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Abstract

In the G; phase of the mammalian cell cycle, a bi-stable steady state dynamics of the
transcription factor E2F ensures that only a certain threshold level of the growth
factor can induce a high expression level (on state) of E2F to initiate either normal or
abnormal cellular proliferation or even apoptosis. A group of microRNA’s known as
the mir-17-92 cluster, which specifically inhibits E2F, can simultaneously influence
the threshold level of growth factor required for E2F activation, and the
corresponding expression level of E2F in the on state. However, mir-17-92 cluster can
function as either oncogene or tumor suppressor in a cell-type specific manner for
reasons that till remain illusive. Here we put forward a deterministic mathematical
model for Myc/E2F/mir-17-92 network that demonstrates how the experimentally
observed mir-17-92 mediated differential nature of the cellular proliferation can be
reconciled by having conflicting steady state dynamics of E2F for different cell types.
While a 2-D bifurcation study of the model rationalizes the reason behind the
contrasting E2F dynamics, an intuitive sensitivity analysis of the model parameters
predicts that by exclusively altering the mir-17-92 related part of the network, it is
possible to experimentally manipulate the cellular proliferation in a cell-type specific

fashion for therapeutic intervention.
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Introduction

In mammalian cells, the expression levels of the key transcription factors E2F (mainly
E2F1, E2F2 and E2F3) and Myc precisely govern the fate commitment of a
mammalian cell toward either active cellular proliferation or quiescence under normal
growth condition in the late G; phase of the cell cycle [1-4]. Experimentaly, it had
been elegantly demonstrated that the expression level of the E2F1 protein follows a
bi-stable dynamics (involving E2F1 and Myc) as a function of growth factor [1]. This
implies that based on the expression levels of E2F1 in the late G; phase, the
mammalian cells can either opt for a quiescence state (Off state, low E2F1
expression) or can decide to go for the normal cell cycle (On state, high E2F1
expression). Fascinatingly, if the E2F1 protein level reaches very high expression
level (On state) at relatively lower growth factor stimulation then the cells can even
commit for apoptosis [1,2]. Whereas, an intermediate high expression level of E2F1
(between On state of normal cell cycle and apoptosis cases) maintained for an in-
between threshold growth factor level can eventually lead to uncontrolled cellular
proliferation or cancer [2]. Thus, finding out means to control the E2F1 dynamics in

and around G4/S transition can be crucia from the therapeutic point of view.

In this regard, exploring the role of microRNA’s related to the mir-17-92 cluster
seems worthwhile, as these microRNA’s are well-known antagonist of the E2F
genes [5-10]. The mir-17-92 cluster consists of 7 different microRNA’s (mir-17-5p,
mir-17-3p, mir-18a, mir-19a, mir-20a, mir-19b-1 and mir-92a-1), and is probably the
most well studied microRNA cluster in the literature [5-10]. Several microRNAs
associated with the mir-17-92 cluster play decisive roles in organizing the normal
development as well as the events controlling the cellular proliferation in various cell
types [11]. Like all the other microRNA’s, the members of the mir-17-92 cluster
function post-transcriptionally by forming complexes with the mRNA’s of different
target genes like E2F to either degrade or to reduce the translational efficiency of the
corresponding target mRNA’s [2,12]. This seems to suggest that down regulating
mir-17-92 cluster components may lead to unwanted cell cycle entry or cancer (as
E2F levels will be high) at alower threshold level of growth factor, which was indeed
observed for many hematopoietic cancers [5,11,13,14]. Interestingly, for different
solid type cancers, the microRNA'’s of the mir-17-92 cluster were found to be mostly
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over-expressed [11,15-30]. This indicates that in solid cancer cells, the expression
level of E2F must increase with the increasing level of microRNA’ s related to mir-17-
92 cluster. In this article, we want to rationalize this mir-17-92 cluster mediated
differential dynamics of E2F protein in different cancer types, as it may provide us
with crucial insights to prevent uncontrolled cellular proliferation and unwanted

apoptosis eventsin acell type dependent manner.
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Fig. 1. The growth factor regulated core interaction network of Myc/E2F1/mir-17-92. Solid
arrows represent direct and indirect gene activation processes and the hammerhead from miR

(representing mir-17-92 cluster) to E2F1 corresponds to the inhibition in the form of E2F1 mRNA
degradation or reduced level of translation.

Disentangling the influence of mir-17-92 cluster on the cell type specific differential
dynamics of E2F is not a straightforward problem. In fact, in mammalian cells, if we
only focus on the mir-17-92 cluster mediated E2F1 dynamics, we will observe that it
is tightly regulated by a number of feedback loops operative within a core network of
Myc/E2F1/mir-17-92 [1,2,31-33] (Fig. 1). It is well known that E2F1 can positively
regulate its own as well as Myc transcription [2,33]. Fig. 1 further depicts that both
Myc and E2F1 can act as transcription factors for several microRNAs of mir-17-92
cluster, which in turn inhibit E2F1 [2,10,34-37]. This clearly suggests that in
mammalian cells, either with or without mutation (or non-functional form) of Rb
(Retinoblastoma protein, the main antagonist of E2F1), the cell fate decisions during
G1-S transition can be modified by altering the expression level of mir-17-92 cluster
related microRNAs. Still the question remains, how over expressing mir-17-92 cluster
related microRNAs can fine-tune the dynamics of the Myc/E2F1/mir-17-92 network

to generate differential activation dynamics of E2F1 in different cancer cell types?
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In this article, we propose a mathematical model for the Myc/E2F1/mir-17-92
network illustrated in the Fig. 1 to resolve this important question. Our model
reconciles the differential nature of the E2F1 dynamics under the overexpression
condition of mir-17-92 cluster in a cancer cell type dependent fashion. The
deterministic 2-dimensional bifurcation analysis of the model further substantiates
why such differential E2F1 dynamics arises upon subtle alteration of the properties
related to microRNAs of the mir-17-92 cluster. The model reproduces several
experimental observations for cancer cell types of different origins as the expression
level of mir-17-92 cluster is changed, and makes interesting experimentaly testable
predictions. We believe that our model essentially captures the circumstances under
which mir-17-92 cluster behaves either as oncogene or as a tumor suppressor in a

context dependent manner.

The Myc/E2F1/mir-17-92 mode!:

To develop our mathematical model, we have expanded the minimal gene regulatory
network of Myc/E2F1/mir-17-92 shown in Fig. 1 by incorporating the crucial
interactions based on existing experimental literature (Fig. 2). The model depicts that
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Fig. 2. The Myc/E2F1/mir-17-92 regulatory network. (Solid and dashed arrows represent direct and
indirect activation processes. Arrows pointing towards the dust (uneven circles) represents the process
of mMRNA, microRNA and protein degradation. Arrows coming out from the middle of a dumble
shaped line indicates complexation and decomplexation events respectively.) More than one positive
and negative feedback interactions are operative in this small but complex regulatory network.
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the growth factor (GF) activates the transcription of the Myc mRNA (Myc,) and
MyCn in turn produces Myc protein (Myc,). The Myc, positively activates the
transcription of both mir-17-92 cluster component (mir) and E2F1 mRNA (E2F1y,). It
is well established in the literature that E2F1 can only positively affect the
transcription of its target genesiif it forms a hetero-dimeric complex (DE) with the Dp
protein (Dply) [31,33]. We have introduced this transcriptional positive feedback by
the DE complex in the Myc,, mir and E2F1,, dynamics by using a phenomenological
(Hill kinetic) term to represent the complex nature of the transcriptional activationsin
generad. We have considered that both the Myc and E2F1 mRNAs and the
corresponding proteins degrade with rates as observed in experiments [31,38-42].
Fig. 2 further describes that mir-17-92 cluster component (mir) provides a negative
feedback to the E2F1 dynamics by forming a complex (Mpi) with the E2F1,. From
this complex (Mpi) the E2F 1, gets degraded, and the translation efficiency of E2F 1,
also gets reduced compare to its free form.

Table 1: Equations governing the Myc/E2F1/mir-17-92 network
dMycy, Kkmemz- DE™

G = by + K- GF + =202 — K My, 1
dlv([i}tlcp = Kmcp: Mycm — Kamep- Mycp 2
T2 — et + ks My + % — kdom: E2F1y — Kamp: Mpi ¢
dEzdlzlp‘ = kep1- E2F1y, + kepa. Mpi — kgep. E2F1,, 4
% = kpgy. Dp1,.E2F1, — kpg,. DE >
dmire ok My, 4z D 6
dt P (kmm" +DE™)
% = Kynp1- E2F 1y mir — Ky Mpi — kgmp: Mpi !

Additional algebraicrelations

Dpl, = Dp; — DE; E2F1,, = E2F1,, — Mpi; E2F1, = E2F1,; — DE; mir = mir; — Mpi

We have translated the regulatory network shown in Fig. 2 into an ordinary
differential equation based mathematical model (Table 1). The variables are defined
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in Table S1, and the definitions of the parameters along with their numerical values
are provided in Table S2. We have acquired some of the parameter values directly
from experimental literature [1,31,38-43] (shown in Table S2). It is worthwhile to
mention that here we mainly focus to understand the emergent dynamic behavior of
the regulatory network described in Fig. 2 to unravel the differential manner of E2F1
activation in cell-type specific manner as a function of varying expression level of
mir-17-92 cluster component (mir). Thus, we have intuitively chosen the remaining
parameters in the model in such a way that it allows us to explore the effect of
different feedback loops present in the network by maintaining reasonable expression
levels of al the mRNAs and proteins involved in the network.

Results
E2F1 dynamics is indeed differentially regulated by mir-17-92 cluster

componentsin a cell-type specific manner

To begin with, the bifurcation analysis of the model (Table 1) produces a typical bi-
stable dynamics for the total E2F1 protein as a function of the growth factor (GF) that
represents awild type (WT, Fig. 3a) situation. The bi-stable dynamics ensures that the
normal cell experiences a certain threshold of GF level to commit faithfully from the
low level of E2F1 level (OFF state) to the higher E2F1 level (ON state) for the active
proliferation cycle. An increase in the expression level of mir (situations (ii) and (iii)
in Fig. 3a) not only increases the E2F1 level in the ON state, but makes the cells more
susceptible for unwanted proliferation by simultaneously reducing (shifts the saddle
node SN; to the left of WT situation) the threshold requirement of GF. Expectedly,
repression of mir (situation (i) in Fig. 3a) further increases the threshold requirement
of GF (compared to WT). At this point, we fixed the GF level to 1 s.u., and showed
(Fig. 3b) that for a cell type represented by a parameter set provided in Table S2, the
steady state level of total E2F1 will increase with the increasing level of mir
expression level. Fig. 3a-b resembles the kind of dynamics one observes in the cases
of solid tumor cancer cells [11,15-30].
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Fig. 3. Bifurcation analysis of the model reveals the mir-17-92 mediated cell-type specific
differential dynamics of E2F1. The steady state level of the total E2F1 protein (for the cell types
where, increase in the mir expression leads to increase in the proliferation) is plotted as a functions of
(a) growth factor (GF in scaled unit (s.u.)) for different basal activation rate (by;) (0.01 hr'* wild type
(WT), 0.0001 hr? (i), 0.03 hr (ii), 0.05 hr? (iii)) of the mir-17-92 cluster component (mir) and (b)
basal activation rate (b,,;;) with afixed level of growth factor (GF = 1 s.u.). Parameters values are given
in Table S2. The steady state level of the total E2F1 protein (for the cell types where, increase in the
mir expression leads to decrease in the proliferation) is plotted as a functions of (c) growth factor (GF
in scaled unit (s.u.)) for different basal activation rate (b)) (0.01 hr* wild type (WT), 0.0001 hr? (i),
0.03 hrt (ii), 0.05 hr (iii)) of the mir-17-92 cluster component (mir) and (d) basal activation rate (by,)
with afixed level of growth factor (GF = 2 s.u.). Parameters values are as given in Table S2, with only
Kamp = 0.15 hr'* (c-d).

The question remains, how we can reverse the phenomenon keeping the same
structure of the Myc/E2F1/mir-17-92 network. In this endeavor, we performed the
bifurcation analysis after only changing the kinetic parameter kamp (from 0.01 hr' to
0.15 hr'Y) that represents the rate at which mir facilitates the degradation of the E2F1
mRNA from the Mpi complex. In Fig. 3c, the WT again represents the bi-stable
switching E2F1 protein dynamics as a function of GF for a wild type situation of
another specific cell type. Interestingly, an increase in the mir expression level now
reduces the E2F1 steady state level (situations (ii) and (iii) in Fig. 3c) in the ON state
by even creating a higher threshold value of GF for reaching the ON state as well. On
the other hand, a decrease in the mir expression (Fig. 3c(i)) is elevating the propensity
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for proliferation by reducing the threshold requirement of GF. The bifurcation
diagram (Fig.3d) of total E2F1 as a function of basal synthesis rate of mir further
indicates that for a fixed GF level (2 s.u.), the increasing expression level of mir will
decrease the E2F1 in this scenario. This fits the experimental observations found in
some hematopoietic cancer cell types as well as for cells where, the mir-17-92 cluster
components are found to act in an anti-apoptotic manner [5,11,13,14].

The model validates the cell type dependent differential dynamics of E2F1

Next, we tried to validate our model outputs with the experimentally known
phenotypes under two different scenarios discussed in the previous section. Cloonan
et a. [44] have shown that only overexpressing a single micro-RNA (mir-17-5p)
related to mir-17-92 cluster is sufficient to drive the HEK293T cells (solid tumor) into
high level of proliferation. The MTT assay performed by them [44] revealed that the
HEK293T cells became highly proliferative when mir-17-5p was stably
overexpressed. At the same time, qRT-PCR experiment confirmed that the E2F1

expression level aso increases significantly at the mRNA level [44].
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Fig. 4. Overexpression of mir-17-92 cluster components reproduce experimentally observed
differential activation of E2F1 protein in cell-type specific manner. (a) Relative expression levels
of total E2F1 mRNA (left panel) as a function of increased level of mir (at GF=2 s.u. and other

parameters as in Table S2). Time profiles for total E2F1 protein level that are plotted as a function of
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time (right panel) for different values of basa activation rate of mir (by;,) correlate with the increase in
the rate of proliferation when the mir-17-92 cluster components are overexpressed in HEK293T cells.
(b) The model predicted relative expression levels of total E2F1 mRNA (left panel) and protein (right
panel) as a function of increased level of mir corroborates with experimentally observed levels of E2F1
protein and mRNA in Hela cells (at GF=4 s.u., kymp = 0.15 hr' and other parametersasin Table S2).

Our model simulations (with kamp 0.01 hr) predict that in comparison to the WT
case, overexpressing the mir-17-92 component elevates the level of E2F1 mRNA
(Fig. 4a, left panel) up to an extent observed in the experiments [44]. Interestingly,
the temporal evolution dynamics of E2F1 protein (Fig. 4a, right panel) under mir-17-
92 overexpression condition seems to correlate nicely with proliferation profile
observed inthe MTT assay performed by Cloonan et al. [44].

On the other hand, it has been observed experimentally in case of Hela cells [35],
transient overexpression of the mir-17 cluster has little or no effect on the E2F1
MRNA expression, but it decreases the E2F1 protein expression by about 50%. Our
model simulations (with kemp 0.15 hr'') suggest that the E2F1 protein level can be
reduced to 50% of that of the WT situation by overexpressing the mir-17-92 level
(Fig. 4b, right panel). Under the same condition the mRNA level of the E2F1 shows
very little effect (Fig. 4b, left panel). This further emphasizes that mir-17-92 can
either enhance or reduce the extent of proliferation by just differentially altering the

E2F1 dynamicsin a cell type dependent fashion.

Two-parameter bifurcation analysis unravels the dynamical origin of differential
dynamics of E2F1

In Fig. 3 and Fig. 4, we have shown that just by altering Kimp i.€., the microRNA
mediated degradation rate of E2F1 mRNA, it is possible to rationalize the differential
E2F1 dynamics. To understand how the changes in the parameter Kqn, affects such an
interesting dynamical transition, we performed a two-parameter bifurcation analysis
of the model (Fig. 5) by setting different expression level of the mir-17-92. In Fig. 5,
we have overlaid the two-parameter bifurcation diagrams (Kamp VS GF) or the cusps
obtained for the overexpressed (red line) and down-regulated (green line) mir-17-92

situations on top of the cusp (blue line) obtained for the WT expression level of mir-
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17-92. Interestingly, all the three cusps intersects at kanp ~ 0.083 hr' as indicated by
the yellow dots in Fig. 5. This evidently clarifies why our chosen values of kgmp (i.€.,
0.01 hr* and 0.15 hr, indicated by red dots) allow us to reconcile the cell-type
dependent differential E2F1 dynamics. Fig. 5 indicates that for kamp = 0.01 hr'* if one
goes on increasing the GF level, the overexpressed mir-17-92 situation (red line)
appears before the WT dituation (blue line), which follows the mir-17-92 down-

regulated case (green line).

0.4 v T T T
035} N /
—_— b =001 (WT)
— b_ =0.0001
0.3F —— b2=003

0 0.5 1 1.5 2 2.5 3
GF (s.u.)

Fig. 5. The 2-D bifurcations provide dynamical insight about the cell-type dependent differential
dynamics of E2F1. Two-parameter (Kimp VS GF) bifurcation diagram is plotted (based on steady state
levels of total E2F1 protein) for three different values (0.01 hr* (blue ling), 0.0001 hr (green line),
0.03 hr'* (red line)) of basal activation rate of mir. The orange spots on kymp-axis show the values of
Kamp Used in Fig 3a and 3c. The yellow dots are the points where, the three two-parameter diagrams
intersect in the Ky -GF plane and hence provide the critical value of Kgmp.

Thus, it qualitatively shows why for kgmp = 0.01 hr'* situation if we overexpress mir-
17-92, the cells transit to the S G,-M phase (On state) earlier compare to the WT
(observed in solid tumor [11,15-30]). The scenario reverses for the case with kgmp =
0.15 hr', as now with increasing level of GF, the mir-17-92 down-regulated
phenotype or the green line will appear even before the WT case (blue line).
Consequently, the mir-17-92 down-regulated phenotype will commit to proliferation
even at lower level of GF compare to the WT (as observed in some cases of
hematopoietic cancer [5,11,13,14]).

We have shown further that even by altering the translational efficiency (ke2) Of the
mir-17-92 bound E2F1 mRNA (Fig. S1), the cell type dependent E2F1 dynamics can

also be reconciled. The important question one can ask is whether it is possible to
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manipulate either kymp Or kepo experimentally to influence the cell fate decision-
making process or not? In our model, the way we modeled the microRNA and E2F1
MRNA interaction is quite simplified in nature. In literature it is already established
that microRNAS need the presence of Argonaute proteins (especially Ago2 protein in
mammalian cells) to either degrade mRNAs following different degradation pathways
or even reducing the translational efficiency of the mRNAS by localizing them into P-
bodies [45]. Thus, by either overexpressing or knocking down the Ago2 protein
depending on the cell type, we can influence the commitment towards proliferation by
altering the E2F1 dynamics.

Myc genereated phenotypes could be reconciled for different levels of mir-17-92

Our minimal model of Myc/E2F1/mir-17-92 network is constructed in such away that
it allows us to investigate the importance of the Myc in the network. Experimentally it
has been observed that for conditiona lymphoma and leukemic cell lines,
overexpressing the microRNAs from mir-17-92 cluster can rescue the cells where,
Myc gene expression is temporarily inactivated upon doxycycline treatment [46]. Our
model simulation (Fig. 6a, upper panel) shows that once the Myc gene expression is
switched off, the relative E2F1 protein expression level falls off very rapidly in 3-4
days time as observed in the experiments [46] for the control cells kept under a basal
GF medium. Intriguingly, if the mir-17-92 is overexpressed in the model as soon as
the Myc gene is repressed, the relative E2F1 protein level seemsto increase gradually
(Fig. 6a, lower panel) with time corroborating the experimental findings [46].

Our model further describes a Myc phenotype, which is even more challenging to
envisage. It has been displayed experimentally [42] that overexpressing Myc gene
systematically in serum starved REF52 cells containing a d2GFP reporter driven by
E2F1 promoter produces a unique phenotype where, for very low and very high level
of Myc gene expression, one can haverelatively low level of E2F1 protein expression,
but a moderate level of Myc expression leads to high expression level of E2F1. The
steady state analysis of our model suggests that for such serum starved cells (kept
under GF = 0.0001 s.u.), the E2F1 steady state will produce a mushroom like
bifurcation (Fig. 6b) as afunction of the basal synthesis rate of the Myc.


https://doi.org/10.1101/214429

bioRxiv preprint doi: https://doi.org/10.1101/214429; this version posted November 5, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

(a) Myc ON Myc OFF
Lo day 0 day | day 2 day 3 day 4 day 5

Relative total E2F1
Protein expression
f=
uh
L
[ojuo’)

0.0
3

(%]
1

Relative total E2F |
Protein expression
6-L1 1w

12 — Stable 55
= —— Unstable 8§

Total E2F1

v T v T v T - T -
0.0 0.2 0.4 6 0.8 1.0
Mye synthesis (hr')

Fig. 6. Model predictions related to Myc agree well with the experimental observations. (a) In
control cells, the relative total E2F1 protein expression goes down quite rapidly with time if the Myc
expression is switched off (Upper panel). Whereas, in mir overexpressed cells under the same situation,
the E2F1 expresson level increases progressively with time (lower panel) as observed in experiments.
(b) The bifurcation diagram of the total E2F1 protein as a function of basal Myc synthesis rate (byyc)
for a specific cell type (REF52 cells) under a basal growth factor (GF=0.0001 s.u.) condition. For very
low and relatively high values of by, the expression level of E2F1 is low but for ain between bmyc
level the E2F1 expression is relatively high which isin line with experimental observation. For details
see the method section.

This evidently shows why for very low and very high expressions of Myc mRNA, a
low steady state level of E2F1 expression can be achieved, while a moderate level of

Myc will lead the dynamical system to the higher expressing E2F1 steady state.

Sensitivity analysis reveals ways to influence the cell-type dependent
proliferation response

At this juncture, we performed sensitivity analysis (Figs. S2 and S3 for Kymp = 0.01
hr't, and Figs. $4 and S5 for kamp =0.15 hr'™) of the model parameters by taking the
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positions of SN; and SN as the sensitivity parameter to explore the possible ways to
influence the cell-type dependent proliferation by adjusting the E2F1 dynamics.
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Fig. 7. Sendtivity analysis provides crucial leads to alter cellular proliferation in a cell-type
dependent manner. Sensitivity analysis of the model parameters is performed by taking the positions
of SN; and SN, as the sensitivity parameter for the WT bifurcation diagrams drawn (as shown in Fig.
3a and c) for (a) kamp = 0.01 hr'* and (b) Kamp = 0.15 hr''. (The different color bars signify that the
corresponding saddle node will move towards either lower (purple bar) or higher (light grey bar) GF
with respect to the WT scenario, if a particular parameter involved in the model is increased
individually by about 10% of its original value (Table S2) keeping all other parameters constant.)

A careful inspection of the sensitivity diagrams (Figs. S2-S5) allowed us to separate
out the parameters (as summarized in Fig. 7a-b), which would have differential
impact on the respective saddle nodes for the two chosen values of kymp. Interestingly,
all the parameters that appear in Fig. 7, in one way or other are related to the mir-17-
92 cluster component, and one of them is indeed the bni,. Fig. 7 opens up a set of
experimental possibilities to change the fate of a proliferating cell just by
manipulating the E2F1 dynamics. For example, depending on the requirement, (i) the
Kamr Can be altered by producing a more or less stable variant of microRNA, (i) Kmp1
can be varied experimentally to reduce the association propensity of mir and mRNA
of E2F1 and (iii) kw1 and kqrz can be manipulated by blocking the transcription
initiation sites or reducing the level of other transcriptional co-activator require for
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mir production. Thus, the model qualitatively predicts a set of selective routes to
control the proliferation by just perturbing the Myc/E2F1/mir-17-92 network.

Discussion and Conclusions

In many cancerous cells, the principle inhibitor of E2F1 i.e., the Retinoblastoma
protein (Rb) remains either as mutated or non-functional [17]. Under such a
condition, the microRNAs related to mir-17-92 can play decisive role in directing the
cells toward either cellular proliferation or apoptosis or even in some cases to
quiescence by controlling the E2F1 dynamics. Thus, mir-17-92 can act as oncogene as
well as tumor suppressor depending on the cell type [2,5,11,13-30]. To understand
the intricacies of the interactions between E2F1, Myc and microRNAS related to mir-
17-92 cluster, we proposed and investigated a relatively smple Myc/E2F1/mir-17-92
network (Fig. 2). Our model essentially captures al the positive and negative
feedback interactions that are responsible for the bi-stable E2F1 dynamics observed in
mammalian cells. The 1-D bifurcation analysis (Fig. 3) of our model qualitatively
depicts the experimentally observed differential dynamics of E2F1 protein (as a
function of GF) under different mir expression levels. This not only corroborates (Fig.
4) with the experimental findings for different solid cancers, but also supports the
experiments, where overexpressing mir-20a and mir-17-5p caused increased level of
apoptosis [11,15-30]. In the latter case the experiments further suggest that the
apoptosisis caused due to increased expression of E2F1 protein upon down regulating
the mir-20a and mir-17-5p [34].

Importantly, the 2D-bifurcation diagrams (Fig. 5 and Fig. S1(b)) reveal the one of the
probable routes by which the reversal of the E2F1 steady state dynamics can be
achieved under overexpressing condition of mir, and how it can be realized by just
altering the kamp Or Kep2. Intriguingly, the sengtivity analysis (Fig. 7) of the model
uncovers that the reversa of the E2F1 dynamics can only be accomplished by
changing the mir-17-92 related parameters. We further discussed how one could
perform experiments at different levels to test these predictions. In this context, it is
worthwhile mentioning that our model definitely improves the current understanding
about the Myc/E2F1/mir-17-92 network than the previous model proposed by Aguada

et a. [2]. Although their model was a simpler one compare to us, but it failed to
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portray how the steady state behavior of E2F1 protein can vary in an opposite manner
(asafunction of GF) asthe mir is overexpressed in a cell type dependent manner. Not
only that, our model has a broader applicability, as it also adequately explains the

Myc related mutants (Fig. 6) under different expression levels of mir [42,46].

To conclude, our proposed model effectively replicates the mir-17-92 influenced
steady state dynamics of E2F1 in a cell-type dependent manner. It predicts exactly
how one can manipulate the mir related part of the Myc/E2F1/mir-17-92 network to
push a particular cancerous cell to either quiescence or apoptosis. Thus, it provides
important insights to utilize the oncogenic or tumor suppressor behavior of mir-17-92
cluster in a context dependent manner for developing novel therapeutic strategies to

treat uncontrolled proliferation.

Methods

Deter ministic analysis

The complete gene regulatory network (Fig. 1) was constructed in terms of 7 ordinary
differential equations. The deterministic bifurcation analysis of the model was
executed using the freely available software XPP-AUT. The bifurcation diagrams and
time profiles were drawn in Origin Lab using the data points generated by XPP-AUT.

In the systematic sensitivity analysis section, each parameter was increased
individually at an amount of 10% with respect to the values given in Table S2 keeping
all other parameters constant (Figs. S2, S3, $4 and S5). Bar diagrams were drawn
with the help of MATLAB. Purple colored bar depicts the movement of the saddle
nodes (SN; and SN,) towards lower GF level and light-grey colored bar signifies
movement of the saddle nodes (SN; and SN,) towards higher GF than the WT cell-

type specific cases.

In Fig. 6(a) to reconcile Myc ON state we have used byy,c = 0.5 hr*and byc = 0 hr
represents Myc OFF state and the simulations are performed at low GF (GF=0.0001
s.u.) and in absence of the positive feedback of E2F1 on Myc (Kmemz = O hr'?). Other
parameters are same as in Table S2. To draw the bifurcation diagram of total E2F1
protein as a function of buyye (Fig. 6b) kepz = 0.014 hr, Kenp = 0.03 hr't, Keys = 0.9 hrt
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and GF = 0.0001 s.u. are used.

Acknowledgements

Thanks are due to IRCC, IIT Bombay (13IRTAPSGO005) for a fellowship to (DS).
Thiswork is supported by the funding agencies IRCC, |IT Bombay (13IRCCSG008),
DST grant (EMR/2014/000500) and DBT grant (BT/PR11932/BRB/10/1315/2014).

Conflict of Interest
The authors declare that they have no conflict of interest.

Reference

[1]
[2]
[3]
[4]

[S]
[6]

[7]
[8]

[9]

[10]

[11]

G.Yao, T.J. Lee, S. Mori, J. R. Nevins, and L. You, Nat. Cell Biol. 10, 476
(2008).

B. D. Aguda, Y. Kim, M. G. Piper-Hunter, A. Friedman, and C. B. Marsh,
Proc. Natl. Acad. Sci. 105, 19678 (2008).

B. D. Agudaand C. K. Algar, Cell Cycle 2, 538 (2003).

G. Craciun, B. Aguda, and A. Friedman, Math. Biosci. Eng. 2, 473 (2005).

J. T. Mendell, Cell 133, 217 (2008).

F. Petrocca, R. Visone, M. R. Onelli, M. H. Shah, M. S. Nicoloso, I. de
Martino, D. lliopoulos, E. Pilozzi, C. G. Liu, M. Negrini, L. Cavazzini, S.
Volinia, H. Alder, L. P. Ruco, G. Baldassarre, C. M. Croce, and A. Vecchione,
Cancer Cell 13, 272 (2008).

W. C. Cho, Mal. Cancer 6, 60 (2007).

L. He, J. M. Thomson, M. T. Hemann, E. Hernando-Monge, D. Mu, S.
Goodson, S. Powers, C. Cordon-Cardo, S. W. Lowe, G. J. Hannon, and S. M.
Hammond, Nature 435, 828 (2005).

Y. Hayashita, H. Osada, Y. Tatematsu, H. Yamada, K. Yanagisawa, S. Tomida,
Y. Yatabe, K. Kawahara, Y. Sekido, and T. Takahashi, Cancer Res. 65, 9628
(2005).

K. Woods, J. M. Thomson, and S. M. Hammond, J. Biol. Chem. 282, 2130
(2007).

E. Mogilyansky and |. Rigoutsos, Cell Death Differ. 20, 1603 (2013).


https://doi.org/10.1101/214429

bioRxiv preprint doi: https://doi.org/10.1101/214429; this version posted November 5, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

[12]
[13]

[14]

[15]

[16]
[17]

[18]

[19]

[20]

[21]

[22]

[23]
[24]

[25]

[26]

P. Maziereand A. J. Enright, Drug Discov. Today 12, 452 (2007).

M. Diaz-Beya, A. Navarro, G. Ferrer, T. Diaz, B. Gel, M. Camos, M.
Pratcorona, M. Torrebadell, M. Rozman, D. Colomer, M. Monzo, and J.
Esteve, Leukemia 27, 595 (2013).

A. Ventura, A. G. Young, M. M. Winslow, L. Lintault, A. Meissner, S. J.
Erkeland, J. Newman, R. T. Bronson, D. Crowley, J. R. Stone, R. Jaenisch, P.
A. Sharp, and T. Jacks, Cell 132, 875 (2008).

X. Fan, Y. Liu, J. Jang, Z. Ma, H. Wu, T. Liu, M. Liu, X. Li, and H. Tang,
Acta Biochim. Biophys. Hung. 318 (2010).

J. Sage and A. Ventura, Genes Dev. 25, 1663 (2011).

K. Conkrite, M. Sundby, S. Mukai, J. Michael Thomson, D. Mu, S. M.
Hammond, and D. MacPherson, Genes Dev. 25, 1734 (2011).

R. Morimura, S. Komatsu, D. Ichikawa, H. Takeshita, M. Tsujiura, H. Nagata,
H. Konishi, A. Shiozaki, H. Ikoma, K. Okamoto, T. Ochiai, H. Taniguchi, and
E. Otsuji, Br. J. Cancer 105, 1733 (2011).

E. Connolly, M. Melegari, P. Landgraf, T. Tchaikovskaya, B. C. Tennant, B. L.
Slagle, L. E. Rogler, M. Zavolan, T. Tuschl, and C. E. Rogler, Am J Pathol
173, 856 (2008).

T. A. Farazi, H. M. Horlings, J. J. Ten Hoeve, A. Mihailovic, H. Halfwerk, P.
Morozov, M. Brown, M. Hafner, F. Reyal, M. Van Kouwenhove, B. Kreike, D.
Sie, V. Hovestadt, L. F. A. Wessels, M. J. Van De Vijver, and T. Tuschl,
Cancer Res. 71, 4443 (2011).

Q. Chen, Q. Si, S. Xiao, Q. Xie, J. Lin, C. Wang, L. Chen, Q. Chen, and L.
Wang, Med. Oncol. 30, 5 (2013).

G. Huang, K. Nishimoto, Z. Zhou, D. Hughes, and E. S. Kleinerman, Cancer
Res. 72, 908 (2012).

H. Osada and T. Takahashi, Cancer Sci. 102, 9 (2011).

V. Thayanithy, A. L. Sarver, R. V Kartha, L. Lihua, Y. Andrea, M. Breen,

C. J. Steer, J. F. Modiano, and S. Subramanian, Bone 50, 171 (2012).

M. Dews, A. Homayouni, D. Yu, D. Murphy, C. Sevignani, E. E. Furth, E.
Wentzel, W. M. Lee, G. H. Enders, J. T. Mendell, and A. Thomas-Tikhonenko,
Nat Genet. 38, 1060 (2006).

L. Fontana, M. E. Fiori, S. Albini, L. Cifaldi, S. Giovinazzi, M. Forloni, R.


https://doi.org/10.1101/214429

bioRxiv preprint doi: https://doi.org/10.1101/214429; this version posted November 5, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Boldrini, A. Donfrancesco, V. Federici, P. Giacomini, C. Peschle, and D. Fruci,
PL0OS One 3, (2008).

[27] aE. Szafranska, T. S. Davison, J. John, T. Cannon, B. Sipos, a Maghnouj, E.
Labourier, and S. a Hahn, Oncogene 26, 4442 (2007).

[28] Z.Yu, N. E. Willmarth, J. Zhou, S. Katiyar, M. Wang, Y. Liu, P. A. McCue, A.
A. Quong, M. P. Lisanti, and R. G. Pestell, Proc. Natl. Acad. Sci. 107, 8231
(2010).

[29] T.Uzd, F.V.Karginov, S. Xie, J. S. Parker, Y.-D. Wang, A. Ggjjar, L. He, D.
Ellison, R. J. Gilbertson, G. Hannon, and M. F. Roussel, Proc. Natl. Acad. Sci.
106, 2812 (2009).

[30] S.Valinig G. A. Cdin, C.-G. Liu, S. Ambs, A. Cimmino, F. Petrocca, R.
Visone, M. lorio, C. Roldo, M. Ferracin, R. L. Prueitt, N. Yanaihara, G. Lanza,
A. Scarpa, A. Vecchione, M. Negrini, C. C. Harris, and C. M. Croce, Proc.
Natl. Acad. Sci. U. S. A. 103, 2257 (2006).

[31] K. Helin, Curr. Opin. Genet. Dev. 8, 28 (1998).

[32] H.A.Cadller, J. J. Forman, and A. Legesse-Miller, PLoS Genet. 3, 1319 (2007).

[33] K.Helin, C.L.Wu, A. R. Fattaey, J. A. Lees, B. D. Dynlacht, C. Ngwu, and E.
Harlow, Genes Dev. 7, 1850 (1993).

[34] Y. Sylvestre, V. De Guire, E. Querido, U. K. Mukhopadhyay, V. Bourdeau, F.
Major, G. Ferbeyre, and P. Chartrand, J. Biol. Chem. 282, 2135 (2007).

[35] K.A.O'Donnell, E. A. Wentzel, K. I. Zeller, C. V Dang, and J. T. Mendell,
Nature 435, 839 (2005).

[36] J.Lovén, N. Zinin, T. Wahistrom, I. Mller, P. Brodin, E. Fredlund, U.
Ribacke, A. Pivarcsi, S. Pahiman, and M. Henriksson, Proc. Natl. Acad. Sci. U.
S. A. 107, 1553 (2010).

[37] L. dePontua, E. Yao, P. Cdlier, L. Faivre, V. Drouin, S. Cariou, A. Van
Haeringen, D. Geneviéve, A. Goldenberg, M. Oufadem, S. Manouvrier, A.
Munnich, J. A. Vidigal, M. Vekemans, S. Lyonnet, A. Henrion-Caude, A.
Ventura, and J. Amiel, Nat. Genet. 43, 1026 (2011).

[38] |I. A. Laird-offringa, P. Elfferich, and A. j van Der Eb, Nucleic Acids Res. 19,
2387 (1991).

[39] R. Sears, F. Nuckoalls, E. Haura, Y. Taya, K. Tamai, and J. R. Nevins, Genes
Dev. 14, 2501 (2000).

[40] R. Sears, G. Leone, J. DeGregori, and J. R. Nevins, Mal. Cell 3, 169 (1999).


https://doi.org/10.1101/214429

bioRxiv preprint doi: https://doi.org/10.1101/214429; this version posted November 5, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

[41]

[42]
[43]
[44]

[45]

[46]

E. Yeh, M. Cunningham, H. Arnold, D. Chasse, T. Monteith, G. Ivaldi, W. C.
Hahn, P. T. Stukenberg, S. Shenolikar, T. Uchida, C. M. Counter, J. R. Nevins,
A.R. Means, and R. Sears, Nat. Cell Biol. 6, 308 (2004).

J. V. Wong, G. Yao, J. R. Nevins, and L. You, Mal Cell 41, 275 (2011).

S. Ruegger, and H. Grof3hans, Trendsin Biochemical Sciences 37, 436 (2012).
N. Cloonan, M. K. Brown, A. L. Steptoe, S. Wani, W. Chan, A. R. Forrest, G.
Kolle, B. Gabrielli, and S. M. Grimmond, Genome Biol. 9, R127 (2008).

M. A. Vaencia-Sanchez, J. Liu, G. J. Hannon, and R. Parker, Genes Dev. 20,
515 (2006).

L. Yulin, P. S. Chai, S. C. Casey, D. L. Dill, and D. W.

Felsher, Cancer Cell 26 (2), 262 (2014).


https://doi.org/10.1101/214429

