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Abstract 

Cell fate decisions in multipotent progenitor cells are believed to be regulated by 

gene regulatory networks (GRNs) in a deterministic way. However, observation of cell fate 

behavior of individual cells point to stochastic process. Stochasticity is manifested as 

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 system we studied the multipotent 

common myeloid progenitors (CMPs) with the capability to commit to the erythroid (ERY) 

or myeloid (MYL) lineages and used single-cell RT-qPCR technique to measure in 

individual cells the expression of a set of transcription factors (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 TFs is the basis of priming otherwise 

identical cells for the downstream lineages of ERY and MYL. The cells that happen to be at 

opposite ñbordersò of the progenitor attractor basin displayed a bias towards the opposite 

prospective lineages. Second, analysis of 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 

bifurcation, or ñcritical phase transitionò, in which the progenitor attractor state is converted 

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-gene 

correlation increased (a sign of GRN activity), while cell-cell 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 revealed the transient 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 



 
 

iii 
 

destabilization. This finding reveals that cytokines operate by selecting a latently present, 

rather than instructing the 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 cells to simultaneous exposure to both the ERY and MYL 

cytokines. We discovered evidence for both mechanisms in 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 cell biology and for 

understanding how multipotent cells choose their fate during development 
1
. Sustained 

blood cell production throughout oneôs life is the responsibility of the rare cells in the bone 

marrow called the hematopoietic stem cells (HSCs). These cells are able to self-renew 

(generate more HSCs through cell division) and also differentiate into the progenitor cells 

which commit to a variety of blood cell lineages during a process called hematopoiesis. The 

HSCs are functionally defined by their multi-lineage and the long-term reconstitution 

potential when transplanted into irradiated mice. They constitute approximately 1 in 10,000 

nucleated 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 
2
. 

Blood cells are derived from the mesodermal layer in the embryo via unknown 

steps. Blood cell development occurs 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 these two compartments is still debated 
2
.  

The decision of an HSC to undergo differentiation is associated with the loss of 

self-renewal potential and leads to the generation of a multipotent progenitor, MPP which 

is a so-called transit amplifying cell that can undergo limited rounds of cell division before 

differentiating into a series of progressively lineage-restricted 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 transplantation 
1
. The 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 hematopoiesis (Fig. 1.1) starts with the long-term hematopoietic 

stem cells (LT-HSCs) that have the ability to self-renew during the entire life span of an 

organism. The LT-HSCs develop into the short-term hematopoietic stem cells (ST-HSCs) 

that contain limited self-renewal activity 
3
 
4
. The ST-HSCs, in turn, differentiate into the 

multipotent progenitors (MPPs) which cannot self-renew but are multipotent as they can 
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further differentiate into the progenitors either of the megakaryocyte/erythroid/myeloid cell 

fate, named the common myeloid progenitors (CMPs) 
5
, or alternatively, into the 

progenitors that have the potential to become the lymphoid cells, named the common 

lymphoid progenitors (CLPs) 
6
. 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 (MEPs) 
7
 
4
. 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 MEPs develop into the erythrocytes (ERY) and the megakaryocytes. T and B 

lymphocytes are generated from the CLPs. 

 

         

Figure 1.1. Diversification of the hematopoietic lineages. The long-term (LT) and short-term (ST) 

haematopoietic stem cells (HSCs) provide long-term (more than 4 months) and short-term reconstitution in 

lethally irradiated mice. According to the model established by the Weissman group, the ST-HSCs produce 

the MPPs, which have lost self-renewal potential but are still able to generate all the haematopoietic cell 

lineages. The CLPs give rise to T and B cells and the CMPs give rise to granulocyte/macrophage progenitors 

(GMPs), megakaryocyte/erythroid progenitors (MEPs), and mast-cell and basophil progenitors. Adopted from 
4
. 
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After almost three decades of success in molecular biology in identification of 

central regulator genes, there is still controversy and debate around basic principles of 

ñhowò adult hematopoiesis exactly happens. It is worth mentioning that the most common 

steps involved in the process were mentioned above as has been worked out by the 

Weismann laboratory 
3
. There are other models describing hematopoiesis - for example the 

generation of MEP directly from HSC 
4
 and/or the generation of the lympho-

myelomonocytic progenitors, also called Lymphoid-primed multipotential progenitor 

(LMPP) without MegE potential 
8
 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 indicates, hematopoietic development is a hierarchical, multi-

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 ultimately 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 and remolding proteins, such as the histone modifying factors, the 

histone methyltransferases or deacetylases 
9
 
10

.    

Hematopoietic proliferation, commitment, differentiation and survival events are 

also coordinated at the level of  direct interactions between cells 
11

, and between cells and 

the extracellular matrix components of the surrounding microenvironment 
1
, and the 

interactions with soluble factors 
12

 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, recently regulatory RNAs, such as MicroRNAs have emerged as important 

players 
14

.  

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 
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combinations of transcription factors that determine the fate of the hematopoietic cells to 

such signals arises from extrinsic or intrinsic regulatory factors. 

In the following sections, I 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 cells that 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 between promotion of survival and growth of committed 

cells or actually induction of the commitment is at the center of my question and discussed 

later ï see section 1.4). 

Thus, one of the interesting features of the cytokines is their poly-functionality; 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 their redundant function; they 

can have identical or widely overlapping effects on the same target cell 
15

. Cytokines 

mediate their actions by binding to their cognate cell surface receptors whose cytoplasmic 

regions contain specialized 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 phosphorylation 
16

. 

The majority of the hematopoietic growth factors including IL-3, 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 non-receptor kinase protein that then 

induces the protein tyrosine phosphorylation cascade. One example family of non-receptor 

protein tyrosine kinases termed Janus kinases (Jaks) which associates with the intracellular 

portion of the receptors and are activated following ligand binding and conformational 
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changes of the receptor protein 
17

. Activated Jaks phosphorylate the receptor creating 

docking sites for some proteins that couple the receptor activation to the activation of 

multiple pathways, including Stat, PI-3K/Akt, Ras, and MAPK. 

Phosphorylation of Stats induces their nuclear translocation and DNA-binding 

activity. Stats can bind to a variety of target genes. For instance, Stat5 may be responsible 

for promoting the survival of the differentiating cells via regulation of the anti-apoptosis 

gene, Bcl-2. Stat3 can promote differentiation by up-regulation of the cyclin-dependent 

kinase inhibitors or down-regulation 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 C/EBPs 
18

. 

Upon phosphorylation and activation of the Ras pathway, MAPK (mitogen-activated 

protein kinase) becomes activated and induces expression of some genes, such as c-Myc 

which results in stimulation of proliferation.  

The cytokines can act on different stages and lineages of the hematopoietic system. 

Some cytokines promote the growth and survival of more than one hematopoietic lineage, 

such as SCF, IL-3, and GM-CSF. In contrast, other cytokines act primarily on a particular 

lineage of the cells such as G-CSF, M-CSF and Epo 
15

. (For a review of growth factors 

regulating hematopoiesis refer to 
16

 
15

). 

 

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 factors (TF) that are the major 

drivers of differentiation. Major deviations from normal regulation by TFs due to 

inappropriate expression patterns of TFs can lead to  malignancy 
4
 and cause 

reprogramming 
19

. Some transcription factors are required in multiple cell types, and more 

than one transcription factor is required to specify a 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 function together by forming a larger gene regulatory 
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network. The transcriptional regulatory networks describe the interactions of transcription 

factors with their cognate cis-regulatory elements of the target genes on DNA to control 

gene expression pattern across the genome and thereby, control cell phenotype, function 

and cellular decision making 
20

 
21

.  

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 decrease in the number of cells in a 

given lineage 
8
. These transcription factors function in a context-dependent manner and are 

re-used over and over at different stages of HSC 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 development 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 decision 
22

. For example, the 

quantity of C/EBPŬ TF is important for generation of mast cells from the GMP cells. The 

graded reduction of this TF by transduction of anti-C/EBPŬ RNAi revealed that the mast 

cell generation frequency is inversely correlated with the level of this TF 
22

. The order of 

expression (timing) of C/EBPŬ and GATA2 can determine if GMPs differentiate into 

eosinophils or basophils. The enforced expression of C/EBPŬ and then GATA2 results in 

generation of eosinophils and vice versa. Therefore lineage commitment can be regulated 

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, which can make the process of lineage choice stochastic. This process is 

also called ñintrinsicò because in the absence of external signal, the sheer random 

fluctuations of key regulatory factors may at some point achieve by chance to such high 

level that afford cells with an ñinternalò configuration to commit to a lineage. 

Therefore, orchestration of the hematopoietic developmental program by the 

transcription factor network is achieved via cooperative gene regulation, via synergistic and 

inhibitory protein-protein interactions, promoter auto regulation and cross-regulation, 

regulation of factor levels, and induction of cell cycle arrest 
23

.  
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Regardless of whether the lineage commitment and subsequent differentiation of the 

multipotent cells follows the scheme of intrinsic or extrinsic causation, it is driven and 

controlled by the expression of specific combinations of transcription factors that can 

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 role in the common myeloid 

progenitor fate decision into its downstream lineages, the erythroid and myeloid lineages 

refer to 
24

 
17

. 

 

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 any immediate change in morphology or expression of the 

membrane proteins or regulatory receptors 
25

. Commitment is an irreversible process and 

not susceptible to change 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 (external 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 the mechanisms 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: 

 (i) The first model of cell fate control is referred to interchangeably as the 

stochastic, intrinsic, permissive or selective model. Here lineage commitment is 

ñintrinsicallyò determined with cytokines that provide growth and survival signals to cells 

that have already intrinsically, that is, without external cause or specific instruction, 

committed to a lineageï hence the signal does not enforce a particular lineage, but just 

facilitate expansion of already committed cells ï hence are ñpermissiveò. In this model, fate 

determination is seen as primarily driven by a program of transcription factors that activate 
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unique pre-existing programs of gene expression and also exert inhibitory effects on 

alternative lineage gene programs by directly antagonizing the action of opposing 

transcription factors 
2
 

26
 

27
 

28
. Thus, in modern terms, this is in essence the same as the 

concept from dynamical systems theory that cell fates are ñattractor statesò of gene 

regulatory network ï akin to potential wells in gene expression state space: latently pre-

existing preferred stable states. Driven by gene expression noise (hence ñstochasticò) cells 

near such attractors (ñprimed cellsò) can ñaccidentallyò fall into the potential wells and 

commit to a fate. Attractors are stable and self-stabilizing gene expression patterns. The 

latter encode a specific genetic program among which is the expression of lineage specific 

cytokine receptors that provide responsiveness to the appropriate ñlineage-specificò 

survival, proliferation and differentiation signals. In summary, in this model the initiation 

of the stem or progenitor cellôs commitment is thought to be triggered by internal stochastic 

fluctuations of regulators, such as transcription factors and leaving cytokines only the role 

to ensure survival and proliferation of the committed progeny cells 
25

 
12

 
7
. 

(ii) In the second model of cell fate regulation, interchangeably referred to as 

deterministic, extrinsic or instructive model, the focus is on external factors, including 

niche 
29

 and cytokines 
12

. These signals explicitly convey specific signals to the multipotent 

hematopoietic cells that are transmitted to the nucleus to operate gene expression. External 

signals are instructive in that they ñtellò the multipotent cell which genes to turn on or off in 

order to take a particular developmental path to realize the lineage-specific gene expression 

pattern 
2
. In other words, external signals impose the genetic program to the cell by 

activating or repressing the appropriate set of genes via signal transduction cascades. In 

principle, in this model, a gene regulatory network (and its associated self-organizing 

dynamics) is not necessary. The instructive model recognizes the role of transcription 

factors but proposes that cytokine signaling also plays a fundamental role in lineage 

determination 
25

. In the modern version, of course TFs are part of the instruction, but the 

instructive model is compatible with 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:  
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(1) Studies using knock-out 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 process 
26

. For example, in the absence of GM-CSF no deficiency has 

been observed in the production of the myeloid cells. Moreover, overexpression of the 

receptors in progenitor cells showed no bias in lineage output. It is noteworthy that 

although lineage commitment 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 maturation 
25

 
12

. 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. For example, a chimeric receptor consisting of an extracellular 

domain of G-CSFR and intracellular domain of EpoR did not redirect differentiation 

towards the erythroid lineage nor disturb formation of granulocytes 
8
. 

(2) Analysis of the structure of cytokine receptors 
26

 demonstrated that although the 

extracellular ligand binding domains are specific, many receptors share 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 G-CSF receptor, could this be 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 

undetectable 
26

 
25

. Therefore, the growth factors cannot instruct the cells if their receptors 

are not present on the cells. Nevertheless, progenitors respond 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 cells 
2
 

9
 

through gene targeting in mice. GATA1 and PU.1 are master regulators for the 

erythroid/megakaryocyte 
30

 and the myeloid 
31

 differentiation respectively and promote the 

transactivation of a large arrays of effector genes that implement the erythroid or 

myelomonocytic program. Upon ectopic expression (retrovirus) of TF GATA1 in 

progenitors, they reprogrammed into the erythroid, megakaryocyte and eosinophil lineages. 

The lineage outcome was correlated with the level of expression of this protein in 
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progenitor cells. A similar reprogramming phenomenon has been observed for over-

expression of TF PU.1 which transforms the progenitors into myeloid cells. PU.1 also has 

been found to exert concentration-dependent effects on differentiation. Moreover knock 

down experiments suggest the same instructive role of these two TFs 
8
. 

(5) Suppression of self-renewal by withdrawal of growth factors from progenitor 

cell culture while cell death was suppressed by overexpression of Bcl-2 resulted in 

differentiation and maturation of many cells 
32

. Thus, just the release of the generic 

suppressor of differentiation that maintains the multipotency, commitment to specific 

lineages is induced. This suggests that perhaps cytokines are not necessary even for 

maturation initiation. 

(6) The simultaneous expression of lineage-restricted regulators at low level has 

been observed in the HSCs as well as multipotential progenitors 
33

 
34

 
8
. This phenomenon is 

called multi-lineage 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 resolved once the progenitor cell has made 

its choice and committed to a specific lineage by selectively up-regulating proper genes and 

down-regulating inappropriate genes. The decision and commitment would be reinforced 

and stabilized by auto-up-regulation of one factor and cross-inhibition 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 multipotential CD34+ cell level 
33

 . Priming therefore appears to be 

restricted to genes expressed in the physiological progeny 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 genes 
33

. In 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 precursors to rapidly respond to environmental cues 

33
.  

One molecular mechanism that has been proposed for initiating and resolving the 

mixed lineage gene expression patterns of progenitors during cell fate determination is the 

antagonistic interplay between primary lineage-determinant factors. Fig. 1.2 illustrates a 

simple scheme explaining how decision could be made in a bipotential progenitor. Gene X 
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and Y could represent the GATA1 and PU.1 genes which are expressed at low level in the 

multipotential CMP. They establish cross-antagonism 
35

 
36

 and positive auto-regulation 
37

 
38

 

which makes the poised indeterminate state a labile equilibrium such that there is robust 

binary decision to commitment to either the erythroid or myeloid lineage.  

 

                             

Figure 1.2. Regulatory interaction of key lineage-specific factors in the cell fate commitment and 

specification. Arrows indicate positive influences, whereas blunt ends represent repressive or negative 

effects. Factor X (or Y) acting positively on its own transcription (indicated by an arrow) 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 commitment and differentiation involve both 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 co-expression of genes for different lineages at a 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 side. Others, agnostic of dynamical systems 

concepts that have formalized such behavior, have proposed to view the undecided state as 

ñground stateò of progenitors that ñsneak previewò a range of gene expression states in 

which lineage-affiliated genes are expressed.  

 

1.4.2. Evidences supporting the instructive model of commitment and differentiation 

regulation 

Contrary to the stochastic model, there is limited evidence of the role of growth factors 

acting in regulating commitment in a purely instructive manner 
25

 
39

. Overexpression 

studies of cytokine receptors for the first time revealed the possible instructive roles of 
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growth factors in the cell fate by reprogramming the lineage 
40

. For example, exogenous 

expression of the GM-CSFR or IL-2R in the CLP cells reprogram the early lymphoid cells 

into myeloid cells 
8
. Almost all attempts at the population level to address the question of 

the deterministic role of cytokines on cell fate commitment was flawed because they 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 could be irrelevant in normal 

physiological conditions. 

Finally Rieger et al used continuous single cell imaging and for the first time 

directly demonstrated the instructive role of G-CSF and M-CSF cytokines in GMP 

commitment 
41

. In another study, M-CSF 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 cell fate 
39

 
42

. 

Recently Mossadegh-Keller et al using video imaging and single-cell gene expression 

analysis convincingly demonstrated that M-CSF can in fact instruct myeloid fate in single 

HSCs via inducing the PU.1 gene 
43

.  

In summary, there is evidence in support of both stochastic and instructive models 

of fate decision. 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 system 
1
. In the hierarchical tree of (presumably) binary 

fate decisions in hematopoiesis, one stage downstream of the hematopoietic stem cell 
44

, is 

the common myeloid progenitor (CMP). This multipotent progenitor cell faces the fate 

choices of developing either into megakaryocyte/erythroid progenitors (MEP, in brief, 

ñerythroidò or ERY) or granulocyte-monocyte progenitors (GMP, ñmyeloidò, or MYL) in 

response to the cytokines erythropoietin (Epo) or GM-CSF, respectively (Fig. 2.1). 

                                    

Figure 2.1. Binary cell fate decision 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. For our analysis 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 regulatory network (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 

transcription factor, determines its target (via molecular recognition through physical 

protein-protein or protein-gene 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 regulates 
45

. Consequently, the behavior (dynamics) of 

gene expression change, which governs the phenotype change of a cell, is ñprogrammedò 

by the GRN.  

Therefore, we need 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 technical reasons (use of qPCR for single-cell analysis precludes genome-wide 

analysis). But also the wiring diagram, that is, which gene regulates which one has only 

been characterized with sufficient resolution for well-studied 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 the action of 

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 lineage-determining and -specific genes while  repressing the alternate 

lineage genes 
8
. Cell fate choice then is reinforced by the induction of secondary 

transcription factors that function in concert with primary 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 (stemness genes) as well as those that are involved in 

lineage specification and differentiation to the erythroid and myeloid lineages (erythroid-

associated and myeloid-affiliated genes, respectively). Many key transcription factors in 

murine hematopoiesis have been identified in past few decades 
24

 
46

 
17

 
47

 
30

 and their roles 

have been determined by gene knockout, overexpression and expression profiling studies 

(for an overview see 
8
).  

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

based on expression patterns, transcription factor perturbations, chromatin 
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immunoprecipitation (ChIP) and cis-regulatory 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 

erythroid and myeloid lineage along with 4 surface markers and effector genes was 

selected. The goal was to establish a directed (upstream-downstream) graph of the gene 

regulatory network with use of the information about the modality of interactions 

(inhibitory or stimulating). 

 

2.2. Model construction: the curated and collected ñHematoNetworkò 

regulating cell fate decision in the CMP  

Despite the spate of papers in the literature that report the relationship between specific 

transcription factors, few publications have attempted to systematically integrate this 

information to a network 
48

 
49

 
50

 
51

 
20

 
52

 
21

 
53

.  

Here, we have curated the GRN underlying the specification of the common 

myeloid progenitor (CMP) and its subsequent differentiation to the erythroid and myeloid 

lineages, mainly focusing on the mouse. This collected network is called the 

ñHematoNetworkò. The interactions are derived from published expression profiles, 

perturbation experiments and the analysis of the TF binding sites in the cis-regulatory 

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 the hematopoiesis. 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 each link is available in Table 2.1 and the collected network of interaction is 

generated with Graphviz and presented in Fig. 2.2.  

 

Table 2.1: Summary of the regulatory interactions between the genes in the ñHematoNetworkò. 
Interactions are either activating (A) 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 
54

 

2 GATA2 A GATA1 
55
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3 GATA1 I PU.1 
36

 

4 PU.1 I GATA1 
35

 

5 Fli-1 I EKLF 
56

 

6 GATA1 A GATA1 
37

 

7 PU.1 A PU.1 
38

 

8 Fli-1 A GATA1 
57

 

9 Gfi-1 I PU.1 
58

 

10 c-Jun A PU.1 
59

 

11 EKLF I Fli-1 
56

 

12 GATA1 A EKLF 
60

 

13 GATA1 A Fog-1 
61

 

14 Erg-2 I Gfi-1 
62

 

15 PU.1 I Scl 
63

 

16 GATA1 A Scl 
64

 

17 C/EBPŬ A C/EBPŬ 
65

 

18 GATA1 I c-kit 
66

 

19 Scl A c-kit 
67

 

20 C/EBPŬ A Gfi-1 
62

 

21 GATA1 A EpoR 
68

 

22 Fog-1 I GATA2 
54

 

23 Fog-1 I c-Myb 
69

 

24 GATA2 I PU.1 
70

 

25 GATA1 A Fli-1 
57

 

26 C/EBPŬ A PU.1 
71

 

27 PU.1 I GATA2 
72

 

28 c-Jun A PU.1 
59

 

29 PU.1 A Egr2 
62

 

30 Gfi-1 I Egr2 
62

 

31 c-Jun A Egr-2 
59

 

32 GATA1 A c-Myb 
69

 

33 GATA1 I GATA2 
54

 

34 Runx1 A PU.1 
73

 

35 GATA1 A Hbaa1 
74

 

36 c-Myb I GATA1 
75

 

37 PU.1 A CD11b 
76

 

38 PU.1 I EKLF 
77

 

39 PU.1 A Fli-1 
78

 

40 PU.1 I Fog-1 
77
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In addition to the transcription factors regulating each other, the curated 

ñHematoNetworkò contains some non-regulatory genes that I included as marker of 

differentiation of CMP down to the erythroid and myeloid lineages. These genes include 

the peripheral effector gene Hbaa1, which expresses upon erythroid determination as well 

as the surface markers c-kit (for stem and progenitor cells, including the CMP) 
79

, EpoR 

(the erythropoietin receptor, a marker for the erythroid differentiation) 
17

 and CD11b (a 

marker for the myeloid differentiation) 
23

. In total our ñHematoNetworkò comprises 13 TFs 

and 4 markers for the progenitor and differentiated cells. There are in total 40 interactions 

in our network (Fig. 2.2).  

 

Figure 2.2. Curated regulatory network model in binary cell fate decision in the CMP and downstream 

lineages (ñHematoNetworkò). A literature-derived network compiled of mainly transcription factors 

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

This network was curated from the literature and databases such as the Transfac. The GATA1-PU.1 circuit is 

highlighted in green. A few surface markers including c-kit (progenitor, grey box), EpoR (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 ñHematoNetworkò. Numbers point to special references listed in 

the ñReferences for the HematoNetworkò section after Bibliography.  

 

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 CMP-stage is the gene circuit consisting of 

the two TFs, the zinc-finger transcription factor GATA1 and the Ets family transcription 
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factor PU.1 (Fig. 2.2, green circuit). Exogenous overexpression of PU.1 or deletion of 

GATA1 in the CMP cells promotes the myeloid lineage, characterized by the expression 

pattern [GATA1
LOW

, PU.1
HIGH

]. By contrast,  overexpression of GATA1 or suppression of 

PU.1 switches cells to the erythroid lineage, which expresses the opposite pattern, 

[GATA1
LOW

, PU.1
HIGH

] 
36

 
35

. This happens because GATA1 and PU.1 form a circuit in that 

they mutually inhibit each otherôs transcriptional activity through direct protein-protein 

interactions 
35

.  

As I will explain in chapter 3, section 3.4.3, this mutual inhibition generates two 

alternative stable states corresponding to the erythroid and myeloid lineages. Moreover, the 

simultaneous expression of GATA1 and PU.1, stabilized by the positive feedback loop of 

these two genes individually establishes the poised expression pattern [GATA1
MID

, 

PU.1
MID

]. This balanced state corresponds to that of the CMP, 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 pattern 
49

. Indeed this could be shown 

in mathematical models 
80

. 

 The lineage outcome of the progenitor cell is determined by the relative level of 

expression of these two opposing TFs. An imbalance in expression with dominance in 

either of them can result in differentiation of the progenitor cells towards the respective 

downstream lineages. The regulatory modules of mutual inhibition is well known to be 

capable of generating a toggle-switch behavior, predestined it to control binary switching. 

The auto-feedback loop for the involved factors could generate multistability in the system.  

At the megakaryocyte/erythrocyte progenitor (MEP) differentiation decision point, one 

level below the CMP (see Fig. 2.1) the pair mutual antagonist of EKLF and Fli-1 
56

 seems 

to play an analogous role as the Gata1-PU.1 pair in the ERY/MYL decision. Fli-1 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 

opposite way to encourage the erythroid differentiation. The observation that Fli-1 and 

EKLF factors are downstream targets of the PU.1 and GATA.1 respectively 
49

 

demonstrates how the outcome of the later decision in hematopoiesis can be influenced by 

earlier ones. However, very little is known about such cross-level regulation where two 

levels of binary decision machinery influence each other. 
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The macrophage and neutrophil cell fate specification at the GMP decision on the 

other hand require the transcription factors PU.1 and C/EBPŬ. The reuse of PU.1 for this 

level demonstrates even more how the levels are intertwined. Thus, relative concentration 

of PU.1 in the granulocytic/macrophage progenitors (GMPs) was suggested to regulate 

macrophage versus neutrophil fate decision based on gene dosage experiments 
62

. Using 

PU.1 knockout myeloid progenitors, it has been demonstrated that PU.1 at sub-threshold 

levels (likely sufficient to tilt the GATA.1-PU.1 balance at the higher level fate decision 

towards the myeloid side) regulates a mixed pattern (macrophage/neutrophil) of gene 

expression within individual myeloid 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 antagonistic transcription factors (Egr-1, Egr-2, Nab2 and Gfi-1). In detail, at high 

level of expression, PU.1 activates Egr-1, Egr-2 and Nab2 complex and inhibits Gfi-1 

expression (Nab2 functions as a co-repressor for the Egr-1/2). This complex drives the 

macrophage 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/EBPŬ, drives the switch towards the neutrophils while 

repressing the macrophage program 
62

. The Egr-1/2/Nab2 complex and Gfi-1 also directly 

repress one another, providing yet another mechanism directly analogous to the 

PU.1/GATA-1 and Fli-1/EKLF switches previously discussed. Moreover, Egr-1/2 and 

Nab2 are themselves downstream of PU.1, acting as secondary cell fate determinants in 

concert with the primary determinants 
62

.  

Another interesting regulatory module is the negative feed-forward loop between 

GATA2, GATA1 and Fog-1. In proliferating progenitor cells the GATA-2  
54

 positively 

regulates its own expression and also activates GATA-1 expression 
55

, GATA-1 then 

activates c-Myb 
69

. Prolonged expression of GATA1 results in activation of Fog-1 

expression and subsequently, GATA1 associates with the Fog-1 protein to down-regulate 

the GATA-2 and c-Myb expression 
49

. This circuit enforces a time-delayed switch from 

GATA2 to GATA1 expression. This cascade, starting with GATA-2 and c-Myb and ending 

with GATA-1/Fog-1, moves the network from the stem/progenitor proliferating state 
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towards the erythroid fate and represents an example for generating a forward momentum 

within the GRN.  
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3.1. Non-genetic (epigenetic) cell population heterogeneity  

The dominance of 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 cells 
81

. Heterogeneity of cell populations 

may arise due to genetic differences between cells within the population that result in the 

trait variation in the population. This type of genetic heterogeneity is common among cells 

in a tumor population 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 heterogeneity is particularly interesting because it raises the question 

as to how 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, this population is supposed to be ñhomogenousò 
81

.    

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 biochemical or genomics analysis 

techniques, such as western blotting, microarray or qPCR 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 of progenitor cells with 

differentiating cytokines, CD11b is up-regulated 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 average that is, 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 to the stimulus. If instead of western blot, flow cytometry 
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is used to measure the expression of the same marker (CD11b), a bell-shape histogram 

(broad distribution of protein CD11b expression) is observed, corresponding to cells within 

the population that express the marker at different levels (Fig. 3.1B). This non-genetic 

heterogeneity among cells with respect to CD11b protein expression would not have been 

revealed by the above cell-population-averaging techniques. Time-course analysis of 

expression of the surface marker protein CD11b with western blot after differentiation 

initiation shows gradual up-regulation 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 to state 2: (i) graded responses of every cell synchronously (Fig.3.1C) or, 

alternatively (ii ) the switch-like behaviour of individual cells (Fig. 31.D). Both processes 

would give rise to a gradual increase in the band intensity (Fig. 3.1.A).  

 

           

Figure 3.1. Population-averaging versus single-cell measurement of the surface marker expression 

level. (A) Western blot shows a gradual increase in the marker expression upon stimulation. (B) Flow 

cytometry reveals non-genetic heterogeneity in cell population 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) Time-course flow cytometry analysis shows all-or-none 
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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 macro-heterogeneity. Figure partially from 
81

. 

 

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) suggests that only a 

subpopulation of cells responds to the stimulus and up-regulates expression of the marker 

and as time passes more and more cells have switched to the ñonò expression state, as 

manifested by the ñredistributionò of cells to the second peak. The presence of one single 

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 micro-heterogeneity (Fig. 3.1E).  

By contrast, macro-heterogeneity denotes the presence of multiple ñpeaksò in flow 

cytometry histogram (Fig. 3.1E) which is a manifestation of multiple distinct 

subpopulations with likely biologically distinct functions (here the two ñpeaksò represent 

the two cell states ï progenitor and differentiated). According to the model of the 

epigenetic landscape, macro-heterogeneity then is due to simultaneous occupation of 

multiple valleys (attractors) while micro-heterogeneity corresponds to the dispersion of 

cells in the ñsub-attractorsò within one major attractor. Therefore, transition of cells 

between these sub-attractors takes place due to stochastic fluctuation (noise) 
81

. 

 

3.1.1. Origins of non-genetic 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 synthesis and degradation of 

mRNA and protein molecules which display a dynamics with random ñburstsò  because 

they depend on molecular events involving small number of molecules;  (ii) differences in 

the internal states of the cells within a population, such as cell cycle state or unequal 

partitioning of mitochondria or molecules in general during cell division 
82

 
83

 and their 

random execution. 

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

important functional consequence: the cells respond to stimuli differently because of the 
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distinct basal state that promotes the heterogeneity in the population. In fact we can assume 

that the variability in the levels of key regulatory proteins causes an internal ñvacillationò 

and plays a role in decision making processes. For instance, it has been shown that cells 

within a clonal population express different level of transcription factors GATA1 and PU.1 

and that heterogeneity has a great effect on the output of progenitor cell differentiation 
84

. 

Because of the intrinsic variability of cell responsiveness, external factors even if they act 

uniformly on the population, would 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 non-uniformity of the local microenvironment in the tissue also 

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 cell-cell contacts 
82

 
83

.  

 

3.1.2. Temporal noise (gene expression noise) 

Regarding the kinetics underlying micro-heterogeneity according to Huang 
81

 one can 

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

fluctuations (ñtemporal noiseò); (B) intermediate time-scale (irregular) fluctuations, such as 

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

individual in the population (ñpopulation noiseò) (Fig. 3.2).  

Temporal noise refers to the rapid fluctuations in the cellular 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 ñgene expression noiseò. Because these fast temporal 

fluctuations happen asynchronously between cells, 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 number of asynchronously fluctuating cells is sufficiently 

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

variability for expression of a specific protein is illustrated by the differently shaded 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 states (x-axis of the 

histogram) at a probability that is reflected 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 level of a that specific protein that give the cell itôs individuality and as a population 

affords a type of non-genetic heterogeneity called population noise. Figure partially from 
81

. 
 

 

3.1.3. Population noise (population heterogeneity) 

The broad dispersion of protein expression within cells in 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) but cell-specific level of 

the protein. This persistent cell-to-cell variability, or ópopulation noiseô, affords each cell 

some non-genetically heritable individuality (Fig. 3.2C). Therefore, the 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 noise 
85

.  

Although in eukaryotes this 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 al used flow cytometry analysis to measure the time needed for FACS sorted 

population fractions to re-establish the parental distribution and discovered that in 

mammalian cells, the fluctuations are surprisingly slow; taking several days to relax back to 

the parental distribution 
84

. Moreover, it has been observed that only a fraction of cells 

within the early embryo express the fate-determining proteins that correlated with their 

prospective cell fates 
86

. Overall, it seems that in mammalian cells, population noise is a 

prevalent component of non-genetic heterogeneity.  

What could be the molecular cause of the slow fluctuations 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 consequence 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 

chromatin 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 sub-attractors that delay fluctuations (see 

section 3.4). In the picture of the epigenetic landscape, so goes the idea, in high 

dimensional genome-wide gene regulatory network the epigenetic landscape is rugged, 

meaning that within the basin of each attractor state there are multiple sub-attractors 
45

. The 

cells can be trapped in these sub-attractors transiently delaying the transition (relaxation) of 

the cells to the equilibrium states which is a noise-driven process. Therefore, the transition 

of the outlier cells to the average population (equilibrium state) is stochastic, multi-step, 

noise-driven and slow. A heterogeneous cell population can be represented as a cloud of 

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

 

3.1.4. Biological significance of non-genetic heterogeneity 

Cellular heterogeneity within an apparently homogenous population is a common event that 

has been observed in both bacteria 
87

 
81

 and eukaryotic populations 
82

 
85

 
88

 including the 

embryonic and adult stem cell populations 
86

 
89

 
53

.  
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Heterogeneity in bacteria has been shown to be beneficial as it allows them to 

maximize their survival through diversification of phenotype (ñbet hedgingò). However, in 

multi-cellular organisms, it seems that heterogeneity is a double-edged sword. On one 

hand, the presence 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 population to respond 

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 cell type ï this is important in 

the stochastic model (see 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 system 
80

. This possibility is directly tested in 

experiments described in chapter 10 and discussed in more detail below in sections 3.4.3 

and 3.4.4. 

A completely different type of variability is population variability due to cell-to-cell 

differences in alternative splicing that has been observed in the cancer cells 
90

 or aging 

heart cells 
83

 suggests that the heterogeneity has a potential negative role in diseases.   

Analysis of cell-to-cell variation in different systems allows us to gain some 

insights in the mechanisms underlying the biological processes. The finding that IL-2 

receptor levels vary between T cells significantly determine how regulatory and effector T 

cells can respond to stimuli differently and demonstrates the degree of flexibility in the 

immune system 
83

. In another study, the response of cancer 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 resistance to drug-induced apoptosis 
91

. 

Of central importance for this thesis is the role of non-genetic heterogeneity among 

cells in stem cell fate decision and development. Chang et al. discovered that in the EML 

cells used here, cells with extreme high or low expression of Sca1 (a membrane protein 

marker of progenitor cells) - which are called ñoutlierò cells were not just different with 

respect to the level of the observed protein (Sca1) but had distinct genome-wide gene 

expression profiles that primed these cells to differentiate into different lineages 
84

. 

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 

fluctuate slowly between different primed states that were poised to become erythroid or 

myeloid.  

 

3.2. Cell fate commitment and differentiation (phenotypic change) ï the 

systems biology point of view 

In the following sections, I will use the systems biology point of view to explain cell fate 

commitment and differentiation. The goal is to explain the molecular basis of the 

ñlandscapeò metaphor, as most famously used by C. Waddington to depict cellular 

differentiation into discrete states, on the grounds of gene regulation. 

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, I will use the central principles of high-

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 hematopoietic system) are discrete, mutually 

exclusive and stable phenotypic states ï Waddingtonôs valleys. These distinct cellular states 

include immature stem and progenitor cells as well as the fully differentiated mature cells. 

Each of them is characterized by a specific gene expression program that 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 ten thousands of loci in the genome is still unsolved. Regarding the fate choice of 

a multipotent cell, two major hypotheses have been proposed as I explained earlier in 

section 1.4. To formally address the cell fate commitment issue, non-linear 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 expression 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 (S=[x1,x2é,xn]) in the network 
92

. 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 obviously 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 movement 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 (constrained) 
92

. This means that genes 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 interaction. Therefore, 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 these stable steady 

or equilibrium states all the regulatory interactions are satisfied. Therefore, movement of 

the states is driven by the networkôs search for more stable expression patterns 

(configurations). These steady states that are stable called attractor states (Fig. 3.3D) as it 

attracts the states in the neighborhood away from unstable regions 
93

 
94

. In other words, the 

attractor states re-establish their gene expression profiles if they slightly perturbed. All the 

states within a region of the state space moves towards a specific attractor state and this 

region is called ñbasin of attractionò of that attractor (Fig. 3.3.D, yellow region).  

Kaufmann first suggested that these attractor states correspond to the stable distinct 

gene expression profiles that define the observable cellular phenotypes, the cell types. 

Huang et al experimentally demonstrated that the attractor states are in fact cell types 
95

. 

They differentiated promyeloid precursor cells, HL60, with different differentiating 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 corresponding to the 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.  

 

 

Figure 3.3. Schematic overview of the 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 GRN. The central 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 space is determined by N expression values corresponding to N genes. In B the two time 

points t1 and t2 represent the dynamics and the constrained change of gene expression pattern. The quasi-

potential value of U can be approximated by U ~ - ln [P(S)], the negative logarithm of probability to find the 

network in state S. Partially from 
92

.  

 

As shown in Fig. 3.3D, there are multiple attractor states within one network 

perhaps because the network is complex with non-linear 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. Waddingtonôs epigenetic (quasi-potential) landscape 

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 in the term óepigenetic landscapeô, a metaphor that Waddington 

proposed to explain the discreteness and robustness of  phenotypes of cell types 
45

. Note 

that the term óepigeneticô used by Waddington is different with the same term used in the 

molecular biology for covalent modifications of DNA or histones which affect gene 

expression without altering the DNA sequence through modulation of chromatin structure 

96
. 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. Waddingtonôs Classical Epigenetic Landscape. In 1957, Conrad Waddington proposed the 

concept of an epigenetic landscape to represent the process of cellular decision-making 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 cell fates. Figure reprinted from Waddington, 1957 
97

. 

 

In formal terms, Waddingtonós epigenetic landscape can be viewed as the projection 

of an N-dimensional state space (for a GRN of N genes) into two dimensions (the XY 

plane) (Fig. 3.3D). This then allows the third dimension (vertical z-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 respective position in the XY plane 
92

. 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 (quasi-potential energy, U) which 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), which is 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 perturbations (e.g. 

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 

óhillsô on the landscape and move to a separate attractor state. Such state transitions appear 

as the all-or-none cell-type 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 

development and unstable non-realizable states; however, 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 realizable phenotypes. This 

is captured in the Waddingtonós landscape metaphor (Fig. 3.4) where the watersheds 

represent the binary decision points at which the cell has only two possibilities (experience 

the constraints). 

 

3.2.3. GATA1-PU.1 regulatory circuit within the genome-wide GRN 

Comprehending the dynamics of the high-dimensional GRN is not an easy task. For our 

purpose I will focus on the small circuit consisting of two important hematopoietic master 

regulators, the GATA1 and PU.1 genes. We are already familiar with these two TFs as they 

were introduced in chapter 1 and 2. Here I will explain how the phenotypic switch can be 

regulated by modulating only this circuit.                                             
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There is a mutually antagonistic relationship between the PU.1 and GATA-1 genes 

(Fig. 3.5A) 
35

 which generates a dynamics referred to as ñbistabilityò- the coexistence of 

two alternative stable equilibrium states (ñattractorsò), ñAò with (GATA1<< PU.1) and ñBò 

which has the expression pattern (GATA1>> PU.1) (Fig. 3.5A). These two stable states 

represent cell fates with higher GATA-1 expression levels encouraging differentiation to 

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

(MYL) 
36

 
35

.  

 

               
Figure 3.5. From gene circuit architecture to cell-fate behavior. The theory of dynamical systems predicts 

the repertoire of cell behavior. The dynamics can be precisely visualized as a quasi-potential 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 attractor boundaries. 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 toggle-switch circuit (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 = Y) 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 the self-activation loops, which 

may be the basis for its stabilization in the hybrid state. Partially from 
98

.  
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In presence of the auto-stimulation for both genes 
38

 
54

 the third state (C) also 

becomes relatively stable (meta-stable, is susceptible to fluctuations), as can be shown by 

modeling the dynamics with differential equations 
80

 
99

 
100

. This state is defined by 

simultaneous low expression level of both genes, (GATA1~PU.1) and this is in line with 

the suggestion of ñmultilineage primingò 
101

 (Fig. 3.5B).  

The model thus predicts the existence of a locally stable state that exhibits 

ñpromiscuous expressionò of fate-opposing TFs (GATA1 and PU.1) 
80

. In other words, 

multipotent progenitors express both GATA-1 and PU.1 at relatively low levels 
9
. 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 or another 

pathway. The aforementioned circuit of the two opposing fate decision controlling TFs 

(such as GATA1 and PU.1) must be integrated into the genome-wide GRN. Thus, we can 

extend the two-gene circuit that give rise to the bistability to a broader picture that 

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 give rise to the landscape 

with multiple stable states (multistability). 

 

3.2.4. Cell fate specification and differentiation ï 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 stem or progenitor cells the factors that control fate decisions between the two 

opposing cell lineages (such as aforementioned GATA1 and PU.1) inhibit each other and 

therefore, generate a bistable switch 
98

. 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 itôs called metastable state. This has been predicted 

from the mathematical modeling of the dynamics of the GRN 
80

.  

Several studies have now lent credence to this ñtrustableò model 
102

. Herein the 

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 signal, this central attractor is destabilized (as 

mentioned above), and the cells can, driven by gene expression noise, ñspillò out of the 

basin of the progenitor attractor state and spread, following the slopes of the hills of the 

epigenetic landscape, to opposing 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 modeling 
80

 

have suggested two stages in this decision process: (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 lineage-specific attractors 

(precedes fate decision); (ii) the cell 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: the differentiating 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 

fluctuations of the cell state once the progenitor basin is destabilized enough (flattened 

enough) so cells can exit that attractor ï biased by the asymmetry of the destabilization. 

Therefore the cell decision is accomplished by the joint effect of fluctuations in regulatory 

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 I explained earlier, the GATA1-PU.1 circuit model (which is based on the functional 

relationship between GATA1 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 the 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 

parameters, e.g. those that influence the auto-regulation or cross-inhibition of GATA1 or 

PU.1 genes or even protein deactivation), a destabilization of the progenitor state takes 
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place 
80

. This sudden discontinuous qualitative change that occurs as a parameter is 

gradually changing (the sudden disappearance of the progenitor attractor and conversion to 

a hill top, concomitantly to the generation of two new stable states) is called a bifurcation. 

Now with this introduction on bifurcation, we can describe the concept of the 

critical phase transition that happens if a system shifts from one attractor state to another 

103
. A critical phase transition 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 underlying 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 cell-to-cell variability increases. This is manifested as a decrease of the cell-cell 

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 

deterministic (instructive) change of the landscape, and this coordinated change in gene 

activities that accompanies the bifurcation is associated with an increase in gene-gene 

correlation.  

Thus, in the absence of high-resolution time-course analysis which is the typical 

method to expose critical phase transitions and given that we have a high-dimensional 

population, it has been proposed that the change of the correlations between the objects 

(cells) and their attributes (genes) can provide the information that can be interpreted as the 

sign for the destabilization and critical state transition 
104

 
105

: upon destabilization of the 

current state, the heterogeneity between the cells increases and simultaneously the 

correlation between the genes increases.  
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4.1. The importance of single-cell 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 cells (average cell-population 

techniques); therefore the experimental readouts report average values. For instance gene 

expression analysis at the level of bulk cell population was performed with qPCR 
106

, and 

microarray 
107

.  

Some of the reasons behind the preference for population analysis are: (1) Scientists 

have neglected the 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 

treatments. As a result any meaningful variability information such as the cell-cell 

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 or less similar 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 

heterogeneity. Bulk-measurement methods are in fact inferring the probable state of an 

average cell in the population but the question is ñdoes the average cell actually exist?ò (3) 

The technologies for collection and analysis of single cells were limited. For example, laser 

microdissection was able to dissect single cells however it was difficult and very low-

throughput. Moreover, the aforementioned methods were not sensitive and advanced 

enough to detect ~ 10 pg total RNA content (~ 1 pg mRNA) 
108

 within an individual cell. 

Microscopy of course offers single-cell level analysis but was limited to morphology and 

few molecular markers. 

 

4.2. Overview of single-cell analysis techniques 

To reveal any meaningful variability among single cells, however, these fundamental units 

of metazoan tissues must be analyzed 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 expression analysis will be overviewed. 
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4.2.1. 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 cells, usually the cellular abundance of a specific protein, and provides the 

statistical distribution of that trait in a population. The results, displayed as a histogram, 

provides crucial information for the study of gene expression noise and population 

heterogeneity and its dynamics 
84

 
81

. It specifically allows for the analysis of the presence 

of multiple distinct subpopulations in the population of interest 
109

. Flow cytometeres and 

cell sorters (fluorescent-activated cell 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 high-throughput technique regarding the number of analyzed cells.  

Recent progress in flow cytometry technique that has increased its potential to a 

new level is its combination with mass spectrometry (mass cytometry, CyTOF) to detect 

molecules with different properties in the single cells 
110

. The antibody in this application is 

labeled with special heavy element (isotope) tags with different mass in place of the 

different fluorescent labels. Molecular mass does not ñbleedò in other channels as is the 

case with fluorescence. This will result in an increase in the number of molecules that 

simultaneously can be analyzed (increase the multi-plexing) because it overcomes the 

problem of spectral overlap between signals from fluorescent labels.  

 

4.2.2. Fluorescent-activated cell sorting (FACS) 

Physical isolation of any population fraction, subpopulation or even single cells with 

respect to the distribution of a trait can be done with fluorescent-activated cell sorting 

(FACS). Although there are multiple techniques for isolation and collection of single cells 

such as glass capillary (micromanipulation) as well as microdissection, FACS sorting of 

single cells is the most preferable technique 
111

. This is mainly because it is high-

throughput and the user can specify from which gated fraction or subpopulation the single 

cells will be sorted from. Single cells usually FACS sorted into a lysis solution especially 

for the subsequent analysis by qPCR 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 monitor how sorted 

cells behave over time, do they restore the original (parental) population and at what rate 
84

 

112
 
89

.  

                            

Figure 4.1. Analyzing the dynamics underlying non-genetic heterogeneity. Sorting and reculturing of a 

FACS sorted subpopulation (A) macro-heterogeneity, or of a tail fraction in the (B) micro-heterogeneity, can 

provide information on the nature of the processes that generate heterogeneity among clonal cells. Partially 

from 
81

. 

 

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 whether it repopulates 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 macro-heterogeneity represents a dynamic equilibrium with cells switching between 

two states (subpopulations) 
109

. Sorting 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 potential 
84

. Typically, outliers in mammalian cell populations slowly 

repopulate the parental distribution, which indicates the presence of an attractor state in a 

rugged epigenetic landscape 
81

. 

 

4.2.3. Quantitative real-time PCR (qPCR) 

Although flow cytometry in conjunction with FACS have improved single cell analysis 

throughput however it has been 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 within one 

individual cell is minute (between 10-20 pg) and mRNA only comprises a few percent of 

the total 
108

 
111

 challenges the analysis of the transcripts. PCR is a sensitive technique in 

amplification and detection of specific DNA sequences and it has been adopted for single 

cell analysis in past few years. Very first attempts of qPCR on single cell samples were 

directly applied on single cell cDNA content. For example, Piexoto et al 
113

 demonstrated 

that transcript detection from single cells is possible by direct qPCR on splitted cDNA 

content of the cell. The number of analyzed genes was quite low and the uncertainty in 

quantification was high due to possibly high sampling error. Later, PCR has been used in 

its quantitative RT-PCR form in combination with target-specific multiplex pre-

amplification to generate enough material from single cell samples for analysis of many 

genes of interest 
88

 
114

 
111

 
115

 (for more information please see chapter 5). Currently in RT-

qPCR analysis of single cells, to avoid loss of picogram amount RNA content of single 

cells, RNA isolation is skipped, and cells directly deposited into lysis solution follow by 

reverse transcription and multiple amplification. This template is used for transcript 

quantification in qPCR. Using this technology tens to hundreds of mRNA 
89

 
53

 and 

microRNA targets were analyzed in single cells so far 
116

 
117

.  
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4.2.4. Microfluidics based real-time analysis of single-cell gene expression  

Extensive gene expression profiling of single cells has been made practical owing to recent 

advances in microfluidics. The latest generation of microfluidic devices can perform liquid 

handling steps on nanoliter scale and make sure of the uniform distribution of template 

within the reaction chambers. These devices are in fact high-content qPCR 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 with ability 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 microfluidics 
118

 
119

, 

thousands of PCR reactions 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 possible 
120

.  

Another significant advance in microfluidics is the development of fully integrated 

device for the single cell processing and transcript profiling all on the same device 

(microfluidic ólab on a chipô technologies) 
121

. Other microfluidic devices are also 

developed that can be used to track gene expression changes in a large population 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 microscopy (tracking individual cells) to 

monitor single cells over longer period of time and generate good statistics over the 

population due to analysis of more single cells 
122

. 

 

4.2.5. Digital PCR (dPCR) 

Sometimes single cell gene expression analysis requires high precision in measurement 

such as analysis of copy number variation and estimation of pathogen number within an 

individual host cell; in these cases, digital PCR can be used 
123

. This 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 reactions will contain either 

0 or one copy 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 PCR because they have high 
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capacity in miniaturizing and multiplexing many PCR reactions. Warren et al 
124

 used 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 to their 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 with color-coded 

probe pairs targeting the transcript. The technology uses molecular barcodes and single-

molecule imaging to detect and count the transcripts in a single reaction 
125

.  
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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 required coordination of 

gene expression activities is achieved by the gene regulatory network (GRN). Contrary to 

this picture of deterministic control, experimental observations suggest that cell fate 

decision between multiple lineages is clearly stochastic. Similarly, and related to the 

stochasticity of gene expression, mammalian populations are heterogeneous as best 

evidenced by the high cell-cell variability with regard to gene expression in individual 

cells. This non-genetic heterogeneity is the combined consequence 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 attractor state to 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 non-linear dynamical 

systems. 

An attractor state is a self -stabilizing steady-state of a network, here defined by a 

distinct gene expression profile which due to the gene regulatory interactions will restore 

itself upon small perturbations. Thus, it is in principle a state at the bottom of some sort of a 

potential 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 attractors ï since all other gene expression 

patterns (or network states) are unstable due to conflicts in the regulatory interactions. With 

respect to these gene expression patterns, cells are thus literally ñattractedò to the attractors, 

but they can transition between them. Such attractor transitions 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 new stable 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 the noisy non-genetic 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 cell-cell variability of gene expression) affects fate 

decision making. Specifically, the ñoutlier statesò ï cells that occupy a state at the border of 

an attractor basin - can be observed in the flow cytometry as those cells that account for the 

ñtailsò of a broad distribution in a clonal cell population, represent enduring, metastable 

states with 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 measurements of cell 

population heterogeneity, such as sorting of the tail fractions and assessment of their fate 

potential. With the advent of single-cell gene expression pattern analysis we can now 

directly test the specific hypotheses regarding the above concept of fate decision as an 

attractor transition. Therefore, in the current study, we will investigate the role of non-

genetic heterogeneity in cell fate decision, the outcome of the cells, using high-throughput 

single-cell transcript analysis by qPCR. Specifically, we will analyze the dynamics of a 

GRN (a hand-curated subnetwork of relevant genes) involved in the decision making of 

blood progenitor 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 testability of hypotheses, we 

formulate the following working hypothesis: 

 

Individual cells within a clonal, apparently uniform cell population, which occupies an 

attractor state, possess distinct enduring individuality, which accounts for the cell 

population heterogeneity 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 border of the attractor basin are ñprimedò to transition 

into neighboring attractors which represent the cell fates to which the multipotent 

progenitor cells are capable of commitment. A differentiation signal that triggers a cell fate 

decision induces the exit from the progenitor attractor state and the commitment into one of 

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 of the 

progenitor cells. Upon further destabilization as the progenitor 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 of these 

newly accessible attractors. This will be manifested as the simultaneous (transient) 

commitment to opposite cell fates at the single-cell 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 event in 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 of heterogeneity in multipotency and during binary cell 

fate decision at the level of gene expression changes measured at single-cell resolution in 

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

addressing the following questions: 

 

QUESTION (1): Can single-cell resolution analysis by flow cytometry reveal the 

presence of multiple temporary subpopulations that, according to the attractor 

destabilization idea, arise early on when progenitor cells are 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 epigenetic landscape 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 capture the bifurcation event during lineage 

commitment? Specifically, can we observe ñERYò-committed cells upon stimulation 

of progenitor cells with ñMYLò 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 pushed to the intended 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 non-intended one, ERY.  

 

QUESTION (3): Can we observe the predicted changes associated with a ñcritical 

phase transitionò in the behaviour of cells during the transition from 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. This concept 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, in the light 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 ñcombinedò treatment that confronts cells with 

conflicting signals. If the selection model plays the major role, we expect to see that each 

individual cell is forced to make an either-or 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 signals).   

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 decision. Specifically, if cells on one hand, are stochastically primed (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 fit the observation at the level 

of single-cell 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 novelty of concept 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 4 reviewed the relevant 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 differentiation. This database of transcription factors will 

be used to generate a small, hand-curated gene regulatory network (ñHematoNetworkò) 

using Graphviz tool.  

In Chapter 5, I will describe in a step-wise manner and in sufficient detail, the 

establishment of quantitative reverse transcription (RT)-qPCR to be used to quantify the 

expression level of the genes of the ñHematoNetworkò in individual progenitor and 

differentiating cells. This chapter not only covers optimization of different steps involved in 

the method but also the evaluation of the techniqueôs performance. While much will cover 

basic aspects of RT-qPCR, the optimization is aimed at achieving a solid protocol for 

quantitative single-cell RT-qPCR 

In Chapters 6-9, I will address this question: how does the 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 individual multipotent 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 
126

. The use of a cell line permits at any time the generation 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 highly heterogeneous with 

respect to the markers that are not used in their isolation.  

In Chapter 10, I 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 respond to a 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 current digital PCR technology for future use that 

was developed in the course of this project. Here, I will demonstrate a new method for 

estimating the absolute concentration of a cDNA template in a sample in digital PCR 

(dPCR). The method takes current method to the next level towards the future use of dPCR 

that will take advantage of a novel generation of microfluidics-based PCR machine.  

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

thesis. 

Chapter 14 concludes the dissertation 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 decision and 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 cell-to-cell variability in proteins level, 

phenotypes and functions. This non-genetic heterogeneity of an apparently homogenous 

population has been the center of many investigations and shown to be of biological 

significance 
84

 
86

 
81

 
27

 
127

 
128

. In past few years, there has been a push for improving the 

methods for analyzing multiple species (ñmultiplexingò) of mRNA and proteins at single 

cell level and even in genome-wide scale. Currently RT-qPCR (in combination with FACS 

for single cell handling 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 therefore can balance large 

numbers of targets with large numbers of cells 
111

 
119

. In this scenario, high-throughput 

nanoliter qPCR platforms, such as BioMark (Fluidigm) 
89

 
53

 and to a lesser extent, 

OpenArray (LifeTechnologies) 
129

 
130

 are now widely adopted. qPCR offers high 

sensitivity, reproducibility and a large dynamic range 
106

 
131

. 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, 

qPCR is the method 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 novel transcripts 

which would entail genome-wide 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 here, are 

expressed at < 50 copies 
132

. Given these low numbers of mRNA molecules, the efficiency 

and uniformity with which each mRNA is copied into cDNA during the first step and 

ultimately represented in the library is also crucial. Large-scale single-cell gene expression 

profiling using RT-qPCR and using versions of the current method of one-tube assays has 

been performed in  an increasing number of systems, including pancreatic cells 
88

, 

circulating tumor cells 
133

 
117

, embryonic stem cells 
134

 
135

, hematopoietic cells 
114

 
53

.  

In this following chapter, multiple steps in the establishment of a successful RT-

qPCR protocol for analysis of expression of multiple transcripts in individual mouse blood 

progenitor cells will be described. I 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 single-cell RT-qPCR 

Single-cell RT-qPCR method consists of several steps as outlined in Fig. 5.1.  

 

                       

Figure 5.1. Overview of steps involved in single-cell gene expression analysis using RT-qPCR. 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 the individual cell 

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 number and/or of RNA standard 
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were performed down to amounts that correspond to that of individual cells, which we call 

single-cell equivalent or single-cell RNA quantities (10-20 pg).  

Throughout this chapter, the input material for optimization was either purified 

RNA or serial dilutions of cell lysates prepared from clonal EML cells, a blood progenitor 

cell line 
126

. For more information please refer to section 13.5.1.  

 

5.3. Single-cell collection 

An often overlooked aspect 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 in conjunction with fluorescent activated cell sorting (FACS) 
89

 

53
 

136
. The choice was driven because of our need for a high-throughput 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 

achieved by 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 
137

. For more information regarding single-cell collection please refer to 

section 13.7.1. 

 

5.4. Single-cell lysis 

5.4.1. One-tube analysis of single-cell 

For conventional RT-qPCR on populations of cells, samples composed of hundreds to 

thousands of cells are analyzed. Here the cell populations are lysed with strong chaotropic 

agents that release and protect nucleic acids. Although they may interfere with downstream 

application (e.g. RT-qPCR), they are removed by the standard methods of 

extraction/purification of RNA which eliminates these reagents as well as other inhibitors. 

It is common to perform multiple washing steps to achieve the goal. With single cells the 

situation is different: Since the RNA content of a single cell is  minute (10-20 pg in a 

typical mammalian cell) 
138
 and the number of molecules per cell can be very low for some 

RNA species 
139
 any RNA loss during purification cannot be tolerated. Therefore it has 

become common practice to skip the purification and perform RT-qPCR in the same tube in 
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which the single cell deposited and lysed. This however single-tube procedure entails that 

cell lysis buffer is compatible with the subsequent enzymatic reactions 
140
.  

 

3.4.2. Evaluation of lysis solutions 

For efficient and complete reverse transcription without purification of RNA, the cell needs 

to be sufficiently lysed for the RNA to become accessible to the RT enzymes. To guard 

released RNA from degradation after cell lysis in the absence of chaotropic agents, a 

ribonuclease inhibitor must be added to the lysis solution. Since the lysis reagent must be 

compatible with downstream RT and qPCR to not inhibit these processes 
140
, Svec et al 

recently published a comparison of 17 different reagents for direct RT-qPCR following cell 

lysis. They observed that BSA is the best lysis agent resulting in efficient cell lysis and 

enhanced RT efficiency 
139
. Bengtsson et al. also tested five different solutions for lysis of 

pancreatic cells. They reported that low concentration of GuSCN (guanidine thiocyanate) is 

their agent of choice 
141
. Although different techniques for single cell lysis can be used, 

including freeze and thaw, the commonly used are heat, chemical (detergents), and osmotic 

pressure (low pH) 
140
. Among the methods mentioned, some methods indeed are assumed 

to be less aggressive, such as osmosis method in presence or absence of mild surfactants. 

Cells swell and burst when ionic strength is lowered 
140
. We decided to use the 

commercially available cell lysis solution kits from CellsDirect (Invitrogen) and Cells-to-Ct 

(Applied Biosystems, formerly Ambion) and investigate which one is preferable for our 

experiment as they have been claimed to be the currently two best approaches (personal 

communication with Life Technologies specialists) although the manufacturers do not 

reveal the composition of their lysis solutions.  

10
3
, 10

2
 and 10 EML cells were sorted in a PCR plate and for each condition and at 

each cell number three biological replicates were analyzed. Although the goal was to study 

the effect of the lysis solution on single cell lysis, we had to analyze small cell populations 

instead of single-cells in order to eliminate the effect of stochastic gene expression and 

associated cell-cell variability 
87,142
. But by keeping the number of cells low, the lysis 

performance of just few cells (as little as 10) may reflect that of individual cells. Water 

control was used as a replacement for lysis solution. GAPDH, GATA1 and PU.1 expression 

was analyzed. To be able to compare the effect of the lysis solution of two kits in 
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downstream RT-qPCR all steps and conditions were performed exactly the same except the 

lysis step. For more information regarding single-cell collection please refer to section 

13.5.3. 

Fig. 5.2 represents that both lysis solutions seem to improve the cDNA yield relative 

to control water. Lysis solutions from both kits present the same performance for 10 cells 

while CellsDirect kit performed better for higher cell numbers. As we plan to work with 

100-cell populations as well, we decided to choose CellsDirect lysis solution kit for all 

experiments.  

 

      

                                     

Figure 5.2. Evaluation of direct cell lysis protocols. The lysis yield of GATA1 (A), PU.1 (B) and GAPDH 

(C) mRNA, as detected by RT-qPCR using 10
3
, 10

2
 and 10 sorted EML progenitor cells as starting material, 

in a comparison between CellsDirect (triangle) and Cells-to-Ct (square) lysis solutions. Relative cDNA yields 

were calculated using water control instead of lysis buffer as baseline. Values are mean ± STD for 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 t-test, p < 0.05). There is a significant difference for all genes between the two lysis 

solutions (p < 0.05) for 10
2
 and 10

3
 cells but not for single cell sample. 
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5.4.3. RT-qPCR inhibition evaluation for lysate-based RNA template 

Quality, validity and reproducibility of RT-qPCR 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 qPCR 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 assessing RT-qPCR inhibition is to use spike-in 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, lysis efficiency, mRNA 

accessibility and mRNA quality. RNA spikes can either be commercial or generated by in 

vitro transcription 
111

. 

To evaluate the presence of inhibitory components in our lysate-based RNA sample 

and its negative effect in RT-qPCR 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 RNA sample. 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 entire RT-qPCR workflow (Fig. 

5.3). Spike Control was reverse-transcribed with the RNA sample (either purified or lysate) 

and the resulting cDNA was subsequently amplified using the Spike Assay. If the 

difference in Cq values was greater than 2 between these two reactions, (1) RNA sample 

with Spike control and (2) Water sample with Spike control, this will be a strong indication 

for inhibition in the RT-qPCR step(s) 
143

. This is expressed in the following equation (5.1): 

Ў#Ñ3ÐÉËÅ ÃÏÎÔÒÏÌ 2.! ÓÁÍÐÌÅ3ÐÉËÅ ÃÏÎÔÒÏÌ ×ÁÔÅÒ

!ÖÅÒÁÇÅ #Ñ 3ÐÉËÅ ÇÅÎÅ ÉÎ 2.! ÓÁÍÐÌÅ

ÁÖÅÒÁÇÅ #Ñ 3ÐÉËÅ ÇÅÎÅ ÉÎ ×ÁÔÅÒ                              υȢρ 

 

Fig. 5.3 shows that, as expected isolated RNA as input for RT-qPCR seems to 

exhibit the lowest inhibition of the 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 reveals a higher level of inhibition relative 

to purified RNA. The extent to which the Cq is delayed is different and it depends on the 

cell number input. The RT-qPCR process was more inhibited as the input cell number 

increased, although even for 10
3
 cell lysate, it still did not constitute a major problem. Thus, 

using the cell lysate as an input for RT-qPCR quantitation of transcripts is not expected to 

pose any significant problem for accuracy of quantification. 

 

                                    

Figure 5.3. RT-qPCR inhibition in reactions using purified and lysate-based RNA template using the 

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

EML cell input number (10
3
, 10

2
, 10 and 1 cell) was used as RNA sample input. Solaris Spike RNA (1X) was 

added to the RNA sample and reverse transcription and qPCR was performed accordingly. ȹCq (Spike 

control RNA sample ï Spike control water) = avg Cq (Spike gene in RNA sample) ï avg Cq (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 (lysate-based template) to the RT reaction resulted in decreased inhibition level. Values are mean ± 

STD for three separate experiments. * Statistically significant difference between cell lysate and isolated 

RNA (Anova, P<0.05). 

 

5.4.4. Isolated RNA (classic) workflow vs. lysate-based RNA workflow 

In order to compare the sensitivity of qPCR 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 (10
4
, 10

3
, 10

2
 cells) with triplicate samples was 

prepared. It was either subjected to classic RNA isolation (using RNAqueous-4PCR Kit 

(Ambion)) immediately (section 13.5.1) or lysed with lysis buffer (CellsDirect) (section 

13.5.3). The CellsDirect RT protocol (section 13.5.3) was used for cDNA preparation from 

both purified and lysate-based RNA. To normalize the amount of cDNA input for the qPCR 
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reactions to the input cell number, the same fraction of either isolated RNA or lysate-based 

RNA was used for RT (25% of total volume). qPCR was performed on BioRad instrument 

and 3 genes (GATA1, 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 tested gene, the reported Cq values 

appeared earlier for the cell lysate-based workflow (Fig. 5.4) except for the 10
4
 cell lysate 

input where purified RNA showed better sensitivity. This could be due to possible 

inhibition of RT-qPCR by high cell input.  

 

  

                                       

Figure 5.4. Comparison of cell lysate and purified RNA workflows as input for reverse transcription 

process using progenitor EML cell dilution series. A 10-fold cell serial dilution was prepared from 10
4
 to 

10
2
 cells and cells either used for standard RNA purification workflow (open diamonds) or lysate-based 

workflow (filled diamond) and this used as input for cDNA synthesis. Sample was analyzed with qPCR for 3 

genes (GATA1 (A), PU.1 (B) and GAPDH (C)). Mean quantification cycles (Cq) from three replicate cell 

samples are shown. R
2
 values from linear regression of Cq against log10 (cell number) are displayed. 
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The difference became more pronounced as the number of input cell number was 

reduced to 100 cells, 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 column-based RNA isolation approach results in loss of RNA sample, which 

accordingly is 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 
144

.  

 

5.5. cDNA synthesis (Reverse transcription (RT)) 

Reverse transcription (RT) is a critical step for measuring transcript abundance by qPCR 

which can only amplify DNA templates. Since the RT step only copies once and does not 

amplify over multiple rounds, it represents a bottleneck of sensitivity and can influence the 

accuracy and precision of quantification. To ensure that a low transcript number within a 

single cell is detected and quantified by qPCR, high RT efficiency is needed. To achieve 

this, several decisions have to be guided by appropriate experiments. Several factors 

involved in the RT process can affect performance and they all need to be optimized. 

Among these factors, the type of reverse transcriptase enzyme, RT priming strategy, time 

and temperature of RT (which determines by enzyme) are the most important ones 
145
. To 

evaluate the performance of RT, its variability, linearity and efficiency should be analyzed. 

To avoid sample-to-sample variability in the test experiments, a pool of isolated and 

purified RNA from the EML progenitor cell population was used as starting material for the 

optimization of these different factors of reverse transcription step to achieve a highly 

efficient process. 

To determine the optimal RT condition for our system, we tested three different RT 

priming strategies at different concentrations for the most common RT enzyme 

(SuperScript III) (personal communication with Life Technologies technical specialist) as 

well as two others. Table 5.1 presents the experimental setup and the different combinations 

of enzymes and priming strategy at different concentrations. cDNA synthesis and 

quantitative PCR protocols used for generation of data are described in sections 13.5.2 and 

13.5.5. 
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5.5.1. Reverse transcription priming strategy 

Reverse transcription can be primed using non-specific oligo(dT) or random-hexamer 

primers to synthesize a cDNA pool representing the entire population of messages in the 

RNA sample. Alternatively, gene-specific primers (GSPs) can be used so that only 

particular mRNA targets are transcribed into cDNA 
146

.  

As the best approach for RT priming is still a controversial topic, we decided to 

evaluate all different strategies in our system with a perspective on single-cell analysis. We 

also tested a combination of oligo(dT) and random primers to see if a combination of these 

two priming strategies may provide better results.  

100 ng total RNA isolated from EML progenitor cell population was used at each 

condition listed in Table 5.1. As it was mentioned earlier cDNA synthesis was performed as 

described in section 13.5.2. As shown in Table 5.1, three different concentration of primers, 

as suggested by the literature, were tested for each RT priming strategy 
109 111 145 147

 
148
. The 

SuperScript III RT enzyme was used to evaluate the performance of the different RT 

priming approaches by qPCR output.  After determination of the optimal RT priming 

strategy and the associated concentration of primers, the performance of other reverse 

transcriptase enzymes, including SuperScript II and MultiScribe, was investigated at the 

optimal RT primer condition. No RT primer and no RT enzyme negative controls were 

included in the experiment to evaluate the consequence of any contamination of RT 

reagents as well as the presence of genomic DNA which may affect various primers 

differentially. Both controls led to negative results.  

 

Table 5.1. Overview of different tested RT conditions in our experimental setup. By varying the type of 

RT priming strategy (oligo(dT), random hexamer, and gene-specific), their concentrations and type of RT 

enzymes (SuperScript II, SuperScript III, and MultiScribe (MMLV)) a combination of factors were 

investigated. 

 

RT primer strategy [primer]  RT enzyme 

 

Oligo(dT)
20

 

1.5 mM SuperScript III 

3 mM SuperScript III - SuperScript II - MultiScribe  

6 mM SuperScript III 

 

Random hexamers 

1.4 ng/µl SuperScript III 

2.8 ng/µl SuperScript III - SuperScript II - MultiScribe  
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5.4 ng/µl SuperScript III 

 

Oligo(dT)
20

 + 

Random hexamers 

1.5 mM + 1.4 ng/µl SuperScript III 

3 mM + 2.8 ng/µl SuperScript III - SuperScript II - MultiScribe  

6 mM + 5.4 ng/µl SuperScript III 

 

Gene-specific primer  

0.12 µM SuperScript III 

0.25 µM SuperScript III - SuperScript II - MultiScribe  

0.5 µM SuperScript III 

 

Fig. 5.5 shows that the RT efficiency is quite variable and is highly gene dependent 

as it has been reported before 
145 147

. Since the same amount of starting material was used 

for all reverse transcription reactions and assuming that there is no variation in the qPCR 

step (which was performed in parallel for all RT variants), a low Cq value indicates a more 

efficient reverse transcription reaction. As Fig. 5.5 indicates no RT priming strategy was 

best for all four genes. For example, for the transcript TBP, the highest reverse transcription 

yield was obtained with random-hexamers particularly at 2.8 ng/Õl. The trend was that 

oligo(dT)20 alone (Fig. 5.5A) and gene-specific (Fig. 5.5D) RT priming approaches resulted 

in lower cDNA yield (which is consistent with what has been known for conventional PCR 

of bulk, purified RNA).  However, a combination of oligo(dT)20 and random-hexamer (Fig. 

5.5C) provided an overall better cDNA yield.  

Note that the majority of genes we plan to study are transcription factors with 

medium to low expression level, therefore the choice of optimal RT primer concentration 

may be specific to the cases of GATA1 and PU.1 genes and be different for other genes. But 

for various experimental conditions we will consider the relative cDNA yield of these two 

transcripts as a baseline. For example, whereas random-hexamers (2.8 ng/Õl) produced a 

higher cDNA yield for the transcript TBP, the combination of oligo(dT)20 (3 mM) and 

random-hexamers (2.8 ng/Õl) provided higher cDNA yield for GATA1 and PU.1, and 

therefore this RT primer condition was preferred. In summary, based on the above empirical 

determination, a combination of oligo(dT)20 and random-hexamer at concentration of 3 mM 

and 2.8 ng/Õl respectively was adopted for all further experiments.  
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Figure 5.5. RT priming strategy. To determine the optimal RT condition, the effect of different RT priming 

strategies (oligo(dT)20 (A), random-hexamers (B), a combination of two latter (C) and gene-specific primer 

(D) on cDNA synthesis yield was measured. Identical amounts of purified total RNA was used as starting 

material; cDNA synthesis was performed using SuperScript III RT enzyme and four genes was measured 

(high-abundant GAPDH (grey), medium-abundant TBP (green) and low-abundant GATA1 (red) and PU.1 

(blue)). The gene-specific primer was identical to reverse qPCR primer. Relative cDNA yield was arbitrarily 

set to a value of one for lowest RT primer concentration. Values are mean +/- STD for 3 separate 

experiments. * Statistically significant difference between cDNA yield of Oligo(dT) and random hexamer at 

two different concentration of (3mM and 2.8ng/µl) and (6mM and4ng/µl) (Student t-test, P<0.05). 

 

5.5.2. Reverse transcriptase enzyme 

After determination of the optimal RT primer concentration for different priming 

approaches (3 mM oligo(dT)20, 2.8 ng/Õl random-hexamer, a mixture of both and 0.12 ÕM 

gene-specific primer), we compared the performance, given these conditions, of two known 

and common reverse transcriptase enzymes (SuperScript II and MultiScribe) with 

SuperScript III to identify the most efficient RT enzyme.  

Fig. 5.6 shows that indeed the most optimal RT priming approach is a mixture of 

oligo(dT)20 and random hexamer at 3 mM and 2.8 ng/Õl concentration respectively. 

MultiScribe was the least efficient RT enzyme overall which resulted in production of 

lower cDNA. Although the performance of SuperScript II and III were relatively 
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comparable for TBP and GAPDH transcripts, the SuperScript III significantly yielded 

higher cDNA amounts for GATA1 and PU.1 genes; hence we decided to continue working 

with SuperScript III. Moreover, this enzyme has a few advantages compared to SuperScript 

II, such as higher thermal stability and less inhibitory effect (Invitrogen, 2013). Stahlberg et 

al 
147
 investigated the RT efficiency of a panel of commercial reverse transcriptase in 

generating cDNA from liver total RNA and identified SuperScript III as the most efficient 

one for the genes that they study. By contrast Levesque-Sergerie et al 
149
 performed similar 

experiments for a broader range of testis RNA input amount and identified SuperScript II as 

the best option as it generated more detectable molecules of transcripts present at low copy 

number. 

We also determined that moderate variations (increase) in annealing temperature (55 

ÁC) or reverse transcription time (120 min) for SuperScript III RT enzyme had no 

significant effect on the reverse transcription cDNA yield (Fig. A.2). Diercks et al 
114
 and 

Stahlberg et al 
147
 also reported similar observations. 

 

              
 

Figure 5.6. RT enzyme performance comparison. Identical amounts of purified total RNA was used as 

starting material and four genes were measured (high-abundant GAPDH (grey), medium-abundant TBP 
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(green) and low-abundant GATA1 (red) and PU.1 (blue)). Determination of optimal reverse transcriptase 

enzyme under optimal RT priming conditions [3mM oligo(dT)20 (A), 2.8 ng/µl random hexamer (B), a 

mixture of both (C) and 0.12 µM gene-specific primer (D) ] as determined in Fig. 5. Relative cDNA yield was 

arbitrarily set to the value =1 for the least efficient reverse transcriptase. Values are mean +/- STD for 3 

separate experiments. * Statistically significant difference between cDNA yield of SuperScript II and III 

enzymes (Student t-test, P<0.05). 

 

In conclusion, it seems that reverse transcription yield depends on the choice of RT 

enzyme and is gene-dependent. Therefore, there is no one globally optimal RT condition:  

RT efficiency depends on multiple factors, such as RT priming strategy, RT enzyme and the 

genes of interest. Therefore, ideally the optimal RT conditions need to be determined for 

each experimental system. More importantly, for quantitative gene expression 

measurements based on separately performed reverse transcription reactions to be 

comparable, the same RT enzyme, RT priming strategy and experimental conditions must 

be used. 

 

5.5.3. Efficiency, linearity and dynamic range of reverse transcription 

To estimate the reverse transcription (RT) efficiency, defined as how many molecules of 

mRNA converted into cDNA, we measured qPCR output performed on either the plasmid 

DNA containing a gene of interest or on cDNA generated by RT from the same amount of 

the corresponding mRNA (generated by IVT, section 13.6). This is an indirect measurement 

of RT efficiency because the actual direct product, cDNA is not measured (which would 

require radioactive tracer experiments to quantitate nucleotides incorporated into the 

cDNA). Assuming equal amplification efficiency, that is using qPCR as monitoring 

process, however, an estimate of RT efficiency can be obtained. The overall efficiency of 

mRNA processing/reverse transcription can then be calculated based on a comparison 

between detection of same number of input mRNA and DNA molecules in the same 

experiment. RT efficiency is gene-dependent and we performed this estimation for GATA1 

and PU.1 genes. mRNA was generated from the plasmids containing these sequences 

behind bacterial promoters (sections 12.5.1 and 13.6). RNA was quantified; a serial dilution 

was prepared, and subjected to cDNA synthesis using the RT procedure described in section 

13.5.2 and used as input for qPCR (section13.5.5).  
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qPCR readout was plotted against log10 of either mRNA or plasmid DNA 

concentration (Fig. 5.7). Linearity, sensitivity, efficiency and dynamic range of reverse 

transcription process can be determined with this approach. 

 

   

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

determined by qPCR for both linear plasmid DNA as template for qPCR and mRNA (its corresponding 

cDNA) as input for reverse transcription and itôs plotted versus input copy number of DNA or RNA standard. 

Input ñstandardò DNA is the linearized plasmid and its corresponding IVT RNA is the input RNA. Dotted 

lines are linear regression lines. (A) GATA1 DNA (line) and RNA (open rectangular) (B) PU.1 DNA (line) 

and RNA standard (open rectangular). ñNo-template-controlò was used as negative control to assess the 

specificity of performance and absence of primer-dimer formation. 

 

Since the amount of mRNA molecules used as input for RT is known, and since the 

DNA ñstandardò is established using defined amounts of plasmid DNA molecules, it is 

possible to calculate the real efficiency of the RT system 
149
. To calculate reverse 

transcription yield (efficiency), first a calibration curve of the linear plasmid DNA (20-

2x10
6
 DNA molecules) was prepared (Fig. 5.7). Linear regression of quantification cycle 

(Cq) against DNA copy number of molecules provides us with regression equation (5.2):  

   ὅή ὦ ίὰέὴὩ ὼὰέὫὲὈὔὃ    (5.2)  

where n(DNA) is the number of DNA molecules, b is the intercept of linear regression 

equation. The reverse transcription efficiency is defined as follows 
147
:  

   ὣὭὩὰὨ Ϸ   ὼ ρππ     (5.3) 

The n(cDNA) is the unknown but can be replaced because we have the information from 

the DNA standard. This using equation (5.2) to replace n(cDNA) in (5.3) we obtain: 

y = -3.578x + 38.999 
R² = 0.9986 

y = -3.7637x + 43.067 
R² = 0.998 
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    ὣὭὩὰὨ Ϸ   ὼ ρππ    (5.4) 

where n(mRNA) is the number of mRNA molecules of a particular gene used as input in the 

test sample, b is the intercept of the linear regression equation of the DNA standard curve, 

Cq is the quantification cycles measured in the RT-qPCR for RNA input. 

To assess the RT efficiency at a specific dilution point, ~ 1/8 of the RNA amount 

was used for the calculation, since 2 ɛl of the 16.5 ɛl RT reaction was used in the qPCR 

assay. Average RT efficiency for GATA1 mRNA was 58.50% ranging from 36.99% to 

85.73% over the entire quantification range of 20-2x10
6
 copies. It was 60.76% for PU.1 

transcript varying in the range of 36.25-82.12% (summarized in Table 5.3). The reduction 

in RT efficiency was mainly caused by the low RT yield at the lowest template 

concentrations. 

Our observation suggested that RT efficiency is to some extent gene-dependant as 

has been reported by others 
147
 
145
; however there is no significant difference between RT 

efficiency for these two genes. Linearity and dynamic range of RNA quantification can be 

evaluated by plotting linear regression and calculating R
2
 (Fig. 5.7). The coefficient of 

determination (R
2
) for RNA standards represents high linearity for reverse transcription and 

amplification of 20-2x10
6
 molecules of RNA input (R

2
=0.998 for GATA1 and R

2
=0.9979 

for PU.1 RNA standard). The linearity of qPCR evaluated by DNA standards dilution series 

was for R
2
=0.9986 for GATA1 and R

2
=0.9991 for PU.1. In fact, the linearity for both 

reverse transcription and amplification process was quite high.  

Although Fig. 5.7 shows a high proportionality in the range of 20-2x10
6
 copies of 

molecules for both RT and qPCR, the high Cq values at 20 copies input RNA may result in 

reduction in sensitivity and specificity at this dilution. Therefore to reduce uncertainty, the 

dynamic range of RT is assumed to be in the range of 2x10
2
-2x10

6
 copies/reaction (5 logs) 

while the dynamic range of qPCR is 6-log (20-2x10
6
 copies/reaction). However, a negative 

no template control in the experiment allowed us to accept the quantification cycle of 40 for 

20 copy molecule input of RNA and therefore dynamic range of RNA detection can be as 

low as approximately 20 molecules. Levesque-Sergerie et al evaluated the dynamic range 

of five different RT systems and their ability in conversion of different amount of RNA 

input into cDNA 
149
. They used either constant or different levels of background RNA. 
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Their results suggested that different RT enzymes have different detection limits, with 

SuperScript II being the best. At the same time, they warned of possible bias in gene 

expression analysis using this RT enzyme as the low-abundant transcripts may be 

overestimated. Fox et al 
144
 on the other hand found a detection limit of 10

2 
copies RNA for 

SuperScript III RT enzyme. 

As expected, the reproducibility of RT reaction is clearly lower than qPCR as 

revealed by the higher STD (Fig. 5.7), which is an error that is a composite of the error in 

both reverse transcription and qPCR. This seems to be accentuated at lower copy input.  

As a conclusion, for single-cell RT-qPCR we can have some certainty of 

quantitative detection for RNA molecules representing 20-2x10
6
 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 conclusions based on change of ratios of 

transcripts. 

 

5.5.4. Technical variability of reverse transcription   

As mentioned briefly above, there is variability in RT-qPCR reactions that is higher than 

straight qPCR on plasmid. In quantitative single-cell analysis of transcripts, the challenge is 

the low amount of RNA template available in an individual cell, which could result in 

larger experimental (technical) variation. ñTrueò biological cell-cell variability must be 

separated from technical variability introduced in the single-cell analysis process. Reiter et 

al 
150
 evaluated the technical variability from different steps involved in single-cell RT-

qPCR process and concluded that the main contributor is the reverse transcription step. 

Diercks et al 
114
 also reported the same observation. Bengtsson et al 

141
 on the other hand 

reported that at low copy number of RNA, if RT efficiency is high the majority of noise 

measurement stems in qPCR step.  

We planned to investigate the technical variations at different steps of single-cell 

RT-qPCR process including RT, target-specific amplification and qPCR. To estimate the 

technical variability at RT step and its relative contribution to single-cell RT-qPCR process, 

the aforementioned calibration curves of the RNA and DNA standards were used (section 

5.5.3) which spanned a wide dynamic range (6 log10) at the concentration range of 20-
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2x10
6 
copies/Õl (low input amount would be the case for single-cell samples). The DNA 

and RNA standards were used to estimate the variability in qPCR reaction and RT-qPCR 

process respectively.  

To estimate the variability at reverse transcription step, the difference in variation 

between RT-qPCR (using standard RNA) and qPCR (using standard DNA) was calculated. 

The coefficient of variation (CV), the normalized standard deviation, as a measure for 

dispersion and variability was calculated among the 6 replicates for each concentration of 

input DNA and RNA.  

Table 5.2 summarizes the variation accompanied with qPCR reaction while Table 

5.3 summarizes the variation in RT-qPCR process. Table 5.2 shows that the variability of 

qPCR is quite low for both GATA1 and PU.1 DNA template (average CV of 0.68% and 

0.82% over entire quantification range of 20-2x10
6
 copies/Õl respectively). The variation 

was dominated by the variability at the two lowest DNA template concentrations. At the 

lowest concentration, it can be appreciated that there is a great deal of stochastic noise 

possibly due to Poisson distribution that affects the detection and actual Cq value.  

 

Table 5.2. Technical variation in qPCR step was evaluated using DNA standard curves. A dilution series 

of standard DNA (linear GATA1 and PU.1 plasmids) was prepared at 20-2x10
6
 copies/µl. qPCR was 

performed on these dilutions; reported Cqs 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 Cq. Reported Cqs were plotted against log10 of DNA concentration.  

 

 The average variation introduced by reverse transcription step is approximately 

12.71% for GATA1 and 12.60% for PU.1 (variability for qPCR was subtracted from 

 DNA standard  

(GATA1) 

 DNA standard 

(PU.1) 

 

 Mean Cq (n=6) +/- STD CV% Mean Cq (n=6) +/- STD CV% 

2.10
6

 16.65 +/- 0.09 0.54 15.88 +/- 0.06 0.36 

2.10
5

 19.82 +/- 0.03 0.15 19.12 +/- 0.07 0.35 

2.10
4

 23.85 +/- 0.01 0.04 22.84 +/- 0.03 0.14 

2.10
3

 27.12 +/- 0.08 0.29 26.3 +/- 0.1 0.38 

2.10
2

 30.49 +/- 0.31 1.01 29.32 +/- 0.39 1.33 

2.10 34.64 +/- 0.71 2.05 33.27+/- 0.79 2.37 

R
2

 0.9986  0.9991  

Mean     

variation 

 0.68  0.82 
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variability for RT/qPCR) and the main variation comes from the lowest copy number 

(Table 5.3).  

 

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

standard RNA (in-vitro generated GATA1 and PU1 mRNA) was prepared at 20-2x10
6
 copies/µl. 6 replicates 

of RT was prepared at each dilution followed by qPCR. Reported Cqôs were plotted against log10 of RNA 

concentration. Regression equation provided slope, intercept and log10 (n(cDNA) (refer to equation (5.2)), and 

reverse transcription efficiency then was calculated using equation (4) in the text.  In this equation, n(cDNA) 

for each dilution was calculated via equation (5.2). n(mRNA) is 1/8*RNA copy number at each dilution 

because 1/8 of RT reaction was used for each qPCR reaction. Reverse transcription efficiency therefore was 

calculated using equation (5.4).   

 

Fig. 5.8 shows the summary of calculated CV for mean Cq and mean RT yield (as 

listed in Tables 5.2 and 5.3) as a function of template copy number. It is clear that there is a 

dependence of technical noise on the starting amount of the template. As DNA or RNA 

standard copy number decreases, CV increases. Diercks et al found roughly the same RT 

variation as we did 
114
. Reiter et al estimated the same level of technical variability for 

reverse transcription, pre-amplification and quantitative PCR when they removed the huge 

amount of variation caused by sample evaporation 
150
.  

 

 RNA standard 

(GATA1) 
  RNA standard  

(PU.1) 
  

 Mean RT yield % 
(n=6) +/- STD 

CV% Mean RT yield % 
(n=6) +/- STD 

  

CV% 

2.10
6

 60.33 +/- 4.08 6.77 59.46 +/- 4.63 7.78 

2.10
5

 67.65 +/- 3.34 4.94 69.18 +/- 4.04 5.85 

2.10
4

 85.73 +/- 7.34 8.57 82.12 +/- 6.73 8.20 

2.10
3

 56.71 +/- 6.30 11.10 64.50 +/- 9.37 14.54 

2.10
2

 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
2

 0.998   0.9979   

Average RT 

efficiency 
58.49 +/- 17.43   60.77 +/- 15.51   

 

Mean variation 
   

13.39 
   

13.42 
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Figure 5.8. Relationship between coefficient of variation (CV %) of RT and qPCR processes with input 

copy number of standard DNA and RNA templates. CV % was calculated from tables 5.2 and 5.3 for 

qPCR and RT and plotted as a function of the input copy number. Serial dilutions of GATA1 (red) and PU.1 

(blue) DNA and RNA standard were prepared for the range of 20-2x10
6
 copies. At each template dilution, the 

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

qPCR or reverse transcription process. As the copy number of template decreased the measurement noise 

(CV) increases. 

 

 

5.6. Target-specific amplification (pre-amplification)  

The essence of network and cell state analysis is to measure multiple transcripts in the same 

single-cell sample. RT-qPCR analysis of multiple genes in single cells is hindered by the 

very limited amount of RNA in each sample. In fact, the difficulty of achieving reliable 

RT-qPCR 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 per cell 
88

 
135

 
136

 was to aliquot 

the cDNA prep from single cell into independent, gene-specific PCR assays for 

amplification and quantification. This approach is not scalable to profiling of dozens genes 

given the limited starting material. Besides, sampling noise associated with aliquoting 

dilute volumes will most probably compromise quantification of low-abundant genes and 

may result in lower dynamic range and reduced sensitivity.  

Another approach is a global (genome-wide) pre-amplification of mRNA (or more 

precisely, of its cDNA). This approach provides great flexibility in the choice of genes to 

be analyzed ï which can be made at any time point later, and has been widely used for 
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transcriptome analysis of single cells with microarrays 
151

 
152

 or sequencing 
153

 
154

. Global 

mRNA amplification can be achieved by either linear amplification based on IVT (in-vitro 

transcription) after ds-cDNA is made from the RNA 
155

 
156

 or by exponential amplification 

157
 
153

 of the cDNA.  

The inherent non-linearity of PCR amplification makes results difficult to interpret 

and introduces bias if pre-amplification 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 complications would be 

alleviated 
113

 
158

 
159

.  

Increasingly, RT-qPCR studies on single cell that involves profiling of panels of 

genes have turned to sequence-specific pre-amplification in the multiplex setting. In this 

strategy, a set of multiple cDNA targets are initially amplified together in a single-tube 

multiplexed reaction using a limited number cycle of PCR. Since one thereby 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 sampling error and used in independent, 

singleplex qPCR to quantify genes of interest 
114
 
89
 
160
 
53
. In early single cell studies, the 

multiplexed pre-amplified product was amplified in singleplex PCR using nested primers 

113
 but later it was found that same primer set can be used for both pre-amplification and 

qPCR. Currently, it appears that the sequence-specific pre-amplification is the most 

promising strategy for increasing the breadth of single-cell RT-qPCR analysis 
116

 
161

 and it 

is most widely used. The optimization of the multiplex pre-amplification reaction is critical 

however a commercial buffer system specifically developed for this task is available and 

used by the majority of investigators (Taqman Preamp Master Mix, LifeTechnologies). 

Highly specific RT-qPCR assays with optimized primers are available off-the shelf 

for thousands of mRNA targets in different model organisms. The main obstacle to the full 

exploitation of the ñpre-amplificationò for single-cell studies is the number of the 

subsequent individual qPCR analyses on each cell lysate that can be alleviated with usage 

of current high-throughput qPCR platforms such as OpenArray and Fluidigm that need 

nanoliter volume of reaction. In our study, we used gene-specific pre-amplification to take 
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a limiting amount of cDNA and convert it into enough material to support the analysis of 

multiple target genes. 

 

5.6.1. Evaluation of target-specific amplification (pre-amplification)  
As was explained earlier, pre-amplification is an important step in single-cell gene 

expression analysis. This step (i) increases the sensitivity and (ii) enlarges the volume of 

starting material (cDNA) allowing us to run more independent qPCR reactions ï affording 

the analysis of more transcripts.  

In a successful pre-amplification process, because of the low cycle number, it is 

expected that the initial representation of rare genes is preserved while the excessive 

amplification of highly abundant gene copies is prevented. However, for the method to be 

quantitative multiple factors need to be evaluated. For example, how much do we need to 

pre-amplify our target sequences prior to quantification by qPCR? Does pre-amplification 

have negative effects on the accuracy of gene expression analysis? We will address these 

questions in the following sections.  

 

5.6.1.1. Pre-amplification uniformity  

Pre-amplification seems to offer a solution to the problem of dealing with small amount of 

RNA input for single cell or rare population analysis. However, one main concern is that 

the pre-amplification method may introduce a sequence-specific amplification bias, in that 

some sequences or parts of transcripts pre-amplify better than the others. Vermeulen et al 

assessed the performance of linear pre-amplification approach and found that the yield of 

pre-amplification is independent of input RNA amount while the quality of RNA is an 

important factor. They also showed that purification of the pre-amplified product does not 

result in Cq improvement 
162
. In another study, exponential pre-amplification was 

investigated for 92 genes using inventoried Taqman ABI assays to specifically detect the 

amplicons. They showed that pre-amplification improve Cq values and subsequently 

increase the detection sensitivity. For the majority of genes pre-amplification uniformity 

was preserved, and the authors did not offer a clear reason for observed distortion for the 

rest of genes 
158
. However, their study highlighted the importance of testing pre-

amplification uniformity beforehand.  
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To be able to quantify transcripts, especially low-expressed ones in single-cell 

samples, the required pre-amplification cycle number needs to be determined empirically. 

The goal is to find a condition that increases the copy number of transcripts enough to be 

robustly quantifiable in the qPCR (more in section 5.6.1.3) while maintaining the original 

relative transcript abundance. Different pre-amplification cycle numbers have been reported 

in the literature varying in the range of 10-22 cycles 
163
 
162
 
114
 
113
 
160
 
53
. Thus, the number of 

multiplex pre-amplification cycles which can be performed without introducing any 

amplification bias must be established empirically. Therefore, we decided to test the effect 

of 10, 14, 18 and 22 cycles for pre-amplification on the relative quantification of expression 

of a set of genes (section 13.5.4 for more details). 

The first step though is to generate cDNA to pre-amplify; 10 ng purified RNA at 

high quality from EML progenitor cell population was used for cDNA synthesis (section 

13.5.2). Assuming 10 pg RNA per single cell, 10 ng is equivalent to 1000 starting cells. 

Since the 1000-cell sample afforded enough material for qPCR quantification without pre-

amplification; this sample provided a standard for the no-pre-amplification control. To 

evaluate pre-amplification uniformity, relative quantification experiment was performed 

with selected Taqman assays (19 genes, Table A.3) and amplification of cDNA (1000-cell 

sample, equation 5.5) to amplification of pre-amplified cDNA (1000-cell samples pre-

amplified at aforementioned different PCR cycle numbers, equation 5.6) was compared. 

The standard ȹȹCq-method (equation 5.7), employed to quantitate differential expression 

was used: ȹȹCq close to zero indicates that the amplification uniformity is preserved. 

 

 ЎὅήὧὈὔὃὥὺÅὶὥὫὩ ὅήὢ ὥὺὩὶὥὫὩ ὅή Ὑ                      (5.5)  

ЎὅήὴὶὩὥάὴὰὭὪὭὩὨ ὧὈὔὃὥὺὩὶὥὫὩ ὅήὢ ὥὺὩὶὥὫὩ ὅή Ὑ                       (5.6)  

 ЎЎὅή  Ўὅή ὴὶὩὥάὴὰὭὪὭὩὨ ὧὈὔὃЎὅή ὧὈὔὃ          (5.7) 

 

where Cq is the quantification cycle, X is target gene, and R is reference gene. The 

reference gene in our study was GAPDH. 

Fig. 5.9A reveals that regardless of the gene, 22 cycles pre-amplification always 

results in higher deviation of ȹȹCq from zero. All genes except C/EBPŬ show acceptable 

pre-amplification uniformity with ȹȹCq within the -1.5 to +1.5 range suggested by 
163
 
158
. 
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This shows that for 10-18 cycles pre-amplification the samples maintain the relative 

abundance of gene transcripts, representing the initial sample. In multiplex amplification, to 

reduce the probability of primers interference and competition, their concentration in the 

reaction were kept as low as possible. That would explain that the disproportionate 

uniformity at 22 cycles amplification perhaps occur due to reagent depletion. This 

observation underscores the importance of keeping the multiplex pre-amplification cycle 

number as low as possible. However we must take into account that here the starting 

template concentration (10 ng) was rather high as compared to single-cell RNA amount. 

Therefore, it seems reasonable to use 22 cycles pre-amplification for single cell input if 

uniformity can be shown to be preserved. In a standard PCR reaction, depending on the 

starting template concentration, 30-45 cycles are required for the PCR to reach the 

saturation phase which is an indication of depletion of reagents. Therefore, 10-20 cycles of 

multiplexed PCR in theory would be in the linear range of amplification and the 

competition between target amplicons for the reagents would be negligible. Specifically, for 

single-cell analysis where the starting cDNA copy number is relatively low, pre-

amplification should have more beneficiary effect rather than negative ones.  

Low standard deviation between two replicates at each condition and for each gene 

(Fig. 5.9) suggests that pre-amplification has high reproducibility. In view of the 

disproportionate pre-amplification of C/EBPŬ gene, suggesting again gene-specific factors, 

we hypothesized that it could be due to the larger amplicon length and/or lower 

amplification efficiency. Multiplex amplification may result in PCR inhibition and/or 

reduced PCR efficiency that may introduce potential bias 
113
. However, in our set the 

distortion of uniformity appeared to be independent of amplicon length since some of the 

gene assays with larger amplicon exhibited acceptable uniformity. EpoR, Hbaa1 and Fog-1 

assays are all examples for this observation (Table A.3); these assays all generate larger 

amplicon while they show relatively low ȹȹCq (Fig. 5.9).  

We next checked the amplification efficiency for the C/EBPŬ assay using cDNA as 

template. We observed that the amplification efficiency for C/EBPŬ gene is low (81.48%) 

(Fig. A.6). Therefore, poor amplification efficiency would contribute to observed bias (loss 

of uniformity). As it is known that cDNAs of differing lengths and composition would be 

amplified with differing efficiencies, we decided to try a different C/EBPŬ assay, targeting 
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a different region of the template. By doing so the amplification efficiency improved to 

98.55% (Fig. A.6) and the average ȹȹCq was reduced from 4.065 to 1.34 (Fig. 5.9B). The 

dynamic range of this new assay is larger and Cq values improved by an average 3 cycles 

(Fig. A.6).  

 

             

             

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

number. Taqman® 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 progenitor cell population was used for cDNA 

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

(green line) and 22 (red line) cycles). A control cDNA sample (not pre-amplified) was also included in the 

experiment. There were 2 biological replicates for each condition. To evaluate pre-amplification uniformity, 

ȹȹCq were calculated (see text, using equations 5.5-5.7). A ȹȹCq value close to zero indicates pre-

amplification uniformity (no change in relative transcript abundance before and after pre-amplification). (A) 

Initial attempts with CEBPŬ assay showing poor PCR efficiency. (B) Using new CEBPŬ assay with high 

amplification efficiency reduced the ȹȹCq significantly (P<0.01). 
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5.6.1.2. Competition between assays during multiplex PCR amplification  

A specific reason for the lack of uniformity discussed above is the direct competition 

between the amplicons in the pre-amplification which is now routinely performed as 

multiplex reaction 
113
. To directly evaluate competition, the same amount (10 ng) of EML 

progenitor cDNA was amplified in the pre-amplification PCR for 18 cycles, either 

separately for each individual gene (singleplex), or in combination with all other genes 

(multiplex). Note that we decided to evaluate assay efficiency just at one selected pre-

amplification cycle number (18 cycles). Next, the PCR products generated in these two 

conditions were amplified on a second quantitative PCR.  

As shown in Fig. 5.10, the relative levels of expression of each gene were 

comparable when the gene was amplified separately or in combination. No significant 

differences were observed between the two amplification conditions for each gene. We can 

conclude that multiplex amplification of genes simultaneously do not have a negative effect 

on the quantification of gene expression.  

 

               

Figure 5.10. Evaluation of assay competition in multiplex pre-amplification. Aliquots of cDNA from 10 

ng purified RNA of EML progenitor cells were pre-amplified 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) obtained for each 

different gene amplified in multiplex (black bars) or separately (gray bars). No significant differences were 

observed between the two amplification conditions for each different gene (t-test, P > 0.1). 

 

5.6.1.3. How many cycles of pre-amplification are needed to robustly quantify cDNA 

molecules in OpenArray qPCR platform? 
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As we plan to use the pre-amplified cDNA samples from single-cells to analyze expression 

of the transcripts of interest by qPCR on the OpenArray platform (LifeTechnologies). 

Therefore, to more specifically adopt the pre-amplification protocol to the format of single-

cell RT-qPCR, the pre-amplification cycle number providing enough material for analysis 

on nanoliter high-throughput qPCR format must be determined. 

In brief, in the OpenArray platform, each qPCR plate consists of 12Ĭ4 = 48 

subarrays and each subarray contains 8Ĭ8 = 64 reaction chambers of 33 nl volume 
164
 (Fig. 

A.7A). One sample is distributed into one subarray consisting of the 64 reaction chambers. 

Primers are pre-immobilized in the individual chambers in a specified manner (akin to 

spotting in microarrays where grid address identifies the probes). The primers of 18 assays 

of interest (all assays in Table A.3 except GAPDH) were pre-immobilized into the 

chambers of each subarray in a customized manner (Fig. A.7B). For each sample 3 

technical qPCR replicates for each assay were included. Further details regarding qPCR on 

the OpenArray platform will be explained in section 13.7.4.  

One important question is how many pre-amplification cycle numbers is needed to 

increase the concentration of cDNA from a single cell to be detected robustly when 

distributed across 64 reactions on one OpenArray subarray? This setting deviates slightly 

from the conditions used for the above optimization experiments. To address this question 

we first defined what ñrobust detectionò means: it is defined as low probability of detection 

failure due to low sampling error. Distribution of template molecules within all the 

chambers of a subarray follows a Poisson distribution. When a volume ὠ containing ὲ 

template molecules is partitioned across ὔḻρ replicate reactions of identical volume, 

ὺ ὠȾὔ, then the expected number of molecules in each replicate is ‗ ὲȾὔ and the 

probability of finding Ὧ molecules in any replicate is given by the Poisson distribution 

(5.8): 

ὴὯȠ‗ Ὡ
‗

ὯȦ
                  υȢψ 

Using Poisson statistics we can calculate the probability of amplification failure (no 

molecule/reaction) at selected average template molecule number/reaction. If we do so, we 

can estimate that in an average concentration of 3 target molecule per reaction volume, 

there is a 95% chance that any reaction will contain at least one molecule. Although the 
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average number of molecules can be increased to 5 for more stringent detection with 

probability of 99% as used by Livak et al 
160
. Thus, ideally, pre-amplification should 

amplify one cDNA molecule to a concentration that corresponds to three molecules per 

reaction volume. The volume of each reaction on an OpenArray plate is 33 nl. Thus, 3 

targets per reaction volume correspond to 91 molecules/Õl. qPCR efficiency for all assays 

of interest were estimated to be on in the range of 97-99% (Table 3.6). Devonshire et al 

reported that pre-amplification can have efficiency close to 100% using standard RNA 
165
.  

Table 5.4 shows the theoretical number of molecules generated from a single cDNA 

molecule at different pre-amplification cycle numbers (10, 14, 18 and 22) as a function of 

amplification efficiency. Therefore, assuming pre-amplification efficiency of 95%, 18 

cycles of pre-amplification would generate at least 97 molecules/Õl from one single-

stranded cDNA molecule and that should ensure a greater than 95% probability of detecting 

one original cDNA molecule with one replicate. In our experimental setup, there are 3 

technical replicates for each assay to increase our confidence in discriminating true 

negative reaction from failure due to sampling effect. Keep in mind that all the calculations 

in Table 5.4 are based on the initial concentration of one cDNA molecule, thus we are quite 

stringent in that sense. Therefore, we decided to use 18 cycles of pre-amplification to 

increase the number of molecules for robust amplification as well as to maintain the pre-

amplification cycles as low as possible to avoid introduction of non-linearity in 

amplification process. 

 

Table 5.4. Theoretical number of molecules generated by pre-amplification from one starting cDNA 

molecule in the reaction as a function of cycles and efficiency. Theoretical number of molecules generated 

by pre-amplification was calculated for 4 different pre-amplification cycles. Although pre-amplification 

efficiency was evaluated for two genes (GATA1 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 qPCR were considered in our calculation. 

 
Cycles * Efficiency % **  Number of 

molecules 

generated *** 

Concentration (number of molecules/µl) 

   In 35µl 

(preamp final 

volume) 

In 10 fold 

diluted preamp 

volume 

In qPCR 

reaction**** 

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 85229.2 2435 243 97 
98 110486.3 3157 316 126 

 
22 92 889868.4 25425 2542 1017 

95 1232329 35209 3521 1408 
98 1698122 48518 4852 1941 

 
*cDNA is single stranded and at first cycle of PCR it becomes double stranded so one cycle need to be 

deduced from the mentioned pre-amplification cycles for calculation of copy number generated during pre-

amplification. 

**We assumed three different efficiencies for higher number of pre-amplification (18 and 22 cycles) within 

the estimated range of amplification efficiency (95%+/-3). 

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

input for pre-amplification. 

****2µl of 10 -fold diluted pre-amplified product is added to 3µl of master mix per one subarray (64 

wells/reactions) on OpenArray plate, thus we have a 2.5 fold dilution of pre-amplified product with qPCR 

reagents. 

 

5.6.1.4. Necessity of dilution of pre-amplified product ï effect on subsequent quantitative 

PCR  

In multiplex PCR reactions the danger of primer dimer formation is high because the 

diversity of primer sequences used may increase the possibility of unwanted cross priming 

amongst primer molecules. We can contain this problem in pre-amplification step by (1) 

limiting the cycle number of multiplex PCR, and (2) by diluting the pre-amplification 

products going into the qPCR.  

Fig. 5.11A presents the effect of dilution of the first round PCR (=pre-amplification) 

product on the subsequent qPCR. Unusual amplification curves in the absence of dilution 

indicates inhibition of PCR reaction which can be due to too concentrated template and/or 

depletion of reagents because of carrying over primer dimers that compete with the 

template for reagents. As shown in Fig. 5.11B, dilution of pre-amplification product as 

template for qPCR restored the normal amplification.  

In our qPCR analysis, we always include a no-template negative control (NTC) to 

check for the presence of primer dimers. Besides, to reduce the probability of primer dimer 

formation the assays must be designed carefully. Primer concentration in multiplex PCR 

also need to be maintained low specifically for highly expressed targets. The dilution 

performed directly after the pre-amplification is needed to dilute down all the reagents of 

past PCR step including primer dimers to prevent any significant primer dimer product 

formation during the cool down after the first round PCR and before qPCR. The pre-PCR 
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product is further diluted in the assembly of the qPCR reactions. Using Taqman chemistry 

which provides high specificity for detection of specific products in qPCR quantification 

grants another layer to alleviate the problem of primer dimers in quantification. 

           

Figure 5.11. Necessity of diluting the pre-amplified product prior qPCR.  (A) 18 cycles pre-amplification 

product was directly used for quantification in qPCR. Unusual amplification curves with low ȹRn are an 

indication of PCR reaction inhibition. (B) 10 fold dilution of pre-amplified product results in normal shape of 

amplification curves. ȹRn represents the total amount of generated amplicon. 

 

5.6.1.5. Pre-amplification efficiency, linearity and reproducibility 

To study the effects of pre-amplification on the quantification variation, the same DNA 

serial dilutions (20-2x10
5
 copies/Õl) of linear GATA1 and PU.1 plasmids were prepared (as 

explained in sections 5.5.3) and each DNA dilution went through 18 cycles PCR 

amplification, product was diluted 10-fold and used for quantitative PCR.  

Table 5.5 shows that including the pre-amplification step in the process resulted in 

an increase in the variability of qPCR for both GATA1 and PU.1 DNA templates (average 

CV of 3.96% and 3.61% over entire quantification range respectively). These results came 

from subtracting the CV from pre-amplification/qPCR (this section) and qPCR alone (Table 

5.2). Reiter et al reported quite high variability for the pre-amplification step. This could be 

due to the fact that they dilute their pre-amplification product by 100-fold and perhaps 

introduced sampling error (Fig. B.10) in the process that lead to high level of CV. Table 5.5 

shows that the observed variation was dominated by the variability at the highest DNA 

A B 
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template concentration. This distortion effect may thus be caused by the influence of too 

much starting material in qPCR reaction which leads to PCR inhibition. 

 

Table 5.5. Technical variation in pre-amplification step was evaluated by DNA standard curves. A 

dilution series of standard DNA (linear GATA1 and PU.1 plasmids) was prepared at 20-2x10
5
 copies/µl. 

There were 6 technical replicates of pre-amplification at each dilution and each dilution was pre-amplified for 

18 cycles. Reported Cqs are average of 6 technical replicates of pre-amplification at each dilution and 

associated standard deviation. To calculate the coefficient of variation at each dilution, standard deviation was 

divided by mean Cq. Reported Cqs were plotted against log10 of starting DNA concentration. Regression 

equation provided slope, that was used for pre-amplification efficiency calculation (refer to equation (5.9) in 

text). 

 

 DNA standard 

(GATA1) + pre-

amplification 

 DNA standard 

(PU.1) + pre-

amplification  

 

 Mean Cq (n=6)  +/- STD CV% Mean Cq (n=6) +/- STD CV% 

2.10
5

 9.11 +/- 1.32 14.49 7.74 +/- 1.05 13.56 

2.10
4

 12.02+/-  0.43 3.58 10.84 +/- 0.38 3.50 

2.10
3

 15.12 +/- 0.22 1.45 14.03 +/- 0.21 1.49 

2.10
2

 18.49 +/- 0.24 1.29 17.32 +/- 0.22 1.27 

2.10 22.84 +/- 0.55 2.41 21.37 +/- 0.5 2.33 

R
2

 0.9933  0.9971  

R
2 

 

(excluding highest copy 

number) 

0.9936  0.9966  

Mean variation  4.64  4.43 

Mean variation 

(excluding highest copy 

number) 

 2.18  2.15 

 

 

The coefficient of detrmination (R
2
) represents high linearity for amplification of 

20-2x10
5
 molecules DNA input (R

2
=0.9933 for GATA1 and R

2
=0.9971 for PU.1 pre-

amplified DNA standards). The linearity drops if we include the highest template copy 

number in our calculation. Fig. 5.12 demonstrates that the average PCR efficiency for pre-

amplified DNA template was 97.12% for GATA1 and was 97.87% for PU.1 while qPCR 

amplification efficiency using DNA standards was 90.32% for GATA1 and 94.64% for 

PU.1 plasmids (Fig. A.3). It is noticeable that PCR efficiency for DNA template with and 

without pre-amplification was quite close. This indicates that pre-amplification has no 

negative effect of on sensitivity of qPCR.  

The average variation introduced by pre-amplification (gene-specific amplification) 

step is approximately 4.64% for GATA1 and 4.43% for PU.1 and the main variation came 
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from samples with the highest copy number (variability for qPCR was subtracted from 

variability for pre-amplification/qPCR). If we exclude the highest copy number 

contribution in pre-amplification variance calculation, CV would drop to approximately 

2.2%.  

                                  

Figure 5.12. Reproducibility, linearity and dynamic range of qPCR with pre-amplification. Cq values 

determined by qPCR for linear GATA1 (red) and PU.1 (Sfpi1, blue) plasmid DNA as template for 18 cycles 

of pre-amplification and plotted versus input copy number of DNA standard. There were 6 technical 

replicates of pre-amplification 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 negative control to assess the specificity of 

primer performance and absence of primer-dimer formation. 

 

5.7. Quantitative real-time polymerase chain reaction (qPCR) 

The last step in experimental workflow for quantification of transcripts in single-cell 

samples is qPCR step. Diluted pre-amplified product generated from single-cell samples (as 

explained in previous sections) will be used as template in the quantification. However, 

qPCR optimization was performed using cDNA synthesized from high quality RNA 

purified from a EML progenitor cell population. For qPCR to be quantitative, multiple 

factors must be evaluated and optimized so that the performance of qPCR is as efficient and 

accurate as possible. The three hallmarks of an optimized qPCR assay are: linearity over a 

large dynamic range, high amplification efficiency, and high reproducibility across 

technical replicates 
106
. Assays (gene specific primer pairs) used in single-cell qPCR are 

designed following the standard qPCR guidelines. In our experiments, we used off-the-

shelf inventoried Applied BioSystems qPCR assays as listed in Table A.3. Nevertheless, we 

still evaluated these assays with respect to specificity, efficiency, and dynamic range prior 

to using them in single-cell gene expression analysis. The results will be reported in the 

y = -3.393x + 26.689 
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following sections. Note that identical PCR primers were used in both pre-amplification 

and qPCR steps.  

 

5.7.1. qPCR assay performance evaluation 

In order to evaluate the qPCR assay 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 is needed. To avoid sample 

to sample variability, for this test evaluation one single RT sample was prepared from 10 ng 

bulk total RNA isolated from EML progenitor cell population (section 13.5.1) which was 

pre-amplified for 18 cycles (section 13.5.4); and the pre-amplification product was diluted 

10-fold by adding buffer (10 mM TrisïHCl, pH 8.0; 1 mM EDTA).  

A calibration (standard) curve was generated by performing qPCR on a serial 

dilution of prepared template and plotting the quantification cycle (Cq) on the y-axis 

corresponding to the log of each template quantity (step of dilution series) on the x-axis. 

The approach is described in details in section 13.5.7. Fig. A.8 shows the calibration curves 

generated for 19 assays used in this study. For majority of genes the linearity was observed 

to span over at least 5 log10. 

PCR efficiency (E) of each amplified transcript was estimated from the slope of the 

linear regression of the standard curve using this formula (5.9) 
146
 : 

%ÆÆÉÃÉÅÎÃÙ %  ρπ ρ Ø ρππ         υȢω 

 

We determined the slope for various assays. Fig. A.8 demonstrates the calibration curves 

for each assay along with the corresponding linear regression equation. The standard curves 

span at least a 5-log10 range of template concentration with three qPCR technical replicates 

at each dilution. Table 5.6 summarizes the amplification efficiency for all 19 assays used in 

this study (Table A.3); as it can be seen amplification efficiency of all target transcripts is 

high and in 97%-99% range. Therefore, all targets amplify with more and less similar and 

with sufficient high efficiency.  

 

Table 5.6. qPCR assays amplification efficiency and limit of detection (LOD). To evaluate amplification 

efficiency and limit of detection (LOD) for all assays in our study, a 1:2 serial dilution was prepared from 18 

cycles pre-amplified product from 10 ng RNA purified from EML progenitor cell population. Amplification 
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efficiency was calculated according to this formula [10
(1/-S)

-1] × 100%. The slope is obtained from the linear 

regression equation of standard curve. There are 6 qPCR technical replicates at each dilution. 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 qPCR Efficiency (%) 

+/- STD 

Lim it of detection  

(LOD Cq) 

PU.1 99.89+/- 1.35 28 

Hba-a1 99.55+/- 1.98 28 

Egr2 98.42+/- 1.41 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 

CEBPŬ 98.81+/-1.36 26 

Gfi1 98.89+/- 1.03 27 

Eklf 99.85+/- 1.68 26 

cMyb 99.71+/- 1.79 27 

cJun 98.20+/- 1.12 27 

Fog1 98.68+/- 1.24 27 

Gata2 99.85+/- 0.93 26 

Fli1 98.81+/- 1.57 27 

Gata1 99.76+/- 1.40 28 

Gapdh 98.20 +/- 1.84 27 

  

In analysis of linearity and dynamic range of qPCR assays Fig. A.8 also 

demonstrates that the amplification is linear over a minimum of 5-log10 of template 

concentration. Moreover, to evaluate the linearity and reproducibility of assay performance, 

it is important to assess the coefficient of determination (R
2
) 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 have R
2
 > 0.98 which 

indicates high proportionality between template concentration and reported quantification 

cycle (Cq). 

The limit 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 target DNA molecule, we may assume that the limit of detection of PCR is one 

molecule. However, digital PCR is accomplished by running hundred replicate reactions 
166
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such that the statistics can take care of the uncertainty to some extent. qPCR detection limit 

on the other hand need to be estimated empirically for each assay. To determine the LOD 

Cq, we examined the above standard curve 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 the range of 26-28. The no-template-control (NTC) reaction did not 

register a Cq 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 would encounter potential false positives. For the data analysis step, we 

prefer to use the experimentally determined LOD Cqs which are specific to the assays.  

Performing a post-reaction melt curve analysis using SYBR Green I dye during the 

assay optimization stage can validate the specificity of amplification. However, this is not 

practical for probe-based 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 qPCR products of 19 genes of interest on 15% polyacrylamide 

gel; size and specificity of each amplicon were confirmed.  

 

5.7.2. Detection chemistry for transcript quantification 

There are a few chemical reactions available for performing quantitative measurements 

with qPCR. The most common ones include fluorescent dyes and TaqMan probes.  

There are technical details needed to be considered in order to choose the 

appropriate chemistry for quantitative measurements. Fluorescent dyes like SYBR Green I 

appear to be a good choice for a quantitative measurement because they bear several 

advantages. These advantages include being less expensive, easier assay design and the 

ability to perform melt curve analysis afterwards, which enables to directly evaluate the 

presence of non-specific products in the reaction. However, the main drawback of 

fluorescent dyes is that they are non-specific meaning false positive signals can be 

generated if non-specific products or primer dimers are present in the reaction. This non-

specificity interferes with an accurate quantification 
167
. In fact, it was noticed in this work 

that as the template amount lowers the production of non-specific products such as primer-

dimer increases. The increase in non-specific product manifests itself as a second peak in 
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melt curve analysis in such a way that it may dominate the peak related to the generation of 

the specific product. Such phenomena may mislead the data analysis and interpretation 

(Fig. A.10). In this regard, careful optimization of the qPCR annealing temperature and 

primer concentration may help reducing the amount of primer dimers (Fig. A.10C). 

However, there will always be non-specific products in the reaction that negatively affect 

the quantification if the generic fluorescent dyes are used for quantification. Fig. A.10 

demonstrates the effect of primer concentration and annealing temperature on the 

production of erroneous PCR product in a low number template case. Two different qPCR 

primer concentrations and annealing temperatures were investigated to quantify GAPDH 

transcript in cell equivalent samples of 1000, 100, 10, 1 and 0.1 cells. cDNA was prepared 

from a 1000 EML progenitor cell lysate and then a 10-fold serial dilution was prepared. 

Two different primer concentrations, 200 nM and 100 nM, were tested, and it was found 

that 100 nM works better (Fig. A.10B). After primer concentration optimization, the 

annealing temperature (60 and 62 
0
C) was varied, and it was observed that Ta=62 

0
C is the 

best condition to generate the lowest amount of primer-dimer and non-specific products 

(Fig. A.10C). 

SYBR Green I, as the most common florescent dye used in qPCR, generates a 

strong fluorescent signal, but it also tends to inhibit the PCR reaction. Therefore, it is used 

in non-saturating concentrations to avoid reaction inhibition. It has been shown that it has a 

narrower dynamic range and a lower reproducibility than other dye detection chemistries. 

Besides, the inhibitory effects of SYBR Green I negatively influences the amplification 

reaction and its efficiency 
168
. It was noticed in this study that under the optimal qPCR 

conditions ([p]=100 nM and Ta= 62 
0
C), Eva Green dye reported lower Cq values (2-3 

cycles) indicative of a higher detection sensitivity over SYBR Green I (Fig. A.11). A similar 

observation was reported elsewhere 
169
. The higher sensitivity of Eva Green would be 

helpful to deal with a low input amount such as in single-cell analysis if researchers prefer 

using fluorescent dyes as the chemistry of choice for qPCR quantification. 

In an attempt to reduce the probability of primer dimers formation in our qPCR 

reactions, a number of factors were taken into account. In a multiplex pre-amplification, the 

concentration of primers was kept low to avoid both primer competition as well as primer 

dimer formation. Besides, the unincorporated primers were digested at the end of the pre-
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amplification step. Moreover, hot-start Taq polymerase was utilized in qPCR to avoid any 

potential non-specific amplification of primer dimers or any non-specific products from 

previous step. Furthermore, the qPCR primer concentration and annealing temperature 

were optimized in hope of generating less primer dimers. In spite of all these 

considerations, it is yet probable to have primer dimers and/or non-specific products in our 

reactions.  

Despite all the optimization procedures performed on fluorescent dyes, because 

accurate quantification was the priority in this work, TaqMan chemistry was chosen for the 

single-cell analysis. Specificity of the Taqman probe which eliminates the detection of non-

specific products and thus improving the accuracy of the quantification has been the major 

reason for this choice. Although Taqman probe does not detect the non-specific products 

nevertheless the presence of aberrant products in the reactions could affect negatively on 

the amplification efficiency. However, our results demonstrated that the amplification 

efficiency was high for all assays we investigated in our analysis (Table 3.6). Primer 

concentration and annealing temperature must be optimized for the Taqman chemistry as 

well. As we mentioned in section 5.6.1.3, single-cell gene expression analyses were 

performed on OpenArray plates with primers already pre-immobilized; therefore, there was 

no room for further optimization. Because of the nature of OpenArray (see section 13.7.4), 

manufacturerôs recommended optimized annealing temperature and primer concentration 

were employed on this platform. For classical microliter qPCR platform, the recommended 

manufacturer (Applied BioSystems) primer concentration 
170
 was used (final concentration 

of 45 nM) to measure expression of all 19 genes of our network (Table A.3) at 10 ng RNA 

input. The qPCR products were run on the gel (Fig. A.9), and existence of one specific band 

at the correct size was evaluated. All qPCR products had the correct size and did not 

generate any aberrant products. Therefore, this primer concentration was also used for 

single cell analysis. The only concern was that non-specific and primer-dimer products, 

generated at a lower qPCR input concentration for single-cell qPCR, could negatively 

affect the amplification efficiency. However observations over a wide range of template 

concentration (Fig. A.8) has suggested that the aberrant PCR products are generally low 

enough that no significant decrease in the efficiency of amplification was evident.  
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5.7.3. Inter-run calibrator (IRC) 

Multiple qPCR runs are needed to analyze the expression of a few genes in many single-

cell samples. Regardless of what set-up is used, identical samples are required to be 

analyzed on all runs. These samples are referred to as inter-run calibrator (IRC) and are 

required to correct for possible run-to-run variations 
171
. By measuring the difference in 

quantification cycles among the IRCs of all runs, it is possible to calculate a correction or 

calibration factor to remove the run-to-run differences. Inter-run calibrator in the present 

experimental setup was a 10-fold diluted of an 18-cycle pre-amplified cDNA obtained from 

a 10 ng isolated RNA from the EML progenitor cell population. The quality and integrity of 

RNA was checked and cDNA synthesis, gene-specific amplification and qPCR steps were 

performed following the optimized protocols (sections 13.5.2, 13.5.4 and 13.5.5). 

 

5.7.4. BioRad vs. BioTrove qPCR platforms 

Microliter volume qPCR is an established method. However, the necessity of performing 

high-throughput experiments and the advances in technology has facilitated development of 

nanoliter volume qPCR. There are different commercial platforms capable of performing 

massively parallel nanoliter-scale qPCR experiments, e.g. BioTrove (OpenArray) from 

LifeTechnologies and BioMark from Fluidigm. Since microliter-volume qPCR is the gold 

standard, we decided to compare the reproducibility of the results obtained from a classical 

platform (microliter volume) compared with a new high-throughput platform (nanoliter 

volume). 10-fold diluted of 18-cycles pre-amplified product of 10 ng RNA isolated from 

the progenitor EML cell population was used as the input for qPCR on both platforms, and 

expression levels of 18 genes of interest were measured (All genes in Table A.3 except 

GAPDH). To make a valid comparison, the baseline and threshold were manually set at the 

same value for both platforms.  A high correlation value was observed between the reported 

Cq or the normalized relative quantity (to TBP endogenous control gene) for BioTrove and 

BioRad (Fig. 5.13A and 5.13B, respectively) with R
2
 values of 0.984 and 0.982, 

respectively. This observation suggests that the data are reproducible on both platforms and 

scaling down the qPCR reaction does not reduce the sensitivity of analysis. In fact, it seems 

that nanoliter-volume qPCR improves the Cq by 2-3 cycles indicative of a higher 

sensitivity of amplification in nanoliter-scale over the routine microliter-scale (Fig. A.12). 
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Note that a 33 nl volume of qPCR reaction in BioTrove was compared with a 10 Õl in 

BioRad system.  

Precision of qPCR detection can be analyzed by calculating the standard deviation 

of Cq for each measurement on both platforms. Cq standard deviation values were slightly 

lower for BioTrove platform (0.008-0.22) than those of Biorad platform (0.02-0.21), but the 

difference was not significant (Fig. A.12B). Devonshire et al. evaluated the performance of 

BioMark (Fluidigm) in comparison with the classical ABI system 
165
. They reported a 10 

cycle difference between the reported Cq for a microliter-volume qPCR platform (Applied 

BioSystemsôs ABI) and a nanoliter-volume qPCR platform (Fludigmôs Biomark). They 

suggested that the improvement in measured Cq is due to the presence of a higher 

concentration of the template in a smaller qPCR reaction volume of BioMark. Note that 

they compared a 9 nl BioMarkôs chamber volume with a 20Õl ABI system. Moreover, they 

compared pre-amplified cDNA on BioMark vs. non-pre-amplified cDNA on ABI  
165
.  

 

    

Figure 5.13. Correlation between Cq values obtained from BioRad (microliter qPCR) and BioTrove 

(nanoliter qPCR) platforms regarding (A), and log2 of normalized relative quantities to TBP control 

gene (B). 10-fold diluted sample of 18-cycle pre-amplified product from 10 ng RNA isolated from the EML 

cell population was used as the input for qPCR. Sample was analyzed for expression of 18 genes (Table A.3) 

in microliter and nanoliter qPCR reaction volume scales using BioRad and BioTrove platforms, respectively. 

Data points represent mean Cq values of 6 technical replicates. High R
2
 indicates that the data are 

reproducible on both platforms. 

 

In the next step, the performance of BioRad and BioTrove platforms were assessed 

across different cell numbers. A 10-fold serial dilution of 1000 cell was prepared (1000, 

100, 10 and 1 cell). The corresponding cDNAs were synthesized and pre-amplified for 18 
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cycles. A 10-fold diluted pre-amplified product was used as the template for qPCR on both 

microliter (BioRad) and nanoliter (BioTrove) platforms to measure the GATA1, PU.1 and 

TBP transcripts (Fig. 5.14). Linear regression analysis of the dilution series indicated 

presence of similar linearity in quantification between the two platforms with R
2
 values of 

> 0.98.  

 

     

                                   

Figure 5.14. Comparison of performance of nanoliter (BioTrove) with microliter (BioRad) scale qPCR 

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

from a 10 fold serial dilution of the EML cells in the range of 1 to 1000 was used as input for qPCR. Samples 

were analyzed for expression of GATA1 (A), PU.1 (B) and TBP (C) genes in microliter and nanoliter qPCR 

reaction volume scale using BioRad (grey) and BioTrove (black) platforms, respectively. The error bars 

denote the standard deviation of Cq values among n = 6 qPCR technical replicates. High R
2
 indicates that the 

data are reproducible on both platforms over a range of different cell numbers. There is a significant 

difference in quantification of all genes between nanoliter and microliter qPCR reaction volume (Student t-

test, p < 0.01). qPCR in nanoliter volume improves the quantification cycles by 2-3 cycles. 

 

 

The accuracy and precision of the pre-amplified cDNA detection on BioTrove 

platform were comparable to those of BioRad, which were evident from the slope and 
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coefficients of determination of the linear regression lines. Therefore, the performances of 

both the nanoliter and microliter qPCR platforms are comparable over a range of different 

cell numbers. In fact, nanoliter scale qPCR is advantageous for single cell analysis as 

minimizing the reaction volumes is critical for precise measurements in a reaction with a 

limited number of templates. Indeed, Bengtsson et al. demonstrated that the noise in RT-

qPCR measurements became the dominant source of variability when the starting 

concentrations were below one copy per 100 nl 
141
. 

 

5.8. Handling single-cell samples ï technical consideration 

In the previous sections, all the steps involved in the analysis of gene expressions were 

thoroughly examined in single-cell samples. Furthermore, different aspects of single-cell 

RT-qPCR protocol were evaluated and an optimized protocol was established which 

appeared to extract the required data from the single cell samples. Applying this protocol on 

our experimental model system helps probing biological phenomena such as cell-cell 

heterogeneity within a clonal cell population or the presence of specific rare subpopulations 

within larger cell population. However, the reliability of data generated by the single-cell 

RT-qPCR method needs to be verified prior any actual experiments. This verification 

examines the following queries: (i) are the measured gene expression differences among 

individual cells real (section 5.8.3)?; (ii) how much does the technical variability of single-

cell RT-qPCR contribute to the observed ñtrueò cell-cell variability (section 5.8.2)?; and 

(iii) how does one reduce the RT-qPCR technical variability (section 5.8.1)? It is clear that 

one needs to distinguish between technical noise and biological noise in order to address 

the biological questions regarding the heterogeneity among individual cells within a 

population. In fact, technical noise must be quantified in order to avoid mistaking it from 

the genuine differences present in biological expression levels. 

Throughout our study, we tried to evaluate the technical variability introduced by 

different steps in the single-cell RT-qPCR process, including RT, pre-amplification and 

qPCR. It was demonstrated that a relationship exists between the technical noise and the 

amount of the starting material in a dilution series (technical replicates of decreasing 

amounts of RNA taken from the same pool of RNA were employed for this purpose). This 

observation precisely highlights the main challenge in a single-cell RT-qPCR procedure, 
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namely the low amount of RNA present in a single-cell. Although the amplification of DNA 

sequences from the single cell samples via PCR is increasingly used in basic research and 

clinical diagnostics, it still remains a technically difficult task because the technical 

variability in single cell analysis has not been reduced to its possible minimum yet. Owing 

to the low amount of starting material, not only the technical noise is unavoidable, but also 

there is a need to amplify the signal and push it through the detection threshold of qPCR. 

To do so, multiple steps, each of which introduces its own noise, must be combined. While 

the ultimate goal is to have a close-to-zero technical variability, the stochasticity involved 

in single cell gene expression analysis using RT-qPCR always introduces uncertainties.  

Bengtsson et al. developed a mathematical model which allows quantifying the 

contribution of RT and PCR steps to the technical noise in a single cell RT-qPCR 
141

. This 

model was fitted to the experimental data, obtained for technical replicates of RT and 

qPCR, 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 technical noise in the 

method then stems from qPCR. Brennecke et al. have recently presented a statistical 

method that allows assessing the biological variability for each gene and distinguishes that 

from technical noise 
172

. They spiked in RNA standard in their biological samples and 

measured the technical variability in the read counts for these RNA standards. Taniguchi et 

al. developed a qPCR method featuring a single cell cDNA library immobilized on beads 

for measuring the expression of multiple genes in a single cell 
173

. They estimated a 16% 

technical noise in their method for RT and qPCR steps. At the same time, they noticed that 

the biological variation is much larger than the technical noise. 

Our observation suggested that the majority of technical noise in our single-cell 

gene expression analysis comes from the reverse transcription step (CV ~ 13%), followed 

by pre-amplification (CV ~ 2%) and qPCR (CV < 1%). But keep in mind that there are 

multiple sources of error in multi-step RT-qPCR for single cell gene expression analysis. 

Pipetting, dilution, reverse transcription, pre-amplification and qPCR are a few more 

obvious ones. Our aim in this section is to demonstrate the typical technical noise in single-

cell gene expression analysis using our established protocol and the relative contribution of 

that in the biological cell-cell variability. If the experimental errors related to using this 
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method are much smaller than the fluctuations in gene expression among single-cells, then 

we can conclude that these fluctuations must have originated in the cells themselves.  

 

5.8.1. Steps towards reducing the RT-qPCR technical variability 

5.8.1.1. Low-binding tips and non-stick tubes improve the accuracy in DNA 

quantification 

Our observations showed that the choice of plasticware, e.g. tips and tubes, can contribute 

to variations in nucleic acid quantification. Therefore, it is expected that all steps involved 

in single cell handling, from the very first step of lysis (few copy number of template) to 

the last step of qPCR (rather higher template copy number), could be affected.  

  

   

Figure 5.15. Comparison of using low-binding tips and non-stick tubes vs. regular ones in the accuracy 

of DNA quantification. GATA1 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 prepared by using low-binding tips and non-stick 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 GATA1 plasmid (A) and PU.1 plasmid (B). 

 

Fig. 5.15 compares the impact of both the regular and low-binding tips and tubes on 

the accuracy of plasmid DNA quantification. GATA1-pSPORT1 (A) and Sfpi1-pCMV-

pSPORT6 (B) plasmids were diluted to approximately 29/28, 59/56 and 112/118 

copies/subarrays (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 proper low-
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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 technique can influence the error in qPCR 

Another commonly neglected factor is the choice of microliter pipettes and how to properly 

use them in handling the small volume of liquids and/or samples containing low copy 

number of templates. There are different types of microliter pipettes in the market that have 

different specificities. While some  prevent cross contamination more effectively, others are 

designed to either handle the volatile/viscous liquids or improve the accuracy and precision 

of delivered solutions 
174
. One technique to reduce the systematic error in dispensing is to 

pre-wet the tips several times with the solvent prior to pipetting solutions of small volumes; 

this is called ñsaturated pipettingò. There are two major pipetting methods: forward and 

reverse pipetting method, here after referred to as FPM and RPM, respectively.  

                                 

    

Figure 5.16. A schematic representation of two different pipetting methods. Type I (forward pipetting 

method or FPM) is based on aspiration of specified volume of liquid and then emptying the entire tip while 

Type II (reverse pipetting method or RPM) is based on aspiration of more than specified volume, pre-wetting 
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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 tip pre-wetting. 

 

Fig. 5.16 illustrates how forward and reverse pipetting methods work. In FPM, 

which is routinely used in molecular biology labs, a specific volume of a solution is 

aspirated into the tip by pressing the pipetteôs button down to the first stop. In the next step, 

the aspirated volume is dispensed by pressing the button to the second stop. In RPM, on the 

other hand, more than the specified volume is aspirated into the tip by pressing the button 

to the second stop. In this way, the tip gets pre-wetted first, and then the specified volume is 

dispensed by pressing the button to the first stop. It is worth mentioning that the pipette tip 

is completely and partially emptied in the FPM and RPM, respectively. However, the RPM 

method is expected to improve the accuracy and precision of pipetting in delivering the 

liquids mainly owing to the tip pre-wetting. 

In the next stage, the potential influence of FPM and RPM has been investigated on 

the single-cell RT-qPCR data. For seventy single EML progenitor cells, cDNA was pre-

amplified for 14 cycles, diluted 10-folds, and was utilized as template for qPCR to measure 

expression of GATA1 and PU.1. Each data point in Fig. 5.17 represents the standard 

deviation for three technical replicates for GATA1 (panel A) and PU.1 (panel B) 

measurement using the FPM (magneta) and RPM (green). As expected, on average, the 

qPCR technical variability was lower if RPM was adopted; the superiority of RPM is 

especially more obvious if the level of gene expression is relatively low. PU.1 transcript 

expression shows generally a lower variability relative to GATA1, perhaps because PU.1 is 

expressed at a higher level in single cell samples. Fig. 5.17C demonstrates the box plots for 

the distribution of standard deviation in quantification cycles over 70 single cell samples 

(same data as A and B). The RPM technique seems to reduce the qPCR technical variability 

into half and that would subsequently reduce the variability in the entire population of 70 

single cells. Therefore, our results suggest that the variability in qPCR reduces if we 

implement (what appears to be) minute modifications in the way we perform the 

experiment. Moreover, it reveals the importance of correctly evaluating the possible factors 

which introduce technical variabilities in measurements as well as distinguishing between 

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 qPCR. Same single EML cell samples (70 single cells in total) were used to measure the level of GATA1 

(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 three qPCR technical 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 GATA1. (C) Box plots demonstrate the distribution of Cq standard deviation of 3 technical replicates 

across 70 single cell samples. The standard deviation distributions for FPM and RPM are presented with the 

magneta and green boxes, respectively.  

 

5.8.1.3. Partitioning error plays an important role in single-cell qPCR on OpenArray 

platform 

As mentioned in section 5.6.1.3, the OpenArray platform was utilized for single-cell gene 

expression analysis. In addition, it was explained in section 5.6.1.3 how to theoretically 

calculate the number of the template copies required for robust detection. The calculations 
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suggested that the single-cell cDNA sample should be pre-amplified for at least 18 cycles in 

order to detect the template at 95% confidence. Although stringent, those calculations had 

the assumption of starting from 1 single cDNA molecule. On the other hand, as it will be 

explained in section 13.7.4. the template is distributed across 64 reactions on the 

OpenArray platform prior to qPCR quantification. Therefore we asked how the partitioning 

of template at different copy number would affect on qPCR technical error.  As a result, it 

was attempted to assess the potential impact of template copy number on the technical 

variability in qPCR. 17 single EML progenitor cell cDNA were pre-amplified at three 

different pre-amplification cycle numbers of 14, 18 and 22 cycles. The pre-amplified 

products were diluted 10 fold and used as input for qPCR on the OpenArray platform. To 

have up to 128 qPCR technical replicates, 2 subarrays (64 reactions/subarrays) were loaded 

with the templates from one single cell at each condition. PU.1 transcript expression was 

measured in these samples.  

Fig. 5.18 demonstrates the reported Cq distribution for up to 128 technical 

replicates for 17 single cell samples at each pre-amplification cycle number, 14 cycle (A), 

18 cycles (B) and 22 cycles (C). It is observed in Fig. 5.18 that the lower the input amount 

is for qPCR, the higher the technical variability becomes. In agreement with the previous 

theoretical calculations, the average technical variability reduced from 0.71 for 14 cycles to 

0.23 for 18 cycles of pre-amplification. This is an acceptable standard deviation for qPCR, 

especially when the template molecules distributed across a panel of 64 reactions (wells). 

Although 22 cycles of pre-amplification clearly reduces the technical STD to even a less 

value (0.09), yet 18 cycles of pre-amplification has been our cycle number of choice to (1) 

keep formation of primer dimers and non-specific products as low as possible, and (2) 

avoid possible interference and competition between assays in the multiplex pre-

amplification, as it would introduce bias in uniform amplification (sections 5.6.1.1 and 

5.6.1.2).  

To visualize the variability in the reported Cq across technical replicates, one single-

cell sample (sample #10) was selected from each condition (described above). The Cqs 

were plotted for all qPCR technical replicates (Fig. 5.18D-F). These subplots demonstrate 

that at a low pre-amplification cycle number (e.g. 14 cycles), the generated template copy 

number is low and the distribution of molecules across one subarray (64 reactions) becomes 
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stochastic. Therefore, some reactions may have more copies compared to others; as a result, 

the variability for the reported Cq can be higher. That is not the case when there exists 

enough template molecules for qPCR (18 and 22 cycles). 

                    
Figure 5.18. Effect of the template concentration on qPCR single-cell technical variability. 17 single 

EML progenitor cell cDNA was pre-amplified for different cycle numbers prior qPCR quantification. The 

PU1 transcript expression level 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 is pre-amplified for 14 cycles (A), 18 

cycles (B) or 22 cycles (C). The central mark is the median, the edges of the box are the 25th and 75th 

percentiles (first 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 qPCR clearly reduces 

the level of technical variability. Lower input amount of template for single-cell qPCR is observed for 

samples pre-amplified for 14 cycles. In this case, the technical variability contributes a lot in the observed 

biological variability. (D-F) subplots represent the Cq variability across 128 qPCR 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 pre-amplification condition is accompanied with higher variability in reported Cq 

among technical replicates. This indicates that the partitioning error plays an important role in qPCR on the 

OpenArray platform.  
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Overall, the present results suggest that the partitioning error plays an important role 

in qPCR on an OpenArray platform. Increasing the template copy number is an important 

step in order to make them robustly detectable by our qPCR platform. In other words, the 

technical variability should be minimized in order to trust the observed biological 

differences between the single cell samples.  

 

5.8.2. Contribution of the single-cell RT-qPCR technical variability to the observed 

cell-cell variability 

5.8.2.1. Experimental study 

In order to distinguish the RT-qPCR technical measurement noise from the biological noise 

among the single-cells within a clonal population, an experiment called ñ100 x 100ò was 

conducted (Fig. 5.19).  

                                             

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

were FACS sorted. Each individual cell was lysed, reverse transcribed, and pre-amplified for 18 cycles; the 

pre-amplified product was then diluted 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 qPCR technical replicates for an individual cell. This 

process is repeated for all the 100 single-cell samples. The 128 technical replicates address the technical 

variability and the 100 single-cells address the biological variability. 

 

A population of blood progenitor EML cells was used as the clonal population to 

sort 100 single-cell samples. RT-qPCR (as explained in previous sections) was performed 
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on every individual sorted cell. Briefly, every cell was lysed, reverse transcribed, and pre-

amplified for 18 cycles. Then the pre-amplified product was diluted 10 fold and used as the 

template for qPCR. These templates were distributed into 2 subarrays (128 reactions) on an 

OpenArray platform, and the level of expression of GATA1 and PU.1 genes were 

measured. Therefore, for every individual cell, there are 128 qPCR technical replicates to 

evaluate the technical noise. The entire process was performed on all 100 sorted single-cell 

samples which translate into 100 biological replicates (single-cells) for evaluating the 

biological noise.  

Each point in Fig. 5.20A presents the average quantification cycle (Cq) of 128 

qPCR technical replicates for one EML progenitor single-cell sample when GATA1 

transcript was measured in the corresponding cells. The error bar is the standard deviation 

for these technical replicates. Therefore, we observe the biological variability among the 

single-cells within a clonal population. Fig. 5.20B-D demonstrate the quantification cycles 

(Cqs) for ~ 128 qPCR technical replicates for three selected single-cell samples from the 

population of analyzed 100 cells. It is observed that there is a very narrow distribution of 

Cqs for the technical replicates (bottom) relative to the biological replicates or single-cell 

samples (top). Similar graphs were plotted for transcript PU.1 and the results exhibited a 

very similar trend to data presented here (Fig. A.13A-D). 

 

  

A 

C D B 
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Figure 5.20. Analysis of GATA1 transcript level in ~100 individual progenitor EML cells. (A) 

quantification cycles (Cq) of 99 individual EML cells for GATA1 expression is reported. Values are means ± 

STD for up to 128 technical replicates. (B-D) quantification cycles (Cq) of up to 128 technical replicates are 

presented for 3 randomly selected single cells. Single cell cDNA was pre-amplified for 18 cycles prior qPCR 

quantification. Cqs of biological samples clearly show a broader distribution relative to technical replicates. 

  

Fig. 5.21 demonstrates the technical and biological variability data for all the 

analyzed single-cell samples for GATA1 (Fig. 5.21A) and PU.1 (Fig. 5.21B) transcript 

measurements. For each single-cell sample, the average Cq and its associated coefficient of 

variation (CV) was calculated over all the qPCR technical replicates; this is the technical 

CV for one individual cell. This process was repeated for all 100 single-cell samples and 

plotted as a distribution, the distribution of the technical noise for all the biological samples 

(Fig. 5.21, the technical box plots). To calculate the biological noise between all the single-

cell samples, the CV across all the biological replicates was calculated and plotted as the 

biological CV distribution (Fig. 5.21, the biological box plots). The variation among the 

single-cell samples for both GATA1 and PU.1 expression was significantly larger than the 

technical noise (Mann-Whitney U test, for GATA1: p-value=2.2e-28 and for PU.1: p-

value=1.62e-30) (Fig. 5.21).  

  

Figure 5.21. Single-cell qPCR technical and biological variability. The box plots represent the distribution 

of the technical noise for all the single cell biological samples (the ñTechnicalò box plot) and the CV across 

all the biological replicates (the ñBiologicalò box plot) for up to 100 individual EML progenitor cells that 

were analyzed for the expression of GATA1 (A) and PU.1 (B) genes. The biological variation was 

significantly larger than the technical noise (p-value 2.2e-28 for GATA1 and 1.62e-30 for PU.1, Mann-

Whitney U test). 

 

 

5.8.2.2. Simulation study 

A B 
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A simulation study based on a simple bootstrapping procedure was performed in Matlab 

(MathWorks Inc.). This procedure randomly selected a specified number of replicates from 

the original population of data to form a sub-set. To give an unbiased estimate of the 

sampling statistics, the random selection process was repeated 10,000 times for each 

investigated sample size. In other words, the bootstrapping approach was used to infer the 

mean and coefficient of variation of sub-sets of data based on individual values that had 

been randomly selected from the original population. It was assumed that the randomly 

sampled sub-set of observations was chosen from an independent and identically 

distributed population. Because of the population replicate size, the sub-set was taken with 

replacement (bootstrapping with replacement) so that a particular observation from the 

original population could occur more than once in the sub-set. After the sub-set had been 

randomly selected, the mean and its corresponding variability (CV) were calculated. 

But what is the original population of data? The original population of data was 

generated with experiments as explained in Section 5.8.2.1. Therefore, the simulation input 

was the quantification cycle (Cq) values for GATA1 and PU.1 expression measurements in 

single EML cell samples. There were roughly 128 qPCR technical replicates for both 

GATA1 and PU.1 measurement in each single-cell. One single-cell sample was randomly 

chosen from the population, and the Cq values of the ~ 128 qPCR replicates generated a 

vector as the input for a typical technical noise simulation. Accordingly, a vector of average 

Cq values for all the 100 single-cell samples was used as the input for the biological noise 

simulation.  

 

(i) Technical noise in transcript expression measurement in one single-cell sample 

decreases if the number of technical replicates increases 

To simulate the technical noise, one single EML cell was randomly chosen from the 

population and the vector of 128 technical Cq values for either GATA1 or PU.1 

measurements was used as the input for bootstrapping. The aim was to verify if there is any 

relationship between the number of qPCR technical replicates and the level of technical 

noise. To address this question, the technical noise distribution was simulated at different 

number of technical replicates (e.g. 3, 6, 15, 30 and 100 qPCR technical replicates). The 

simulation procedure is explained for one condition (three qPCR technical replicate). To 
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simulate the technical noise at assuming three qPCR technical replicates, three values from 

the 128 technical Cq vector for one randomly selected single-cell were sampled; the mean 

and coefficient of variation (CV) were calculated, and this process was repeated for 10,000 

times. At the end, these data were plotted in the form of a distribution of CVs (for all the 

10,000 times sampling with the size of 3). This distribution is displayed in Fig. 5.22A.  
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Figure 5.22. Effect of qPCR technical 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 (E). The bar in each graph represents the 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 GATA1 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 evaluate how technical replicate number affects the technical noise level, the 

technical noise was simulated with alternative sample sizes of 6, 15, 30 and 100 (Fig. 

5.22B-E). It can be observed that the distribution of technical measurement noise becomes 

narrower as the number of qPCR technical replicates increases. This dependence can be 

better visualized when the technical CV distributions generated for different sample size are 

superimposed (Fig. 5.22F). In panels A-D, the bar represents the biological CV (among 100 

single-cell samples) if GATA1 gene expression level was measured. As the technical 

number of the replicates increases, the technical noise distribution becomes narrower and 

its difference becomes more significant from the biological variability.  

The same procedure was repeated for PU.1 gene, as it was measured in one 

randomly selected EML single-cell. Very similar results were obtained. Simulation data for 

one condition (3 technical replicates) is demonstrated in Fig. A.14A. The biological 

variability among single cells (blue bar in Fig. A.14) is clearly much larger and different 

from the technical noise even at lowest qPCR technical replicate of three (p-value=1.23e-

29, Mann-Whitney U test). Fig. A.14B summarizes the technical CV distribution and its 

relationship with number of technical replicates for PU.1 transcript measurement in the 

single-cell. As expected, the findings are independent of the type of the gene that its 

expression level in individual cells.  

So far one single-cell sample was randomly selected and evaluated for the technical 

noise. But what is the typical noise? Will the same distribution of technical noise be 

observed upon repeating the same procedure for another single-cell? To investigate the 

possible variations, 19 more single-cell samples were selected from the 100 cell population, 

and the same simulation procedure was repeated. In Fig. A.15 each curve corresponds to 

one single-cell sample and it shows the distribution of technical noise for that specific 

sample at different sample sizes (qPCR technical replicates) of 3 (A), 6 (B), 15 (C), 30 (D) 

and 100 (E). Unexpectedly, the shape of the technical noise distribution was different for 
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every single-cell while the technical CV was quite low among different samples. It can be 

noticed in Fig. 5.20 and Fig. A.13 that there was a slightly different distribution for 

technical replicate Cq values for each individual single-cell sample. We think that this 

could happen as a result of the random distribution of the template molecules across 64 

reactions in each subarray of OpenArray plate. Nevertheless, the technical noise level is 

still low for all the individual cells in spite of the fact that the technical CV distribution may 

change. 

 

(ii) Biological noise is much larger than technical noise in single-cell RT-qPCR analysis 

It is common practice to run a maximum of three technical replicates for each qPCR 

measurement. Because each qPCR experiment is relatively costly and the fact that 

analyzing more single-cell samples is more informative than performing multiple replicate 

measurements on the same single-cell sample, the number of replicates is even less. 

Therefore, it is worth asking whether there still remains a significant difference between the 

technical measurement noise and biological variability if the number of qPCR technical 

replicates is reduced (from ~ 128) to three. In other words, as it was noticed in Fig. 5.22, 

there is a strong relationship between the technical CV distribution and the number of 

qPCR technical replicates. If the number of the technical replicates for qPCR is scaled 

down to the more practical number of three replicates, how much technical measurement 

noise contributes into the biological noise? To address this question, simulations were 

performed on a vector of 100 average Cq values for 100 single-cell samples. Our sample 

size was 3 meaning three average Cq values were drawn each time, and the procedure was 

repeated for 10,000 times. The result is shown as the distribution of biological noise in Fig. 

5.23A, which can be compared with the distribution of the technical noise (CV) at three 

technical replicates.  This comparison helps investigating how much of cell-cell biological 

variability come from the technical variability (Fig. 5.23B).  

Although the technical distribution is broad when we have only three qPCR 

technical replicates, its overlap with biological distribution is still quite low. This indicates 

that the biological variability among the single-cell samples in transcript measurement is 

much larger than the technical noise involved in a single-cell RT-qPCR process (p-value 

1.48e-20, Mann-Whitney U test). 
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Figure 5.23. Biological noise is much larger than technical noise in single-cell RT-qPCR analysis. (A) 

The distribution of biological noise was simulated at three qPCR technical number. Values 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 see section (i). (B) Overlap 

of simulated technical and biological CV distributions are presented. The contribution of technical CV in 

biological noise is very low (p-value 1.48e-20, Mann-Whitney U test). 

 

 
5.8.3. Combining single-cell gene expression data recapitulates the bulk RNA profile 

48 single-cell samples were analyzed from blood progenitor EML population using our 

single-cell RT-qPCR and measured the expression of all 19 transcripts listed in Table A.3. 

The mean of each geneôs expression was calculated across all single cell samples to mimic 

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 expression and the single-cell 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 generally true, meaning bulk measurements cannot be used to accurately 

infer ótypicalô single-cell expression values, nor can they be used to infer the variations in 

expression values from cell to cell. 

 

B A 



 
 

112 
 

                              

Figure 5.24. Single-cell gene expression data recapitulates the bulk measurement. Correlation 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 triplicates in all 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 single-cells. High correlation coefficient 

(R
2
=0.96) between single cell data and bulk data indicates that the single-cell gene 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 cases, the single-cell gene expression data correlated well with the 

100 cells data (Fig. A.16) indicating that the single-cell 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 described 
126

 
84

 

stimulated to differentiate into either the erythroid (ERY) or myeloid (MYL) lineage (Fig. 

6.1).       

                                                                                                                    
Figure 6.1. Differentiation stimulation of common myeloid progenitor (CMP). Schematic illustration of 

CMP-equivalent state (EML) and associated binary cell fate decision to either the MEP (erythroid) or the 

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

cytokines.   

     
Differentiation of EML progenitor cells was monitored with different methods on 6 

days after stimulation of EML cells with either Epo (to promote erythroid (ERY) 

differentiation) or IL-3, mGM-CSF and ATRA (to stimulate myeloid (MYL) 

differentiation) ï in both cases after reduction of SCF (see Chapter 13, Methods). 

Microarray analysis (Agilent) revealed up-regulation of EpoR, EKLF and Hbaa1 (as marker 

for erythroid differentiation) for the d6 differentiated ERY population (Fig. 6.2A) and up-

regulation of MYL-affiliated genes, such as Gfi-1, PU.1 (Sfpi1), c-Jun and CD11b (as 

marker for myeloid differentiation) for d6 MYL cell population (Fig. 6.2B) when compared 

to the untreated d0 control progenitor cell population. RT-qPCR on the same isolated RNA 

samples used for microarray confirmed the findings.   

A Wright-Giemsa staining of d6-differentiated cells to assess this process at the cell-

morphological level showed the typical features of blood cell differentiation: arrows in 

Figs. 6.2C and 6.2D show the round dark-blue erythroid cells and the myeloid cells 
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containing the dark purple nucleus and light purple cytoplasm. Black arrow indicates the 

undifferentiated EML progenitor cell.  

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, c-kit and Sca1, known to be expressed in the undifferentiated EML cells, along 

with CD11b MYL-lineage marker expression were examined on d6 of differentiation (Fig. 

6.2E). (There is to date no suited antibody for measuring surface marker for erythroid 

lineage commitment in the mouse.) The two progenitor markers down-regulation was 

observed for both ERY and MYL treatments (Fig. 6.2E, right and middle) while CD11b 

expression was increased in the MYL population relative to the progenitor population (Fig. 

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 conditions at the same time. This ñcombinedò 

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 

was analyzed along with ñcombinedò-treated cell population (F) on d6 relative to untreated progenitor 

population. The bars represent the fold change expression of a these genes by Agilent microarray (dotted 

pattern), and their RT-qPCR validation (backslash pattern). A normalized ratio (Y-axis) of more than 1 

indicates up-regulation, of gene of interest. 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 independent biological replicates. (C-D,G) 

Morphology analysis of differentiated cells 6 days after ñsingleò and ñcombinedò differentiation treatments is 

illustrated. Color image of Wright-Giemsa stained samples of progenitor cells treated with the ñsingleò 

erythroid (C), with the ñsingleò myeloid (D) and with the ñcombinedò treatment (G) at 20x (left) and 40x 

(right) show distinct erythroid (red arrows) and myeloid (blue arrows) morphologies. Black arrow shows an 

EML progenitor cell. (scale bar, 10 µm). (E) Flow cytometry expression analysis of progenitor (Sca1 and c-

kit) and myeloid (CD11b) markers for progenitor, erythroid, myeloid and ñcombinedò treated cell populations 

6 days after initiation of the differentiation process. 

 

6.2. Bimodality in expression of Sca1 progenitor marker upon 

differentiation of progenitor cells 

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

variability with respect to thousands of internal or non-obvious traits, such as expression of 

individual proteins and even, pathways. This heterogeneity can be manifested as a bell-

E 

F 
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shape distribution in flow cytometry histogram for the marker measured at single-cell 

resolution. Populations of EML progenitor cell were analyzed for the expression of a 

stem/progenitor marker, Sca1. As previously reported 
84

, a 1000-fold 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 studied by 

monitoring the down-regulation of the Sca1 progenitor marker on cell surface. Analysis of 

the underlying dynamics of Sca1 expression at the single-cell resolution using flow 

cytometry revealed a bimodal distribution, consisting of two distinct subpopulations 

(ñpeaksò in the histogram) 3 days after differentiation: the low (Sca1
Low

) and high 

(Sca1
High

) expresser cells (Fig. 6.2E, middle).  

 

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

cultured in presence of appropriate cytokines for 6 days and Sca1 marker expression was monitored by flow 

cytometry. The stimulating conditions that were tested: Epo alone (for ERY) and IL-3 + GM-CSF alone (for 

MYL). We also treated with a mixture of both set of differentiation stimulator Epo, IL-3 and GM-CSF (for 

COM) (see discussion later, in Chapter 11). Bimodality is indicated by a shift of ñpeak heightsò of the Sca1
Low

 

(left arrows) and Sca1
High

 (right arrows) subpopulations in the histogram with increasing time of treatment.  

 

We also used c-kit as a marker for our analysis but its dynamic was not always as 

clear as Sca1 in terms of a bimodal distribution (Fig. 6.4). Bimodality intuitively suggests a 

transition of cells between two (quasi) distinct attractor states as long postulated 
81

 
109

. 

Although the separation of the two subpopulations are not always clear-cut, as 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. 

 

Figure 6.4. Time-course analysis of expression of c-kit upon EML differentiation.  EML cells were 

cultured in presence of appropriate cytokines for 6 days and c-kit marker expression was monitored by flow 

cytometry. The stimulating conditions that were tested: (A) Epo alone (for ERY) and (C) IL-3 + GM-CSF 

alone (for MYL). We also treated with a mixture of both set of differentiation stimulator (C) Epo, IL-3 and 

GM-CSF (for COM) (see discussion later, in Chapter 11). Bimodality in expression of c-kit is less obvious 

relative to Sca1 (Fig. 6.3).  

 

6.3. Experimental design for gating subpopulation of cells in Sca1 

distribution histogram and sorting individual cells 

To study the core gene regulatory circuits that coordinate gene expression change to drive 

the differentiation of the 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 along the 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 IL-3/GM-CSF treated population on 1, 3 and 6 days after 

differentiation initiation. Instead of blindly sorting cells into single-cell 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 along the 

Sca1-coordinate, we gated cells in the Sca1 histogram with respect to the Sca1 expression 

level as Sca1
Low

 (L), Sca1
Medium

 (M) and Sca1
High

 (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 Sca1 

expression) appeared, and therefore for this time point we gated 4 subpopulations (Lô, L, H, 

A B C 
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and Hô). On the other days of the differentiation process, we had 3 gated regions, as 

depicted in Fig. 6.5 (green boxes). 50 single cells were analyzed from each of the gated 

population fractions and/or subpopulations for each time point (day) and each 

differentiation arm (treatment), thus, a total of 1600 single cells were analyzed (including 

the double-treated cells to be discussed later in Chapter 11).  

    Figure 

6.5. Schematic illustration of the experimental design for RT-qPCR gene expression analysis on sorted 

single-cell. Progenitor EML cell population was stimulated with Epo alone (left column), IL-3/GM-CSF 

alone (right column) or with a ñcombinedò treatment (middle column) ï the results for the COM will be 

presented in Chapter 11. Sca1 expression histograms were gated into Sca1
Low

 (L), Sca1
Medium

 (M) and Sca1
High

 

(H) (green boxes). Decrease of Sca1 expression over time, as previously reported 
126

, indicates differentiation. 

Individual cells from these distributions were FACS sorted for single-cell transcript analysis. The population 

fraction with respect to Sca1 expression on different days (d1, d3 and d6) from which cells were sorted was 

recorded. Untreated single cells were also sorted on d0.  

 

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

common myeloid progenitor (CMP)    
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To study fate decision in 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 hematopoiesis 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 I explained in Chapter 2, we selected a set of genes 

that are well-established to be involved in multipotency, fate decision or differentiation of 

the CMP cells to the erythroid and myeloid lineages (for a list of these TFs please see 

Chapter 2). These genes are denoted here as óstemnessô genes (genes involved in 

maintaining the ñself-renewalò (proliferation) and indeterminacy (multipotency) with 

respect to these fates, óerythroidô and ómyeloidô genes. We studied the literature and curated 

a set of 17 genes including 14 transcription factors with known key role in hematopoiesis 

(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 by Graphviz and presented as Fig. 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, GATA1 and PU.1. Two endogenous control genes (GAPDH and 

TBP) were also included in analysis as 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. Single-cell gene expression analysis reveals heterogeneity in 

transcription factor expression 

Single-cell gene expression analysis recovered the expected expression patterns for the 

genes under study. The analysis at single-cell resolution now offers the possibility to study 

not just changes of transcript levels as population averages but to uncover the population 

distribution ï the central purpose of single-cell analysis. We found that for the endogenous 

control gene GAPDH the population distribution was unimodal, with a rather narrow peak. 

This indicates a relatively low variability between the individual progenitor cells. But the 

population became more heterogeneous upon induction of differentiation. The endogenous 

control gene, TBP, on the other hand, showed a bimodal distribution and more variation 

among individual cells (Fig. 7.1A).  

                                      

Figure 7.1. Single-cell gene expression analysis reveals heterogeneity in transcription factor expression. 
Violin plots (left) represent the expression (log2Ex) for 19 genes in individual cells for untreated-progenitors 

(d0) and after the ERY-treatment, after the MYL-treatment and after the COM (ñcombinedò ERY/MYL) 

treatment cells on the days 1, 3 and 6 days. Genes were categorized according to their known role in 

A 

B 
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differentiation, as control (A), and stemness (B) genes. Density 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 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 the 25
th
 and 75

th
 percentiles, the whiskers 

extend to 1.5 times the interquartile range (25
th
 to 75

th
 percentile) and outliers are plotted individually.  

 

Stemness genes in our analysis (c-kit, c-Myb, Runx1, GATA2 and Scl) that have 

been reported to be involved in proliferation and maintenance of cells in the progenitor 

state 
175

 
67

 exhibited a rather uniform expression in the progenitor cells and their expression 

became down-modulated as differentiation was stimulated by providing the cytokines in the 

culture (Fig. 7.1B). Although overall the expression level of these stemness genes remained 

relatively high even 6 days after stimulation of differentiation, which could be explained 

with their role in proliferation, expansion and survival of cells while differentiating 
176

 , the 

appearance of a wider distribution and of bimodality revealed that more and more cells 

reduced or lost expression of these genes. In post-mitotic terminally differentiated cells, we 

would expect the total down-regulation of these genes 
17

 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 differentiated cells begin to 

die at this point).  Interestingly, Scl expression was up-regulated in ERY cells as they 

became more differentiated, but this is consistent with previous reports 
177

 and their 

involvement in ERY differentiation.  

c-kit was also up-regulated in a fraction of ERY stimulated cells on d6 of 

differentiation relative to previous time points (d1 and 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 pathway which targets c-kit (CD117) and 

activates its expression in these progenitor cells 
178

. This could explain the observed trend 

in our data. The appearance of a small subpopulation of cells expressing high level of 

protein surface marker, c-kit on 6 days after erythroid differentiation was observed in flow 

cytometry analysis as well (Fig. 6.4A). Shin et al reported that hematopoietic stem cells 

(HSC) can be divided into two subpopulations of c-kit
High

 and c-kit
Low

 with cells biasing 

towards megakaryocyte and lymphomyeloid lineages respectively 
179

. In fact our data 

shows that cells expressing high level of c-kit within d6-ERY differentiated cell population 

express high level of Fli-1, a megakaryocytic gene and these cells belong to Sca1
High
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fraction (black box in Fig. 7.2). Therefore, we could suggest that c-kit
High

 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 

Sca1
High

 fraction of d6-ERY population express Fli-1 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. 

            

Figure 7.2. Single cells of Sca1
High

 fraction of d6-ERY cell population express Fli-1 megakaryocyte gene. 

Heatmap of expression of all 17 transcription factors and control genes (rows) in individual cells (columns) 

for the haematopoietic cells. The 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 treated with COM = (ERY_MYL) cytokines, for 

the days d1, d3 and d6; Since cells were sorted with respect to their Sca1 marker expression level (Sca1
Low

 

(L),  Sca1
Mid

 (M) and Sca1
High

(H), this subpopulation origin is also indicated, by the three shades of the 

respective 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 to their nominal type. It is observed that only single cells within the 

Sca1
High

 fraction of d6-ERY differentiated cells (black box) express Fli-1 gene.  

 

As expected expression of ERY-associated regulatory genes (GATA1, Fog-1, and 

EKLF) and genes for the ERY cell surface marker (Epo receptor) and effector (the 

hemoglobin family Hbaa1) was up-modulated upon Epo treatment (Fig. 7.3A). For these 

genes, single cell gene expression analysis revealed that the up-regulation is accompanied 
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with an increase of the number of cells that have switched to a higher level of expression of 

these genes. MYL-treated single cells on the other hand, showed two populations of cells, 

one with low and one with medium level expression of ERY-associated genes on d3 which 

were entirely lost on later stage of differentiation. 

The MYL-associated gene, Sfpi1 (PU.1), a master regulator of the myeloid lineage, 

was expressed at relatively high levels and in a heterogeneous manner in Epo treated cells 

while its expression was up-regulated and became more uniform in IL-3/GM-CSF treated 

cells (Fig. 7.3B). A mutually inhibitory relationship has been reported for Sfpi1 and 

C/EBPŬ transcription factor 
180

 and in our data almost all cells expressed C/EBPŬ at 

extremely low levels regardless of type of treatment. A very small 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 MYL-treated cells starting on d3 of differentiation. The Gfi-1 

gene is involved in granulocyte differentiation. The known inhibitory relationship between 

Egr-2 and Gfi-1 
62

 is confirmed since  Egr-2 was expressed at very low level in these Gfi-1 

expressing cells. MYL -treated single cells expressed ERY-affiliated genes in a 

heterogeneous way and at different level but this was not the case for MYL-associated 

genes in ERY-treated single cells. This could be due to the ease of generating ERY-primed 

single cells (which appeared as the ɔ subpopulation) during myeloid differentiation (see 

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 
126

. 

 In general, we observed that both expressions of linage-relevant and opposite 

lineage-associated genes became more homogenous across the population (narrower 

distribution relative to d0) 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 untreated-progenitors (d0) and after the ERY-

treatment, after the MYL-treatment and after the COM (ñcombinedò ERY/MYL) treatment cells on the days 

1, 3 and 6 days. Genes were categorized according to their known role in differentiation, as ERY-associated 

(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 with respect to 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 the 25
th
 and 75

th
 percentiles, the whiskers extend to 1.5 times the 

interquartile range (25
th
 to 75

th
 percentile) and outliers are plotted individually.  

 

A 

B 
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7.2. Individual progenitor cell expresses opposite lineage-affiliated genes 

promiscuously 

Multi -lineage priming is the concept proposed by Enver and others in the 1990s to explain 

multipotency 
26

 
33

. It postulates that the multipotent, undecided or indeterminate state is 

characterized by the simultaneous expression of the regulatory factors and other genes 

characteristic of the prospective opposite fates, such as MYL and ERY fates. This 

phenomenon has then been explained by Huang 
80

 in terms of the attractor concept (see 

Introduction, Chapters 3.3 and 3.4). In fact the proposed promiscuous transcriptomes had 

been reported for various progenitor cells 
33 34 101 181 182

. However, without single-cell 

resolution analysis it is impossible to tell whether the promiscuity of gene expression 

profiles stem from a mixture with pre-committed cells or from individual cells that truly co-

express the genes of the various lineages.  

The heatmap (Fig. 7.4) shows the expression of 19 genes of interest (including 13 

regulatory, 4 marker and 2 control genes, Table A.3) in 150 single progenitor EML cells. 

The individual cells are ordered according to their level of expression of Sca1 which serves 

as marker for stemness, but also, as was noted by Chang et al 
84

 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 Sca1 expression increases so the number of individual 

cells coexpressing the ERY and MYL genes. Moreover, more single cells in Sca1
Low

 

fraction express ERY-associated genes at higher level while more single cells in Sca1
High

 

fraction express MYL-genes. This would be in agreement with the previous observation at 

population-level that EML-Sca1
Low

 cells are more prone to ERY differentiation while 

EML-Sca1
High

 cells are more biased towards MYL lineage 
84

. 
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Figure 7.4. Individual progenitor cell expresses opposite lineage-affiliated genes simultaneously. 
Heatmap of expression of all transcription factors, markers and endogenous control genes in single 

haematopoietic progenitor EML cells sorted in terms of their Sca1 marker expression level (light grey: 

Sca1
Low

, medium grey: Sca1
Mid

 and black: Sca1
High

). Genes were ordered according to their function. It is 

clear that ERY (red) and MYL (blue) associated genes coexpress within the same individual multipotent cells. 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                      

7.3. Cluster analysis of individual cells can to some extent cluster the cells 

according to their nominal states 

Clustering methods are intended to discover patterns among the dataset. Hierarchical 

clustering generated an ordered series of nested clusters which can be graphically 

represented by a tree, called dendrogram. Hierarchical clustering requires the selection of 

both a measure of similarity between samples (or genes) and a clustering algorithm 
183

. 

Clustering can be performed for both samples (which are defined by the measured genes) 

and variables themselves (in this case genes are grouped as a function of their expression 

throughout the different samples). For example, in Fig. 7.5 clustering was performed for 

single-cell samples with respect to their gene expression profiles. The Euclidean distance 

was used as similarity measure between the samples (single cells). To measure the 

similarity between the clusters (generating hierarchical trees), clustering algorithm of 
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average linkage was used which is defined as the distance between groups as the average of 

the distances between all pairs of individuals in the two groups.  

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 single-cell samples. Note that 

this is not a bidirectional clustering but the genes are pre-arranged according to their 

function (stemness, ERY, MYL and control genes). We performed unsupervised 

hierarchical clustering without introducing any information from the origin of each sample. 

In other words the relatedness of cells is determined using only the gene expression values, 

without prior knowledge of which population a cell originates from. The clustering 

dendrogram although noisy but recovered the main groups (cell types) (Fig. 7.5).  

       

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 three different time points (d1, d3, and d6) along 

differentiation of progenitor cells with Epo alone (red), IL-3/GM-CSF alone (blue) and a combination of them 

(purple, see Chapter 11). Gene order is supervised with red being ERY-associated genes, green are stemness 

genes (genes involved in self-renewal and proliferation of progenitor), blue (MYL-related genes) and grey 

(endogenous control genes). Gene 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 average linkage was used for tree building. At the highest level, there are two 
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main clusters of differentiated and undifferentiated cell populations. Differentiated cluster itself divided into 

two clusters of ERY-like cells and MYL-like cells. ñCombinedò-treated cells mainly cluster with MYL-like 

cells (labelled as MYL/COM) however they also generate their own cluster (COM) which would suggest that 

they are different from MYL cells. Note that the same gene expression data in Fig. 7.2 is clustered here. 

 

Hierarchical clustering demonstrated that messenger RNA levels for the 17 key 

transcription factors and surface markers allowed the partitioning of cells recovering the 

three nominal cell types. This was particularly clear for the EML progenitor population 

which formed a distinct cluster. The MYL cells formed a cluster clearly separated from the 

ERY population (Fig. 7.5). The ñcombinedò-treated population was clustered mainly with 

MYL cells and to some extent with ERY cells (will be discussed later in Chapter 11). Note 

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

 

7.4. Distinct trajectories of cell movement upon stimulation of progenitor 

cells with cytokines are revealed by PCA analysis 

PCA analysis was performed on the data set of the gene expression profiles of the 

individual progenitor and differentiating cells at the different time points (day 0,1,3 and 6) 

of the differentiation process. Distinct trajectories of cell movement in state space was 

observed upon stimulation of the progenitor EML cells with the ERY or MYL cytokines 

and also, with the ñcombinedò treatment (COM, that is ERY+MYL) ï for discussion of the 

combined treatment see later, section 11.4. Fig. 7.6A shows that ERY and MYL treated 

cells move along two separated trajectories (but the COM-treated cells move in just 

between the ñsingleò-treated cells). At day 6 the cells treated with the ERY and MYL 

clearly became totally separated as previously seen for whole-cell population 

transcriptomes in another CMP cell line 
80
. The principal component 1 (PC1), which 

captures the largest proportion of the variation in the data, separates undifferentiated 

progenitor cells from differentiating cells. Principal component 2 (PC2) partially separates 

differentiating cells of the different treatments. It specifically separates the ERY from MYL 

treated cells (and also, to some extent, the MYL-treated cells from COM-treated cells). The 

loadings of the principal components show that Sfpi1 (PU.1), CD11b, Gfi-1, EpoR, Fog-1, 

GATA1 and EKLF contribute to the separation of the ERY-treated population from MYL-

treated cell population (Fig. 7.6B) consistent with known expression patterns in these 

populations.  
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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), single-ERY treated (red-shades), single-MYL treated (blue-shades) and combined-treated (purple-

shades) in the first and second components, from the expression of all 17 transcription factors and endogenous 

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: Gene-gene and cell-cell correlation can indicate a 

destabilization of a high-dimensional 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 the progenitor attractor state. Therefore, one 

would see signs of a critical phase transition (ñtipping point behaviorò) 
103

 since bifurcation 

events underlie such transitions. 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 
103

. But for a high-dimensional population it has been proposed that 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 transition 
104

 
105

.  

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 cell-cell correlation with respect to their 19-gene state vectors (which 

represent their attributes) will be high. As the attractor flattens and the diversity of cells 

(heterogeneity) increases, the cell-cell correlation will decrease. Note that this increase in 

heterogeneity will be observed and discussed in Chapter 10 for transient subpopulations 

generated during myeloid differentiation. An opposite trend will be seen with the gene-gene 

correlation across the cells: in the stable attractor state, each gene is expressed at rather 

similar level across the cells and differences between the behaviors of two 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 attractor, a 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 space, particular subsets (ñmodulesò) of genes will 

become correlated. 

Thus, in the following section we compute first cell-cell then gene-gene correlation 

to evaluate these predictions. 

 



 
 

134 
 

8.2. Cell-cell correlation indicates diversification, hence attractor 

destabilization 

We computed the pairwise cell correlation for 150 progenitor and 500 ERY-stimulated 

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 progenitor and 450 

COM-stimulated cells at different days of differentiation (Fig. 8.1C). Cell-cell correlation 

plots clearly show that regardless of treatment type, there is a higher similarity between 

cells on d1 of the process with the progenitor untreated cells (Fig. 8.1). The plots revealed 

that regardless of the stimulation condition, as differentiation process goes by, similarity 

decreases between untreated progenitor cells and the treated cells ï not surprisingly, as we 

have seen in the cluster and PCA analysis (see Figs. 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 treated) 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 the PCA plot.  

Of our interest to detect the critical phase transition though is the cell-cell correlation 

between nominally same cells (apparently homogenous population) ï that is, the data in the 

diagonal of the correlation plot (Fig. 8.1, black boxes). As predicted, the progenitor cells 

showed high cell-cell 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 d6 cell-cell correlation increased, suggesting 

entry into an attractor state (Fig. 8.1A and 8.1B). It is worth mentioning that single-cell 

analysis allows us to analyze and compare the relationship/correlation between cells within 

an apparently homogenous population 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 single-cell gene expression analysis and cannot accomplish by 

population analysis. 

Note that for d6 ERY-treated cells, high cell-cell correlation between the Sca1
Low
 

and Sca1
Mid
 cells was observed while cell-cell correlation within the Sca1

High
 cells was low 
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(Fig. 8.1A). This represents the bimodality of gene expression and the presence of two 

subpopulations on d6 of erythroid differentiation which also manifested in Sca1 flow 

cytometry histogram (Fig. 6.5). It is in agreement with the interpretation that the Sca1
low
 

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 MYL-stimulated and 450 COM-stimulated cells. EML progenitor cells (d0) were 

stimulated with (A) Epo (to ERY lineage), (B) IL-3/GM-CSF (to MYL lineage) or a combination 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 across the diagonal. Two control genes were excluded from this analysis. L, M, H 

corresponds to low, medium and high level of Sca1 expression, respectively. 

 

Therefore, Fig. 8.1 suggests that in transition from one attractor to another, as 

expected the cell-cell correlation is reduced while it is higher within the attractor because 

the cell population is more homogenous. In other words, the cells within the attractor are 

A B 

C 
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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 states 
80

. This 

is in agreement with the observation of a higher cell-cell correlation among the individual 

ERY cells (d6) as well as the MYL cells (d6) relative to that between the progenitor cells 

(d0). The COM-treated cells exhibited the same trend although it was less clear (Fig. 8.1C) 

(will be discussed later in Chapter 11). 

 

8.3. Gene-gene correlation indicates deterministically controlled cell state 

change  

Pairwise gene correlation was calculated for all 17 genes of interest (ñHematoNetworkò) 

for single cells on each day of differentiation and for different conditions. Both average 

numbers (Fig. 8.2A) and strength (Fig. 8.2B) of the significant gene-gene correlation 

increased upon stimulation of the progenitor cells to differentiate towards the ERY and 

MYL lineages. This behavior is consistent with an instructive component that guides cells 

to exit the attractor, or, to put in an alternative way, destabilizes the attractor state.  

 

      
 

Figure 8.2. Pairwise gene correlation in cells after stimulation with cytokines. (A) 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), IL-3/GM-CSF alone (blue) or combined 

(purple). Pairwise Pearson correlation coefficient was calculated for all 17 genes of interest 

(ñHematoNetworkò, Chapter 2) and it was considered significant at a 0.01 significance level. The error bars 

are SEM, standard error of mean. SEMs were calculated by dividing STD by square root of sample size 

(which is the number of all possible correlation (17x17)).  

 

Within attractors, a high gene-gene correlation indicates that gene expression 

variation is due to deterministic constraint, not gene expression noise which means the 

A B 
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presence of multiple substates within the same attractor. We found that the gene-gene 

correlation is high for the cells within the ERY attractor, suggesting that is under more 

deterministic constraint relative to cells in the MYL attractor. In fact it is because of the 

presence of two subpopulations within the ERY attractor on d6 of the differentiation 

process.  Perhaps the erythroid trajectory is more canalized and constrained, and contains 

more regulated sub-states.  

The lower gene-gene correlation for progenitor population reflect the degrees of 

freedom for genes to change their expression values independently, in some way 

corresponding to the picture of a shallow progenitor attractor. Teles et al.ôs findings are in 

agreement with our observations 
184
. They used data obtained from their recent publication 

89
 on erythroid lineage commitment in EML model cell line. In analysis of the 

Sca1
Low
CD34

-
 erythroid-committed progenitor and Sca1

Low
CD34

+
 culture-reconstituting 

compartments, they reported a few weak pairwise gene correlations between the 17 genes 

in their study for the progenitor EML single cells while the gene-gene correlation becomes 

high and interconnected in differentiated ERY single cells. Note that some of the genes they 

analyzed were similar to ours. Therefore, they suggested that no discernible level of gene 

expression coordination is observed in the progenitor stage.  
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9.1. Global comparison of the transcriptomes of apparent non-responders 

reveal hidden shift of cell state towards the non-intended fate 

Since PCR focused on a small subset of genes, one general, broad question was: to what 

extent are the subpopulations that arise after stimulation, which represent the bifurcation, 

different at the genome-wide level? Specifically, the question is rather: Since the 

subpopulation is only defined with respect to Sca1, i.e., one dimension of the high-

dimensional state space, what is the nature of those cells that do not down-regulate Sca1 

surface expression? These cells are likely not representing ñnon-respondersò as has been 

shown previously 
109

. To address these questions, EML progenitor cell population treated 

with the usual ERY and MYL cytokines; we also applied the COM (ñcombinedò) treatment 

- for the latter see Chapter 11. On d3 and d6 after stimulation with different cytokines, the 

main ñpeaksò in the Sca1 distribution were gated and cell subpopulations were sorted using 

fluorescent activated cell sorting (FACS). The sorted cell subpopulations were 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 self-organized maps to 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) 
185

. 

The GEDI images reveal the expected difference between the erythroid versus 

myeloid transcriptomes on d6 of differentiation (sample 4 versus 10 in Fig. 9.1A). The 

Sca1
Low 

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 subpopulation of cells 

that lost or down-modulated the expression of the progenitor marker Sca1 were the 

subpopulation that responded to cytokine treatment. Interestingly there was similarity 

between Sca1
High 
subpopulation on d3 of MYL and ñcombinedò treatment (samples 6 and 9 

in Fig. 9.1A) with the Sca1
Low

 subpopulation of ERY cells on d3 and d6 (samples 2 and 4 

in Fig. 9.1A). Thus, not only the  Sca1
Low

 and Sca1
High 

subpopulations generated by the 

bifurcation were indeed different at transcriptome-level but the Sca1
High

 cells revealed the 

phenomenon of ñrebellious cellsò as previously suggested 
109

: The cells that do not respond 
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to a given differentiation treatment that is, the Sca1
High

 cells at d3, actually responded as if 

stimulated with the other program. In other words, the apparent non-responders (with 

respect to Sca1 down-regulation) responded in the opposite direction. Specifically, cells 

that did not respond to MYL-treatment, behaved like those that responded to ERY-

treatment. This behavior can be interpreted as cells ñspilling overò in the non-intended 

attractor (ERY-attractor in the MYL-treated cells) ï which becomes more easy to access 

when the progenitor state is destabilized (despite the bias towards the intended fate). The 

d3-ERY-Sca1
High

 subpopulation to some extent resembles the transcriptome of the 

progenitor population as well; this observation perhaps is due to the fact that ERY cells are 

more advanced in their differentiation program. Nevertheless, we will see in the clustering 

(Fig. 9.1B) later that the d3-ERY-Sca1
High

 subpopulation clusters with MYL-like 

populations rather than ERY-like. 

      

A 
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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 (ERY), IL-3/GM-

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

respect to the Sca1 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 

ñpixelsò 
185
). GEDI uses ñSelf-Organizing Mapsò to place genes on the pixels with respect to their similarity 

in expression behavior across all the samples. Pixels in the same location within each GEDI map contain the 

same group of genes (ñminiclusterò) such that the GEDI maps which represent individual profiles can be 

compared visually based on the color patterns. Color of pixels indicates 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 column represents 

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 hierarchical level two main clusters of MYL-like 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 independent biological replicates.  

 

To investigate in more detail (as just relying on visual evaluation of the GEDI 

maps) the behavior of the 17 genes of interest in our network (as used in the single-cell 

qPCR), the normalized florescent intensity signals were extracted for these 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 groups at the highest level, MYL-like and ERY-

like groups. ERY-like cluster consists of samples 2, 4, 6 and 9 in Fig. 9.1A which are ód3-

B 
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ERY-Sca1
Low
ô, ód6-ERYô, ód3-MYL -Sca1

High
ô and ód3-COM-Sca1

High
ô and MYL -like 

cluster consist of samples 5, 7, 8 and 10 (Fig. 9.1A) which are ód3-MYL -Sca1
Low
ô, ód6-

MYLô, ód3-COM-Sca1
High
ô and ód6-COMô. In fact when using expression of selected genes 

to cluster, the d3-ERY-Sca1
High

 subpopulation (sample 3) seems to be more similar to the 

progenitor population (sample 1) than the myeloid pattern.  

The study of the individual fate-determining factors in the non-responding 

subpopulation can also inform us about decision making. Up-regulation of erythroid-

lineage genes in the non-responding subpopulation (Sca1
High

) generated on d3 after MYL 

stimulation suggest that the decision between erythroid or myeloid decision happens at the 

CMP level, i.e. in the EML cells. By contrast, up-regulation of Fli-1, a megakaryocyte gene 

in non-responding subpopulation (Sca1
High

) on d3 of ERY-treated cells indicates 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 opposite lineage are up-regulated in Sca1
High 

(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 transcriptome-level) between 

the subpopulations over the time. We would like to investigate that in more details and 

specifically for 17 genes of interest in our collected network (ñHematoNetworkò). 

Therefore, to evaluate the expression pattern of our networkôs genes, the expression values 

of these genes were extracted from the microarray data set. Fig. 9.2A and C shows the fold 

change expression of the genes (only those with > 2 fold change) extracted from the arrays 

for 3 different cytokine treatments (ñsingleò erythroid, ñsingleò myeloid and ñcombinedò 

respectively, for latter see Chapter 11). It is common practice to confirm microarray results 

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

set of conditions. These results show that for all the genes selected for validation with 

qPCR, the direction and magnitude of changes were consistent 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 respect to isoforms for that transcript that they detect given 

that CD11b has multiple isoforms.  

The gene expression data of d3-ERY-Sca1
High

 relative to Sca1
Low

 subpopulation 

indicates a down-regulation of the expression level of the erythroid genes (Hbaa1, EKLF 

and EpoR) and up-modulation of megakaryocyte gene (Fli-1), myeloid gene (Gfi-1) and 

stem cell gene (c-kit) (Fig. 9.2A). The trend is reversed for the d3-ERY-Sca1
Low

 relative to 

Sca1
High

 subpopulation. This confirms that the d3-ERY-Sca1
Low

 subpopulation was on its 

way towards erythroid differentiation. An opposite pattern could be seen for d6-ERY 

relative to d3-ERY-Sca1
High

 subpopulation confirming the similarity between d3-ERY-

Sca1
Low

 and d6-ERY samples. Since loss of c-kit is a sign of erythroid differentiation 
89

 

therefore cells in Sca1
High

 subpopulation have likely not started the differentiation yet.  

Microarray data of d3-MYL -Sca1
High 

relative to Sca1
Low

 subpopulation revealed a 

down-modulation of the expression of relevant myeloid-genes (Gfi-1 and PU.1) and up-

regulation of erythroid-genes (EKLF, Fog-1, Hbaa1) (Fig. 9.2B) as already seen in the 

GEDI maps, indicating ñrebellious cellsò that move in the opposite direction. This 

subpopulation may in fact contain Sca1
High

/CD11b
Low

 cells belong to Ŭ and ɔ 

subpopulations in Sca1/CD11b space state (see Chapter 10). As expected the d3-MYL -

Sca1
Low

 subpopulation (responding subpopulation to cytokine treatment) showed up-

regulation of myeloid-genes and down-regulated the erythroid-genes, thus they are in the 

trajectory of MYL differentiation. MYL cells on d6, as expected showed higher level of 

expression of myeloid genes (PU.1, Gfi-1 and C/EBPŬ and CD11b (just qPCR)) relative to 

the d3-Sca1
Low

 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 correspond to ERY-treated cells while B and D refers to MYL-treated 

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. A normalized ratio (Y-axis) 

of more than 1 indicates gene up-regulation, whereas a ratio of less than 1 indicates gene down-regulation. 

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 independent biological replicates.  
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10.1. EML progenitor cell differentiation to myeloid lineage is a multistep 

process that exhibits distinct 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 of the antibody for MYL differentiation surface marker, 

CD11b. 

Flow cytometry analysis of EML progenitor cell population upon stimulation with 

IL-3, ATRA and GM-CSF which are known to constitute a myeloid differentiation 

condition (Fig. 10.1A) 
126

 was performed to investigate the pattern of change of the 

expression of two surface markers Sca1, a progenitor marker and CD11b a myeloid 

differentiation marker (Fig. 10.1B) at single-cell resolution in a population.  

 
Figure 10.1. Sca1 and 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 IL-3, ATRA and 

mGM-CSF into MYL lineage (B) The time-course investigation of expression of Sca1 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 of CD11b and Sca1 appeared. (B) CD11b histogram on d1 is unimodal, becomes tri-modal on d3 

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

CD11b expression histogram as multimodality. Hereafter we will denote the three subpopulations as Ŭ, ɓ and 

ɔ. 
 

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

two markers was first observed on d0 for the progenitor cell population. The cells 

A 

B 

C 
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expressed Sca1 at highly different levels, as reported previously 
84

. Albeit there was a very 

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

that progenitor cells, as expected, occupy the Sca1
+
/CD11b

- 
state. Interestingly, three days 

after stimulation, the originally unimodal distribution split into a ñtri-modalò distribution 

(Fig. 10.1C). The three subpopulations represent different expression profiles with respect 

to Sca1/CD11b expression, designated Ŭ, ɓ and ɔ as follows: Ŭ for the (Sca1
+
/ CD11b

-
), ɓ 

for the (Sca1
+
/ CD11b

+
) and ɔ for the (Sca1

-
/ CD11b

-
) subpopulation. Thus 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 

qPCR analysis of EML progenitor cell population differentiation into myeloid lineage (Fig. 

10.2) showed how Sca1, a marker of the progenitor state in many tissues 
186

, is down-

regulated upon induction of differentiation, as is well-described for protein, from flow 

cytrometry (Fig. 6.2E). Conversely, CD11b, a myeloid differentiation marker is up-

regulated over the time. The bulk 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 single cell-resolution 

to reveal micro and macro heterogeneity among cells within an apparently clonal cell 

population. Micro-heterogeneity is the heterogeneity in expression of a gene or marker 

within cells within one single population of cells of nominally the same type 
81

. Macro-

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 well-

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.                                                                 

 



 
 

149 
 

                             

Figure 10.2. Time-course bulk gene expression analysis of myeloid and progenitor markers CD11b and 

Sca1 provides no evidence of presence of subpopulations along MYL differentiation. EML progenitor 

cell population was induced with IL-3, ATRA and GM-CSF 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 the indicated time points after induction of differentiation. Fold change of 

expression of CD11b (blue line) and Sca1 (grey line) transcripts was calculated by normalizing Cq of each 

gene to endogenous control in samples at different days of differentiation relative to 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 

subpopulations (Ŭ, ɓ, ɔ) (Fig. 10.1B). The spontaneous diversification of an (apparently) 

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 symmetry-breaking bifurcation 

80
. 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 single-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 FACS (hereafter óFACSðsortedô) from the progenitor population and the three 

myeloid-subpopulations, 3 days 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 MYL-subpopulations. The data suggest that ɔ 
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subpopulation is different from other subpopulations at the transcriptional level (P-value < 

0.0001).  

 

                              
      
Figure 10.3. Differential number of cells positive for expression of master regulators, GATA1 and PU.1 

in the ɔ subpopulation relative to other populations. The ɔ subpopulation contains significantly more 

GATA1 (red) positive cells and PU.1 (blue) negative cells. 48 single cells were analyzed for expression of 

GATA1 and PU.1 in the control progenitor population (un-stimulated) and the MYL-differentiated Ŭ,ɓ,ɔ 

subpopulations. LOD (limit of detection) for each gene was experimentally determined. Sample t-test was 

used to evaluate significance of difference. **** denotes comparisons with P-value < 0.0001. 

 

Next, we investigated the expression of other genes of interest important in 

multipotency and differentiation of common myeloid progenitor (CMP) (in total 17 genes) 

and 2 endogenous control genes as control, as defined in curated ñHematoNetworkò in 

Chapter 2. In total, 216 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 population (Fig. 10.4A), the ɓ (Fig. 10.4B), Ŭ (Fig. 10.4C), and ɔ 

subpopulation (Fig. 10.4D). Distinct gene expression profiles are observed for single EML 

progenitor and the d3-MYL cell subpopulations. Genes are ordered according to their 

reported role in hematopoiesis (ERY-associated, stemness-associated, MYL-associated and 

endogenous control genes) 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. Down-modulation of stemness genes (genes 

involved in proliferation and multipotency) highlighted with a green box in d3-MYL 

subpopulations is observed. The expression of ERY-associated genes (Hbaa1, EKLF, 

GATA1 and Fog-1, red) become up-regulated relatively homogenously in ɔ subpopulation 
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(red box, Fig. 10.4D), while MYL-associated genes (blue) were up-regulated in the ɓ 

subpopulation (blue box, Fig. 10.4B). Cells within the Ŭ subpopulation did not up or down 

regulate any lineage-specific genes, with the exception that more cells showed an up-

regulation of CD11b myeloid differentiation marker (Fig. 10.4C). 

 

 
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 

D 

A 

B 

C 
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genes important in multipotency and differentiation of common myeloid progenitor (CMP) and 2 endogenous 

genes as control in total 216 single cells including 72 progenitor cells (A) and 48 single cells of each 

subpopulation, ɓ (B), Ŭ (C) and ɔ (D). Genes are ordered according their possible role as ERY-associated (red 

box), stemness (green box), MYL-associated (blue box) and endogenous genes in all subplots. The ɓ 

subpopulation seems to consist of cells committed to the myeloid lineage while the ɔ subpopulation cells 

appear to commit to the erythroid lineage. The Ŭ subpopulation on the other hand, seems to be in a 

indeterminacy state but biased towards the myeloid lineage. 
 

 These results suggest that the ɓ subpopulation consists of cells committed to the 

myeloid lineage while the ɔ subpopulation represents cells committed to the erythroid 

lineage. Some of the Ŭ cells heterogeneously express low levels of both erythroid and 

myeloid associated genes. Thus, the Ŭ subpopulation seems to be in an indeterminate state 

but biased towards myeloid lineage (because it up-regulates the CD11b myeloid 

differentiation marker). Therefore, single-cell 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 micro-heterogeneity) need to be distinguished 

from the presence of distinct subpopulations within 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 gene expression states in cells within the population 
161

. (Note that 

technically, the spread of a distribution, as represented by a histogram, can either (i) reflect 

ñgene expression noiseò which is more precisely defined as temporal noise or random 

fluctuations in the expression 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 to (i) or (ii) 

is the dominating factor in causing the spread). 

Single-cell gene expression analysis revealed expected expression patterns for the 

transcription factors as well as housekeepers and c-Kit. For example, the c-Kit expression 

level was highest in progenitor with lowest variability between individual cells and reduced 

in the differentiation populations (green box, Fig. 10.5). The distribution of expression of 
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control gene GAPDH is unimodal with a rather narrow peak indicative of low variations 

between individual cells. But thatôs not the case for control gene TBP (grey box, Fig. 10.5).  

      

 
  
Figure 10.5. Hematopoietic TFs and markers show heterogeneous expression in hematopoietic 

progenitor and MYL -induced cells. Violin plot representation of expression (log2Ex) for 19 genes in 

individual cells of untreated-progenitor and MYL-treated Ŭ, ɓ and ɔ subpopulations. Color corresponds to the 

cell subpopulation in clustering heat map. Genes are categorized according to their role in differentiation as 

stemness, ERY-associated and MYL-affiliated 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 MYL, the expression of genes 

becomes bimodal and heterogeneous. EML progenitor cell population show unimodal 

(uniform) distribution for the majority of genes except for CD11b, EpoR, Hbaa1, Gfi-1 and 

GATA1 (blue and red boxes, Fig. 10.5). Therefore, suggesting that a homogenous 

progenitor cell population may be divided into subpopulation of cells regarding expression 

of these genes. Progenitor-associated genesô expression became either bimodal upon 

differentiation, indicating 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 (e.g. c-kit, c-Myb, GATA2) 

(green box, Fig. 10.5). For those ERY-associated genes expressed in the progenitor 

population and/or Ŭ and ɓ subpopulations, their expression distribution was bimodal while 

in the ɔ subpopulation expression was unimodal (e.g. Hbaa1, GATA1) or there was a shift 

in distribution to higher level of expression (e.g. EKLF, EpoR, Fog-1) with lower 

variability (narrower distribution) which indicates that cell population is more homogenous 

with respect to the expression of these genes (red box, Fig. 10.5). This ñcleanerò expression 

pattern in the ɔ cells is in line with the erythroid nature of this subpopulation. 

 

10.5. Cell heterogeneity increases upon destabilization of the progenitor 

cell population into Ŭ subpopulation 

The next question we try to address is the fundamental principle of change of state in a cell 

population. First, we sought to determine if the Ŭ subpopulation indeed are cells in 

transition from progenitor population to the ɓ subpopulation. In this scenario, the 

expression level of myeloid-associated genes in the Ŭ subpopulation would be intuitively 

expected to be between those of the progenitor population and the more differentiated ɓ 

subpopulation; in this way cells in transition can be detected. Indeed the predicted behavior 

was observed for MYL-associated genes (PU.1, CD11b, C/EBPŬ, cJun and Gfi-1 genes) 

(Fig. 10.5, blue box). 

We can go further and invoke the concept of critical phase transition 
103

 which 

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 of the progenitor cell state, that is, if the fate commitment reflects a critical 

phase transition, then this destabilization should be manifested in the a subpopulation. 

According to the ideas of crisis and critical phase transition 
104

 
103

 that suggest during 

destabilization of a cell population, one would see an increase in cell-cell variability with 

respect to the gene expression patterns and a decreased gene-gene variability for certain set 

of genes. The latter would be manifested 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 cell-cell variability 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). If upon stimulation and induction of phase transition, a 

destabilization happens and as a result the Ŭ subpopulation is appeared then the variation in 

gene expression in this subpopulation must be higher relative to progenitor population. Fig. 

10.6A shows the number of cells at different level of gene variation. Clearly more cells in Ŭ 

subpopulation have higher level of CV. It also shows that dispersion becomes larger in Ŭ 

subpopulation in compare with progenitor cell population. Fig. 10.6B reveals that in fact 

the diversity and variability for cells in Ŭ subpopulation is slightly larger than for ɓ 

subpopulation. Another approach to observe the cell-cell heterogeneity is to calculate the 

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

 

  

Figure 10.6. Gene expression variation increases in Ŭ subpopulation generated after destabilization of 

progenitor population. Progenitor cell population stimulated with ATRA, and IL-3 and expression of 17 TFs 

and 2 endogenous control genes was measured in single cells within population on d0 and Ŭ, ɓ, and ɔ 

subpopulations 3 days after differentiation. Coefficient of variation (as a standardized measure of dispersion) 

A 

B 
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was calculated for all gene expression within cells in a specific population. (A) Histograms representing the 

number of cells at different level of gene variation. Clearly more cells in Ŭ subpopulation have higher level of 

CV. (B) The same data in a different format to be able to appreciate that Ŭ subpopulation (dark blue) has a 

larger dispersion relative to ɓ subpopulation (light blue). 

 

(b) Second, we searched for gene modules that exhibit increased correlation, as 

shown in the correlation matrixes of Fig. 10.8. Indeed, the Ŭ subpopulation exhibited an 

increase in gene-gene 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 ɔ subpopulation are most distinct from progenitor cells 

and cells in Ŭ and ɓ subpopulations 

A different approach to analyze the cell variability is to calculate the cell-cell correlation. 

To obtain a global view, we computed cell-cell correlation between all the 216 cells (with 

regard to each oneôs gene expression pattern) irrespective of the subpopulations. Pairwise 

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 populations, as widely done with whole-population 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 cells are most similar to each other (black box) while cells within Ŭ 

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 

diversity in the Ŭ subpopulation. Cells within the ɔ subpopulation have the least correlation 

with other subpopulations, indicating that these cells are quite different, set apart from the 

other subpopulations.      

In fact, as we observed in Fig. 10.4, the ɔ subpopulation consists of cells that 

committed to ERY lineage. Since we have stimulated the cells for myeloid differentiation 

(ATRA and IL3) the ɔ subpopulation represent nominally undesired cells, moving in state 

space in just the opposite direction from the rest. We refer to them as ñrebelliousò cells 

since they rebel against the instructive signal. Their very existence is consistent with the 

destabilization of the initial state in the process or cell fate commitment. Cells in the Ŭ 

subpopulation are correlated with both the ɓ subpopulation and the progenitor cells but at 
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different level (Fig. 10.7). It makes sense that the Ŭ subpopulation is most similar to the 

(untreated) progenitor cells than the ɓ-subpopulation because they represent the 

destabilized state. 

               

Figure 10.7. Cells in ɔ subpopulation are totally different from progenitor cells and cells in Ŭ and ɓ 

subpopulations. Pairwise Pearson cell-cell correlation for all the single cells sorted on d0 and d3 of myeloid 

differentiation was computed (induced with IL-3 and ATRA cytokines). Cell correlation was calculated for 72 

progenitor cells along with 48 cells from each of Ŭ, ɓ and ɔ subpopulations. Pearson correlation coefficient 

was calculated for all 17 genes of interest (óHematoNetworkò, see Chapter 2) and two endogenous control 

genes. Pearson correlation was considered significant at a 0.01 significance level.  

 

10.7. Genes 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 

gene-gene correlation, as well known from microarray data analysis reflect genes that share 

the same biological function. Pairwise gene correlation was calculated for all 19 genes in 

all 216 analyzed single cells. In entire data set (a 19x19 correlation half matrix), a strong 

correlation among c-kit, Scl, GATA2, and c-Myb is observed. In addition, there is also 

strong correlation between GATA1, Hbaa1, EKLF and EpoR (Fig. 10.8A). 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 correlation analysis for each of the subpopulations 

individually. Both positive and negative correlations changed upon differentiation. For 

instance, particularly strong negative correlation between EKLF and Fli-1 was observed 

only in progenitor population (Fig. 10.8B). It seems that EML progenitor population on d0 

have few strong correlations between the genes ï precisely as explained above in 

conjunction with the critical phase transition theory - because within the attractor state 

genes fluctuate (due to micro-heterogeneity) 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 gene-gene correlations (Fig. 10.8B). A notable 

exception is on d0 (progenitor EML cells, control) which EKLF and Fli-1 show anti-

correlated relationship with P value of 6.28e-5 (significant strong anti-correlation) (Fig. 

10.8B). EKLF is required for erythroid differentiation and Fli-1 is required for 

megakaryocyte differentiation 
56

. This makes sense because the EML population express 

Ter119 marker which is an early marker for megakaryocyte/erythrocyte progenitor 
126

. 

Therefore, this data suggest that some progenitor cells among the untreated EML cells are 

ñprimedò towards the megakaryocyte/erythroid progenitor (MEP) in the EML progenitor 

population but not yet committed to either of these sub-lineages due to cross antagonistic 

relation between EKLF and Fli-1. Spontaneous differentiation of EML cell population into 

megakaryocyte/erythroid progenitor has been reported 
126

.  

Upon stimulation of the progenitor, gene expression becomes more correlated (Fig. 

10.8). The Ŭ subpopulation, which represents the destabilized state, displays higher level of 

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 correlation of gene module that pushes the cells out of the 

progenitor attractor (Chapter 8). However, in comparison with the ɓ and ɔ subpopulation 

(which we interpret as committed but not yet fully differentiated states) still has a lower 

level of gene correlation (Fig. 10.8D). The highest number of positive pairwise gene-gene 

correlation was observed for the ɓ subpopulation (myeloid-committed subpopulation) (Fig. 
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10.8C) which makes sense in that the perturbation was stimulation for myeloid 

commitment. By contrast the highest number of negative pair wise gene correlation was 

observed for ɔ subpopulation (the unintended spilling over toward the MEP lineage (Fig. 

10.8E)).  However, all negative correlation observed in ɔ subpopulation were weak except 

for the ones between Egr-2/Hbaa1, Egr-2/c-kit and CD11b/Hbaa1. In fact Egr-2 is involved 

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

is a regulator of many macrophage-specific genes 
62

.  
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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 IL-3 on day 3 after treatment when the 

three distinct subpopulations (Ŭ, ɓ, and ɔ) appeared. Pairwise gene correlation was calculated for all 216 

single cells from progenitor, Ŭ, ɓ and ɔ populations (A). Then gene-gene correlation calculated separately for 

single cells in the progenitor population (B), ɓ subpopulation (C), Ŭ subpopulation (D) and ɔ subpopulation 

(E). Pearson correlation coefficient was calculated for all 17 genes of interest (HematoNetwork, see Chapter 

2) and two endogenous control genes. Pearson correlation was considered significant at a 0.01 significance 

level. The progenitor shows the least and 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) 

After having analyzed the data in a ñsupervisedò manner, that is, knowing which 

subpopulation (untreated progenitor=P, or a, b and g) a given cell belongs to, we next 

performed hierarchical clustering and principal component analysis using the expression 

data for our transcription factors in all 216 cells, so to speak, in an unsupervised manner in 

order to determine whether the subpopulation specific patterns would suffice to cluster the 

cells correctly ï according to our 4 nominal subpopulations. The relatedness of cells is 

determined using only the gene expression values, without prior knowledge of which 

population a cell originates from. Standard hierarchical clustering, without particular 

optimization, demonstrated that messenger RNA levels for the 17 key transcription factors 

and surface markers allowed the partitioning of cells recovering the 4 subpopulations. This 

was particularly clear for the ɔ subpopulation which formed a distinct cluster.  The EML 

progenitor cells formed a cluster clearly separated from the ɓ subpopulation and also almost 

entirely from the ɔ subpopulation; whereas the Ŭ subpopulation was intermixed with both 

the progenitor and the ɓ subpopulation clusters (Fig. 10.9A).  

Principal component analysis (PCA) confirmed the clustering results (Fig. 10.9B). 

Here each data point represents a single cell, color-coded according to the nominal 

subpopulation it belongs to (Fig. 10.9B). Principal component 1 (PC1), which captures the 

largest proportion of the variation in the data, separates the ɔ subpopulation from the ɓ 

subpopulation, and partially separates the ɓ subpopulation from the Ŭ subpopulation. 
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Principal component 2 further separates the ɓ subpopulation from the Ŭ subpopulation. 

Although individual population can be distinguished, there is also significant overlap 

particularly between the EML progenitor population and the Ŭ subpopulation indicating that 

cells at the edges of adjacent populations have similar network activity states.  

 

 

 
 
Figure 10.9. Three molecularly defined subpopulation in MYL-treated 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 MYL-treated cells according to Sca1/CD11b flow cytometry 

dot plot. Cells are defined as untreated progenitor (P), MYL-treated subpopulations ɓ, ɔ and Ŭ. Gene 

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 

average linkage was used for tree building. (B) Principal component projections of the 216 hematopoietic 

A 
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progenitor cells (black points) and MYL-treated Ŭ (dark blue points), ɓ (light blue points) and ɔ (pink points) 

subpopulations, in the first and second components, 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 belongs to, as shown in (A). 

 

The loadings of the PCA indicates that GATA1, EpoR, EKLF, Hbaa1 and CD11b 

contribute to the separation of the ɔ subpopulation from the ɓ subpopulation along 

component 1, whereas c-kit and c-Myb are important across component 2, consistent with 

known expression patterns in these populations (Fig. 10.9C). This observation also 

indicates that cells in the Ŭ subpopulation (the undecided state) are on the trajectory that 

leads from the progenitor to the myeloid state (ɓ subpopulation). In addition the co-

clustering of majority of Ŭ cells with ɓ subpopulation clearly indicate that these cells are 

undecided but biased towards myeloid lineage. 

 

10.9. Rescue of the ɔ (Sca1
-
/CD11b

-
) subpopulation by erythropoietin 

(Epo) cytokine 

So far we have observed that upon induction of myeloid differentiation of EML progenitor 

cells a ñrebelliousò that is, unintended subpopulation of cells emerged that we called the ɔ 

subpopulation (Fig. 10.1A and Fig. 10.4D). More generally, what we observed is that upon 

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 ñwrongò fate. Here ɔ subpopulation embodies cells in the wrong fate and 

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

committed towards the erythroid lineage - despite absence of an external instructing signal, 

thus in a spontaneous manner. This seems 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. However, 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, 

we asked whether cells from the ɔ subpopulation could be rescued with appropriate 

cytokines such as Epo. If these ɔ cells survive and proliferate upon exposure to Epo, this 

would be evidence that the ɔ cells are indeed erythroid-like cells. In fact as Figs. 10.10B 
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and 10.10E reveal Epo is capable of rescuing the ɔ subpopulation. Total cell number 

increased upon exposure of this subpopulation to the cytokine and cell viability was quite 

high. Rescue of the ɔ subpopulation by Epo thus substantiates the model of selection of 

spontaneously committed cells by the appropriate cytokine.    

  

              

 
Figure 10.10. Quantification of proliferation and viability of Ŭ, ɓ, and ɔ subpopulation upon exposure to 

proper and inappropriate cytokines. EML progenitor cell population differentiated into the myeloid lineage 

according to MYL differentiation protocol; on day 3 three distinct Ŭ (dark blue curve), ɓ (light blue curve) 

and ɔ (pink curve) subpopulations emerged. These subpopulations along with progenitor untreated (black 

curve) as control were FACS sorted for expression of progenitor marker, Sca1 and myeloid differentiation 

marker, CD11b. Antibody was removed from sorted subpopulations by applying low pH buffer and the sorted 

subpopulations recultured separately and cytokines were immediately added to each culture at concentration 

suggested in differentiation protocols. Each subpopulation was treated with either Epo (B and E) or IL-3/GM-

CSF (C and F) separately. Each subpopulation without cytokines was used as control (A and D). Total cell 

number (left column, A-C) and viability (right column, D-F) was quantified on day of sorting (d3) and for 4 

days after sorting using ViCell. Viability was analyzed by percentage of live cells based on excluding the 
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C F 
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Trypan blue dye. Each point corresponds to the average +/- STD for 2 biological replicates. ɔ subpopulation 

was rescued by Epo cytokine; total cell number (B) increased upon exposure of this subpopulation to the 

cytokine and cell viability (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 stochastically fluctuate 

between microstates, such that the fate determining signals select the (randomly) ñprimedò 

cells in a heterogeneous population that happen to express the appropriate configuration of 

key regulatory factors.  

 

10.10. ɔ subpopulation originates from Sca1
Low

 EML fraction  

Emergence of the ɔ subpopulation suggests that commitment to ERY lineage may happen 

in the absence of any external instructions or cytokines, as long as the progenitor state is 

destabilized. A specific change in the progenitorsô biochemical environment 
32

 can result in 

the destabilization of the progenitor state without specifying the lineage ï in which case the 

cell becomes susceptible to the cell-external fate-determining factors which impart a 

deterministic push to either fates. In addition stochastic fluctuation in gene expression 

would then push some cells into ñthe wrong directionò into the pre-existing attractor state 

that represents that ɔ state (see Fig. 11.6). But the question is where the cells making up the 

ɔ subpopulation come from? Are all cells among the progenitors equally likely to 

ñfluctuateò into the ɔ attractor? We already know that some cells within the clonal EML 

progenitor population express Ter119 marker, an early marker for erythroid progenitor 
126

. 

Therefore, megakaryocyte/erythrocyte progenitor cells (MEP) are spontaneously generated 

in EML population, according to the stochastic (selection) theory. On the other hand, we 

observed that the outlier cells in the progenitor population, Sca1
Low

 and Sca1
High

 cells are 

primed to ERY and MYL fates (Fig. 7.4). Moreover we also already know that the Sca1
Low

 

cells in an EML population are more prone to differentiate into erythroid 
84

. Thus, we 

hypothesize that the cells in the Sca1
Low

 fraction are enriched for cells in the state that 

would most prone to become ɔ cells without directional instruction. To directly test this 

hypothesis we sorted the 3 different fractions in the original Sca1 bell-shape distribution of 

progenitor EML population as previously reported 
84

 and then induce myeloid 
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differentiation in each fraction (Fig. 10.11). All three fractions were able to populate the 

observed Ŭ, ɓ and ɔ subpopulations during the myeloid differentiation process. However, 

the rates and proportions were different for the different fractions. We observed a tendency 

of Sca1
High 
cells to generate more efficiently the ɓ subpopulation, as expected, whereas the 

Sca1
Low

 indeed tended to generate ɔ cells. The Sca1
Mid

 populated Ŭ, ɓ and ɔ sub-populations 

equally. Therefore, stimulation of FACS sorted Sca1
Low

 fraction in EML progenitor cell 

population toward myeloid fate uncovers the tendency of this Sca1
Low

 fraction to populate 

mainly ɔ subpopulation (Fig. 10.11, with Ivan Gomez, unpublished results). 

  

 

Figure 10.11: Myeloid development in three FACS sorted Sca1 fractions of EML progenitor 

population. EML progenitor cell population was gated and FACS-sorted for Sca1 progenitor marker 

expression into 3 fractions of Sca1
Low

, Sca1
Mid

 and Sca1
High

. These three sorted fractions were induced by 

myeloid cytokines following the MYL differentiation protocol. The behavior of sorted fractions was analyzed 

by Sca1/CD11b expression measurement. All three Sca1 fractions were able to develop Ŭ, ɓ, and ɔ 

subpopulations after additional three days of differentiation (at d7). But they did so to distinct degrees: The 

Sca1
High 
had a pronounced ɓ subpopulation whereas the Sca1

Low
 fraction mostly occupied the ɔ subpopulation. 

 

10.11. The ɔ subpopulation gene expression profile is similar to that of 

erythroid -differentiated cells 

Next, we determined whether the ɔ cells which 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). Therefore,  pairwise cell-cell correlation 


