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Mathematical modelling of miRNA mediated BCR.ABL
protein regulation in chronic myeloid leukaemia
vis-a-vis therapeutic strategies†
Malkhey Verma,zya Ehsan Ghayoor Karimiani,zbc Richard J. Byers,de
Samrina Rehman,a Hans V. Westerhoﬀ*afgh and Philip J. R. Day*b
Chronic myeloid leukaemia (CML) is a clonal myeloproliferative disease resulting from an aberrant
BCR.ABL gene and protein. To predict BCR.ABL protein abundance and phosphorylation in individual cells
in a population of CML cells, we modelled BCR.ABL protein regulation through associated miRNAs using
a systems approach. The model rationalizes the level of BCR.ABL protein heterogeneity in CML cells in
correlation with the heterogeneous BCR.ABL mRNA levels. We also measured BCR.ABL mRNA and
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BCR.ABLp phosphorylation in individual cells. The experimental data were consistent with the modelling
results, thereby partly validating the model. Provided it is tested further, the model may be used to
support eﬀective therapeutic strategies including the combined application of a tyrosine kinase inhibitor
and miRNAs targeting BCR.ABL. It appears able to predict diﬀerent eﬀects of the two types of drug on
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cells with diﬀerent expression levels and consequently diﬀerent eﬀects on the generation of resistance.

Insight, innovation, integration
The study has embarked to comprehend the BCR.ABL regulatory pathway and has employed a relatively simplistic model that only takes into account the key
components of BCR.ABL onco-protein biosynthesis. We have employed quantitative measurements of BCR.ABL mRNA and phosphorylated protein molecules from
single cells, and these data have been integrated and applied to mathematical models of the disease. The ‘molecules from single cell’ resolution oﬀered by this
investigation is intended to help understand the BCR.ABL regulatory pathway, reveal targets and direct therapeutic strategies for treatment of chronic myeloid leukemia.
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Introduction
Chronic myeloid (or myelogenous) leukemia (CML) is a
malignant myeloproliferative disorder characterised by the
unregulated proliferation of myeloid cells that derive from an
abnormal haemopoietic stem cell. CML is considered to be a
clonal stem cell disorder subsequent to proliferation of mature
granulocytes and their precursors.1 Specific chromosomal
abnormalities are regularly detected in certain human haematological malignancies. For CML this is the ‘Philadelphia
chromosome’, a reciprocal translocation between chromosome
22 and chromosome 9, t(9;22)(q34;q11), which serves CML
diagnosis and prognosis.2
There is strong evidence that malignant alterations of
haematopoietic cells by BCR.ABL protein (BCR.ABLp) rely on
its tyrosine kinase (TK) activity. Several signalling pathways are
triggered in a kinase-dependent manner and phosphorylated
BCR.ABL regulates the expression of various genes implicated
in the pathogenesis of CML.3 The tyrosine kinase activity of
BCR.ABL is highly susceptible to tyrosine kinase inhibitors
(TKIs) such as imatinib mesylate.4 BCR.ABL aﬀects the binding
and/or phosphorylation of intracellular signalling molecules,
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inclusive of FAK (Focal Adhesion Kinase), paxillin, CRKL
(Crk-like), CBL (Casitas B-lineage), Grb (Growth factor receptorbound) and PI3-K (PI3-Kinases).5 The corresponding signalling
pathways may be responsible for abnormal integrin function, which disturbs the regulation of cell proliferation and
apoptosis.6 In addition, BCR.ABL positive cells harbour
chimeric kinases that are active constitutively, with their
tyrosinesphosphorylated.7,8
Cell adhesion appears to play a role in the resistance to
apoptosis induced by cytotoxic drugs, including the resistance
that is induced by imatinib mesylate treatment.9 One approach
to analysing the association of BCR.ABL with increased adhesion is to investigate expression patterns in single cells. A subpopulation of CML cells with variable malignant properties
may then be investigated, in terms of the adherence to plastic,
which is characteristic of such leukaemic cells. Currently, there
are very few, if any, studies of the association of BCR.ABL
expression with adhesion of CML single cells.
Imatinib is a competitive inhibitor of ATP binding to
BCR.ABL protein. It thereby inhibits the cell proliferation signal
of BCR.ABL and induces cell death in BCR.ABL positive cells.10
In patients with newly diagnosed CML, TKIs including imatinib
are oﬀered as a front-line therapy. While the advent of TKIs has
significantly changed the management of the chronic phase of
CML, these drugs are not able to entirely eradicate the disease.
This could be in part due to rapidly induced or selected
cytogenetic changes which occur in the majority of CML
patients. imatinib may not, as was long believed, function by
its binding to the BCR.ABLp ATP-binding site.11 With the
binding of imatinib, the ABL part of the proto-oncogene may
be trapped in a state without kinase activity.12 Despite some
therapeutic success of imatinib, it fails to eradicate leukaemic
cells completely.13,14
The role of microRNAs (miRNAs) in BCR.ABL mRNA expression has been documented.15 miRNAs are non-coding RNAs
18–25 nucleotides in length that regulate important genemediated events by silencing mRNA expression of specific target
genes.16 Some proteins involved in hematopoiesis, such as
PRDM5, are capable of transcriptionally regulating other proteincoding miRNAs, which may act as repressor proteins (Rp).17 Over
1000 miRNAs are encoded by the human genome, including
250 to 600 miRNAs that are conserved across vertebrates.18
In recent years evidence has accrued for dysregulation of
miRNA expression in cancer cells, resulting in various malignancies,19 and expression of specific miRNAs correlated markedly with some types of solid cancers.20 The changes in miRNA
expression may modulate specific tumour suppressors or oncogenes that are associated with the development of human
cancers.21,22 Certain miRNAs modulate epigenetic changes,
which direct down-regulation of target oncogenes. This suggests
possible drug application.23 Indeed, miRNAs can significantly
alter levels of expression in human malignancies.24 Thus, the
changes in expression of miRNAs may play a role in clinical
outcome in human cancer.25
BCR.ABL protein (BCR.ABLp) is believed to up-regulate
oncogenic miRNAs that reduce the expression of tumour
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suppressor proteins, which should lead to malignant transformation.15 BCR.ABL mRNA has also been shown to be a target
of some of the miRNAs such as miR-203: Silencing of miR-203
led to up-regulation of BCR.ABLp in various haematological
malignancies, whereas restoration of miR-203 in CML cells
resulted in the down-regulation of BCR.ABLp and a reduced
proliferation of cancer cells.26 Therefore, miRNAs may negatively
regulate BCR.ABLp expression. Previous studies have also
investigated the activity of BCR.ABLp in down-regulation of
miR-45127 and because miR-451 may target and reduce BCR.ABLp
suppression,28 this suggests a reciprocal regulatory loop
between miR-451 and BCR.ABLp expression (Fig. 1).
Abnormal expression of miRNAs in CML has been documented by diﬀerent groups,19,29–31 and some of these studies
reported a significant relationship of miRNAs with BCR.ABL
kinase activity.27,30 Synthetic anti-BCR.ABL small interfering
RNA (siRNA) reduced BCR.ABL mRNA by up to 87% in cells
from CML patients.32 ABL was shown to be directly targeted by
diﬀerent miRNAs such as miR-203 and miR-130a.
Some crucial questions related to the interplay between
BCR.ABLp positive CML, imatinib and miRNAs remain unanswered.

Fig. 1 Relationship between miRNAs and BCR.ABL protein expression incorporating a reciprocal regulatory loop: schematic of miRNA-mediated repression of
BCR.ABL mRNA translation to BCR.ABL protein (BCR.ABLp) and BCR.ABLp
mediated de-repression of its own mRNA translation in CML. BCR.ABLp autophosphorylates upon dimerization of BCR.ABLp–ATP complexes to produce phosphorylated BCR.ABLp (BCR.ABLpBP) which is the active form of BCR.ABLp.
BCR.ABLpBP phosphorylates the transcriptional repressor protein (Rp) responsible for repression of associated miRNA. In the nucleus the phosphorylated form
of Rp (RpBP) interacts with upstream repression sequence (URS) of the miRNA
gene sequences and represses expression of the latter, consequently de-repressing
the BCR.ABL mRNA translation. Dissociation equilibrium constants (Kd’s) are
assumed for interaction of various molecules in the translation and signalling
mechanism.
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What are the dynamics of imatinib resistance? What eﬀect do
TKIs exert on the diﬀerent sub-populations of leukaemic cells?
How can miRNA replacement therapy be eﬀective? The answers
to these questions are important for successful treatment of
CML patients. A systems biology approach might help in
obtaining some of these answers. In the present study, mathematical modelling is used to predict the eﬀects of miRNA on
the phosphorylation of and signalling by BCR.ABLp, and on the
consequent regulation of tumour suppressor proteins. The
purpose of this study is to develop and test our hypotheses
that: (i) BCR.ABLp self-regulate its translation through regulation of miRNA expression, (ii) the relative abundance ratio of
BCR.ABL mRNA and various miRNAs aﬀect BCR.ABLp levels, (iii)
inhibition of BCR.ABLp auto-phosphorylation can induce
miRNA expression, and a synergistic response of TKI treatment
with miRNA/siRNA treatment through BCR.ABLp heterogeneity
in CML cells, might ensue.

Methods
Cell culture
Human CML blast crisis cell line K562 (ATCC, Manassas, VA,
USA) were used in this study and K562 adherent (K562/Adh)
and K562 non-adherent (K562/NonAdh) CML cell suspensions
from each T25 cm2 flask (BD Falcont, Becton Dickinson,
New Jersey, USA) were transferred to individually labelled tubes.
The growth medium utilised for culturing of cells consisted of
RPMI-1640 (Sigma, Poole UK) supplemented with 10% heatinactivated fetal bovine serum (FBS; Invitrogen, Paisley, United
Kingdom), 2 mM L-glutamine (SAFC Bioscience) and 100 U mL1
penicillin and 100 mg mL1 streptomycin (Sigma-Aldrich, Castle
Hill, Australia).
microRNA extraction procedure
The RNA extraction methodology of TRIZOL reagents were used
to isolate total RNA including miRNAs. Cell suspensions were
harvested for RNA extraction with 1 mL TRIZOL Reagent (Life
Technologies Ltd, Paisley, UK) to induce cell lysis. The homogenised samples were incubated for 5 min at room temperature
before adding 0.2 mL of chloroform per 1 mL of Trizol (BDH,
VWR International Ltd). RNA was precipitated from the aqueous
phase by mixing with a mixture of 0.5 mL 100% isopropyl
alcohol per 1 mL of TRIZOL (Propan-2-ol, Fisher Scientific). The
RNA pellet was air-dried for 5–10 min and the final RNA pellet
was re-suspended in 20–25 mL RNase-free water (QIAGEN
GmbH, Hilden, Germany). Finally, the RNA was incubated in
a block heater (Stuart SBH130DC, Keison) at 60 1C for 10 min.
The resultant 30 mL volume of extracted total RNA from each
lysates was quantified using the Nanodrop UV spectrophotometry platform (NanoDrop ND-1000-Spectrophotometer, NanoDrop technologies). Extracted miRNA samples were then stored
at 8 1C until profiling.
RT-qPCR based miRNA profiling
Samples were sent to Biogazelle, Belgium, for RT-qPCR based
miRNA profiling. The method utilised is a validated, high
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throughput RT-qPCR based miRNA profiling method employing
hydrolysis probes and primers from Applied Biosystems as
reported by ref. 33. Briefly, expression profiling of 755 miRNAs
was analysed with qbasePLUS version 2.0. Quantification cycle
(Cq) values were normalised by the geometric mean (global
mean) of the relative quantities of all the miRNAs expressed in
two samples of K562/Adh and K562/NonAdh cell lines. Global
means were calculated by the following steps using qbasePLUS:
(1) all Cq values above 32 were considered as noise and
excluded from further analysis, (2) conversion of Cq values into
relative quantities (RQs), (3) calculation of a sample-specific
normalisation factor (NF) as the geometric mean of the RQs of
the targets expressed in all samples (common targets), and (4)
conversion of RQs into normalised RQs (NRQs) by dividing the
RQs by the sample specific NF.33
RT-qPCR data from K562 cells
The cell sub-lines utilised in this study were cultured simultaneously and analysed for gene expression by RT-qPCR,
following the MIQE guidelines.34 RT-qPCR amplifications were
carried out in 384-well plates using a Roche LightCycler 480
(LC480). Standard curves were set-up using synthetic BCR-ABL
template oligonucleotides (sTO) for each assay. Each 10 mL
reaction mixture contained 0.1 mL of (20 mM) forward and
reverse sequence-specific primers (Metabion International AG,
Martinsried, Germany); 0.1 mL of 10 mM fluorescently labelled
Locked Nucleic Acid (LNA) probe (Universal Probe Library,
Roche, Switzerland), 5 mL of master mix (FastStartTaq DNA
polymerase, reaction buﬀer, dNTP and 3.2 mM MgCl2) and 4 mL
of nucleic acid extract. PCR plates were sealed thoroughly with
a clear adhesive foil (Roche Diagnostics, Switzerland), briefly
vortexed, and centrifuged for 30 s at 4000g before being
analysed on a LC480 RT-qPCR platform (Roche Diagnostics,
Switzerland).
Single cell RT-qPCR
Using fluorescence activated cell sorter (FACS) (BD Influx cell
Sorter, BD Biosciences, San Jose, CA, USA) K562 cells from an
adherent cell population were sorted directly into 96-well
microtitre plates for RT-qPCR. qPCR was performed using a
Roche LightCycler 480 (LC480) and the AmpliGrid Single Cell
One-Step RT-PCR Kit (Advalytix, Olympus Life Science Research
Europa GmbH, Germany) with BCR-ABL primers and probes.
Sixty nine cells were selected at random for inclusion in our
analyses. Absolute quantification of transcript copy numbers in
each single cell was determined from parallel reactions of
synthetic template oligonucleotides (sTOs).
Protein phosphorylation analysis in single cells
The Proximity Ligation Assay (PLA) (Duolink in situ PLAt; Olink
Bioscience, Uppsala, Sweden) was used to detect BCR-ABL
specific phosphorylation of Phospho-BCR Y177 as a measure
of the BCR phosphorylation status in single cells. Cells were
obtained using a similar FACS procedure as described for
single cell RT-qPCR. Cells were either analysed for transcripts
or for phosphorylated BCR-ABL; it was not possible to perform
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both analyses on the same cell. Phospho-BCR (Tyr177) antibody
(Cell Signalling Technology, Beverly, MA, USA) was used to
detect endogenous levels of BCR and BCR-ABL phosphorylated
at tyrosine 177. Primary antibody was diluted (anti-phosphoBCR (Tyr177); 1 : 50 dilution) in permeabilising reagent
(Reagent B of Fix & Perm kit) and used to resuspend cells
followed by incubation for 60 minutes at room temperature.
After incubation, cells were washed twice in PBS/2% FBS, and
then resuspended in 0.10 mL secondary antibody solution
(anti-rabbit IgG Alexa Fluor 568 conjugate [Cell Signalling
Technology, Beverly, MA, USA]; 1 : 50 diluted in PBS) and
incubated at room temperature for 60 minutes in the dark.
Finally cells were washed in PBS and analysed by CyFlow ML
(Partec GmbH, Muenster, Germany) FACS. Secondary antibody
alone was used as a negative control. Sixty six cells were
selected at random for measurement of the number of
BCR.ABLpBP molecules they contained.

Integrative Biology
the remaining 66 data points on BCR.ABLpBP versus the 66
data points on BCR.ABL mRNA (see the triangles in Fig. 2). The
complete data analysis is in the ESI† (Tables S1 to S3).
Model development
A steady state model was developed to quantify the miRNA
repression of mRNA translation. The model is in accordance to
Fig. 1 and is a representation of miRNA-mediated repression of
BCR.ABL mRNA translation to BCR.ABLp in CML cells. The
miRNAs, miR203, miR451 and miR103 bind with BCR.ABL
mRNA so as to inhibit the translocation to the ribosome and
subsequent BCR.ABL mRNA translation. We have modelled
equilibrium binding of mRNA and miR by grouping all miRNAs
(miR203, miR451 and miR103) together using a conglomerate
dissociation equilibrium constant Kd1:
mRNA + miR 3 mRNA  miR
Kd1 ¼

Analysis of the experimental data
The primary data consisted of BCR.ABLpBP molecules
measured in 66 cells and BCR.ABL mRNA measured in 69
diﬀerent cells. Ideally we would have wanted to have both the
protein and the mRNA measured in the same cells, but this is
not yet feasible experimentally. As perhaps expected our model
predicted the number of BCR.ABLpBP molecules in a cell to
increase monotonically with the number of BCR.ABL mRNA
molecules in a cell. In our data analysis we therefore used this
assumption: we ordered both the protein and the mRNA data
set in terms of decreasing numbers of molecules. We then had
to deal with the problem that the two data sets were unequal in
size (i.e. 69 versus 66). We drew three random numbers between
0 and 70 (which led to 33, 66 and 67) and we removed the 33rd,
66th and 67th number in the mRNA data set. We then plotted

½mRNA½miRNA
½mRNA    miRNA

(1)
(2)

The value of Kd1 was calculated to equal 1.5 fM (Table 1) by


using the computed standard Gibbs free energy change DG00
of 88.2 kJ mol1 for human 3 0 UTR of ABL1 mRNA binding to
miRNA-203 reported by ref. 26. Because this dissociation constant is much lower than the copy number of miRNA and
mRNA, the model is insensitive to its precise magnitude.
The translation of BCR.ABL mRNA to its protein was modelled
as follows;
[BCR.ABLp]t = q[mRNA]

(3)

where q was taken to be constant (see Table 1). [mRNA]
represents the concentration of free BCR.ABL mRNA. A mechanistic basis for the proportionality between total BCR.ABL
protein and free BCR.ABL mRNA assumed here, could be that
the protein and mRNA are at steady state, with the rate of
protein synthesis proportional to mRNA concentration and the
rate of protein degradation first order in protein concentration
and otherwise constant. The value of q (see Table 1) would
depend on the stability and translation eﬃciency of the protein.
As indicated in Fig. 1, our steady state model should also
account for BCR.ABLp auto-trans-phosphorylation through
dimerization of BCR.ABLp  ATP complexes. For each monomer we describe the binding of ATP as:
BCR.ABLp + ATP 3 BCR.ABLp  ATP

(4)

with
½BCR:ABLp    ATP ¼ ½BCR:ABLp



ATP
¼ ½BCR:ABLpt
Km0
(5)

Fig. 2 Correlation of BCR.ABLpBP protein to BCR.ABL mRNA as determined
experimentally (triangles) and as calculated by the model (solid green line), the
solid blue line shows the model simulated total BCR.ABLpt protein with the
mRNA. The experimental correlation was based on measurements of the mRNA
and BCR.ABLpBP copy numbers in two times 66 individual cells in a single
population and the assumption that the BCR.ABLpBP increased monotonically
with the mRNA. The model was based on the mechanism shown in Fig. 1.
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which defines t as the ATP concentration normalized by the
Km0 . BCR.ABP protein dimerizes upon the reception of a signal.
In this description we shall assume that the signal is always
present, independent of the presence of the protein. In principle,
the dimerization can lead to a dimer with no, one or
two ATP bound, but we shall here neglect the last possibility.
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Parameters values used in steady state model

Parameters

Values

Source

Kd1
Kd2
q
[ATP]
Ki
Km
Kd3
Km1
Km2
k1/k2
Cellular volume (K562 cell)
Fraction nuclear volume (K562 cell)
[D]t

0.0015 pM
15 pM
0.25
2.2 mM
100 pM
1.0 mM
1.0 pM
2 pM
2 pM
1
2030 mm3
0.25
19.8 pM

[Rp]t

90 pM

½Phosphatase
½BCR:ABLe P

0.9

Calculated26
Assuming similarity with Mig1p binding to yeast DNA37,55
Adjusted so as to make Fig. 2 fit
Ref. 56
Fitting cell proliferation data36
Ref. 57
Assumed
Ref. 37
Ref. 37
Ref. 37
Ref. 58
Estimated
Calculation assuming 3 gene copies per cell confined to the
nucleus: = 2  3/(6.02  1023  0.25  2030  1015)
Calculated so as to make modelled miRNA concentrations fit experimentally
determined population average miRNA concentrations measured in adherent
(high miRNA) and non-adherent
Alvira et al.59 wrote that phosphatase goes up with BCRABLp; the constant 0.9
was found here by trying the model

The heterodimers then engage in transphosphorylation of the
other monomer in the dimer:
BCR.ABLp2  ATP ) BCR.ABLp2BP + ADP

(6)

The rate at which this occurs is given by:
v3 = k3[BCR.ABLp2  ATP]

(7)

The phosphatase removes the phosphate again from
BCR.ABLpBP:
BCR.ABLp2BP ) BCR.ABLp2 + phosphate

(8)

v4 = k4[BCR.ABLp2BP]

(9)

The resulting BCR.ABLpBP is the active form of B = BCR.ABLp,
which here acts as the protein kinase to Rp. Writing Kd3 for the
equilibrium dissociation constant and neglecting cooperativity, the
relative concentrations of B  ATP, B2, B2  ATP and B2BP relative
to the concentration of the monomer, B, are, respectively,
B tB k3 tB
t;
;
;
. At steady state of the above processes, the
Kd3 Kd3 k4 Kd3
fraction of BCR.ABLp that is in the kinase form is:


BCR:ABLpe P
¼
½BCR:ABLpt 

k3 tB
2
k4 Kd3
B
tB
k3 tB
1þtþ2
þ2
þ2
Kd3
Kd3
k4 Kd3

with:


B
tB
k3 tB
½BCR:ABLpt  ¼ B 1 þ t þ 2
þ2
þ2
Kd3
Kd3
k4 Kd3
In our model computations for all but the data points at the
lowest mRNA, B c Kd3. Also assuming k3 c k4, we shall
approximate the above equation by:


BCR:ABLpe P
k3
½ATP
¼
(10)
k4
½BCR:ABLpt 
k3 þ k4
Km0
½ATP þ
k3 þ k4
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If the phosphatase activity is relatively small, this reduces to:


BCR:ABLpe P
½ATP
(11)
¼
½ATP þ Km
½BCR:ABLpt 
where Km is the Michaelis–Menten constant for ATP.
TKIs are competitive inhibitors of BCR.ABLp phosphorylation, i.e. competitive with ATP.35 Accordingly, the inhibition by
imatinib (Im) was modelled as follows:


BCR:ABLpe P
½ATP


¼
(12)
Im
½BCR:ABLpt 
½ATP þ Km 1 þ
Ki
Im is the imatinib concentration and Ki is its inhibition
constant. The parameter Ki was estimated by fitting the experimental data on cell proliferation at various concentrations of
imatinib36 and its value is reported in Table 1.
The model also accounts for the phosphorylation–
dephosphorylation cycle of Rp, which is the transcriptional
repressor protein of the miRNA gene. The protein is phosphorylated by BCR.ABLpBP in the cytoplasm and subsequently
translocated to the nucleus (Fig. 1). The RpBP interacts with
the upstream repression sequence (URS) of the miRNA gene. It
thereby represses the latter and consequently de-represses the
translation of BCR.ABL mRNA. The Rp is phosphorylated by a
monocyclic cascade mechanism using BCR.ABLpBP, which is
a tryptophan protein kinase. Phosphorylated Rp is dephosphorylated by a protein phosphatase. This monocyclic cascade
phosphorylation was modelled as described by Verma et al.37
following the work of Goldbeter and Koshland.38,39 We there
with assumed that both the kinase and the phosphatase are
insensitive to their protein product.40 In such a cascade, the
kinase and phosphatase activity correspond to antagonistic
signals, which may be summarized by their eﬀective ratio,
i.e. the ‘input signal I’:


k1 ½BCR:ABLpe P
I¼
(13)
k2 ½phosphatase
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where k1 and k2 are the catalytic rate constants (corresponding
to Vmax conditions) of the kinase and phosphatase respectively.
The molecular function of the cascade is the regulation of the
fractional phosphorylation (f) of Rp:


½Rpe P
f ¼
(14)
½Rpt

equal to the total BCR.ABL mRNA concentration. This implied
that we assumed that the noise in mRNA causing the dispersion in mRNA values, correlated strictly with the noise in total
miRNA. A mechanism for this could be noise in the regulation
of transcription in general. This assumption and possible
relaxation thereof need to be studied in the future. The consequence of the assumption is:

The dependence of f on the input signal and on the total
amount of Rp is given by the quadratic equation:

[miRNA]t = f1[mRNA]t

f
Km2
I
½Rpt 1  f
Km1
¼
Km1
f ðI  1Þ

All protein–protein and protein–DNA interactions were
assumed to be at equilibrium.41 The nuclear translocation of
RpBP was considered to be 100% by assuming that phosphorylation is both necessary and suﬃcient for immediate net
nuclear import. Molar balances were applied to all total component concentrations BCR.ABL mRNA, BCR.ABLp, miRNA, Rp and
the operator site concentrations of miRNA encoding genes ([D]t):

(15)

where Km1 and Km2 are the Michaelis constants of the kinase
and phosphatase for Rp and RpBP, respectively. We here
assume that Rp does not bind to DNA and that the binding
of RpBP to DNA does not alter its interactions with the kinase
and phosphatase, such that:
[RpBP] = [RpBPf] + [D  RpBP]

(16)

(21)

[mRNA]t = [mRNA] + [mRNA  miRNA]

(22)

[BCR.ABLp]t = [BCR.ABLp] + [BCR.ABLpBP]

(23)

Once inside the nucleus the active RpBP interacts with the URS
of the miRNA gene (D) the transcription of which it thereby inhibits:

[D]t = [D] + [D  RpBP]

(24)

[Rp]t = [Rp] + [RpBPf] + [D  RpBP]

(25)

D + RpBPf 3 D  RpBP

(17)

[miRNA]t = [miRNA] + [mRNA  miRNA]

(26)

(18)

Eqn (27) was used when external miRNA was used as a drug
in combination with imatinib.

Kd2 ¼

½D½Rpe Pf 
½D    Rpe P

It represses its transcription. The fraction of URS that is
devoid of RpBP is called f1:
f1 ¼

½D
½Dt

(19)

We assume the degradation of miRNA to be first order in
miRNA concentration and the synthesis rate of miRNA to be first
order in the concentration of URS that is devoid of RpBP, with
rate constants kmiRNAd and kmiRNAs respectively. At its transcription steady state the total miRNA concentration then becomes:
½miRNAt ¼

kmiRNAs f1 ½Dt
¼ f1 ½miRNAt;max
kmiRNAd

Integr. Biol., 2013, 5, 543--554

(27)

Except for the DNA, all concentrations were expressed in
terms of the same (whole cell) volume. The computations for
the lines in Fig. 2–5 were carried out by taking the value of total
BCR.ABL mRNA corresponding to any point on the abscissa,
inserting this into the above equations and by then solving

(20)

where the maximum concentration of miRNA is defined by all
the URS being devoid of RpBP.
The dissociation equilibrium constant for the miRNA  mRNA
complex is much lower ({1 pM Table 1) than the concentrations of either species (>1 pM), i.e. this is a case of tight
binding, Consequently, if the maximum miRNA concentration
were to exceed the mRNA concentration, the BCR.ABL protein
concentration would drop to zero because its synthesis rate
would. And if the maximum miRNA concentration were to be
substantially smaller than the mRNA concentration, then
BCR.ABL expression would always be substantial: for the Rp
to be able to regulate BCR.ABL protein expression substantially,
the maximum miRNA concentration should be close to the
mRNA concentration. Since we here wanted to study the
potential for regulation of BCR.ABL by Rp and miRNA, we
assumed that the maximal miRNA concentration was always
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[miRNA]t = f1[mRNA]t + [miRNA]drug_dose

Fig. 3 Model simulated responses of BCR.ABL phosphorylated protein
(BCR.ABLpBP) molecules/copies per cell at various doses (0–5 nM) of imatinib,
which inhibits phosphorylation of BCR.ABLp. Imatinib inhibition of BCR.ABLp
phosphorylation was taken to be competitive with ATP, as described in the model
development. The triangles represent in vivo copies of BCR.ABLpBP as determined experimentally in single cells in the absence of imatinib (see Fig. 2).
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values used are given in Table 1. In reality (but see below) the
model equations were simultaneously solved using the fsolve
function in MATLAB 2008Ra (The Math Works Inc., U.S.A.).
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Parameter values

Fig. 4 Model simulated responses of BCR.ABLpBP molecules/copies per cell at
various doses (0–300 pM) of miRNA employed as a therapeutic agent, which
inhibits translation of BCR.ABL mRNA to BCR.ABLp in CML. The triangles represent
in vivo copies of BCR.ABLpBP as determined experimentally in single cells in the
absence of miRNA (see Fig. 2).

Parameter values were estimated on the basis of literature data.
We assumed 3 miRNA ‘gene’ copies per haploid genome and
the cells to be diploid for these genes. The total concentration
of Rp and the value of q were obtained by fitting to the
experimental data on miRNA and BCR.ABPpBP: in adherent
K562cells, in relative units, miR203, miR103a were under non
detectable limits and 0.7 miR130b and 0.6 mR451 were found
and in non-adherent K562 cells 1.0 miR203, 1.03 miR130a,
1.63 miR130b, and 1.8 miR451. We calculated an average ratio
of (0 + 0 + 0.7 + 0.6)/(1 + 1.03 + 1.63 + 1.8) = 0.23, which should
correspond to our variable f1. In our calculations a value of Rp
of 90 pM led to a value for f1 close to 0.2. Using the one but
highest-valued data point (because this was positioned close to
the straight line fit), we estimated q to amount to 0.25.
Model analysis and simplification

Fig. 5 Model simulated responses of BCR.ABLpBP molecules/copies per cell at
various doses of miRNA (0–0.1 nM) in conjunction with imatinib (0–1.0 nM).
miRNA inhibits translation of BCR.ABL mRNA to BCR.ABLp and imatinib inhibits
phosphorylation of BCR.ABLp respectively, as described in the model development. The triangles represent in vivo copies of BCR.ABLpBP as determined
experimentally in single cells in the absence of imatinib.

We used the model to calculate the total BCR.ABLp and the
BCR.ABLpBP concentrations as functions of total BCR.ABL
mRNA and found straight lines through the origin (Fig. 2).
We then analyzed the model to examine the background of this
phenomenon. We used eqn (13) to calculate I = 10/9 = 1.111,
eqn (15) to calculate f = 0.8418, eqn (14) to calculate [RpBP] =
75.76 pM, eqn (25) minus eqn (16) to calculate [Rp] = 14.24,
eqn (16), (18), (24) to calculate [RpBPf] = 59.92 pM, [D  RpBP] =
15.836 and [D] = 3.964, and f1 = 0.20 from eqn (19). All the above
dependent variables are herewith independent of total mRNA
concentrations. Because f1 is constant, eqn (21) makes the total
miRNA concentration proportional to the total mRNA concentration. In our model the total miRNA is smaller than the total
mRNA. As a consequence, the free mRNA must always exceed
the free miRNA, will therefore exceed one tenth of the total
mRNA and therefore the very small dissociation constant of the
miRNA  mRNA complex. From eqn (2), one then deduces that:
½miRNA
Kd1
¼
1
½mRNA    miRNA ½mRNA
Consequently:
[mRNA  miRNA] E [miRNA]t

these equations for total and phosphorylated BCR.ABL protein.
The model is computable as follows: I is computed from eqn (13)
and the parameters [BCR.ABLpBP]/[phosphatase] and k1/k2; f
from I, eqn (15) and parameters Km1, and Km2; [RpBP] from f
and parameter [Rp]t; [Rp] from [RpBP], eqn (25) and (16) and
parameter [Rp]t; [D], [D  RpBP], [RpBPf] from [RpBP], eqn (16),
(18), (24) and parameters [D]t and Kd2; f1 from eqn (19) and
parameter [D]t; [miRNA]t from f1, eqn (21) and the independent
variable [mRNA]t; [mRNA], [miRNA] and [mRNA  miRNA] from
[miRNA]t, eqn (2), (22), and (26), and parameter Kd1; [BCR.ABLp]t
from [mRNA], eqn (3) and parameter q; [BCRABLpBP] from
[BCR.ABLp]t, eqn (11), and parameters [ATP] and Km. Parameter
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[mRNA] E [mRNA]t  [miRNA] = [mRNA]t(1  f1)  [miRNA]drug_dose
Using eqn (3), one then obtains for the total amount of
BCR.ABL protein:
[BCR.ABLpBP] E [mRNA]tq(1  f1)  q[miRNA]drug_dose
And from eqn (12):

½BCR:ABLpe P  ½mRNAt qð1  f1 Þ  q½miRNAdrug


dose

½ATP
½ATP þ Km
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Inserting the parameter values of Table 1, one obtains in the
absence of miRNA drug:
[BCR.ABLp] E [mRNA]t  0.2

Published on 11 January 2013. Downloaded by Universiteit van Amsterdam on 03/04/2014 16:21:35.

[BCR.ABLpBP] E [mRNA]t  0.138
This reproduces the proportionality produced by the complete model. As an example of the calculation of an individual
data point, we take the cell with 220 mRNA molecules, which
should then have 30 phosphorylated BCR.ABLpBP molecules.
The inhibition by imatinib may also be calculated for this case,
i.e. for 0.10 nM imatinib, 23.05 phosphorylated molecules will
be left and for 1.0 nM imatinib 7.33. Inhibition by externally
added miRNA is calculated by translating this to molecules per
cell, assuming equilibration across the plasma membrane.
1 pM corresponds to 0.917 molecule in the cytosolic volume
or 1.2 molecules per whole cell (from Table 1), hence 50 pM
miRNA correspond to B45.85 molecules in the cytosolic
volume and B60 molecules of miRNA in the whole cell volume.
At 220 mRNA molecules in total, and an f1 of 0.2, there will be
44 miRNA molecules from the cell itself plus 45.85 from the
outside. The external miRNA will reduce the free mRNA from
176 to 130, i.e. will reduce the phosphorylated BCR.ABL protein
from 30 to 22.34. 100 pM miRNA will reduce the number of
phosphorylated BCR.ABL molecules to 14.5. Matlab codes of
model have been provided in the ESI† and also are available
from the authors on request.

Results
Our model may be used for wider applications, but it was here
used in an attempt to relate the heterogeneous mRNA levels of
BCR.ABL between individual cells in a population of CML cells,
to the heterogeneous levels of BCR.ABL protein and the phosphorylated form thereof. We assumed that the heterogeneity
was not caused by intrinsic noise, i.e. dispersion in any of the
parameters inside the dynamic network of Fig. 1, but by
extrinsic noise, such as dispersion in RNA polymerase activity
between cells, which would lead to proportional variation in
mRNA and miRNA levels. To enable the model to exhibit
complete silencing of translation, the concentration of miRNA
was assumed potentially to equal the total mRNA concentration, but normally to be lower than that by a regulatable
fraction f1 (eqn (21)).
Because the expression level of miRNA is regulated by a
mono phosphorylation cascade, with a phosphorylated form of
BCR.ABLp as the kinase, we determined experimentally the
level of BCR.ABL mRNA and BCR.ABLpBP in 69 and 66
individual K562 CML cells, respectively; i.e. 135 cells in total.
The levels varied substantially from 6 to 262 mRNA molecules
per cell and from 2 to 32 BCR.ABLpBP molecules per cell
(see ESI†). Both distributions appeared to be at least bimodal,
with the highest peaks around 40 and 5 molecules per cell
respectively, but secondary small peaks around 200 and 25,
respectively for BCR.ABL mRNA and BCR.ABLpBP.
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The assay methodology does not allow measurement of the
mRNA and BCR.ABLpBP copy numbers in the very same cell.
We therefore introduced a method of model-inspired data
analysis. Our model predicted the BCR.ABLpBP copy number
to increase monotonically with the BCR.ABL mRNA copy
number. We therefore sorted the assayed individual cells in
the order of decreasing number of molecules per cell. This gave
us two lists of 69 and 66 data points for mRNA and phosphorylated protein, respectively. We drew three random numbers
between 0 and 70 and eliminated the mRNA data points corresponding to these numbers. We then plotted the BCR.ABLpBP
copy number per individual cell versus the mRNA copy number
per individual cell, yielding the plot of 66 experimental data
points of Fig. 2. The heterogeneities measured experimentally
at the single cell level (see method section) in both BCR.ABL
mRNA and BCR.ABLpBP protein are reflected by the dispersion in the triangles in Fig. 2, i.e. mRNA was not varied by
variation of some independent variable during experimentation.
Across the range of mRNA, the variation of BCR.ABLpBP
with BCR.ABL mRNA appears to be linearly proportional. At the
low expression levels, which are characteristic of most cells,
there could be nonlinearities, but this is diﬃcult to assess
because of eﬀects of binning.
We then used our model to calculate the variation in total
and phosphorylated BCR.ABL protein with BCR.ABL mRNA. The
results of the computations are shown by the solid blue and
green lines, respectively, in Fig. 2. The mechanism causing
accumulation of BCR.ABLp in CML cells is unclear. However,
increased levels of BCR.ABLp are known to promote cell proliferation and survival (resistance).42 It was hypothesised that
increased levels of BCR.ABLpBP are involved in the adherence
properties of CML cells, which cause resistance to TKI treatment. Therefore, BCR.ABLp levels in single cells were simulated
with four diﬀerent doses (0.1, 0.5, 1 and 5 nM) of imatinib, an
inhibitor of the tyrosine kinase. Solid blue, black, dashed and
dotted lines in Fig. 3 illustrate this respectively. Virtually
complete inhibition was predicted to require a dose somewhat
exceeding the 5 nM (simulation results not shown) which is in
close agreement with an experimental cell proliferation assay
with imatinib.36
There is a reciprocal regulatory loop between some miRNAs
and BCR.ABLp. Important tumour suppressor miRNAs in the
BCR.ABL pathway have been shown to be down-regulated in the
CML cell population, consistent with ref. 43. This relationship
was included in our model, which makes it hard to predict
eﬀects of inhibitors and of diﬀerent type of inhibitors intuitively. Of particular relevance is the issue whether the eﬀect of a
drug is related to the level of BCR.ABLp, expression. Fig. 4
shows the model predictions of four doses (50, 100, 200 and
300 pM) of miRNA employed as a bio-therapeutic agent on
the heterogeneous population of CML cells expressing
BCR.ABLpBP. Complete inhibition was predicted to require a
dose of B230 pM. Comparison of model predictions indicate
that 5 nM imatinib and 220 pM miRNA should be almost
equally inhibitory with respect to the BCR.ABLpBP levels in
these cells. Fig. 5 shows the inhibitory eﬀect of miRNA in
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combination with imatinib on the expression levels of
BCR.ABLpBP in the heterogeneous population of CML cells.
Model calculations were made for four diﬀerent combinations,
i.e. 0.05 nM miRNA + 0.1 nM imatinib; 0.1 nM miRNA + 0.1 nM
imatinib; 0.1 nM miRNA + 0.5 nM imatinib and 0.1 nM
miRNA + 1 nM imatinib. The 0.4 nM imatinib and 50 pM miRNA
should be almost equally inhibitory with respect to the
BCR.ABLpBP levels in these cells. The model also predicts
however, that the miRNA should be a much more definitive
inhibitor in the lowly expressing cells than the imatinib. In the
highly expressing cells the predicted eﬀects of the two inhibitors
were additive.

Discussion
Cancer resembles the mal-functioning of a complex network of
inter-relationships between genes, gene products and/or
proteins that govern plastic processes.44,45 This then leads to
neoplastic processes, requiring the simultaneous deregulation
of a number of pertinent genes that act in a cooperative mode,
rather than the deregulation of a single gene, or of a set of
independently acting genes. In other words, cancer is a systems
biology disease46 and systems biology methods (e.g. ref. 47 and
48) should therefore be applied.49 The goal of the reported
study was the generation of a first version of an applied systemwide, data-driven model that incorporates enzymes, RNA and
regulatory proteins that are involved in the BCR.ABL expression
pathway and that should help predict outcome and response in
CML. Systems biology approaches hold the promise to assist
molecular pathology by making available novel analytical tools
that strengthen the predictive power of transcription data and
that can link those data with information on protein levels.
Models based on pre-existing knowledge and employing data
obtained in robust and sensitive measurements, should help to
identify the implications of such new experimental data. Using
such models, sensitive analytical techniques used in this context
of a systems biology framework, should oﬀer improved diagnostic and screening tools. The results of this paper may serve as
one of the first demonstrations of this novel scientific strategy.
A simulation was produced to determine how according to
existing knowledge of the regulatory network (Fig. 1) BCR.ABLp
may self-regulate its translation through miRNA expression.
The simulation of miRNA regulation by BCR.ABLp through Rp
(see Fig. 1) took into account how miRNA serves as a controlling
factor. The model described the total BCR.ABLp and its relationship to BCR.ABL mRNA abundance. This was here taken to
help understand the implications of heterogeneity at the single
cell level. Model predictions of the BCR.ABLpBP fraction from
total BCR.ABLp correlated with actual BCR.ABLpBP measurements.50 Model predictions were here compared with the
experimentally observed variation of BCR.ABL mRNA with
BCR.ABLpBP between individual cells. The simulated results
are in fair proximity to the experimental data indicating that
the model is able to capture the experimental BCR.ABLp
response to mRNA heterogeneity. We note however three
limitations of this validation, i.e. (i) that the monotonous
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increase of BCR.ABLpBP with total mRNA shown in the
experimental data in Fig. 2 results from an assumption, (ii)
that the slope of the model-line is the result of fitting, and (iii)
that we assumed that the dispersion of both the BCR.ABLpBP
and BCR.ABL mRNA were due to noise external to the network
of Fig. 1. Therefore the validation of the model is limited to the
observation that the model reproduces the quasi-linearity of the
experimental variation. Although much more validation of the
model is needed therefore, the model does describe the data set,
is based on the proposed network in Fig. 1 and should be a better
resource for predictions, than the experimental data set itself.
Yet, we caution that any prediction made by the model
should be treated as highly preliminary, and should not yet
be used clinically at this stage. The model should be further
improved through absolute measurements of miRNA in order
to check on the predicted heterogeneity of miRNA levels.
Additional measurements associated with the pathway would
further improve the model including related signalling and
regulatory proteins and metabolites. In our model calculations,
the miRNA levels were related to total BCR.ABLp levels, and the
inhibition of BCR.ABLp auto-phosphorylation was linked to
repression and de-repression of a synergistic response/mechanism involving the miRNAs. This should be tested by additional
experiments (e.g. ref. 51). It should also be noted that our
model rests on somewhat arbitrary parameter guesses for the
many instances where the actual parameter values are
unknown. More experimental work determining the parameter
values (e.g. in vitro under in vivo like circumstances;52) will be
beneficial for the predictive power of the model. In addition, a
probabilistic approach using distributions for parameter
values, may be useful.53 Then the various assumptions we
made should be tested experimentally, where measurement of
BCR.ABLpBP and BCR.ABL mRNA in the same individual cells,
would be a true asset.
One issue with models is whether they are right. A second
issue is whether they can be useful, e.g. by supporting intuitive
predictions that one cannot otherwise be confident upon
because the network is complex, by producing counter-intuitive
predictions because the network complexity incapacitates intuition, or by suggesting new therapeutic strategies that can then
be tested experimentally (e.g. in cell cultures or animals). In this
specific case, the model may oﬀer insight into the potential for
developing improved treatments for BCR.ABL positive CML
patients. Indeed, our simulations suggest that, depending on
the level of heterogeneity of the cell population, the imatinib
dose could be reduced 5 fold while retaining a beneficial therapeutic eﬀect, provided that the miRNA loop could be ascertained
to be active and repress BCR.ABLp even if mRNA is highly
expressed (Fig. 5). By inhibiting BCR.ABL phosphorylation,
imatinib would increase the expression of the miRNA, which
would repress total BCR.ABL expression levels and hence even
further reduce the level of phosphorylated BCR.ABL protein.
Also, our model showed that depending on the concentrations at which they can be applied, imatinib and miRNA
would have diﬀerent relative eﬀects on cells highly expressing
BCR.ABL mRNA as compared to less expressing cells.
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Consequently limited doses of miRNA might be expected to
select for highly expressing cells, whilst similarly eﬀective doses
of imatinib would have less such selective eﬀect, and might
therefore cause less drug resistance. At high doses, miRNA
would eliminate all cells, and might thereby be least selective,
but such doses might compromise healthy cells as well.
To characterize disease response to treatment, the extent of
heterogeneity of BCR.ABLp within a population of single CML
cells in relation to TKI treatment with miRNA/siRNA was
analysed. The analysis of transcription has been pivotal in
recent analyses aimed at deciphering the mechanisms underpinning progression towards a diseased state. In this respect,
major advancements have been made. However there still exist
huge technical and knowledge limitations that hinder robust
predictions on the basis of transcriptional data alone. Further
validation is necessary with more sensitive experimental
approaches that can be systematically and iteratively investigated, and fortified with modeling approaches to predict
responses with more certainty. This will help to identify and
classify the levels of complexity in the disease state of individual (heterogeneous) CML phenotypes, where complexity is due
to the negative feedback of increased levels of BCR.ABLpBP on
miRNAs and the regulatory loop between them in the CML
signalling pathways. Imatinib inhibition itself disturbs the
regulatory loop, and miRNA-based therapeutics in conjunction
with imatinib may further perturb the loop and enhance the
treatment of CML. BCR.ABLp tyrosine kinase activity suppresses the expression of miRNAs, and therefore increases
BCR.ABLp expression. Disruption of this regulatory loop with
miRNAs may improve disproportionately the CML therapy with
TKIs by decreasing the abundance of BCR.ABLp.
As shown in Fig. 2, our results predict and show the
existence of K562 cells with much higher than average mRNA
expression and much higher than average abundance of
BCR.ABLpBP. Selection of these cells during treatment with
less than 1 nM of imatinib would cause resistance of the
selected cell population to imatinib if exposed to a dose of
100 pM. In this sense movement from down the Y axis of Fig. 3
would represent the disease response to treatment, with the
level of phosphorylated BCR.ABLp increasing along the blue
line: the cells with the higher mRNA expression levels would be
selected for by the therapy. Provided that they could be personalised in terms of the range of mRNA expression observed in
the cells of an individual patient, results such as shown in Fig. 3
are also suggestive of a personalised dose for patients. This
dose could be tuned to help to avoid side eﬀects, yet to target
the cells with the highest actual level of BCR.ABL mRNA
expression in the particular patient. This would prevent onset
of a drug resistance that could manifest if treated with a lower
dose of drug.

Integrative Biology
of quantitative measurements of BCR.ABL mRNA and BCR.ABL
protein in single cells, and these have been applied to a new
mathematical model of the BCR.ABL regulation. The study
commenced with a relatively simplistic model that only takes
into account the key components of BCR.ABL biosynthesis.
Despite the basic nature of the model, predictions matched
actual measurements, although the validation power of this
was limited. A future kinetic model should incorporate other
modulators aﬀecting the regulation of BCR.ABLp. The present
model is amenable to progressive extension to include
BCR.ABLp signal transduction and gene regulation including
those involving STAT, Ras, GAB2 and Bad2 pathways and may
then help understand further factors contributing to cell
growth and survival. It is also amenable to personalization by
inserting regulatory elements in the network on the basis of
individual characteristics implied by individual genome
sequencing and deep sequencing of the tumor.54
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