quantifica
seri al d-2 x lchpii cerss/ &1 20 of | inear GATA1l and PU.
explained in sections 5.5.3) and each DN A

amplification, gdroadldctuswas faoirl guadntl® ati ve

Table 5.5 shows -amaitf iicnactliuodni nsgt etph ei np rteh e
an increase in the variability of qgqPCR for
CV of 3.96% and 3.61% over entire quantific
from subtracti-amggliicat C¥dni gP@Rp(e€his section
5. 2). Reiter et al reporanepdl igfuiictaet ihoing hs tveapr.i
due to the fact t-ahnapt | itfh ecyat d iolafudderdo tdduredt r pbgymr le
i ntr oduc eed rsoarmp(lFingg. B.10) in the process t|

shows t hat the observed variation was d o mi
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templ ate concentration. This distortion eff
mucsht arting materi al i n gPCR reaction which

Table 5.5. Technical variation in preamplification step was evaluated by DNA standard curvesA
dilution series of standard DNA (linear GATA1 and PU.1 plasmids) was prepared2atl@0copies/pl.
There were 6 technical replicates of-jamaplification at each dilution and each dilution was-amgplified for

18 cycles. Reported Cqgs are average of 6 technical replicates -afmpliication at each dilution and
associated standard deviatidro calculate the coefficient of variation at each dilution, standard deviation was
divided by mean Cg. Reported Cgs were plotted againgy @dgstarting DNA concentration. Regression
equation provided slope, that was used forgmlification efficiency calculation (refer to equatioB.) in

text).

DNA standard DNA standard
(GATAL) + pre- (PU.1) + pre
amplification amplification
Mean Cq (n=6) +/STD CV% Mean Cq (n=6) +/STD CV%
210 9.11 +/1.32 14.49 7.74 +/1.05 13.56
210 12.02+f 0.43 3.58 10.84 +0.38 3.50
210 15.12 +4 0.22 1.45 14.03 +0.21 1.49
210 18.49 +0.24 1.29 17.32 +0.22 1.27
2.10 22.84 +£0.55 241 21.37 +£0.5 2.33
R 0.9933 0.9971
R 0.9936 0.9966
(excluding highest copy
number)
Meanvariation 4.64 4.43
Mean variation 2.18 2.15
(excluding highest copy
number)

The coeoffficceterfni naeporsemnisyhifogh limpeéartf:i
2@ 1°tmo |l ecul es DCANRA. 9NPUtT rRE=DATAAL7 lanfderR PU.

amplified DNA standards) . The Ilinearity dr
number in our calcul ati on. Fig. 5.12 -demons
amplified DNA template was 9f7o0rl 2P4dJ.§1B CMRRhNGATEA 1
amplification efficiency wusing DNA standar

PU. 1 plasmildts i(Fimgot i Ac8abl e that PCR effici
wit hhosampbpreication was quiteamplldda.caThios i
negative effect of on sensitivity of qgqPCR.

The average var i aampolni fiinctartpoedouncfeidg ebayenpplrief
step is approximately 4.64% for GATAl and 4
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from samplleisghweistth ctohpey number (variability
vari abil iaanyp!| Ff br caprieen/ qPCR) . | f we exclud
contribu@amphi f hc ptrieon variance <calculati on,
2. 2%.

25 A Gat.al
Iy a Sfpil
A~
= 20 TSI, y=-3.393x+26.689
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Figure 5.12. Reproducibility, linearity and dynamic range of qPCR with preamplification. Cq values
determined by gPCR for linear GATAL (red) and PU.1 (Sfpil, blue) plasmid DNA as template for 18 cycles
of preamplification and plottedversus input copy number of DNA standard. There were 6 technical
replicates of premplification at each dilution and therefore each dot is the average of these replicates. Dotted
lines are linear regression lines. No template control was used as negatire to assess the specificity of
primer performance and absence of pridiner formation.

5. 7. Quanttiitmet ipwd yrmealase chain react.
The | ast step in experimental wor ktkebWw f ol
samplgePsCR sst ep .-anbp lliuftieedd pprreo d u c tc ed el n esraampel de sf
xplained in previous sections) wi || be wus

e
gPCR optimization was perfor med using c¢DN,
Y
f

uri fomdaf EML progenitor <cell popul ati on.

actors must be evaluated and optimized so

accurate as possible. The three hall mar ks
| arge dynami c range, hi gh amplification e
technical'’r dAplsiayat gene s$ p acsiefdicce hp rsignRegrR epaar
designed following théensbandaxgeqP@BRnegs, de
shelf inventoried Applied BioSystems qPCR a
still evaluated these assays with respect t
to using tdelm igeesssnagone anal ysi s. The resul
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foll owing sections. Note that i-dmpki1 Ciat atPiCa
and gPCR steps.

5.7.1. gPCR assay performance evalwuation
In order to evaluate the gPCRssay performance, multiple characteristics must be
determined: PCR efficiency, linear dynamic range, LOD (limit of detection), precision of
quantitation and specificity. To do so, a large amount of cDNA isnedded. avoi d s amp
to sampl e rvatrhiiasbitleistty,evimampil eomwasnereipagleed
bul k tot al RNA isolated from EML progenitorl
prempl i fied for 18 cycl eeasnp(ldddtciadn oh3 .p5.o4d)u;c
14 olyd adidu fnfger (THZCI mMpHri8s 0; 1 mM EDTA) .

A calibration (standard) curve was gene
dilution of prepared template and -pkdDsting
corresponding to ttehequlaomg iafy dadclpt emRRpldd | ut
The approach is describieg. iA. flesf@aows time sea
generated for 19 assays used in this study.
to spahealtég S5at

PCR ef f(iIEQi efcyach ampdgstiiimat ad afnsemi tph e

l inear regression of the9stfandard curve usi

WEAEABAT At  p Gopnmm v

We determined the slope for vari owmns cagsvae)ss .
for each assay along with thencoThespbaddang
span abl dggasgeaof template concentration wi
at each dilution. Table ZT.i@énsymrmanri add tlPe ¢
this study (Table A. 3); as It can be seen |
hi gh an89%nr aifgoe. Therefore, al | targets ar
with sufficient high efficiency.

Table 5.6. gPCR assays amplification efficiency and limit of detection (LOD)lo evaluate amplification

efficiency and limit of detection (LOD) for all assays in our study, a 1:2 serial dilution was prepared from 18
cycles preamplified product from 10 n®&NA purified from EML progenitor cell population. Amplification
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efficiency was calculated according to this formula(l[/lsél] x 100%. The slope is obtained from the linear
regression equation of standard curve. There are 6 gPCR technical replicaigls ditigion. Each reported
efficiency is an average of two biological replicates. The Cq for LOD is defined here as the most diluted
sample that results in positive amplification for 5 out of 6 replicates.

Assay Average gPCR Efficiency (%) Limit of detection
+/- STD (LOD Cq)

PU.1 99.89+£1.35 28
Hbaal 99.55+£1.98 28
Egr2 98.42+t1.41 28
ckit 98.48+£ 0.58 27
TBP 97.64+£1.21 28
CD11b 98.49+£ 1.58 26
Runx1 99.88+/ 1.64 27
Scl 98.6+£ 1.09 28
EpoR 98.52+£1.97 27
CEBRU 98.81+/1.36 26
Gfil 98.89+£1.03 27
EkIf 99.85+/1.68 26
cMyb 99.71+1.79 27
cJun 98.20+£1.12 27
Fogl 98.68+£ 1.24 27
Gata2 99.85+£ 0.93 26
Fli1 98.81+t 1.57 27
Gatal 99.76+£1.40 28
Gapdh 98.20 +/ 1.84 27

In analysis of linearity and dynamicrange of qPCR assays Fig. A.8 also
demonstrates that the amplification is linear over a minimum -lofgfHh of template
concentration. Moreover, to evaluate the linearity and reproducibility of assay performance,
it is important to assess ttmefficient of determination(R?) of the regression line. It
provides a measure for how well the data fit to the straight line and is influenced by both
pipetting error and assay performance. Fig. A.8 shows that all assays?ta@e98 which
indicates high proportiotity between template concentration and reported quantification
cycle (Cq).

Thelimit of detection(LOD) is defined as the lowest amount of target template that
can be quantified with accuracy and reproducibility so that conclusions based on this data
can be made with confidence. Because digital PCR is based on detection and amplification
of a single arget DNA molecule, we may assume that the limit of detection of PCR is one

molecule. However, digital PCR is accomplished by running hundred replicate redions
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such that the statistics can take care of the uncertainty to some extent. gPCR detection limit
on the other hand need to be estimated empirically for each assay. To determine the LOD
Cq, we examined the above standatnlve to find the most diluted sample that shows
positive amplification for 5 out of 6 replicates. The average Cq across a minimum of 5
replicates was calculated and reported in Table 5.6. The limit of detection Cq for these 19
assays varied in Cq in tlmange of 2&28. The netemplatecontrol (NTC) reaction did not
register a Cqg value. Only Cq values that fall within the LOD are reliable and it is very
important not to attempt to extrapolate Cq values that fall outside the lowest value
otherwise we wouldencounter potential false positives. For the data analysis step, we
prefer to use the experimentally determined LOD Cqgs which are specific to the assays.
Performing a posteaction melt curve analysis using SYBR Green | dye during the
assay optimizationtage can validate thgpecificityof amplification. However, this is not
practical for probéased quantification chemistries. Instead we separately validated the
specificity of the assays by determining their size and presence of one single band on a gel.
Fig. A.9 demonstrates the gPCR products of

gel ; size and specificity of each amplicon

5.7. 2. Detection chemistry for transcript

There are a few chemicdlormeagtigumantatvatl ab

with gPCR. The most common ones include f|

Ther e ar e technical detail s needed t o

appropriate chemistry for qualhitke aS¥YBR Geas

appear to be a good <choice for a quantita

advant ages. These advantages include being
ability to perform melt curvedBanatybyseuanbl
presencepeti fniom product s I n t he reacti on.
fl uorescetnhatdytelsesypsarid i noomeaning fal se p o
generategeciffinonproducts or tmrei melrdadsi mneorns
specificity interferes®wiltnh farctacdur avtass qua
that as t he |ltoeviefhlea tpg oalmespreton f D€ pooduct s
di mer increases:sSpElte fioccmpeadagdacitn maomnfests
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melt curve analysis in such a way that i1t n

t he spdwicfti.c Spurcdh phenomena may misl ead t he

(Fi g. A.10) . I n this regard, caref ul optim
pri mer concentration may help reducing thi
However, |l It helrveagpwpebef nonproducts in the rea
the quantification i1 f the generic fluoresc
demonstrates t he effect of pri mer concent
pr oduaftieemr oneous PCR product in a | ow numb
pri mer concentrations and annealing temper :
transcript in cell equivalent samples of 1C

fram 1000 EML progenitorfoddl Iselrysadt edidmud i toh
Two di fferent pri mer concentrations, 200 nl
t hat 100 nM works better (Fig. A.10B) . Af
areral i ng temper’@Y uwas (Bdr iaemdl, 6&2nd fCt iwas heb:
best condition to gener-dit met hesmpdkaowénhtc pmoud
(Fig. A.10C).

SYBR Green |, as the most c ommotne sf laor e ¢
strong fluorescent signal, but it also teno
i n -#@Nhurating concentrations to avoid react
narrower dynamic range ander adyeweet ectpirond ud
Besi des, the inhibitory effects of SYBR Gr
reaction and®®its whbi mioencyed in this study
ndi ti onnsM (afnpd 2WP0 E2a Green dye redPorted
cles) indicative of a higher detection se
16r9

servation was efddret ehd ghles e veleenrsa t i vi ty o

l pf ul to deal with a {cewli mpatl yameuntf g w©c

> O O O
nw 0O T <K O

c

ing fluasedsdhentcheyestry of choice for qgqPC
I n an attempt to reduce the probability
reactions, a number of factor samglrief it@&teinon
concentrationpof |l pwi meravwas keth pri mer c

di mer formati on. Besi des, the unincorporat €
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evious step. Furthermore, the gPCR pri me
re opti mi zegleniem athiomppge lodslisn pgpimee afi mar :
nsi der atprombsablieg tios hyaevte psrpenceirf idci nperrosd uacnt
actions.

Despite all/l the optimization procedures
curate quantification was the priority 1in
ngd lel anal ysis. Specificity of the -Tagman
ecific products and thus improving the ac
son for this <choice. Al t housgphe ciefgdtaat o r
ertheless the presence of aberrant pr od:
amplification efficiency. However, our

ciency was high for al |l aasbsl aey B3 .iwBre ri nv

=]
(@]

entration and annealing temperature mus:s
I 1. As we menti oned-ceiln sgeecntei oex pbr.e6s.sli.o3n,
rformed on OpenArray $ mantodstl Wwezrteddf;omr e met lse
room for further optimizati on. Because o
nufacturer6s recommended optimized anneal
re empl oyed Fomr tcHiass splcaRl f pofriad.f wlrimt, ert h@P C e
nufacturer (Applied Bi'dBystesmsd Ofimaer co

45 nM) to measure expressi A3 aft aldl nlg9 Rc
put. The gPCR products were run on the ge
the correct size was evaluated. Al l g PC
nerate any aberrant prodacti ¥ n TWhaer efl osroe,
ngle cell anal ysi s. -sTpheec i dn Icy-daanunrcpenyimm ewmacst
nerated at a | ower gPCRelilnpgPCRoNncent dat
fect the amplification veff iaciwsindcey.r aHognee va
ncentration (Fig. A. 8) has suggested tha
ough that no significant decrease in the
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5.7.3ctuhntcalri brator (1 RC)

Mul ti pl e agrPeCRnereudnesd t o analyze the expressi
cel | sampl es. Rewparids esised,f iwdheant isceatl samp
anal yzed on all runs. T h ersten scaarlpil bersa taorre (rleF
requi roed etca d¢ o rt -opuons svi abtl'ita Byuonme asuring the
guanti fication cycles among the | RCs of all/l
calibration factountdifémpemcedhlei bmnammeor i n
experi ment al-f sled ugpi lwutsecd -adi( raenf i1e8d ¢ DNA obt a
a 10 ng isolated RNA from thel EMY @pnaoagemitdqg
RNA was checked ands pgONAf isynamglsii fsi, c @yteinen a

performed following the optimized protocol s

5. 7. 4. Bi oRad vs. Bi oTrove gqPCR pl atfor ms
Mi croliter vaonl uerset agpHGR hiesd met hod. However,

highroughput experiments and the advances i

nanoliter volume qPCR. There are different
massivel papat@ddeel gPCR experi ment s, e. g. B
LifeTechnol ogi es andSiBnicoeMamuke Irforha m giRdgEaRi dl isg m.
standard, we decided to compare the reprodu

pl atf omraon i(tneirc vol ume) compaonedhput hplaatnfeom r
vol umd). d1 @i l-cuytceldeasmppd rile8i ed product of 10 n

the progenitor EML cell popul ation was wused
exproemsslievel s of 18 genes of i nterest were
GAPDH). To make a valid comparison, the bas

same value f oAhibgph hc @rdraglf atrimen val ue dvas ob
Cqg or the normalizedndehbenbwyenfegalpra bffpbye( oo

BiRbad Fi g. 5.13A and 5. 123\Bal ureess pefct iOv &18y) a
respectively. This observation suggests tha
scaling down the qPCR reaction does not red

t hat mamlodma egPCR ignpbg@vexsyctiltes Cndicative
sensitivity of awmplil i oateiror hiesncram an o(lfFe tgenri A
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Note that a 33 nl vol ume of gPCR reaction
Bi oRad system.

Precision bpfogPE€E&ndbeeanal yzed by <cal cul
of Cg for each measurement on both platforr
l ower for Bi oTrM@mv22)pltahdmrtmh d Ve 0@O82 B) orlaudt pt
di f fer emtc es iwgparsi fni cant (Fig. A.12B). Devonsh
Bi oMark (Fluidigm) in compatf°sley wierphorttheed
cycle difference bet weenv otl uemer eqpPdCrRt epd aG o ofr c
Bi oSystemsodés ABVvDPIl amed @PQGQRnplatfeoar m (Fl udi

suggested that the 1 mprovement I N measur e
concentration of the template in a smaller
they compared a 9 nl Bi oMarkds chamber vol u

comp edamplei fi ed cDNA @maeBpbiMar &dvedDPNAomn ABI
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Figure 5.13. Correlation between Cq values obtained from BioRad (microliter gPCR) and BioTrove
(nanoliter gPCR) platforms regarding (A), and log2 of normalized relative quantities to TBPcontrol

gene (B).10-fold diluted sample of 1-8ycle preamplified product from 10 ng RNA isolated from the EML

cell population was used as the input for gPCR. Sample was analyzed for expression of 18 genes (Table A.3)
in microliter and nanoliter gPCR reaction volume sgalsing BioRad and BioTrove platforms, respectively.

Data points represent mean Cq values of 6 technical replicates. HighdiRates that the data are
reproducible on both platforms.

I n the next step, thRi @errdwe madnades soaf snsBide
across differentolckel $emauwtmbed &0 utArdiOW&®S pr ¢
100, 10 and 1 cell ). The corresmpinidfii ingd cDNr
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Figure 5.14. Comparison of performance of nanoliter (BioTrove) with microliter (BioRad) scale gPCR

using a dilution series of EML progenitor cell. 10-fold diluted cDNA of 18cycle preamplified product

from a 10 fold serial dilution of the EML cells in the range of 1 to 1000 was used as input for gPCR. Samples
were analyzed for expression GATAL (A), PU.1 (B) and TBP (C) gends microliter and naaliter gPCR
reaction volume scale using BioRad (grey) and BioTrove (black) platforms, respectively. The error bars
denote the standard deviation of Cq values among n = 6 gPCR technical replicates’ iHilibakes that the

data are reproducible on bothafibrms over a range of different cell humbefhere is a significant
difference in quantification of all genes between nanoliter and microliter gPCR reaction volume (Student t
test, p < 0.01)gPCR in nanoter volume improves the quantification cycles23 cycles.

The

platform wer e

accuracy and-ampeécifsieadn c®ONAt det @ectei c

comparabl e ¢wi demts ef rod m Bti lneR a
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coeffoti deteomi haei bnnear regression | ines.

both the nanoliter and microliter gPCR pl at
cel | number s. I n fact, nanol iter scale qgPC
mi ni mi zrienagc ttihoen vol umes is <critical for pre
' i mi ted number of templ ates. I ndeed, - Bengt ¢

gPCR measurements became t he domi nant sou

concenweatei besow oné*'copy per 100 nl

5. 8. Handdelnlg samghescal consideratio
I n the previous sections, al | the steps in
thoroughly exaelilhedamml| ess.ngFert heir mglee | di f
RFgPCR protocol were evaluated and an opti
appeared to extract the required data from

our experiment al mo d el system hes peeelplk obir
heterogeneity within a clonal cel | popul at.
within | arger cell popul ati on. Howe-cel | t he

RFgPCR met hod needs to be rviemeinftised Tphriisorv es

examines the following queries: (i) are th
i ndi vidual cells real (section 5.8.3)-7?; (i
cel lgPRR contribute tcoedtdhd olmserabedi Byr es@c
(iii1) how doesqPGR treecdhunciec atlhevaRTi abil ity (s

one needs to distinguish between technical
the biologicarldiogwesttheonbetreergogeneity among
popul at i technicallnoise masthe guantified in order to avoid mistaking it from
the genuine diffeences present in biological expression levels.

Throughout our study, we tried to evakdth e t echni c al vari abi |l
di fferent st-eplstk PRRt peocesng,| eeampel ufdi gt iRANn
gPCR. It was demonstrated that a relations
amount of t he stdartuitngnmeateariieasl (itrecani cal
amounts of RNA taken from the same pool of

observation precisely highiiedg hat PR hper oncaeidru r
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namely the | oweseounitoaeldl KRiNMgthblreough t he ampl
sequences from the single cell sampl es via
clinical di agnostics, it still remains a

vari abidlid ycealnl samal ysi s has not been reduc

to the | ow amount of starting material, not
there is a need to amplify the signal. and
To do so, mul tiple steps, each of which int
the wultimate gotaderios tteoc hhnaivceala vcalrosaebi | it vy,
i n single cell gene -gePXxQR easl sw aoyess ai onat krgosdiua i 0 & i

Bengtsson et al. developed a mathematical model which allows quantifying the
contribution of RT and PCR steps to the technical noise in a single cefPRR**%. This
model was fitted to the experimental data, obtained for technical replicates of RT and
gPCR, at different concentrations of RNA template. They found out that if the RNA copy
number is low and the RT efficiency is high, the major portion of technmak in the
method then stems from gPCR. Brennecke et al. have recently presented a statistical
method that allows assessing the biological variability for each gene and distinguishes that
from technical noisé’? They spiked in RNA standaria their biological samples and
measured the technical variability in the read counts for these RNA standards. Taniguchi et
al. developed a gPCR method featuring a single cell cDNA library immobilized on beads
for measuring the expression of multiple gefe a single celt”®. They estimated a 16%
technical noise in their method for RT and gPCR steps. At the same time, they noticed that
the biological variation is much laegthan the technical noise.

Our observation suggested that t-heel Imaj o

gene expression analysis comes from the r e\

by -pmel i fication (CV ~ 2% epndngbBmCRd( €¥Yacx
mul tiple sour c-esepqfPRC&Rr rfoorr isn nmgu let icel | gene
Pipetting, dil uti onampleivfeircsaet itornanasmcd i gPCBnN
obvious ones. OQur ai mda nt teh itsy psieccali otne c hsn itco
cel |l gene expression analysis using our est
t hat i n t hecehbilolvodriheatperimardalyeérrors related to using this
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method are much smaller tihéhe fluctuations in gene expression among sioglks, then
we can conclude that these fluctuations must have originated in the cells themselves.

5.8.1. Steps towgP@R tedboingltharRAability
5.8.1.1. Lowbinding tips and nonstick tubes improve the accuracy in DNA
quantification

Our observations showed that the choice of
to variations in nucleic acid quantificatioc
in singlieng,elflr dmntdhe very first step of |
the |l ast step of gPCR (rather higher templ a

g o . = with g 90 - = with
§ 80 - Owithout -§ 80 - Dwithout
5 70 - § 70 -
S 60 - 8 60 -
(0] ]
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8 40 - 8 40 -
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118 59 29 112 56 28
A Nominal GATA1 plasmid copies/subarray B Nominal PU.1 plasmid copies/subarray

Figure 5.15. Comparison of using lowbinding tips and non-stick tubes vs. regular onesn the accuracy

of DNA quantification. GATAL and PU.1 plasmids were diluted to approximately 29/28, 59/56 and 112/118
copies/subarrays. Error bars represent the standard errors, n = 11 subarrays. dPCR was performed on plasmid
serial dilution samples prepat by using lowbinding tips and nostick tubes (grey bar) or regular tips and

tubes (open bar). The average positive calls (reactions)/subarrays at different nominal GATA1 plasmid input
was plotted at different DNA input for GATAL plasmid (A) and PU.asphid (B).

Fig. 5.15 compares the i-lmpmcitng ft ibppg ha nt ch
the accuracy of pl aGANAlpSPDRITA (A) and &fpiHCMV-c at i on
pSPORT6 (B) plasmids were diluted to approximately 29/28, 59/56 and 112/118
copiessubarrays (section 12.5.1). The number of positive reactions/subarrays was counted
for each dilution and an average over all 11 replicates (subarrays) was plotted against the

nominal plasmid copy number input/subarray. Data suggests that using the preper |
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binding plasticware could prevent an almost 50% dropout in the template copy number
(Fig. 5.15).

5.8.1. 2. Pipetting techniqgue can influence
Anot her commonly neglected factor is the <ch
use them in handling the small vol ume of |

number of templates. There are dietfehant htay

di fferent specificitcenstaWhnaei sommor eprefvieaea

designed to either handle the volatile/visc

of delivet™®dOsel aeicbms que to reduce the sy:

preet the tips several timesiwnshofhemablve

this is called fAsaturated pipettingo. Ther

reverse pipetting method, here after referr
FPipetting Methods

Tvpe II: Reverse Pipetting Method (RPI)
Aspirate more than the specified volume into
the tip by pressing the button to the second
stop. Pre-wetting the tip and dispense the
specified volume by pressing the button to
the first stop — emptying the tip partially.

TypeI: Forward Pipetting Method (FPMV)

Agpirate the specified volume 1nto the tip by
pressing the button to the first stop. Dispense
the specified volume by pressing the button to
the second stop — emptying the tip completely.

RPM
___________ Rest Positian (RP) FP 1Stop
-1 Stopnd " 25top & -
2 Stop
I | |I i || i] |
) Lf %J 5
] g 8 4 ) a E
| g g o |
] I I | | 1 | I
[ 1 |

Figure 5.16.A schematicrepresentation of two different pipetting methods.Type | (forward pipetting
method or FPM) is based on aspiration of specified volume of liquid and then emptying the entire tip while
Type Il (reverse pipetting method or RPM) is based on aspiration of thrmespecified volume, prgetting
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the tip and dispensing the specified volume so the tip is emptied partially. The RPM method is expected to
improve accuracy and precision of pipetting mainly owing to the tipnatting.

Fig. 5.16 illmundtanatdtesenewsd opwpetting m
which is routinely wused in molecul ar bi ol c
aspirated into the tip by pressing the pipe
the aspiratepgemekedmbyi prdssing the button t
ot her hand, more than the specified vol ume
to the second stop.wéint ¢dhifsi waty, &ahe thenge
di spensed by pressing the button to the fir
i's conmgpndktpdemipitdaleldy in the FPM and RPM, resp
met hod is expected to improve tdhed iaveaumac yt

l i quids mainly-wewitmggto the tip pre

I n the next stage, the potenti al i nfl uen
the <iehndgdRKR dat a. For seventy single EML |
amplified faredidl0dgcl easnid dvialsuutili zed as te€
expression of GATAl1l and PU. 1. Each data p¢«
deviati on for t hree technical replicates
measur ement usinred a) hanBPMRPMmMd@gr een) . As ex
gPCR t exwdamiixhill ity was | owet he f s RPeMr iwarsi tad
especially more obvious iif thePUeteltrahsge
expression slhowes geamrrdraadlilly tay Irel ative to G/
expressed at a higheFibeveél 1@ demghetcat ks
the distribution of standard deviation in
(sameasdad aahe BRPM technique seems to reduce
into half and that would subsequently reduc
single cells. Therefore, our resul twe sugge

i mpl ement (what appears t o be) mi nut e mo d

experi ment. Moreover, it reveals the i mport
which introduce technical vari abi Ibiettiwese ni n
the technical and biological variability.
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Figure 5.17. Comparison of the impact of the two pipetting methods on the introduced technical error

in gPCR. Same single EML cell samples (8hgle cells in total) were used to measure the level of GATAL

(A) and PU.1 (B) transcripts with two different pipetting methods, forward (magneta) and reverse (green).
Each point represents the standard deviation of quantification cycles (Cq) for tidBeteghnical replicates

per sample. On average, qPCR technical variability appears to be lower for the RPM (reverse pipetting
method). The low variability is especially more obvious if the expression level of gene is lower, as is in the
case of GATAL. (CBox plots demonstrate the distribution of Cq standard deviation of 3 techejilates

across 70 single cell samples. The standard deviation distributions for FPM and RPM are presented with the
magneta and green boxes, respectively.

5.8.Pla.r3.itioning error pl axe!l bn gP@Romtna nOp en
pl atform

As mentioned itnhGkpecAioay 5pbatlf 8r mcealals geémneéi
expression analysi s. In addition, reti walsl y

cal cul ate the numbequiorfedhbfecrt e thp ad C Il @D P 0@ S
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suggested wTthrhdlt CHODANAssaogpemp |lshHawldd floeg parte | e
order to detect the templmadentat 95 ec omdli du
the assumption of starti@Grmg tfhre motlh esri nlgd red ,c |
expl ained i n section 13.7. 4. t he templ at e
OpenArray platform pri cerfotree guRCR skean thiofwi a &
of template at different copy nAmbar resul d,
waattempted to assess the potenti al i mpact
variability in gPCR. 17 singlaemplEMIlth pele qadn i
di f fereempl igriecati on cycle number s-amgldilfd,e 1
prowdt s wer e danldutuesde dl1 Oa sf oilndput for gPCR on
have up to 128 gPCR technical replicates, 2

wi t ht enhpel ates from one single cel li oant weaasc h
measured in these sampl es.

Fig. 5.18 demonstrates t he reported Cq
replicates for 17 siawngplei fcieclalt isoanmpclyecsl ea tn uem

18 cycles (B) and 22 icgy.clB5.s18 C)hatl tt hies |odbovsee
is for gPCR, the higher the technical vari
theoretical calcul ations, the average techn
0.23 for l1&ampydclcas i ofn. pMédis idevamtaowmnepgtoabl
especially when the template molecul es di st
Al t hough 22-amptci escati @ogmecl early reduces tl
val ue y(ett. 019) ,cyaanpd s fofcapi en has been our <cy

keep formation of -spreicmeri cdipmerdsucdarsd ason ow

avoid possi bl e i nterference and competiti
amplihmjcasti ot would introduce bias in unif
5.6.1.2).

To visualize the variability in the repo
cel |l sample (sample #10) was sel ectCqds fr om
were plotted for all/l qgPCR) t eChenseasubbelpdti < ¢
that at-ampl ofwi atti on cycle number (e. g. 14
number is | ow and the distri butriearctadfonmol dce
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stochastic. Therefore, some reactions may
the variability for the reported Cg <can

h
be

enough template molecul.es for gPCR (18 and
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Figure 5.18. Effect of the template concentration on gPCR singleell technical variability. 17 single

EML progenitor cell cDNA was pramplified for different cycle numbers prior gPCR quantification. The
PUL1 transcript expressidavel was measured in these samples. Each box plot represents the Cq variation for
up to 128 technical replicates in each single cell samples when cDNA-@gsnmidied for 14 cycles (A), 18

cycles (B) or 22 cycles (C). The central mark is the medianedges of the box are the 25th and 75th
percentileqfirst and third quartile)the whiskers extend to 1.5 times of the interquartile range (25th to 75th
percentile), and the outliers are plotted individually. A higher level of input template for qPCRR melaices

the level of technical variability. Lower input amount of template for siogle gPCR is observed for
samples pramplified for 14 cycles. In this case, the technical variability contributes a lot in the observed
biological variability. (DF) subplots represent the Cq variability across 128 gPCR technical replicates for one
selected single cell sample (sample #10) in each condition (see the text for the details). Late Cq as a result of
less template in 14 cycles paenplification condition is ecompanied with higher variability in reported Cq
among technical replicates. This indicates that the partitioning error plays an important role in gPCR on the
OpenArray platform.
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Overall, the present results suggest tha
i n gPCR on an OperoAeasayngl ahéotmmmpl ate cop)
step in ordermnbucthmgke et eemahbllen boyt bosurr wgbPeCR

technical variability should be mi ni mi zed
di fferences between the single cell samples
5.8C&ntributioncelfl-qPBIBR sEofghecal variabil it
cedel | variability

5. 8 EXpkri mental study

I n orddiesrt itnog ug B@R ttheec IRMi c al measurement noi s
among tkelsisnglid hin a clonal popul ati on, a

conducted (Fig. 5.19)

¢ For every single cell:

i 1) Lysis

! 2)RT

3) Preamplification

i 4) Dilution of preamplified product

i 5) Template distribution within 128 reactions on OpenArray
platform

i 6) gPCR on 128 technical replicates / single cell sample

N ~ 100 single cells

Repeat entire process for 100 single cells
(blood progenitor EML cells) D DO
Measure expression of two genes GATA1 ITTTITY
and PU.1 in every single cell for 128 times I Ty
(128 gPCR technical replicates)

Trr ey ey

~128 qPCR technical replicates

Figure 5.19. A schematic illustration of the 100 x 100 experiment00 single blood progenitor EML cells

were FACS sorted. Each individual cell was lysed, reverse transcribed, aachjpiited for 18 cycles; the
preamplified product was thenildted 10 folds; the diluted product was used as template for qPCR;
distributed into two subarrays (128 reactions) on an OpenArray platform and the expression levels of GATA1
and PU.1 genes were measured. Therefore, there are 128 gPCR technical répliaatewlividual cell. This
process is repeated for all the 100 singg#l samples. The 128 technical replicates address the technical
variability and the 100 singleells address the biological variability.

A popul ation of Dblood progenitor EML <cel
sort la®l si mplpPCRs ( aBRT expl ained in previou
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on every individual sorted cell. Brpeél vy, €
amplified for l1l&mpyclfee.d Phenmdudhoeldwpusseeddi |aust e

template for qPCR. These templates were dis
O nArray pl atf ororh, exmpdes svieon eogklnGATAMer &nd
measur ed. Therefore,t hfeare eawver yl 2i8n dgiPVCiRd utael c hc
evaluate the technical noi se. The ewteilde pr
samples which translate i nd¢d®l [1s0)0 fboirol ewgalci
bi ol ogi cal noi se.

Each point in Fig. 5.20A presents the ¢
gPCR technical replicat es-ceflolr soannep | EMLWhgmo

transcript was measur elde ier rtohre bcaorr ries ptoma i
for these technical replicates. Therefore,
singdlel s within a clobhatlepopautmat ent hd&iguarm
(Cqgs) for ~ 128 iccPRGR st efcolrniteteelleler espempiceé € df s
popul ation of analyzed 100 cell s. 't is ob:
Cgs for the technical replicates (boé&elktbm) i
sampl s @GStopl ar graphs were plotted for tr
very similar trend to-Ddata presented here (
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Figure 5.20. Analysis of GATAL transcript level in ~100 individual progenitor EML cells. (A)
quantification cycles (Cq) of 99 individual EML cells for GATAL expression is reported. Values are means +
STD for up to 128 technical replicates.-[B quantification cycles (Cq) of up to 128 technical replicates are
presented for 3andomlyselected sinlg cells.Single cell cDNA was pramplified for 18 cycles prior gPCR
quantification. Cgs of biological samples clearly show a broader distribution relative to technical replicates.

Fig. 5.21 demonstrates the techhlcdlhear
anal yzedelsli ngdmpl es f or GATAL( F(iRi.g.5.R.1B)HA)t
measursdmenteacchelsli nsgalmepl e, the average Cq an
variation (CV) was <calcul ated over al/l t he
CV for one individual cel | . siThgdslelp rspacrepslise sw
pl otted as a distribution, the distribution
(Fig. 5.21, the technical box plots).- To ca
cel | sampl es, t he CV acraoss scaallclultahtee db iaonldo gp
bi ol oCgvdec st ri buti on (Fig. 5.21, the biol ogi
si ngd lel samples for both GATAl1l and PU.1 exp
technical -Whoitsneey( Manintksi ap 6 e2@ G Aad f or PU.
values33D.)64dd¢ig. 5.21).
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Figure 5.21. Singlecell qPCR technical and biological variability. The box plots represent the distribution

of the technical noise for all the single cell bi ol
al |l the biological replicates (the @ABiol ogihatal 06 box
were analyzed for the expression of GATAl (A) and PU.1 (B) genes. The biological variation was
significantly larger than the technical noisevi@due 2.2e28 for GATA1 and 1.6280 for PU.1, Mann

Whitney U test).

5.8.2. 2. Si mul ation study
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A simohastudy based on a simple bootstrapp

(Mat hWorks Inc.). This procedure randomly s
the original popul atsiean dfo datvae o fUobimase
sampng statistics, the random selection pi

i nvestigat eldn soanpelhe winiomdéesst otaplpi wags apped t o
meaand coefficientsedfs wdr idattiao nb acsfe ds wdbm di nd |
been randomly selected flrtomwasheassumdd atl h gt
sampl edets ubdf observations was chosen from
di stributed popul ati on. Becauseto fweats hwi aixo p u
rel acement (booéeptacapmemg) wsohthat a parti
original populmat ieoointceen uil nd etohcec A kdbeert thhaed seke
randomly selected, the mean anmncdalictusl actoerdr.es p
But what is the original popul ation of
gener at ed wi tehx pel xapienreidmeinnt sSeacst i on 5. 8. 2. 1.
was the quan(tOQq vaaueenfoyclGATA1l and PU. 1 ex
single EML celll sampl es. There were roughl
GATA1l and PU.1 meas+w«redmhmentGnehlse smghhelse ngae r
chosen from t he L£aqpwladtuiesn,ofandhet h- 128 gqPC
vector as the inpmwi sktosiamutapioal ®Aecbndcalp
Cqg values for-call shmpllé6d wasglbeed as the i

simul ati on.

(i) Techni cal noise in transcri-pellexpamplse
decreases i f the number of technical replic
To simulate the technical noi s e, one singl

popul ati on and té&ehnvieccatlor Cqof v all 2u8e s for ei
measurements was used as the input for boot

relationship between the number of gPCR te

noi se. To addr etshrse ttha csh ngiuceaslt imooni se di stri bu
number of technical replicates (e.g. 3, 6,
simulation procedure is explained for one
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simul atentdoa&l teoi se at assuming three qPCR
the 128 technical Cqg vectoel foweonaesamplded]
and coefff ivaif€tl] i war e calcul ated, andOthi s g
ti mes. At the end, these data werealll othed

10,000 times sampling with the size of 3).
M
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Figure 5.22. Effect of gqPCRtechnical replicate number on the technical noise level and its contribution

in biological variability. The distribution of technical noise was simulated at qPCR technical numbers 3 (A),

6 (B), 15 (C), 30 (D) and 100 (EY.he bar in each graph represerie CV among all individual cells
representing the biological variability. Values in each plot are based on running 10,000 simulations; the input
is Cq values for GATAL transcript measurements in one randomly selected single progenitor EML cell. The
difference between technical and biological noise becomes more significant as the number of technical
replicates increases. Panel (F) shows the overlay of panels (A) through (E). For more details on plotting the
graph see Section 5.8.2.2.

To eval uatealhormwe ptleicchantie number affects t

technical noi se was simulated with alterna
5. 2R)B. It can be observed that the distribu
narrower baesr tohfe gnPuR t echni cal replicates i
better visualized when the technical CV di s
superi mposed (Fi®, 5he2bpr rteppasehssAthe b
si egdl | sampl es) I f GATAl1l gene expression
number of the replicates increases, the te

its difference becomes more significant fro

The sanmeurnvpamsoceepeated for PU.1 gene, a
randomly sel exdleld. EWeLr ys isnignmiel ar results wer
one condition (s 1t echdreintoanlstreapleidc atne Fi g.
var i abmolnigt ysi ngle cells (blue bar in Fig. A
from the technical noi se even §dalue=a.28e st qP
29, MannWhitney U test)Fi.g A. 14B summari zes the technic

rel ationship with number of technical repl i
si ngdlel . As expected, the findings are 1ind
expression | evel i n individual cell s.

So far w©eél sisagdgreds eMagcntde deval uated for
noi se. But what is the typical noi se? Wil |
observed wupon repeating theceddmfle Tpr amevdewsrtd
possible vari atcieddmpl @9 wmere sehgteed from

and the same simulation procedure was repe.

one sciendl esampl e and it shows the distribu
sample at dsifteseQgPEBMprebhi Bal Ayepbi ¢8) es
and 100 (E). Unexpectedl vy, the shape of th
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every-ceilhglwhi |l e the technical CV was quite
notiicnedFi g. 5.20 and Fig. A. 13 that there
technical replicate Cqg xa&l les ampt eeadk 1t hd

could happtnofast lae rresmudom di stribution of

reactions in each subarray of OpenArray pl
stliofwor al |l t hei ni nsdpiivtied uoafl tcheel Ifsact that the
change.

(ii1) Biological noi se 1 $ nms-¢ kmliglqgaCgRe ra ntal ayms i ts

It i's common practice to run a maxi mum of
mesaur ement .eaBédcaguPsGecR experi ment i s rel ati v
anal yzing-crmdide saimpdles i s pneorrfeo rim fnogr nmautlitviep |1

measurements oncetthe ssaampd esi ndlee number of

Therefore, it is$heoetbktaski ngmaheshar signi f
technical me as ur e me nita bniiolfii sheyhnmebred o if o lqgoPgC Re atl e
replicates i~r42Bpdttoedh¢feomln other words,
there Iis a sbebowgemethei cresihinp canumb\Verdiostr
gPCR technical umdmlri coaft etshe Itfe cthhne cral repl i
down to the more practical number of three
noi se contributes into the biological noi s
performed on awevagteorCqofval-@elsl foamplods .si AW
size was 3 meaning three average Cqg values
repeated for 10,000 times. The result is sh
5. 23A, wbhei cdhomepaanr ed wi th the distribution o
technical replicates. This compeall sbholhedip
variability come from the technical wvariabi

Al t hough thebuteicdhmi cal bdobsatdriwhen we ha
technical replicates, Its overlap with biol
t hat the biological -cvedrli asbainipilteys aimmo ntgr atnhsec r
much | argechbhhanl t hei ¢$ e -cienlvig PRRrdo ciensash u(espi n g
1. 4280e M&Vlhm t ney U test).
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Figure 5.23.Biological noise is much larger than technical noise in singleell RT-gPCR analysis.(A)

The distribution of biological noise wasmulated at three gPCR technical numbéalues are based on
running 10,000 simulations; the input is average Cq values for GATA.1 transcript measurement in ~ 100
single progenitor EML cells. For more details on how this distribution is plotted seens@gti@®@) Overlap

of simulated technical and biological CV distributions are presented. The contribution of technical CV in
biological noise is very lowptvalue 1.48€20, MannWhitney U test).

5.8.3. Combining singleell gene expression datacapitulates the bulk RNA profile

48 singlecell samples were analyzed from blood progenitor EML population using our
singlecell RT-gPCR and measured the expression of all 19 transcripts listed in Table A.3.
The mean of each ¢ge ned@gosseak gingle elssanmples tavmaimic ¢ a | ¢
a bulk sample. On the other hand, 6 replicates of small size pools of 100 cells were sorted,
and the same gene expressions were measured in these bulk samples. The correlation
between the true bulk gene expreasamd the singleell ensemble was remarkably high

(Fig. 5.24) with a Pearson correlation coefficient of 0.96. This analysis confirmed that an
ensemble of single cells indeed recapitulates the bulk. However, it is worth noting that the
opposite is not gemally true, meaning bulk measurements cannot be used to accurately

i nf er 0Ot ycpllegpaessidn valies, gdr en they be used to infer the variations in

expression values from cell to cell.
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Figure 5.24.Single-cell gene expression data recapitulates the bulk measureme@orrelation between

the ensemble of 48 single blood progenitor EML cells and 6 replicates of 100 cell pools gene expression. 19
genes, as listed in Table A.3, were measured in tripcateall single cells and bulk samples. Mean of
expression for each gene was calculated across all single cells or in pool samples. Note that the scaled mean
expression for 100 cells pool plotted against mean expression for-s@igleHigh correlation aefficient

(R°=0.96) between single cell data and bulk data indicates that the-séilteene expression data reflects at

the population level.

We also performed same type of analysis in other sets of cells treated for myeloid
differentiation. In all caes, the singleell gene expression data correlated well with the
100 cells data (Fig. A.16) indicating that the sirgd#l gene expression data are real and

reflect at the population level.
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6.1. Differentiation of EML cells into erythroid and myeloid lineages

To establish the experimental cell culture system for studying cell fate commitment and
differentiation in our dynamical systems, EML cells were, as previously descfib&l
stimulated to differentiate into either the erythroid (ERY) or myeloid (MYL) lineage (Fig.
6.1).

CMP (EML)

ERY MYL

Figure 6.1. Differentiation stimulation of common myeloid progenitor (CMP).Schematic illustration of
CMP-equivalent state (EML) and associated binary cell fatesiecito either the MEP (erythroid) or the

GMP (myeloid) lineages upon exposure to appropriate cytokines. CMP cells were also exposed to mixed
cytokines.

Di ffer ot iEdMLIi @m ogeni tor cell s was monit
dapés sewl aofi oncMlU | s wiEtplo dittohepr omot e eryt
di fferenti 8ti omGMForATMRIA (to stimul at e my €
di ffereinitm atbbiodm) cases after reducti on of
Mi croarray analediuwpglhAgitli emt pfr €Epe &I, EKLF a
forrytdrbifedrentiation) for the d6 different
regul atienf fofli &dMivéd génedfU. du-gibf paidsf CB11Db
mar ker f or myaetliooind) dfiofrf edr6e nMYL <cel | popul at.
to the untreated dO contqrPoCR porno gtehnei tsoarmec eilsl
samples used for microarray confirmed the f

A WriGgrtmsa staimifegeotto a®dsesdeseltllsi-s proc
mor phol ogi cal l evel showed the typical f ea
Fi gs. 6. 2C and 6. 2-bDl sseh o&r ythher ori ddu nade | d asr ka n
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In contrast to this qualitative assessment of successful differentiation process by
staining, flow cytometry offers a quantitative measurement of expression of surface
proteins in these cells that reveal differentiation. Therefore, the two stem/progenitor
markers,cck i t and Scal, known to be expraemsed ir
with CD11b MYL-lineage marker expression were examined on d6 of differentiation (Fig
62 E) . (There is to date no suited aoidbody
' it neage commit ment i n the mousreegulTahte othwow
observed for both ERY and MYL treatments (
expression was increased in the MYL ipp.pul at
6. 2E, left).

In addition to stimulation of EML cells to differentiate into the ERY and MYL
using the canonical treatment we also conducted an experiment in which cells were
exposed to ERY and MYL stimulating conditi
treatment (COM) will be discussed later (Chapter 11); however for comparison and

discussion, the results of the COM experiments are presented along with ERY and MYL

here.
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Figure 6.2: Confirmation of EML progenitor cell population differentiation. Transcript expression level

of a panel of ERY and MYL affiliated genes for erythroid (A), and myeloid (B) differentiated cell population

a | o-tnegtedeeli populatidre (&)nolm idé eeldtive to untreated progenitor
population. The bars represent the fold change expression of a these genes by Agilent microarray (dotted
pattern), and their RG§PCR validation (backslash pattern). A normalized ratieax¥) of nore than 1
indicates ugregulation, of gene of interest. The X axis shows a panel of genes with 2 fold ¢hahgée
expression level. Each error bar correspond to s.d. of n=2 independent biological replicdXS) (C

was analyzed

Morphology analysis of differentiatd
illustrated. Color image of WrighBi e ms a
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(right) show distinct erythroid (red arrows) and myeloid (blue arrows) morphologies. Black arrow shows an
EML progenitor cell.(scale bar, 10 um)YE) Flow cytometry expression analysis of progenitor (Scal and ¢

kit) and myelod

(CD11b)

mar ker s

6 days after initiation of the differentiation process.

6.2. Bimodality

differentiation of progenitor cells

for

in expression of Scal progenitor

progenitor,

marker

erythroid,

upon

In an apparently homogenous population of cells, there is still considerableo-cell

variability with respect to thousands of internal or odavious traits, such as expression of

individual proteins and even, pathways. This heterogeneity can be man#ésseedeH
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shape distribution in flow cytometry histogram for the marker measured at-selple
resolution. Populations of EML progenitor cell were analyzed for the expression of a
stem/progenitor marker, Scal. As previously repoffeda 1006fold variability among

cells within one clonal, apparently homogenous population for that marker was observed

(Fig. 6.3). Differentiation of EML cells into erythroid and myeloid lineages was stumjie

monitoring the dowsregulation of the Scal progenitor marker on cell surface. Analysis of

the underlying dynamics of Scal expression at the sow®lleresolution using flow

cytometry revealed a bimodal distribution, consisting of two distinct sulbgtigs
(Aipeaksodo in the histogr am) 3 dYyamd higf t er
(Scat'¥") expresser cells (Fig. 6.2E, middle).

N

ERY

6day

3day

1day

Time of cytokine treatment

Oday

Scal expression

~
L

Figure 6.3. EML differentiation exhibits bimodal response to cytokine stimulant.EML cells were

cultured in presece of appropriate cytokines for 6 days and Scal marker expression was monitored by flow
cytometry.The stimulating conditions that were tested: Epo alone (for ERY) at3dHIGM-CSF alone (for

MYL). We also treated with a mixture of both set of differatitin stimulator Epo, 3 and GMCSF (for

COM) (see discussion later, in Chapter Bijnodality is indicated by ashii f fipeak hei ''ht so of
(left arrows) and Sc&'" (right arrows)subpopulations in the histogram with increasing time aftment.

We also used-kit as a marker for our analysis but its dynamic was not always as
clear as Scal in terms of a bimodal distribution (Fig. 6.4). Bimodality intuitively suggests a
transition of cells between two (quasi) distinct attractor statdsras postulated *%°.
Although the separation of the two subpopulations are not alwaysctieas in the case
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of c-kit, it is evident that differentiation is not a pure continuous process smoothly

traversing through all intermediate states.

A

ERY com C

Time of stimulation

ckit expression >

Figure 6.4. Time-course analysis of expression of-kit upon EML differentiation. EML cells were
cultured in presence of appropriate cytokines for 6 days ditdncarker expression was monitored by flow
cytometry. The stimulating conditions that were tested: (A) Epmnal (for ERY) and (C) I3 + GM-CSF
alone (for MYL). We also treated with a mixture of both set of differentiation stimulator (C) Efatd
GM-CSF (for COM)(see discussion later, in Chapter 1Bj)modality in expression of-kit is less obvious
relative to Scal (Fig. 6.3).

6.3. Experimental design for gating subpopulation of cells in Scal

distribution histogram and sorting individual cells

To study the core gene regulatory circuits that coordinate gene expression change to drive
the differentiation bthe common myeloid progenitor cells (CMP) towards the erythroid
(ERY) and the myeloid (MYL) lineages, we performed gene expression analysis for
transcription factors in individual, untreated (progenitor) cells and in treated cells as they
proceed alonghe differentiation process. The single cells were sorted by fluorescent
activated cell sorting (FACS) from the EML progenitor population (untreated), the Epo
treated population and the -B/IGM-CSF treated population on 1, 3 and 6 days after
differentiation initiation. Instead of blindly sorting cells into singtell tubes, we also
exploited the flow measurement capacity of FACS: to increase the resolution of single cell
analysis and connect to previous analysis of heterogeneity of individual cells atong th
Scalcoordinate, we gated cells in the Scal histogram with respect to the Scal expression
level as Scdf" (L), Scal™®®™ (M) and ScaT®" (H). Thus, the individual cells carry the
additional label of which these three population segments were in at the time of sorting. On
d3 of the differentiation process, two subpopulations of cells (with respect to Scal

expression) appeared, and thereforer t hi s ti me point we gated
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and HO) . On the other days of the differe
depicted in Fig. 6.5 (green boxes). 50 single cells were analyzed from each of the gated
population fractions atior subpopulations for each time point (day) and each
differentiation arm (treatment), thus, a total of 1600 single cells were analyzed (including

the doublereated cells to be discussed later in Chapter 11).

N

Epo Epo + IL-3 / GM-CSF IL-3 / GM-CSF
M

D6

D3

Time of cytokine treatment

D1

DO

v

Scal expression .
Figure

6.5. Schematic illustration of the experimental design for RTgPCR gene expression analysis on sorted

single-cell. Progenitor EML cell population was stimulated with Epo alone (left columng/@&M-CSF

alone (right col umn) or we dolbmn)d thdi results ior thee@OM will bee at me n't
presented in Chapter 11. Scal expression histograms were gated ity @dascal®®™ (M) and Scaf'®"

(H) (green boxes). Decrsa of Scal expression over tinas, previously reportelf®, indicates differentiation.

Individual cells from these distributions were FACS sorted for singletranscript analysis. The population

fraction with respect to Scal expsion on different days (d1, d3 and d6) from which cells were sorted was
recorded. Untreated single cells were also sorted on dO.

6.4. Gene regulatory network model of binary cell fate decision in

common myeloid progenitor (CMP)
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To study fate decisiom the common myeloid progenitor (CMP) cell and differentiation to

its downstream lineages at the molecular level, it is nowadays natural to monitor the
temporal evolution (dynamics) of gene expression pattern of a relevant set of genes
involved in hematpoiesis along the process. In our view this has of course the additional
meaning of information about the gene network state that drives the differentiation process.
But what genes should we study? As | explained in Chapter 2, we selected a set of genes
that are wellestablished to be involved in multipotency, fate sieci or differentiation of

the CMP cells to the erythroid and myeloid lineages @olist of these TFs please see

Chapter 2) . These genes ar e denotedn here
mai nt ai ni argenewal disélpfroliferation) and I nd
respect to these fates, déderythroiddé and O6my

a set of 17 genes including 14 transcription factors with known keyirrdlematopoiesis

(see Chapter 2) as well as three surface markers for progenitor, erythroid and myeloid cells
(c-kit, EpoR, and CD11b). The transcription factors collectively form a gene regulatory
network that was generated Byaphvizand presented addg- 2.2 and has been intensely
studied in conjunction with hematopoiesis and is known to be centrally involved in the
ERY-MYL binary decision. As discussed in Chapter 2.4 and 3.4.3, the central elements of
this network are two TFs, GATAL and PU.1. Temadagenous controjenes (GAPDH and

TBP) were also included ianalysisas control for determination of presence/absence of

sorted single cells in the wells and for normalization in population analysis.
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7.1. Singlecell gene expression analysis reveals heterogeneity in
transcription factor expression

Singlecell gene expression analysis recovered the expected expression patterns for the
genes under study. The analysis at shuogle resolution now offers the possibility to study

not just changes of transcript levels as population averages but to uttteyEpulation
distributioni the central purpose of singtell analysis. We found that fortlken d o genou s
control gene GAPDH the population distribut
This indicates a relatidevydbaw progabi il ot
popul ation became more heterogeneondsgemous i
contgremle, TBP, on the other hand, showed a

among individual cells (Fig. 7.1A).

L TBP . TBP
A 3??2?2??!L;k’”*
| Gapdh .
SRETT TS A2 XAE
. Scl . Scl
s Treteteres | TirTarans
g " Runx1 . Runx1
AERES 2L 34 L T IR rtree)
- ) ckit _ ckit
] ;iT;TEJ‘LTTTTT
] ???????Qtﬁ 4 7T gy
B cMyb . cMyb
(Treeereree  Trriiiiies
o Gata2 . Gata2
L TTeeePeees i
d0|ld1 d3 dGl d1ld3 dG,ldl d3 dGJ d0 d1d3 d6 d1d3 d6 d1d3 d6
ERY MYL coM

Figure 7.1. Singlecell gene expression analysis reveals heterogeneity in transcription factor expression.

Violin plots (left) represent the expression (log2Ex) for 19 genes in individual cells for untpratghitas

(d0) and after the ERYreatment, after the MYL r e at me nt and after the COM (f
treatment cells on the days 1, 3 and 6 days. Genes were categorized according to their known role in
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differentiation, ascontrol (A), and stemness (B) geneBensity plots show the fraction of cells at each
expression level (histograms), allowing direct comparison of the population structure with respect to the
expression level of each gene in all populations. These violin plots also show the variation éxgession

among cells in each population. The Box plots (right) represent the expression level for each gene in single
cells. The central mark is the median, the edges of the box are tren@57%' percentiles, the whiskers
extend to 1.5 times theterquartile range (25to 75" percentile) and outliers are plotted individually.

Stemness genes in our analysikifc c-Myb, Runx1l, GATA2 and Scl) that have
been reported to be involved in proliferation and maintenance of cells in the progenitor

Statel?S 67

exhibited a rather uniform expression in the progenitor cells and their expression
became dowsmodulated as differentiation was stimulated by providing the cytokines in the
culture (Fig. 7.1B). Although overall the expression level of these stemnessgeRased
relatively high even 6 days after stimulation of differentiation, which could be explained
with their role in proliferation, expansion and survival of cells while differentidfihgthe
appearance of a wider distribution and of bimodality revetiatl more and more cells
reduced or lost expression of these genes. Irmiastic terminally differentiated cells, we
would expect the total dowregulation of these gené$ which is not expected to be
completed in 6 days of differentiation in our system (We chose day 6 as last time point
because the differentiation process slows down and the already differentiatdetgeilso
die at this point). Interestingly, Scl expression was-tggulated in ERY cells as they
became more differentiated, but this is consistent with previous repfdrend their
involvement in ERY differentiation.

c-kit was also upegulated in a fraction of ERY stimuéat cells on d6 of
differentiation relatte to previous time points (dand d3). It has been reported that
erythropoietin (Epo) which is a major regulator of differentiation, proliferation and survival
of erythroid progenitor cells, activates PI3K/Akt patdtywvhich targets-&it (CD117) and
activates its expression in these progenitor ¢&IsThis could explain the observed trend
in our data. The appearance of a small subpopulation of cells expressing high level of
protein surface marker;lat on 6 days after erythroid differentiation was observed in flow

cytometry analysis as well (Fig.4A). Shin et al reported that hematopoietic stem cells

(HSC) can be divided into two subpopulations ditt"®" and ekit"®" with cells biasing
towards megakaryocyte and lymphomyeloid lineages respectiVelyn fact our data
shows that cells expressing high level éitcwithin d6-ERY differentiated cell population

express high level of Fli, a megakaryocytic gene and these cells belong to"&tal
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fraction (black box in Fig. 7.2)Therefore, we could suggest thakit™'9" subpopulation in
d6-ERY population contains cells that have not differentiated to ERY lineage but
committed to megakaryocyte lineage. Note that in order to demonstrate that cells of
Scal™" fraction of d6ERY population express Fli genes, the gene expression data was
used to generate the heatmap (Fig. 7.2). In this figure the cells are ordered according to
their nominal type. The same set of data will be used for clustering and will be presented in

Fig. 7.5.

do d1 d3 dé Lo ey
1 1 1 1 I
Ll ' + ‘E - i ! T 1
. Gatal ?Exgress}gn
EpoR P (progenitor)
EkIf Single ERY treated
Fogl Single MYL treated
I‘ I Hbaal Combined treated
Scl ERY genes
. Stemness genes
D Flil MYL genes
Runx1 Control genes
Gata2
cMyb
cKit
Sfpil
CEBPa
Gfil
cJun
CD11b
Egr2
TBP
1 | | Gapdh

Figure 7.2. Single cells of Sc&¥" fraction of d6-ERY cell population express Flil megakaryocyte gene.
Heatmap of expression of all 17 transcription factors @mrol genes (rows) in individual cells (columns)

for the haematopoietic cellsh& cell columns were arranged according to these categories indicated by the
column color labels on top: grey shades = untreated progenitors (d0); red shades = cells treated for ERY; blue
shades = cells treated for MYL; and purple shades = cells treatedC®M = (ERY_MYL) cytokines, for

the days d1, d3 and d6; Since cells were sorted with respect to their Scal marker expression &€l (Scal
(L), Scal™ (M) and ScaT9"(H), this subpopulation origin is also indicated, by the three shades of the
respedwe colors in the cell indicator bar. Gene rows were ordered according to their role (see color legend).
Note that the same gene expression data as clustered in Fig. 7.5 was used to generate this heatmap however
the cells here are ordered according tortimeminal type.lt is observed that only single cells within the
Scat'¥" fraction of d6ERY differentiated cells (black box) express-Elgene.

As expected expression of ER¥sociated regulatory genes (GATAL, Hggand
EKLF) and genes for the ERY cell surface marker (Epo receptor) and effector (the
hemoglobin family Hbaal) was upodulated upon Epo treatment (Fig. 7.3A). For these
genes, singleell gene expression analysis revealed that theegplation is accompanied
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with anincrease of the number of cells that have switched to a higher level of expression of
these genes. MY4dreated single cells on the other hand, showed two populationdxf ce
one with low and one with medium level expression of E&®¥ociated genes on d3 which
were entirely lost on later stage of differentiation.

The MYL-associated gene, Sfpil (PU.1), a master regulator of the myeloid lineage,
was expressed at relativeligh levels and in a heterogeneous manner in Epo treated cells
while its expression was uggulated and became more uniform iR3IGM-CSF treated
cells (Fig. 7.3B). A mutually inhibitory relationship has been reported for Sfpil and
C/ EBPU tr adas ®ainpdt iiom dwr data al most all
extremely low levels regardless of type of treatment. A senall subpopulation of EML
progenitor cell expresses CD11b which is a marker of the myeloid lineage. The number of
cells that are expressed this marker increased upon differentiation to the myeloid lineage.
Gfi-1 gene is expressed in M¥iteated cells sirting on d3 of differentiation. The Gii
gene is involved in granulocyte differentiation. The known inhibitory relationship between
Egr-2 and Gfil °%is confirmed since Eg was expressed at very low level in these 1Gfi
expressing cells.MYL-treated single dis expressed ER-ffiliated genes in a
heterogeneous way and at different level but this was not the case forabbdLiated
genes in ERMreated single cells. This could be due to the ease of generatingp BR&d
single cell s ( whibpdpulatop)deriag neyeloid aifferentition (see s u
Chapter 10). As we know, the EML progenitor cells also can spontaneously commit to the
erythroid lineage while the myeloid commitment is blocked in these cells by genetic
manipulation*?®.

In general, we observed that both expressions of linglggant and opposite
lineageassociated genes became more homogemaugss the populatiofnarrower
distributionrelative to d( as differentiation process progressed and the program becomes

more advanced (on 6 days after differentiation).
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Figure 7.3.Heterogeneity in ERY and MYL transcription factor expression.Violin plots (left) represent
the expression (log2Ex) for 19 genes in individual cells for untrgateglenitors (d0) and after the ERY

treatment, after the MYt r eat ment and after the COM (Acombinedo

1, 3 and 6 days. Genes werédecprized according to their known role in differentiation, as ER¥ociated

(A), and MYL-associated (B) genes. Density plots show the fraction of cells at each expression level
(histograms), allowing direct comparison of the population structure witleceso the expression level of

each gene in all populations. These violin plots also show the variation in gene expression among cells in each
population. The Box plots (right) represent the expression level for each gene in single cells. The central mark
is the median, the edges of the box are th2 &%l 7%’ percentiles, the whiskers extend to 1.5 times the
interquartile range (Z5to 75" percentile) and outliers are plotted individually.
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7.2. Individual progenitor cell expresses opposite lineaggdfiliated genes

promiscuously
Multi-lineage priming is the concept proposed by Enver and others in the 1990s to explain
multipotency®® . It postulates that the multipotent, undecided or indeterminate state is
characterized by the simultaneous expression of the regulatory factors and other genes
characteristicof the prospective opposite fates, such as MYL and ERY fates. This
phenomenon has then been explained by H{my terms of the attractor concept (see
Introduction, Chapters 3.3 and 3.4). In fact the proposed promiscuous tramsespbad
been reported for various progenitor celfs®* 1%t 181182 However, without singleell
resolution analysis it is impossible to tell whether the promiscuity of gene expression
profiles stem from a mixture with pi@mmitted cells or from indidual cells that truly ce
express thgenes of the various lineages.

The heatmap (Fig. 7.4) shows the expression of 19 genes of intecdstifg 13
regulatory, 4 markeand 2control genes Table A.3 in 150 single progenitor EML cells.
The individual cells are ordered according to their level of expression of Scal which serves
as marker for stemness, but also, as was not€&hhmgg et af* for a bias towards the MYL
fate. Genes were ordered according to their functions. Promiscuous expression of ERY
(red) and MYL (blue) specific genes within the same individual progenitor cell was indeed
observed (Fig. 7.4). It seems that as Scal expresgimgases so the number of individual
cells coexpressing the ERY and MYL genes. Moreover, more single cells in®6cal
fraction express ERYssociated genes at higher level while more single cells if'&ta1
fraction express MYlgenes. This would be irgeeement with the previous observation at
populationlevel that EML-Scat® cells are more prone to ERY differentiation while
EML-Scal'" cells are more biased towards MYL linedge
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Figure 7.4. Individual progenitor cell expresses opposite lineageffiliated genes simultaneously.
Heatmap of expression of all transcription factomsarkersand endogenouscontrol genes in single
haematopoietic progenitor EML cells sorted in terms of their Scal marker expression level (light grey:
Scat®™, medium grey: Scd!® and black: Scd1®). Genes were ordered according to their function. It is
clear that ERY (red) and MYLb{ue) associated genes coexpreghinwthe same individual mufibtent cells.

7.3. Cluster analysis of individual c

according to their nominal states
Clustering methods are intended to discopatterns among the dataséti er ar chi c a
clustering generated an ordered series of
represented by a Hierarchical custdrihgeeduires ¢he seteaignrofa m.
both a measure of similarity betweeanmmples (or genes) and a clustering algoritfih
Clustering can be performed for both sampl e
and variables themselves (in this case genc
throughout the different sampl esjor med fanl
si nge lel samples with respectThto Eulcéi degandei
was used as s ibmit Iwaereint yt hme assaaumEbe smeasunegl &
similarity between the <clusteirsg (glegemrit h m
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average |l inkage wasthecdsstdawbéechei wedefgnedpasa

the distances between alll pairs of individu
In order to determine whether the nominal cell type specific expression patterns

would suffice to cluster the cells correctly, we performed hierarchical clustering analysis

using the expression data for our genes of interest in all 1600-selgEamples. Note that

this is not a bidirectional clustering but the genes areapengedaccording to their

function (stemness, ERY, MYL and control gene$)e per f oumedper vi s et

hierarchical clustering Wromouothei ori gdwmcionhg

Il n ot héhre woerldast edness of celdgesne sexdent &g Ini ore

without prior knowl edge of wh iToehclugteongu | at i

dendrogram although noisy but recovered the main groups (cell types) (Fig. 7.5).
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Figure 7.5. Individual cells from three nominal cell types, progenitor, erythroid and myeloid are
clustered together Conventional hierarchical clustering on expression levels for 19 genes from 1600
individual cells collected from control (grey) and cells on thréfemint time points (d1, d3, and d6) along
differentiation of progenitor cells with Epo alone (red);3IGM-CSF alone (blue) and a combination of them
(purple, see Chapter 11). Gene order is supervised with red beingaERR¥iated genes, green are stesane
genes (genes involved in seéfnewal and proliferation of progenitor), blue (M¥¢&lated genes) and grey
(endogenous contrglenes). Gene expression is presented as log2 expression on a color scale from red (high
expression level) to yellow (low expisisn level). Grey shows no expressidine Euclidean distance was

used as similarity measure and average linkage was used for tree building.highest level, there are two
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main clusters of differentiated and undifferentiated cell populatidiierentiated cluster itself divided into

two clusters of ERYike cells and MYLl i ke c el | streatel Gsmainlyhchustes with M¥like

cells (labelled as MYL/COM) however they also generate their own cluster (COM) which would suggest that
they are diferent from MYL cells. Note that the same gene expression data in Fig. 7.2 is clustered here.

Hi erarchical clustering demonsti7khegd th

transcription factors and surface imar ktehres

three nominal cel | types. This was particu
which formed a distinct cluster. The MYL ce
ERY population (Fidgreat®)d. pDipailelda e amimamwed o/ c
MYL cells and to some extent with ENMY cell s

that the same gene expression data presented in Fig. 7.2 is used for clustering here.

7. 4. Di stinct trajectoriesofofprceddnintc
cells with cytokines are revealed by
PCA analysis was performed on the data se
i ndi vidual progenitor and differentiating c
o f t het idatfifem epr ocess. Di stinct trajectori

observed wupon stimulation of the progenitol
and al socombhitmeddet Mmeat ment {fCOM, ditshaus sisorE
c ombirneat ment see | ate6A slkeaeaws onhdtl. ERY Fagd

cells move along two sepatrradatde dt rcaglelcst omo
bet ween t-heedtsachgtelol s) . At day 6 the <cell
cl ear Inye Dbteoctaal | vy separated asceptevpopuwsll gt
transcriptomes inAndhkeerprCMRi pal |l cbinpenen
captures the | argest proportion of ttehe va
progenitor cells from differentiating cell s
di fferentiating cells of the different trea

treated cell s (and atlrsengt eam cs@dniks aefxetde ncte, | |tsh
| oadings of the principal compdnemkpoLRs hdwgt
GATA1 and EKLF contributédrtemattelde poppuadradt ioon
treated cell popul ation (ekipg.es8i 6B) paothers

popul ati ons.
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Figure 7.6.Distinct trajectories of cell movement are observed upon stimulation of progenitor cells with
cytokines. (A) Principal component projections of in total 1600 haematopoietic cells including progenitor
(black), singleERY treated (reghades), singiMYL treated (blueshades) and combingdeated (purple
shades) in the first and second components, from thegsipn of all 17 transcription factors aendogenous

control genes. (B) Principal component loadings indicate the extent to which each gene contributes to the
separation of cells along each component.
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8.1. Background: Genegene and celcell correlation can indicate a

destabilization of a highdimensional state

The model, as explained in sections 3.4.3 and 3.4.4, suggests that cell fate decision is
driven by a bifurcation that first destabilizes thegenitor attractor state. Therefore, one
would see signs of a criticalpittabsfiecatiomr ansi t
events underlie sudhansitions. Unfortunately here we do not have the detailed time course
to observe the classical signs of a critical transition, such as the increasing fluctuation
amplitudes and autocorrelation in time and the slowed down relaxation of outliers to the
center of the attractor as it becomes flatter as the system moves towards the bifurcation
point 1%, But for a highdimensional population it has been propoted the change of the
correlations between the objects (population members, or cells) and their attributes (genes)
can provide the information that can be interpreted as the sign for a destabilization and
critical state transitioh™* *°>.

In brief, it will be intuitively obvious that in the regime of the stable (progenitor)
attractor, the cells are homogeneous (as we have discussed and observed in Fig. 7.1 and
7.3) and thus, the cetlell correlation with respect to their -t@ne state vectorgvhich
represent their attributes) will be high. As the attractor flattens and the diversity of cells
(heterogeneity) increases, the amll correlation will decreaséote that this increase in
heterogeneity will be observed and discussed in Chaptéorl®ansient subpopulations
generated during myeloid differentiatiokn opposite trend will be seen with the gagene
correlation across the cells: in the stable attractor state, each gene is expressed at rather
similar level across the cells and difaces between the behaviaktwo genes with
respect to their expression in individual cells is dominated by stochastic fluctuations. But as
the attractor flattens and individual cells depart from the center, acting as outlier about to
exit the attractgra subset of genes that embody this departure will become correlated.
Concretely, as expression of stemness genes decreases and particular fate genes increases to
push cells towards a direction in state sp
become correlated.

Thus in the followingsectionwe compute first ceitell then gengene correlation

to evaluate these predictions.
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8.2. Cellcell correlation indicates diversification, hence attractor

destabilization
We computed the pairwise cell correlation for 150 progenitor and 500-dERvlated
cells at different days of differentiation (Fig. 8.1A), 150 progenitor and 500 -MYL
stimulated cells at different days of differentiation (Fig. 8.1B) and 150 progenitct=ihd
COM-stimulated cells at different days of differentiation (Fig. 8.1Cg-t £ | | correl a
pl ots clearly show that regardless of trea
cells on d1 of the process 8l The platsrevealed o ge ni
that regardless of the stimulation condition, as differentiation process goes by, similarity
decreases between untreated progenitor cells and the treatedraslisurprisingly, as we
have seen in the cluster and PCA analysee (Sigs. 7.5 and 7.6A). In fact, 6 days after
stimulation, cells are totally uncorrelated with the progenitor cells and therefore these two
cell populations (untreated and tied) are absolutely different.

As expected the correlation between the cells in the nominally distinct states
(different treatments, different time points) was low (Fig. 8.1), and reflected the distances
of cells travelled in the state space which were already visualized e.g. in thel®@CA
Of our interest to detect the critical phase transition though is theeatekorrelation
between nominally same cells (apparently homogenous populatiba) is, the data in the
diagonal of the correlation plot (Fig. 8.1, black boxes). Asipred, the progenitor cells
showed high celtell correlation to each other; correlation among individual cells was
markedly reduced between the cells on d1 and d3 of treatment; suggesting a divergence of
the states of individual cells. Remarkably, on é8-cell correlation increased, suggesting
entry into an attractor state (Fig. 8.1A and 8.1B). It is worth mentioningsthgle-cell
analysis allows us to analyze and compare the relationship/correlation between cells within
an apparently homogenous ptadion belonging to one specific day, one fraction or
subpopulation. This would provide us with insight on compactness or dispersion and the
distance between the cells within one cloud on the epigenetic landscape. This type of
analysis is unique to the gie-cell gene expression analysis and cannot accomplish by
population analysis.

Note that-tfematdd EBRMWIYI, choirghelaalitdh bet w
and “Stallls was obsetlvedowhil at'd &l Wist twias 1
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(Fig. 8. 1A). This represents the Dbimodalit
subpopul ations on d6 of erythroid differen
cytometry histogram (Fig. 6.5). 1tScia% in a
cells are more erythroid differentiated.

Figure 8.1. Pairwise cell correlation.Cell-cell correlation was calculated for the set of 150 progenitor, 500
ERY-stimulated, 500 MYLstimulated and 450 COMtimulated cells. EML progenitor cells (d0) were
stimulated with (A) Epo (to ERY lineage), (B) -B/GM-CSF (to MYL lineage) or a combinan of all
cytokines (C)Pearson correlation coefficient was calculated for all cells and it was considered significant at a
0.01 significance level. Black squares highlight the correlation between cells within one apparently
homogenous population acra$e diagonal. Twaontrol genes were excluded from this analyisM, H
corresponds to low, medium and high level of Scal expression, respectively.

Therefore, Fig. 8.1 suggests that in transition from one attractor to another, as
expected the cettell correlation is reduced while it is higher within the attractor because

the cell population is more homogenous. In other words, the cells within thet@ttare
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more compact and less heterogeneous than the cells in transition. It has been proposed that
the progenitor attractor is larger relative to the attractors for the differentiated®Statais

is in agreement with the obsation of a higher ceitell correlation among the individual

ERY cells (d6) as well as the MYL cells (d6) relative to that between the progenitor cells
(d0). The COMtreated cells exhibited the same trend although it was less clear (Fig. 8.1C)
(will be discussed later in Chapter 11).

8. 3. g@eree correl ation indicates deter
change
Pairwise gene correlation was calcul ated f
for single cells on efaccrh diafyf eorfe ndi fcfoenrde nttiic
numbers (Fig. 8. 2A) and strengehe (Ebgrel8at
increased upon stimulation of the progenit
MYL | ineages. Thisibédhawni omsits ucomnyviestceomtp ov
to exit the attractor, or, to put in an alt
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Figure 8.2. Pairwise gene correlation in cells after stimulation with cytokineqA) Average number of
significant pairwise gene correlation and (B) average absolute value of significant correlation at different days
after stimulation of progenitor EML cells with Epo alone (red)3IGM-CSF alone (blue) or combined

(purple). Pairwise Pearson correlation coefficient was calculated for all 17 genes of interest
(AHemat oNet wor ko, Chapter 2) and it was considered
are SEM, standard error of mean. SEMs were calculated by dividing $Tdguare root of sample size

(which is the number of all possible correlation (17x17)).
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presence of mul tiple substates wit-genethe
caogrel ation is high for the cells within the
deterministic constraint relative to cell s
presence of t wo subpoapulratcitanés owietnttihieat d ibfaf
process. Perhaps the erythroid trajectory
more reg8tated. sub

The | owegenegene®rrel ation for progenitor |
freedom for genes to athaesge ntdbhpendenxtplryes
corresponding to the picture off iandsihnaglsl oawn e
agreement wit h%% ulrh eoyb suesrevda tdiactnas obt ai ned fr

89o0n erythroid lineage commi tnmeanaliyrsi €Mlof
Sca’®D34ryt-hbommdtted pr o§®Distdou! taencdd nScat ut i
compartment s, they reported a few weak pai-r

in their study for the progemetoor EdMLati ol

high and interconnected in differentiated E
anal yzed were similar to ours. Therefore, t
expression coordinatniagmri sstoalgsser ved in the
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9.1. Global comparison of the transcriptomes of apparent neresponders

reveal hidden shift of cell state towards the noimtended fate

Since PCR focused on a small subset of genes, one general, broad question was: to what
extent are the subpopulatiorigat arise after stimulation, which represent the bifurcation,
different at the genomeide level? Specifically, the question is rather: Since the
subpopulation is only defined with respect to Scal, i.e., one dimension of the high
dimensional state spacehat is the nature of those cells that do not doegulate Scal
surface expression? These ecreelslpsonarea sloi kael yh
shown previously®. To address these questions, EML progenitor cell population treated
with the wusual ERY and MYL cytokines; we al
- for the latter see Chapter 11. On d3 and d6 after stimulation with different cytokines, the
main Apeakso in the Scal distribution were
fluorescent activated cell sorting (FACS). The sorted cell subpopulatiere applied to
microarray analysis using Agilent SurePrint G3 Mouse GE 8x60K chip. Fig. 9.1A
illustrates the experimental design for microarray experiments. The transcriptomes were
visualized using the GEDI representation which uses-osglnized mapsot display
transcriptomes in a way that allow for quick visual assessment and comparison because the
same genes are mapped to the same positions on the grid that represents each sample (or
profile) 82,

The GEDI images reveal the expected difference between the erythroid versus
myeloid transcriptomes on d6 of differentiation (sample 4 versus 10 in Fig. 9ThA).

Scat®” subpopulations in the ERY and MYL treatment on d3 (samples 2 and 8 in Fig.
9.1A) had similar gene expression profiles compared to their respective differentiated cell
population on d6 (samples 4 and 10 in Fig. 9.1A), suggesting that the subpopulatits of ce

that lost or dowsmodulated the expression of the progenitor marker Scal were the
subpopulation that responded to cytokine treatment. Interestingly there was similarity
between Scdf®"s ubpopul ati on on d3 of MYL an® ficomb
in Fig. 9.1A) with the Scd®" subpopulation of ERY cells on d3 and d6 (samples 2 and 4

in Fig. 9.1A). Thus, not only the Sc¢81 and Scat®" subpopulations generated by the
bifurcation were indeed different at transcripteteeel but the Scdl®" cels revealed the

phenomenon of #Arebel | i ou'$ Theedldtstdo rosresponde v i o u
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to a given differentiation treatment that is, the $¥Atells at d3, actually responded as if
stimulated with the other program. In other words, the apparentesponders (with
respect to Scal downegulation) respahed in the opposite direction. Specifically, cells

that did not respond to MY¥ireatment, behaved like those that responded to-ERY
treat ment . This behavior can be ‘tHmended pret e
attractor (ERYattractor in the MYLtreated cellsy which becomes more easy to access
when the progenitor state is destabilized (despite the bias towards the intended fate). The
d3-ERY-Scat'¥" subpopulation to some extent resembles the transcriptome of the
progenitor population as well;ithobservation perhaps is due to the fact that ERY cells are
more advanced in their differentiation prograddevertheless, we will see in the clustering

(Fig. 9.1B) later that the @BRY-Scai'®" subpopulation clusters with M¥like
populations rather thaBRY-like.

Scal expression
~
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Figure 9.1: Transcriptome analysis of progenitor, single and combined treated FACS isolated
subpopulations.(A) Schematic illustration of the microarray experimental design. The progenitor EML cell
population was stimulated with the ERY, MYL and COM treatment scheme (Epo alone (ER¥M-

CSF alone or a mixture of all the cytokines). FACS sorting was pegfbtmisolate the subpopulation with

respect to the Scal marker surface expression as indicated at the various time points. Gene expression profiles
were visualised using GEDI for a subset of 6297 genes (each GEDI map was set to 16x17 grid points or
fipisx)I. GEDI -OsganiiSiemd Mapsd to place genes on the
in expressiorbehavior across all the samples. Pixels in the same location within each GEDI map contain the
same group of genes (fiminiclustero) such that t he ¢
compared visually based on the color patterns. Color dlpixdicates centroid value of gene expression

level for each minicluster (log10 units of the microarray signal). (B) Cluster analysis of the microarray
samples with respect to a selected subset of 17 genes. Each row represents a gene and each esdumbsn repr

a different sample. Function clustergram in Matlab R2012a (MathWorks) was used to cluster the samples. It
uses hierarchical clustering with Euclidean distance metric and average linkage to generate the hierarchical
tree. At the highest hierarchiclavel two main clusters of MYdlike and ERY¥like are observed. Input data

was log2 normalized fluorescent intensity signals for genes of interest extracted from different samples and
plotted as a heatmap. Data is from the average of n=2 independentdaibtepglicates.

To investigate in more deta{bs just relying on visual evaluation of the GEDI
maps) the behavior of the 17 genes of interest in our network (as used in theaiingle
gPCR), the normalized florescent intensity signals were extraatebe®e genes and used
as input for clustering. In fact, hierarchical clustering of samples based on the expression of
these selected genes reproduced the same result as seen in the GEDI maps (Fig. 9.1B).
Clustering reveals that there are two main grougheahighest level, MYlike and ER¥
like groupsERY-l i ke c¢cl uster consists of sampies 2,
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ERY-Scat™6 , -EORIV6D ,-MYb-8@i'®6 a n dcOMStf"6  amvd -like

cluster consist of samples 5, 7, 8 and 10 (Fi.®) wh i c-MYL&Scag®64 d-36 d 6

MY L 6 ,-COMeSBat’™s an@O®Mds6 I n fact when using exp
to cluster, the dERY-Scat'¥" subpopulation (sample 3) seems to be more similar to the
progenitor population (sample 1) than the foigepattern.

The study of the individual fatdetermining factors in the neaesponding
subpopulation can also inform us about decision makingredplation of erythroid
lineage genes in the naasponding subpopulation (SE4) generated on d3 aftédYL
stimulation suggest that the decision between erythroid or myeloid decision happens at the
CMP level, i.e. in the EML cells. By contrast,-tggulation of Fl1l, a megakaryocyte gene
in nonresponding subpopulation (SE¥1) on d3 of ERYtreated cellsndicates that the
megakaryocyte/erythrocyte decision happens corresponding to the MEP stage. This MEP
progenitor is downstream of common myeloid progenitor (CMP); it is a more restricted and
more differentiated progenitor.

9.2. Specific genes of oppositlineage are upregulated in Scaf™" (non-

responding subpopulation) in response to cytokine induction

GEDI representation of the microarray results (Fig. 9.1A) provides a picture of the
differences in the global gene expression programs (=whole transcrifgeetebetween

the subpopulations over the time. We would like to investigate that in more detdils
specifically for 17 genes of i nterest i n
Therefore, to evaluate the expression patte
of these genes were extracted from the microarray data set. Fig. 9.2A aad/<tisé fold

change expression of the genes (only those with > 2 fold change) extracted from the arrays
for 3 different cytokine treatments (Asingl
respectively, for latter see Chapter 11). It is common praticenfirm microarray results

using qPCR therefore Fig. 9.2B and D shows the complementary gPCR results for the same

set of conditionsThese results show that for all the genes selected for validation with
gPCR, the direction and magnitude of changeswveensistent with the results obtained

from the microarray analysis except for the case of the CD11b gene. This could be due to

technical problem with the specific probe, and/or, more likely, due to differences in qPCR
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primers vs. array probes with respextisoforms for that transcript that they detect given
that CD11b has multiple isoforms.

The gene expression data of-BRY-Scal" relative to Scaf™ subpopulation
indicates a dowanegulation of the expression level of the erythroid genes (Hbaal, EKLF
and EpoR) and umodulation of megakaryocyte gene (E), myeloid gene (Gfl) and
stem cell gene (kit) (Fig. 9.2A). The trend is reversed for the HRY-Scat®” relative to
Scai™" subpopulation. This confirms that the-BRY-Scat®” subpopulation wa on its
way towards erythroid differentiation. An opposite pattern could be seen f&RY¥6
relative to d3ERY-Scal™" subpopulation confirming the similarity between-ERY-

Scat® and d6ERY samples. Since loss ofkit is a sign of erythroid differefation °
therdore cells in Sca1?" subpopulation have likely not started the differentiation yet.

Microarray data of d3YL-Scat'®" relative to Scaf" subpopulation revealed a
downrmodulation of the expression of relevant myelgahes (GHl and PU.1) and up
regultion of erythroidgenes (EKLF, Fod, Hbaal) (Fig. 9.2B) as already seen in the
GEDI maps, indicating Arebell i ous cell so
subpopulation may in fact contain SESYCD118° cel | s bel ong t o
subpopulationsn Scal/CD11b space state (see Chapter 10). As expected-M¥Ld3
Scat® subpopulation (responding subpopulation to cytokine treatment) showed up
regulation of myeloieenes and dowregulated the erythroigenes, thus they are in the
trajectory of MYL diferentiation. MYL cells on d6, as expected showed higher level of
expression of myeloid genes (PU.1,-Gfi and C/ EBPU and CD11b (] u:

the d3Scat®” indicating that more progressed in the myeloid differentiation program.
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Figure 9.2:Validation of microarray data with RT -qPCR. Bar graphs (log 2 fold change in gene
expression) indicate the correlation of microarray data with real time PCR transcript levels. Cutoff for fold
change is 2 fold. Subplots A and C copesd to ERYtreated cells while B and D refers to M¥teated

cells. Left column (A and C) represent the number of folds of change by Agilent microarray experiment, right
column (B and D) represent the number of folds of change using real time qPCR. &linedmatio (Yaxis)

of more than 1 indicates gene-tggulation, whereas a ratio of less than 1 indicates gene-cegutation.

The X axis shows a panel of genes with 2 fold change in their expression level. Each error bar correspond to
s.d. of n=2 indepndent biological replicates.
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10.1. EML progenitor cell differentiation to myeloid lineage is a multistep

process that exhibitsdistinct meta-stable states
Next we analyzed the destabilization of the progenitor state and bifurcation phenomenon at
the commitment stage in more details. We chose to analyze MYL differentiation for this
purpose because of the availability oé tantibody for MYL differentiation surface marker,
CD11b.

Flow cytometry analysis of EML progenitor cell population upon stimulation with
IL-3, ATRA and GMCSF which are known to constitute a myeloid differentiation
condition (Fig. 10.1A)'* was performed to investigate the pattern of change of the
expression of two surface markers Scal, a progenitor marker and CD11b a myeloid

differentiation marker (Fig. 10.1B) at singtell resolution in a population.

IL-3
ATRA

A ‘ % ) MGM-CSF ‘

A Dayo0 Day 1 Day 3 Day 6 Day 8
i . B
T 4
v
| \
>
A U U U CD11b (MYL
C d1 L d3 dé differentiation marker)
| ol A
E ‘. .‘.\
3
= CD11b expression

Figure 10.1. Scal ad CD11b expression of EML progenitor cells cultured with ATRA, IL-3 and GM-

CSF to differentiate into myeloid lineage (A) The differentiation of CMP in presence of-8, ATRA and
mGM-CSF into MYL lineage (BYhe timecourse investigation of expression @a® and CD11b markers in

cell population at single cell resolution using flow cytometry upon differentiation of progenitor cells with
myeloid cytokines. On day 3 of differentiation, three different subpopulations different with respect to the
expression oCD11b and Scal appeared. (B) CD11b histogram on d1 is unimodal, becemeddtion d3

and again collapses to unimodal on d6 of differentiation. Those three subpopulations are also observed on the

CD11b expression histogram as multimodality. Hereafterwiel | denot e t he three subpc

2.

Heterogeneity of cells within the clonal population in terms of expression of these

two markers was first observed on dO for the progenitor cell population. The cells

147



expressed Scal at highly differéevels, as reported previougty Albeit there was a very

small population of cells that expressed CD11b at low level, we can approximately claim

that progenitor cells, as expectedcupy the ScalCD11b state. Interestingly, three days
after stimulation, t he ori gi amaoldayl ou ndiinsotdrailb
(Fig. 10.1C). The three subpopulations represent different expression profiles with respect

to Scal/CDl1lle x pr essi on, designated U, 7@l1lHn,d 0 as
for the (Scall CD118) and o f/&€D11k) subpopll&icnaThus three distinct
intermediate metastable states coexist at some point along the myeloid differentiation

process.

10.2. Gene expression analysis in bulk cell populations mask presence of

multiple distinct subpopulations within clonal population of myeloid cells

gPCR analysis of EML progenitor cell population differentiation into myeloid lineage (Fig.
10.2) shoved how Scal, a marker of the progenitor state in many tis&yds down
regulated upon induction of differentiation, as is vesbcribed for protein, from flow
cytrometry (Fig. 6.2E). Conversely, CD11lb, a myeloid differentiation marker is up
regulated over the time. Thilk analysis of marker expression masks the presence of three
distinct subpopulations generated on d3 of myeloid differentiation (Fig. 10.1). This
underscores the importance of performing gene expression analysis at singieatetion

to reveal microand macro heterogeneity among cells within an apparently clonal cell
population. Micreheterogeneity is the heterogeneity in expression of a gene or marker
within cells within one single population of cells of nominally the same ¥pMacro
heterogeneity refers to the heterogeneity results from the presence of distinct
subpopulations within an apparently clonal population similar to what we observed for
myeloid differentiation in Fig. 10.1B. Therefore, flow cytometry, a technique-w
established for measuring cell surface protein expression which affords at single cell
resolution measurements of cell populations can uncover the emergence of distinct

subpopulations upon differentiation.
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Figure 10.2. Timecourse bulk gene expression analysis of myeloid and progenitor markers CD11b and
Scal provides no evidence of presence of subpopulations along MYL differentiatioBML progenitor

cell population was induced with 48, ATRA and GMCSF to differentiate into myeloid lineage. Cell
population was collected on different days along differentiation. Each point is an average of 3 biological
replicates of isolated RNA at thedicated time points after induction of differentiation. Fold change of
expression of CD11kblue line)and Scal(grey line)transcripts was calculated by normalizing Cqg of each
gene to endogenous control in samples at different days of differentidétwead¢o control (d0).

10.3. Commitment to different lineages is observed in cells from different

metastable states generated during myeloid differentiation

To recapitulate (Fig. 10.1), we observed that a homogenous population of cells exposed to a
uniform perturbation (stimulation) exhibits spontaneous splitting into three cell
subpopul ations (U, b, 2) (Fi g. 10 .rantyy) . The
homogenous system into distinct, unequal subpopulations (at least with respect to CD11b)
that is not simply noise (which could not explain the structural change of the population by
splitting three discrete subpopulations) is reminiscent of a syywheeaking bifurcation

8 This prompted us to determine the differences between these three subpopulations at the
molecular level. Because we are aware of possible functional heterogeneity even within
subpopulation we performed gie-cell gene expression analysis. First we focused only on
GATA1 and PU.1, the master regulators of CMP cell commitment, in individual cells
sorted by FACSoOqddhretread)t effr @l ACCISe progenitor
myeloid-subpopulations, 3 ¢a after induction of myeloid differentiation. Fig. 10.3 shows

a summary of the differential number of cells positive for expression of these two master

regulators in the progenitor population and MXubpopulatioa The data sugge
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subpopulation is different from other subpopulations at the transcriptional levalu® <
0.0001).

o
S
o

Rk B PU].

—_
]
(=)

FEFE

[
o
o

80

60

a0 -

20 4

Percentage of positive cells

EML-DO o B Y

Figure 10.3. Differential number of cells positive for expression of master regulators, GATAL and PU.1

i n t heopuation telative to other populations. Theo subpopul ati on contains
GATAL (red) positive cells and PU (blue) negative cells. 48 single cells were analyzed for expression of
GATA1 and PU.1 in the control progenitor population -@imulated) and the Myddi f f er ent i at ed
subpopulations. LOD (limit of detection) for each gene was experimentally determined. Sdegblevas

used to evaluate significance of difference. **** denotes comparisons witiue < 0.0001.

Next, we investiated the expression of other genes of interest important in
multipotency and differentiation of common myeloid progenitor (CMP) (in total 17 genes)
and 2endogenous contralenes as control, as defined in
Chapter 2. In total, &l single cells were analyzed including 72 progenitor cells and 48
single cells of each subpopulation. Fig. 10.4 shows heatmaps of gene expression profiles
for the progenitor popul ation (Fig. 10. 4A)
subpopulationKig. 10.4D). Distinct gene expression profiles are observed for single EML
progenitor and the dBIYL cell subpopulations. Genes are ordered according to their
reported role in hematopoiesis (ER¥sociated, stemneassociated, MYtassociated and
endogenos controlgenes) in all subplots (see Chapter 2 section 2.2).

Heterogeneous expression for all genes among the individual cells within the clonal
population in each condition can be observed. Davadlulation of stemness genes (genes
involved in proliferation and multipotency) highlighted with a green box irMML
subpopulations is observed. The expression of faRXbciated genedHp a a 1 , EKLF,
GATAl1l aidAd )beegheup egul ated relatively homogen
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(red box, Fig. 10.B), while MYL-associated genes (blue) wererug gul at ed i n 1
subpopul ation (blue box, Fi g. 10. 4B) . Cel | s
regulate any lineagspecific genes, with the exception that more cells showed an up
regulation of C[L1b myeloid differentiation marker (Fig. 10.4C).
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ERY genes ERsal
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Stemness genes Runx1

MYL genes i
cKit
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CEPBa
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Figure 10.4. Commitment to different lineages is observed in cells from different metastable states
generated during myeloid differentiation. Heatmap representation of gene expression profile for a set of 17
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genes important in multipotency and differentiation of common myeloid progenitor (CMP)ematbgenous
genes as control in total 216 single cells including 72 progenitor cells (A) and 48 swifd of each

subpopulationb ( B) , U (C) and 9 (D). Genes ar-associatedred ed acc
box), stemnesggreen box) MYL-associad (blue box) and endogenouggenes i n all subpl o
subpopul ation seems to consi st of cells committed t
appear to commit to the erythroid |ineageinaThe U

indeterminacystatebut biased towardthe myeloid lineage.

These results suggest that the b subpop

myel oid |ineage while the o0 subpopulation
lineage. Some of tht) cel |l s heterogeneously express |
myel oid associated genes. Thus, the U subpc

but biased towards myeloid lineage (because itregplates the CD11b myeloid
differentiation marker Therefore, singleell gene expression analysis can reveal the
heterogeneity in expression of genes within a population which is not simply dominated by

gene expression noise but exhibit patterns as manifested in the three subpopulations.

10.4. Hematopoietic TFs and markers show heterogeneous expression in

hematopoietic progenitor and MYL-induced cells
Stochastic gene expression (which leads to rheterogeneity) need to be distinguished
from the presence of distinct subpopulatiaithin a population (which represents macro
heterogeneity). Gene expression noise should exhibit unimodal distribution around a mean
level in histogram, such as in the violin density plots, whereas a multimodal distribution is
indicative of distinct genexpression states in cells within the populatiSh (Note that
technically, the spread of a distribution, as represented by a histogram, can either (i) reflect
fgene expression noiseo0o which is more prec
fluctuations in theexpression level of a gene over time; or (ii) refers to population noise,
the almost constitutively different level of expression within individuals in a population
that change little in time. A histogram is a snapshot that makes no statement as (9 (i) or
is the dominating factor in causing the spread).

Singlecell gene expression analysis revealed expected expression patterns for the
transcription factors as well as housekeepers akid. &or example, the-Kit expression
level was highest in progenor with lowest variability between individual cells and reduced

in the differentiation populations (green box, Fig. 10.5). The distribution of expression of

152



control gene GAPDH is unimodal with a rather narrow peak indicative of low variations

betweenindi i d u al cell s. But thatds not the case
AN o
P (progenitor)
TBP Gapdh o subpopulation
Y ’ * Y subpopulation
, " ERY genes
Stemness genes
ckit cMyb Gata2 Runx1 sl MYL genes
Control genes
c | | P
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Figure 10.5. Hematopoietic TFs and markers show heterogeneous expression in hematopoietic

progenitor and MYL -induced cells. Violin plot representation of expressiqlog2Ex) for 19 genes in

individual cells of untreategrogenitor and MYLt r e at ed U, b and o9 subpopul atio
cell subpopulation in clustering heat map. Genes are categorized according to their role in differentiation as
stemnessERY-associated and MY4affiliated genes. These density plots show the fraction of cells at each
expression level, allowing direct comparison of the cell population structure with respect to expression level

of each gene in these 4 populations.

Upon differentiation of EML progenitor cells to MYLthe expression of genes
becomesbimodal and heterogeneous. EML progenitor cell population show unimodal
(uniform) distribution for the majority of genes except for CD11b, EpoR, Hbaall, &fd
GATAl (blue and rd boxes, Fig. 10.5). Therefore, suggesting that a homogenous
progenitor cell population may be divided into subpopulation of cells regarding expression
of these genes. Progentars soci at ed genes?o expression b
differentiation, indcating 2 subpopulations of cells, one with high and one with low
expression (e.g. PU.1), or the distribution became wider, indicating higher level of
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variability between individual cells in the expression of genes (&, c-Myb, GATA2)

(green box, Fig 10.5). For those ER¥ssociated genes expressed in the progenitor
popul ation and/or U and b subpopul ations, t
in the o9 subpopulation expression was uni mc
in distribution to higher level of expression (e.g. EKLF, EpoR, -Epgwith lower

variability (narrower distribution) which indicates that cell population is more homogenous
with respect to the expression of these gen

pattern in the o2 cells is in lIine with the

10.5. Cell heterogeneity increases upon destabilization of the progenitor

cel | popul ation into U subpopulation
The next question we try to address is the fundamental principle of change of state in a cell
popul ati on. First, we sought to determine
transition from progenitor popul ab,iten t o
expression level of myeloid s soci ated genes in the U subpc
expected to be between those of the progen
subpopulation; in this way cells in transition can be detected. Indequteédicted behavior
was observed for MYlassoci ated genes (PU. 1,-1g¢De$)lb, C/
(Fig. 10.5, blue box).

We can go further and invoke the concept of critical phase transfffomhich
explicitly postulates a destabilization of the cell state during the state transition. If cytokine
stimulation that induces the differentiation process actually initiates this process by a
destabilization bthe progenitor cell state, that is, if the fate commitment reflects a critical
phase transition, then this destabilization should be manifested ia #ubpopulation.
According to the ideas of crisis and critical phase transtf8rt®® that suggest during
destabilization of a cell population, one would see an increase tneteltariability with
respect to the gene expression patterns and a decreaseagegenariability for certain set
of genes. The latter would be misted as modules of genes that exhibit increased gene
gene correlation because these are the genes that are involved in driving the change of state.

We will observe this prediction later in Fig. 10.7. Therefore:
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(a) First, we examined the ce&éll variahlity with respect to their gene expression
profiles. Correlation coefficient (CV) which is a measure of dispersion was calculated for
all genes in single cells of each subpopulation and the distribution of CV was plotted for
those single cells (Fig. 10.6)f upon stimulation and induction of phase transition, a
destabilization happens and as a result the
gene expression in this subpopulation must be higher relative to progenitor population. Fig.
10.6Ashoe t he number of <cells at different | ev
subpopul ation have higher | evel of CV. It
subpopulation in compare with progenitor cell population. Fig. 10.6B revealstlfiatti
the diversity and variability for cell s i1
subpopulation. Another approach to observe thecedlllheterogeneity is to calculate the

cell-cell correlation which is expected to reduce in the destabiditzdd (see section 10.6).

A

ja subpopulation -
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: I]‘ EIEI TEIIEI TEI:EI ZE‘ID
= E—
o os 1 1 Single cell index
" 1 Untreated progenitor,_r|_’_l_I=
e i 9
Single cell cv
Figure 10. 6. Gene expression variation increases in
progenitor population. Progenitor cell population stimulated with ATRA, and3land expression of 17 TFs
and 2endogenous contra enes was measured in single cells with

subpopulations 3 days after differentiation. Coefficient of variation (as a standardized measure of dispersion)
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was calculated for all gene expression withincell a specific population. (A) Histograms representing the
number of cells at different | evel of gene variatior
CV. (B) The same data in a diff er e mton(fackrbloghasat o be a
|l arger dispersion (ightbmdg)i ve to b subpopul ation

(b) Second, we searched for gene modules that exhibit increased correlation, as
shown in the correlation matrixes of Fig.
increase in gengene correlation for the genes involved in stemness, which jointly showed

a decreased expression (Fig. 10.4C, more details in section 10.7).

10. 6. Cells in the o9 subpopulation a
and cel | ssubpapulaionsa nd b

A different approach to analyze the cell variability is to calculate theceklcorrelation.

To obtain a global view, we computed eedlll correlation between all the 216 cells (with
regard to each oneds ¢tuad thesuhgpopaaions. Barwiseat t e
cell-cell correlation reveals similarities between cells with respect to their gene expression
profile. Single cell gene expression analysis provides the opportunity to study and compare

not only different cell populatns, as widely done with whof@pulation microarray
measurements, but also the cells within one population. High correlation between the cells
within each population indicates that they are quite similar to each other. Fig. 10.7 shows

that progenitor ced ar e most similar to each other
subpopulation seem to be less correlated (blue, box) which is another way of seeing the
increased variability discussed in Fig. 10.6, which reflects destabilization and increase in
diversityi n t he U subpopulation. Cells within th
with other subpopulations, indicating that these cells are quite different, set apart from the
other subpopulations.

I n fact, as we o0bs er vpalaton icansists iofgcells thad . 4 ,
committed to ERY lineage. Since we have stimulated the cells for myeloid differentiation
(ATRA and I L3) the o9 subpopulation represert
space in just the opposite direction from tleesrt . We refer to them a
since they rebel against the instructive signal. Their very existence is consistent with the
destabilization of the initial state in th

subpopulation are correlate wi t h bot h the b subpopul ation
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di fferent | evel (Fig. 10. 7). It makes sens
(untreated) p r o g e nsubdpapulatiort ddcduse theyh eepresert httee b

destabilized state.

Figure 10. 7. Cells in 92 subpopulation are totally ¢
subpopulations.Pairwise Pearson ceikell correlation for all the single cells sorted on dO and d3 of myeloid
differentiation was computed (induced with-BLand ATRA cytokines). Cell correlation was calculated for 72
progenitor cells al ongb waindh 24 8s udpeprsbpscotridationnooptiiaenth o f U
was calculated for all 17 genesf interest (6 He mat o Nievb emdogekaus cosrad e Chap
genes. Pearson correlation was considered significant at a 0.01 significance level.

10.7. Gens become more correlated upon perturbation/stimulation of

EML progenitor cells with cytokines

In a similar vein, but more broadly interpreted, modules of genes defined by their high
genegene correlation, as well known from microarray data analysis reflect genes that share
the same biological function. Pairwise gene correlation was calculatet 1® genes in

all 216 analyzed single cells. In entire data set (a 19x19 correlation half matrix), a strong
correlation among -kit, Scl, GATA2, and eéMyb is observed. In addition, there is also
strong correlation between GATA1L, Hbaal, EKLF and EpoR (FOgBA). Pairwise gene
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correlation analysis across all 216 hematopoietic cells revealed both positive and negative
correlation.

To establish whether such regulatory relationships were stable or dynamic during
differentiation, we repeated the correlationalysis for each of the subpopulations
individually. Both positive and negative correlations changed upon differentiation. For
instance, particularly strong negative correlation between EKLF antl \Was observed
only in progenitor population (Fig. 10.8B} seems that EML progenitor population on dO
have few strong correlations between the genheprecisely as explained above in
conjunction with the critical phase transition theerpecause within the attractor state
genes fluctuate (due to micheterg@eneity) around the attracting point. In other words,
assuming a higher degree of freedom in untreated resting progenitor cell population, it
makes sense to have least number of gEme correlations (Fig. 10.8B). A notable
exception is on dO (progenit@ML cells, control) which EKLF and FIL show ant
correlated relationship with P value of 6.2Bdsignificant strong antorrelation) (Fig.
10.8B). EKLF is required for erythroid differentiation and -Fliis required for
megakaryocyte differentiatioff. This makes sense because the EML population express
Ter119 marker which is an early marker for megakaryocyte/erythrocyte prog&fitor
Therefore, this data suggest that some progenitor cells among the untreated EML cells are
Apri medo towards the megakainyhe ENMLtpegenitoryt hr o
population but not yet committed to either of theselmdnges due to cross antagonistic
relation between EKLF and Fli. Spontaneous differentiation of EML cell population into
megakaryocytetythroid progenitor has been reportéd

Upon stimulation of the progenitor, gene expression becomes more correlated (Fig.
10.8). The U subpopul ati on, dapayshigherdeeepaf e s e n't
gene correlation relative to progenitor cells with respect to the stemness genes, as discussed
above (Fig. 10.8D, green box). This is what we expected to see according to critical phase
transition concept, increase in correlatidngene module that pushes the cells out of the
progenitor attractor (Chapter 8). However,
(which we interpret as committed but not yet fully differentiated states) still has a lower
level of gene correlation (i 10.8D). The highest number of positive pairwise ggeree
correlation was obser ve d-committed sulbpepuldtions (kidh p o p u |
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10.8C) which makes sense in that the perturbation was stimulation for myeloid
commitment. By contrast thieighest number of negative pair wise gene correlation was
observed for o9 subpopulation (the unintend:¢
10. 8E) ) . However, al |l negative correlationr
for the ones betwedrgr-2/Hbaal, Eg2/c-kit and CD11b/Hbaal. In fact Egris involved

in weak negative correlation with a few other genes as well. Egr2 is activated by PU.1 and

is a regulator of many macrophasjeecific gene&?.

All data
A Bx

ERY genes Color Key
Stemness genes I I
MYL genes 5 L E

Correlation

Control genes
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Figure 10.8. Genes become more correlated upon perturbation/stimulation of EML progenitor cells

with cytokines. EML cell population was stimulated with ATRA and-8.on day 3 after treatment when the

three distinct subpopul at i on sorrdlation wds ,calcalated foroa)l 21& p p e a r ¢
single cells from progeni t orgene tbrrelafion ealtudated segamtplyforat i o n .
single cells in the progenitor population ( B), b su
(E). Pearson correlation coefficient was calculated for all 17 genes of interest (HematoNetwork, see Chapter

2) and twoendogenous contr@enes Pearson correlation was considered significant at a 0.01 significance

level. The progenitor shows the leastd lowest gene correlation while the genes become more correlated

upon differentiation.

The main observation here is that EML progenitor population shows uncorrelated
expression of genes that become more correlated upon differentiation, reflecting the
actuation of the regulatory interactions.

10.8. Cell populations can be resolved by differential network activity

states (gene expression profiles)

Af ter having analyzed the data 1in a HfAsup
subpopul ation (untaileangd aprgo gemiotcged =IR,0, orwe
performed hierarchical clustering and prin
data for our transcription factors in all/|l 2
order to determine whether the subpopul atic
cells ¢taccectdlywyg to our 4 nomedcmadsssubdfpopel
determined using only the gene expression

popul ation a cel/l originates from. Standa
optimizati on, demonstrated tywatr asmescriNn@teir oIk
and surface markers all owed the partitionin

was particul asuppaoepelat ifom whiech for med a ¢
progenitor cells for medmastubdeusd welratcilemrdrnyd s
entirel wysbpompthat i os;ubwlhheue ad iome was i nt el
the progebstlopomawmldatihen clusters (Fig. 10.9

Principal component analysis (PCA) <confi
Here =each data point r-eqpded entsoradisnign gtl e
subpopul ation it belongs to (Fig. 10. 9B) . F
| argest proportion of theosvwlrpapuloant bionn tfhrec
subpopul ati on, andbopabpomull gt itbenp fprapra & & th @
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Figure 10.9. Three molecularly defined subpopulation in MYltreated population on 3 days of
differentiation. (A) A hierarchical biclustering of expression levels for 19 genes from 216 individual cells
collected from control and 3 subpopulations of Mifeated cells according to Scal/CD11b flow cytometry

dot plot. Cells are defined as untreated progenitor (P)LMY eat e d

subpopul ations b

expression is presented as log2 expression on a color scale from red (high expression level) to yellow (low
expression level). Grey shows no expression. The Euclidean distance was used as similarity measure and
avaage linkage was used for tree building. (B) Principal component projections of the 216 hematopoietic
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progenitor cellgblack pointsland MYL-t r e a (darkdblueddpoints) (light blue points)a n d(pink points)
subpopulations, in the first and secondnponents, from the expression of all 17 transcription factors. (C)
Principal component loadings indicate the extent to which each gene contributes to the separation of cells
along each component. Colors indicate the nominal subpopulation a cell belcagyshown in (A).

The | oadings of the PCA indicates that
contribute to theulspemuladt idosnu bfproginhled h e on
component <kjtwhlpmhbeaseci mportant actowstdomg
known expression patterns i n t hese popul a
indi cat es tlhsautb pooeplullsatiimnt {¢ he undeci ded st
|l eads from the progenhmudpopol athicoomy. etlhodi da a
clustering Ucfel mabjsavrbiptoypudfati on cl early indi

undeci ded but biased towards myeloid |ineag

10. 9. Re s c ue /Gbilb)tshbpopulation( b ergtiiropoietin

(Epo) cytokine

So far we have observed that wupon inducti or

cells a fArebelliouso that i s, uninteonded st

subpopul ation (Fig. 10. 1A and Fidg. sup@.hdabd) .

specific stimulation of differentiation to a particular fate a small but substantial proportion

of cells leave the undifferentiated multipotent cell state but instead commit, at least

initially, to the fAwr on gigs ctllainée wrdhg flate and s ub

based on the analysis of gene expression profiles, it seems specifically that these cells are

committed towards the erythroid lineagdespite absence of an external instructing signal,

thus in a spontaneous manner. Thasras to provide evidence for the selection model of

the fate decision as we discussed in Section 1.4. The cells, spontaneously, or upon a generic

destabilization of the multipotent state, but without explicit instruction, adopt a particular

cell fate. Howeer, according to the selection model these cells would die at later stages

because they lack the appropriate survival and growth factors; the medium favors (by

designed) the myeloid differentiation and thus erythroid cells would not survive. Therefore,

weasked whether cells from the o9 subpopul ¢

cytokines such as Epo. I f these 9 cells su

woul d be evidence t hat -likehcells. in factad Rigsl0.18B e i nd
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and 10.10E reveal Epo is capable of rescu
increased upon exposure of this subpopulation to the cytokine and cell viability was quite
high. Rescue of the 9 subpopul atselastonddy Epo

spontaneously committed cells by the appropriate cytokine.
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Figure 10.10. Quantification of proliferation and vi

proper and inappropriate cytokines.EML progenitor cell populatiodifferentiatel into the myeloidlineage
according to MYL differentiation protocpl on day 3 (dawkrbliecurdg) light biue turve)

a n d(pirk curve)subpopulatios emerged. These subpopulatiodeng with progenitor untreatetblack

curve) as control were FACS sorted for expression of progenitor marker, Scal and myeloid differentiation
marker, CD11b. Antibody was remov&dm sorted subpopulatiorsy applying low pH buffeand the sorted
subpopuléions reculturedseparatelyand cytokines wreimmediately added to each cultuae concentration
suggested in differentiation protocoach subpopulation was treated with either Band E)or IL-3/GM-

CSF(C and F)separately. Each subpopulation with@ytokines was used as cont(él and D) Total cell
number(left column, AC) and viability (right column, EF) was quantified on day of sorting (d3) and for 4
days after sorting using ViCell. Viability was analyzed by percentage of live cells basecdtlading the
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Trypan blue dyeEach point corresponds to the averageStTt D f or 2 bi ol ogi cal replic
was rescued by Epo cytokinagtal cell numberB) increased upon exposure of this subpopulation to the
cytokine and cell viabilit{E) was quite high.

Thus, this result supports the concept of fate commitment by selection as opposed to
instruction (see Section 1.4). Specifically, fate determining external signals act not only
through deterministic instruction but also via selection of cells that stacdibstluctuate
bet ween microstates, such that the fate det
cells in a heterogeneous population that happen to express the appropriate configuration of

key regulatory factors.

1 0 . 1sObpopuation originates from Scai® EML fraction

Emergence of the 9 subpopul ation suggests t
in the absence of any external instructions or cytokines, as long as the progenitor state is
destabilized. A specificeghnge i n the progenit chcandesuiinoc hem
the destabilizgon of the progenitor state without specifying the lineage which case the

cell becomes susceptible to the ewtternal fatedetermining factors which impart a

deterministic push to either fateln addition stochastic fluctuation in gene expression

woul d then push some cel | s ‘eridting atfiacttr statevr o n g
that represents that o state (see Fig. 11.6
) Subpopul ati on come from? Ar e lydlely tocel | s
Afluctuateo into the o9 attractor? We alrea

progenitor population express Ter119 marker, an early marker for erythroid progéhitor
Therefore, megakaryocyte/erythrocyte progenitor cells (MEP) are spontaneously generated

in EML population, according to the stochadselection theory. On the other hand, we
observed that the outlier cells in the progenitor population, 8tahd Scal®" cells are

primed to ERY and MYL fates (Fig. 7.4). Moreover we also already know that th&%cal

cells in an EML population are more pronedifferentiate into erythroid*. Thus, we
hypothesize that the cells in the S®¥1fraction are enriched for cells in the state that
woul d most prone t o be alonstrctiom. Te dréctlystestwhist h o u t
hypothesis we sorted the 3 different fractions in the original Scakleghle distribution of
progenitor EML population as previously reportéd and then induce myeloid
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differentiation in each fraction (Fig. 10.11). All three fractions were able to populate the
observed U, b and o9 subpopulations during
the rates and proportions were different for théed#int fractions. We observed a tendency

of Scat'"cel ls to generate more efficiently the
Scat*i ndeed tended to d¢"®mepuwltaet od cligpulatons fTch es ¢
equally. Therefore, stimulativof FACS sorted Sca?” fraction in EML progenitor cell

population toward myeloid fate uncovers the tendency of this"St&action to populate

mainly o subpopulation (Fig. 10.11, with 1Iwv

Figure 10.11: Myeloid developrent in three FACS sorted Scal fractions of EML progenitor

population. EML progenitor cell population was gateaénd FACSsorted for Scal progenitor marker

expression into 3 fractions of S¢84, Scat™ and Scal¥". These three sorted fractions wémduced by

myeloid cytokinedollowing the MYL differentiation protocolThe behavior of sorted fractions was analyzed

by Scal/CD11b expression measuremeiit. three Scal fractions werabl e to devel op U,
sutpopulations after additional three dagf differentiation (at d7). But they did so to distinct degrees: The
Scaf"fhad a pronounced b s ubBpforpaucltaitoino nmowshtel rye aosc ctuhpei eSdc at

10. 11. The 9 subpopul ation gene expr
erythroid -differentiated cells

Next, we determined whether tliec e Iwhich spontaneously commit to the MEP or
erythroid lineage fully or only partially resemble those cells formally instructed to commit

to the erythroid lineage by Epo (see Chapter 7). Toere pairwise ceitell correlation
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