Biomaterials 33 (2012) 8265—8276

Contents lists available at SciVerse ScienceDirect | = .
| Biomaterials

Biomaterials

journal homepage: www.elsevier.com/locate/biomaterials

Cytokine combination therapy prediction for bone remodeling in tissue
engineering based on the intracellular signaling pathway

Xiaogiang Sun®P, Jing Su®', Jiguang Bao P, Tao Peng? Le Zhang®f, Yuanyuan Zhang “*, Yunzhi Yang ¢~
Xiaobo Zhou **

2 Department of Radiology, The Methodist Hospital Research Institute, Weil Cornell Medical College, Houston, TX 77030, USA

b School of Mathematical Science, Beijing Normal University, Beijing, 100875, PR China

©Wake Forest Institute for Regenerative Medicine, Wake Forest University School of Medicine, Medical Center Blvd., Winston-Salem, NC 27157, USA
d Department of Orthopedic Surgery, Stanford University, 300 Pasteur Drive, Edwards R155, Stanford, CA 94305, USA

€ Department of Mathematical Sciences, Michigan Technological University, Houghton, MI 49931, USA

fCollege of Computer and Information Science, Southwest University, Chongging, 400715, PR China

ARTICLE INFO ABSTRACT

Article history:

Received 18 May 2012
Accepted 20 July 2012

Available online 19 August 2012

The long-term performance of tissue-engineered bone grafts is determined by a dynamic balance
between bone regeneration and resorption. We proposed using embedded cytokine slow-releasing
hydrogels to tune this balance toward a desirable final bone density. In this study we established
a systems biology model, and quantitatively explored the combinatorial effects of delivered cytokines
from hydrogels on final bone density. We hypothesized that: 1) bone regeneration was driven by tran-
scription factors Runx2 and Osterix, which responded to released cytokines, such as Wnt, BMP2, and
TGFp, drove the development of osteoblast lineage, and contributed to bone mass generation; and 2) the
osteoclast lineage, on the other hand, governed the bone resorption, and communications between these
two lineages determined the dynamics of bone remodeling. In our model, Intracellular signaling path-
ways were represented by ordinary differential equations, while the intercellular communications and
cellular population dynamics were modeled by stochastic differential equations. Effects of synergistic
cytokine combinations were evaluated by Loewe index and Bliss index. Simulation results revealed that
the Wnt/BMP2 combinations released from hydrogels showed best control of bone regeneration and
synergistic effects, and suggested optimal dose ratios of given cytokine combinations released from
hydrogels to most efficiently control the long-term bone remodeling. We revealed the characteristics of
cytokine combinations of Wnt/BMP2 which could be used to guide the design of in vivo bone scaffolds
and the clinical treatment of some diseases such as osteoporosis.

© 2012 Elsevier Ltd. All rights reserved.
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1. Introduction

Bone remodeling in tissue engineering is a long-term physio-
logical process that dynamically balances osteogenesis and bone
resorption and re-distributes bone mass to match the external
mechanical changes [1—-3]. This complex biological event involves

Abbreviations: BMP2, bone morphogenetic protein 2; TGFp, transforming
growth factor B; Osx, Osterix; Runx2, Runt-related transcription factor 2; BMU,
basic multi-cellular unit; MSC, mesenchymal stem cell; OBpy, pre-osteoblasts; OBa,
active osteoblasts; HSC, hematopoietic stem cells; OCp, pre-osteoclasts; OCa, active
osteoclasts; ODEs, ordinary differential equations; SDEs, stochastic differential
equations; OPG, osteoprotegerin.
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intracellular signaling, stem cell driven lineage developing, and
intercellular communications among various cellular phenotypes.
Avariety of systematic and local factors play important roles in such
multi-scale signaling [4]. Bone remodeling is especially critical to
the success of tissue-engineered bone grafts. Failure to accumulate
bone mass according to the physiological needs of mechanical
strength will cause post-implantation bone fractures and poor
outcomes. Personalized tuning of bone remodeling process is
another challenge. For example, osteoporosis patients are often
victims of bone fractures, and in their bone scaffolds the osteo-
genesis should be enhanced to overcome the patient hormone and
cytokine environments that promote bone resorption. A flexible
and tunable infrastructure which allows fine tuning of the bone
remodeling process is required to meet the clinical needs.

This challenge can be potentially addressed by cytokine
combination therapy which encapsulates multiple cytokines (or
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growth factors) into polymer nanospheres, expected to produce
a better effect than the single factor. Recently our group [5—8] and
others [9—11] have shown the capabilities of accurately and inde-
pendently controlling drug release rates of individual growth
factors and cytokines from the delayed slow-release hydrogels
embedded in artificial bone scaffolds. Hydrogels are highly absor-
bent natural (e.g. hyaluronic acid) or synthetic polymers (e.g.
polyvinyl alcohol, sodium polyacrylate, and acrylatepolymers) that
may possess a degree of flexibility very similar to normal tissue
because of their considerable water. When used as scaffolds for
bone tissue regeneration, hydrogels often contain human primary
cells (e.g. osteocytes and endothelial cells) and growth factors or
cytokines to repair bone tissue. Cytokines (e.g. BMP2, TGFf} and
Wnhnt ligands) play an important role in osteogenic differentiation of
MSC and bone remolding. Ideally key cytokines can be program-
matically released into the micro-environments of the bone graft
and guide desired bone remodeling [12,13]. This study addresses
the effects of optimally-combined cytokines after released from
hydrogels on bone regeneration.

Osteoblast and osteoclast lineages are responsible for two
competing but coordinated processes, bone formation and
resorption, respectively, and thus profile the dynamic of bone
remodeling. These two processes occur in a structure called basic
multi-cellular units (BMU) [14] at multiple sites in the skeleton as
well as artificial scaffolds [1]. Bone marrow mesenchymal stem
cells (MSC) differentiate to pre-osteoblast, then osteogenic line-
ages, which are responsible for bone formation; while hemato-
poietic stem cells (HSC) differentiate to the pre-osteoclasts, and
then osteoclasts, which govern bone resorption.

A number of mathematical models have been developed to
describe the bone remodeling in recent years. Komarova et al. [15]
constructed a mathematical model to calculate cell population
dynamics and changes in bone mass at a discrete site of bone
remodeling, considering the autocrine and paracrine interactions
among osteoblasts and osteoclasts. Lemaire et al. [16] proposed

another cell population model to explain the interactions between
osteoblasts and osteoclasts by establishing the intercellular
signaling pathway RANK-RANKL-OPG. Then Pivonka et al. [17]
extended this pathway to study and theoretically explore the
functional implications of particular RANK/OPG expression profiles
on bone mass. Furthermore, Pivonka et al. [17,18] used such models
to investigate the possible therapeutic intervention to restore bone
mass due to the imbalance of RANK-RANKL-OPG regulation [18].
However, previous studies have often lacked an intracellular
signaling and fell short on representing the intracellular molecular
mechanism. Several molecular signals and mechanisms involved in
the bone healing or remodeling have been revealed from in vitro
and/or in vivo experiments. The osteoblast commitment, differen-
tiation and functions are controlled by several transcription factors
resulting in the expression of genes responsible for the osteoblastic
lineage from MSC to pre-osteoblasts and then to active osteoblasts
[19], as described in Fig. 1. Runt-related transcription factor 2
(Runx2) and Osterix (Osx) have been generally demonstrated to be
two crucial transcription factors in osteogenic differentiation [19].
Various cytokines, such as BMP2, TGFf and Wnt ligands, can
stimulate the expression of Runx2 and Osx through a variety of
pathways [19—22]. After the pathway is activated, Runx2 and Osx
play different particular roles in different stages of osteoblastic
lineage. Both Runx2 and Osx can promote the differentiation of
MSC into pre-osteoblasts [19,23], whereas Runx2 can inhibit the
differentiation of pre-osteoblasts into active osteoclasts [19,24].
Moreover, only a few mathematical models have been devel-
oped to investigate the effect of cytokine therapy, especially cyto-
kine combination therapy, for bone healing. Particularly, we are
concerned with the following questions in the bone healing
therapy. First, are the effects of cytokine combination better than
those of single cytokine? Second, how do we evaluate the syner-
gism of the cytokine combination therapies? Third, what are the
most efficient dose and ratio of specific cytokine combination to
achieve expected bone remodeling goals? To answer these
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Fig. 1. Schematic illustration of intracellular and intercellular signaling and cellular dynamics in bone healing and bone remodeling. Bone regeneration or bone remodeling involves
bone resorption by osteoclasts (OC) and the following bone formation by osteoblasts (OB) within basic multi-cellular units (BMU). Three cytokines were considered: TGFp, Wnt and
BMP2. Intracellular signaling pathway consists of Smad2/3, Smad1/5, B-Catenin, and Runx2 and Osx. Runx2 can promote the differentiation of mesenchymal stem cells (MSCs) into
pre-osteoblasts (OBp) and can inhibit the differentiation of pre-osteoblasts into active osteoblasts (OBa). Osx also play a promoting role in the later stage of osteoblastic lineage
which interacts with osteoclastic lineage through intercellular signaling pathway RANK-RANKL-OPG.



X. Sun et al. / Biomaterials 33 (2012) 8265—8276 8267

questions, numerous candidate conditions should be examined for
this complex system of multiple cell type, various cytokine candi-
dates, and multiple time scales. Traditional biological experiments
are expensive and time-consuming. Therefore, a systems biological
model is required to best utilize our current knowledge of the bone
remodeling process to explore in silico candidate conditions, screen
out critical factors and key cytokines of the system, and guide the
biological experiments.

This work was designed to build up a computational systematic
model to study the combination effects of cytokines released from
hydrogels including Wnt, BMP2, and TGFf for controlling the
balance of bone formation and resorption of implanted bone scaf-
folds based on the intracellular signaling pathway. We firstly
developed a systematic model composed of a system of ordinary
differential equations (ODEs) to describe the intracellular signaling
pathway to regulate osteogenic differentiation. And then, we
combined the intracellular signaling pathway with intercellular
signaling pathway to control osteoclast differentiation. Next, we
integrated the intracellular and intercellular signaling pathways
into the cellular population dynamics described by a set of
stochastic differential equations (SDEs) to simulate bone healing
and remodeling. The unknown coefficients in the intracellular
signaling pathway were estimated by fitting them to the dynamic
experimental data [21,25,26] using optimization algorithm. Finally,
we investigated the response of cellular population dynamics to
therapies of single or combined cytokines as well as quantitatively
evaluated the combination effect of cytokines by Loewe and Bliss
indexes.

2. Methods

As shown in Fig. 2, our model encompasses four relevant biological scales:
intracellular, intercellular, cellular and bone tissue scales. We are going to introduce
the details of the four scales in the followings.

2.1. Intracellular signaling pathway construction

Runt-related transcription factor 2 (Runx2) and Osterix (Osx) have been found
as two crucial transcription factors in osteoblast differentiation [19]. Wnt signaling
directly regulates the expression of Runx2 through B-Catenin [19,27]. BMP2 and
TGFp can activate or phosphorylate Smad1/5 and Smad2/3 respectively [20,21].
These Smads can interact with co-Smad (Smad4) or other transcription factors to
stimulate the expression of Runx2 [19,20]. Runx2, as well as Smad1/5 activated by
BMP2, can stimulate the expression of downstream Osx [19,22].

We used a system of ODEs to describe the time dynamics of concentration for
each component in intracellular pathway (Fig. 1) by Michealis—Menten Law [28].
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Fig. 2. Multi-scale model for bone regeneration or bone remodeling system. Our
systematic model encompasses four relevant biological scales: intracellular, intercel-
lular, cellular and bone tissue scales. See details of the modeling in main text.

Hill function [28,29] was employed to model the regulatory relationship between
the proteins and/or transcription factors.

Smad1/5 can be phosphorylated by BMP2 [20]. The concentration change of
phosphorylated Smad1/5 ([S1]) depends on the concentration of BMP2 ([BMP2]),
unphosphorylated Smad1/5 ([TotalS1] — [S1]), and dephosphorylation of itself.
Equation (1) describes the phosphorylation and dephosphorylation of Smad1/5.
% = %-([Totalsﬂ —[S1]) —dq-[S1]. (1)

Smad2/3 can be phosphorylated by TGFp [26]. The change of the concentration
of phosphorylated Smad2/3 ([S2]) depends on the concentration of TGFp ([TGFB]),
unphosphorylated Smad2/3 ([TotalS2] — [S2]), and dephosphorylation of itself.
Equation (2) describes the phosphorylation and dephosphorylation of Smad2/3.

d[s2] _ V,-[TGFB]
dt ~ K + [TGFf]
B-Catenin is one of the key proteins in Wnt signaling pathway [23,27], the

change of the concentration of B-Catenin have been modeled by Equation (3)
[30,31].

([TotalS2] — [S2]) — d5-[S2]. )

d[B—Catenin]iai(( [Wnt]+b )( e

dt - c-Wnt]+d) \e+ [B—Catenin]) +f) *[B— Catenin]. ®

Runx2 has been found to be a crucial transcription factor in osteogenic differ-
entiation [19,23]. Its expression and activation can be promoted by BMP2 through
Smad1/5, and also by TGFp through Smad2/3, and by Wnt ligands through p-Catenin
and other proteins [27]. Equation (4) describes the expression and degradation of
Runx2.

dRunx2]  V,-[S1] = Vs:[S2] = Vg-[B— Catenin]

dt " Ka+ 51 Ks 452 T Ko+ [ Catenin] %4’ [Rumx2) @

Osx is also a critical transcription factor in osteoblast differentiation, acting as
downstream of Runx2 and Smad1/5. Equation (5) describes the expression and
degradation of Osx.

dOsx]  V7:[S1]
ar K7+ 81

Vg - [Runx2]

Kg + [Runx2] ds5-[0sx]. ®

2.2. Intercellular signaling pathway

The intercellular signaling pathway in bone remodeling, known as RANK-
RANKL-OPG system, is important in cell-cell communication, which can explain
how the osteoblast lineage regulates the osteoclast differentiation and activation
[32]. Because RANK-RANKL-OPG pathway has been well investigated by previous
studies [17,18], here we just listed the detailed equations describing the intercellular
pathway in the supplementary files (Text S2).

2.3. Integrating the intracellular and intercellular signaling pathways into cellular
population dynamics

We assumed that the binding and/or dissociation reactions in intracellular
signaling pathway are much faster than both cellular phenotypic switches and
cellular population changes [17,33], so we derived the quasi-steady state of intra-
cellular signaling pathway (as listed in Text S1) and then we integrated it into
cellular population dynamics. As described in Fig. 1, the differentiation of MSC into
pre-osteoblasts is promoted by Runx2 and Osx [19,23]. This regulation was
described by Equation (6).

Dwisc = DuscHadhc: (1 +Ha0cst),(MSC)v (6.1)
Vi -[Runx2]
HRuan _ D1,Runx2 5
actMSC Kp1 runx2 + [Runx2]’ (62)
V -[Osx]
HOsx . VD1osx [Osx] 63)

Kp1,0sx + [Osx]”

where Dysc is the differentiation rate of mesenchymal stem cells; Kpirunx2 and
Kp10sx are regulation coefficients regarding Runx2 and OsX; Vp1runx2 and Vpiosx are
Hill regulatory factors.

The differentiation of pre-osteoblasts into active osteoblasts is inhibited by
Runx2 and promoted by Osx [19,24] as Equation (7).

DOBP = Dogp- (Hnl-zeup%%p +H§)cst).(OBp)’ (7.1)
1
Runx2 _
FrepO8p = 1 Runx2) Koz pume (7.2)
josc _ Vooosc-[Osx] 73)

actOBP ™ Ko 0sx + [05X]°
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where Dogy is the differentiation rate of pre-osteoclasts; Kpzrunx2 and Kpz osx are
regulation coefficients regarding Runx2 and Osx; Vp osx are Hill regulatory factors.
Differentiation and activation of hematopoietic stem cells into pre-osteoclasts,
as well as differentiation of pre-osteoclasts into active osteoblasts, requires the
binding of RANKL released by osteoblasts to RANK on the surface of osteoclasts,
which is inhibited by OPG that can bind to RANKL. The intercellular pathway can be
incorporated into cellular population dynamics with Equation (8) [17,18].

Dusc = Dysc-HSqt fisc: (8.1)
Docp = Docp* (HSstbep HEASE ) (82)
HRANKL [RANKL] 83)

20 = K3 RANKL + [RANKL]

where Dysc is the differentiation rate of hematopoietic stem cells; Docp is the
differentiation rate of pre-osteoclasts; KpsrankL is the regulation coefficient

regarding RANKL; HSF L and HGSF, 2)817 are illustrated in Table S2.
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2.4. Cellular population dynamics

As described in Fig. 1, our model considered 6 types of bone cells in 2 lineages.
The osteoblastic lineage consists of MSC, pre-osteoblasts and active osteoblast. And
osteoclastic lineage is comprised of HSC, pre-osteoclasts and active osteoclasts cell
types. Since MSC and HSC outnumber other cell types [17], this model sets the
numbers of these two cell types as constant (nysc, nysc)-

We employed a set of stochastic differential equations (SDEs) [34] to model the
cellular population dynamics during bone remodeling or bone healing as follows.

dXopp = Dmsc:numscdt + (POBp — Dopp — dOBp) -Xopdt + Xopp -01dW1, (9)
dXopa = Dopp-Xopdt + (Popa — dopa) - Xopadt + Xopa-02dWs, (10)
dXocp = Dhsc nuscdt + (POCp ~Docp — dOCp) Xocpdt + Xocp -03dWs3, (11)
dXoca = Docp - Xocpdt + (POCa - dOCa) -Xocadt + Xoca-04dWy. (12)

where Xogp, Xoa, Xocp and Xoca are random variables representing the concentration
of pre-osteoblasts, active osteoblasts, pre-osteoclasts and active osteoclasts,
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Fig. 3. Fitness results between the simulated dynamic data and the experimental data. X axis represents time. Y axis represents the concentrations of (a) phosphorylated Smad1/5,
(b) phosphorylated Smad2/3, and the expression levels of (c) Runx2 and (d) Osx, respectively.



X. Sun et al. / Biomaterials 33 (2012) 8265—8276 8269

respectively. W; (i = 1,2,3,4) is Wiener process or also called standard Brownian
motion to simulate local diffusion of cell population, i.e. migration and/or immi-
gration in a basic multi-cellular unit as well as the stochastic regulation of signaling
pathway. o; (i = 1,2,3,4) represents diffusion coefficient. Dysc, Dogp. Dusc. and Docp
stand for differentiation rates of MSC, pre-osteoblasts, HSC, and pre-osteoclasts,
respectively. Pop, Poga, Pocp, and Poca are proliferation rates (or self renew rates)
of corresponding cell types. dogp, dopa, docp, and doca are apoptosis rates of
considered cell types, respectively.

Bone mass change is determined by bone formation due to osteoblasts and bone
resorption due to osteoclasts. We assumed that bone deposition and bone resorp-
tion rate is proportional to the number of active osteoblasts and active osteoclasts
respectively [17,18], so the change rate of bone mass is proportional positively to the
number of active osteoblasts and negatively proportional to the number of active
osteoclasts, which can be described by Equation (13).

dM = kform'XOBadt - l<rep'XOCadf> (13)

where M represents the bone mass normalized to the initial value. kform and kiep are
bone formation and resorption rates respectively. The bone mass change is chosen as
an output in our systematic model.

Most of above parameters of cellular population dynamics were well studied by
previous researches [17,18], and listed in Table S2. The unknown parameters were
computed and assumed to ensure the requirement of stability of the system in the
normal steady state [18], please refer to Text S3.

The system of nonlinear ODEs was numerically solved using implicit Euler
method [35], the stochastic differential equations were solved by Euler—Maruyama
method [36]. The program was performed in MATLAB R2007b (MathWorks).

3. Results

This study developed a systematic model for bone regenera-
tion and bone remodeling based on the intracellular signaling
pathway of osteogenic differentiation. We firstly developed the
intracellular signaling pathway and estimated its unknown
coefficients. Secondly, we investigated the responses of cellular
population to therapies of single cytokine or combined cytokines
released from hydrogels. Finally, we quantitatively evaluated the
combination effect of cytokines by applying Loewe and Bliss
indexes [26,27].

3.1. Intracellular pathway parameter estimation
After having described the intracellular signaling pathway by

a mathematical model, we have to estimate the unknown coeffi-
cients of the model. There are totally 18 unknown coefficients in

Equations (1), (2), (4) and (5). The coefficients of Equation (3) have
been validated by previous study [30]. Among these 18 unknown
coefficients, Vi, Vs, V4, Vs, V6, V7 and Vg are maximum activation
velocities of corresponding reactions; Kj, Ky, K4, Ks, Kg, K7 and Kg are
Michealis—Menten constants; d, do, d4 and ds are degradation rates
of Smad1/5, Smad2/3, Runx2 and Osx, respectively.

We did parameter fitting regarding the dynamic experimental
data [21,25,26] by genetic algorithm [37]. Our experimental data
[21,25,26] consist of 4 sets of data with 24 different time points,
which are listed in Fig. S1. Equation (14) was employed for
parameter estimation by minimizing the fitness error between the
experimental and simulated data,

~

n . 2
0 = argmin > (yi™(0) - y®(0)), (14)
c® i=1

where y$M(f) and y;*P(f) represent the simulated and experi-
mental data with time point t; and parameters 6, respectively.
® stands for the parameter space, in which the search space for
each parameter was preset in a range according to previous
studies [21,25,26] along with Michealis—Menten kinetics. Genetic
algorithm [37] was adopted to minimize the cost function in
Equation (14).

Fig. 3 shows that simulated dynamic data fit well to the dynamic
experimental data as previously reported [21,25,26]. The mean
squared error between the simulated data and experimental data is
0.2553. The speed of the whole estimation algorithm is comparably
fast and the total programming running time in the parameter
estimation is 16.95 min.

The coefficient of variation is used to determine if the parameter
is identifiable or not. Coefficient of variation is defined as the ratio
of the standard deviation to the mean of the estimated values. For
a given parameter, if its coefficient of variation is greater than 1,
then it is unidentifiable; otherwise it is identifiable. To compute the
coefficient of variation for each unknown parameters, we applied
bootstrap strategy [38] to re-sample 24 experimental time point
data 24 times by “leave one out” technique [39]. After that, we can
have 24 sets of experimental data and calculate the coefficient of
variation for each parameter. Fig. 4 shows that only the coefficients
of variation of V; and K7 are greater than 1, indicating that only
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1.2-
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1- -

L~
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0.6

0.4
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0 V1 K1 d1 V2 K2 d2 V4 K4 V5 K5 V6 K6 d4 V7 K7 V8 K8 d5

Parameters

Fig. 4. Coefficient of variation of parameters. Only the coefficients of variation of V; and K5 are larger than 1, indicating that only 11.11% of parameters are unidentifiable and other

88.89% of parameters are identifiable.
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11.11% of parameters are unidentifiable whereas 88.89% of param-
eters are identifiable.

Parameter sensitivity analysis is a tool to examine whether the
system is preserved to the modest parameter changes and quan-
titatively explores the sensitive parameters. In this work, local
parameter sensitivity analysis was employed to study the rela-
tionship between the expression of Runx2 (and Osx) and the
variations for each parameter value. The sensitivity coefficient (S)
was calculated according to the following formula:

e )
e
—
e ——— |
e ———
——
1.5 ~——— 1

Si

Runx2] | P;’ for small AP;.  (15)

_ 0[Runx2] /[Runx2] A[Runx2] /AP;
- oPp / P

where P; is one of the 18 estimated parameters and AP; is a small
change of the corresponding parameter. Each parameter was
increased (or decreased) by 1% from its estimated value, and then
we can obtain the percentage changes of the concentrations of
Runx2 and Osx, respectively. Fig. 5 shows that the expression of
Runx?2 is sensitive to Vg, Kg and d4 and the expression of Osx is

I Decreased parameters by 1%
B increased parameters by 1%

Percent Chnage of Runx2 expression (%)

4 db

I Increased parameters by 1%
I pDecreased parameters by 1%

Percent change of Osx expression (%)

vi V2 v4 V5 V6 V

7 V8 Ki

g2 d4 d5

Fig. 5. Parameter sensitivity analysis of the intracellular pathway model. Above subfigure shows that the expression of Runx2 is more sensitive to Vg, K¢ and d4. Below subfigure
shows that the expression of Osx is more sensitive to Vg, Kg and dg, as well as to V3, K3, dq and V7, K7. These results show us which kinetic parameters and molecules are more
important in the system and also demonstrate that the developed intracellular pathway system is robust.
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sensitive to V3, V7, Vg, Kj, K7, Kg, d1 and dg. However, the maximum
sensitivity of parameter for the expression of Runx2 and Osx is 1.2%
and 0.7%, respectively. Our sensitive analysis (Fig. 5) turns out that
our intracellular pathway system is rather robust.

3.2. The response of cellular population dynamics to the cytokine
therapies

Fig. 6 shows the cellular population and bone mass response to
the concentration change of each of three cytokines including
BMP2, TGFB and Wnt. We increased the concentration of Wnt,
BMP2 and TGFf 10 folds to their normal or initial in vivo concen-
tration during the period from the 50th day to the 150th day and
the results were evaluated on the 200th day. (1) Fig. 6a shows if the
concentration of Wnt was increased, both concentrations of pre-
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osteoblasts and active osteoblasts increased rapidly; whereas the
concentration of active osteoclasts increased firstly, then decreased
at the end of the treatment and finally converged to its steady state;
the concentration of pre-osteoclasts was almost invariant. (2) If the
concentration of BMP2 was increased, Fig. 6b shows that the
concentration of active osteoblasts increased significantly and the
concentration of osteoclasts decreased greatly whereas both
concentrations of pre-osteoblasts and pre-osteoclasts were almost
invariant. (3) When we increased the concentration of TGFfB
(Fig. 6¢) a much lower response was observed. (4) Fig. 6d shows
that the increase of bone mass induced by BMP2 was the greatest,
whereas the increase of bone mass induced by TGFf} was the least.

Then we examined how combined cytokines influence the
cellular population and bone mass. We checked all of the combi-
nations of cytokines, i.e. Wnt/BMP2, BMP2/TGFB, Wnt/TGFp, and
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Fig. 6. The responses of cell population and bone mass to the change of single cytokine concentration. (a) increased Wnt, (b) increased BMP2 and (c) increased TGFp by 10 folds
respectively from the 50th day to the 150th day. (a) When the concentration of Wnt was increased, both concentrations of pre-osteoblasts and active osteoblasts increased rapidly;
whereas the concentration of pre-osteoclasts was almost invariant. (b) When the concentration of BMP2 was increased, the concentration of active osteoblasts increased signif-
icantly and the concentration of osteoclasts decreased greatly whereas both concentrations of pre-osteoblasts and pre-osteoclasts were almost invariant. (c) When the concen-
tration of TGF-p was increased a much lower response was observed. (d) The bone mass increased most when the concentration of BMP2 was increased.
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Table 1
Responses of bone mass to different cytokine therapies.

Cytokine therapy Bone mass (%)

150 days 200 days
BMP 103.6 104.6
Wnt 102.4 102.7
TGFB 1004 100.8
BMP2/Wnt 104.7 105.8
BMP2/TGFB 103.5 104.3
Wnt/TGFB 101.7 101.9
BMP2/Wnt/TGFf 103.8 104.5

The combined BMP; and Wnt promoted the bone mass formation greatest within
200 days are shown in bold.

Wnt/BMP2/TGFf. The responses of cellular population dynamics
are demonstrated in the Supplementary Fig. S2. Table 1 lists the
percentage increases of bone mass under different cytokine ther-
apies. We increased the concentration of Wnt/BMP2 as a combi-
nation 5*Wnt + 5*BMP2 simultaneously during the period from the
50th day to the 150th day, and the results were evaluated on the
200th day. The percentage increase of bone mass showed that
combined effect was greater than both of the effects of single Wnt
and BMP2. Additionally, Table 1 shows insignificant improvement
of the combined effect of BMP2/TGFp compared to the effect of
single BMP2. Other combination effects can also be seen from
Table 1.

We then changed the concentration of single cytokine or
combined cytokines in a large range from 10~ to 10> with respect
to their initial values to investigate the response of bone mass. Fig. 7
indicates that the combination of Wnt and BMP2 always affected

the change of bone mass more than other single or combined
cytokines, especially when the dose multiple exponent of the
combined Wnt/BMP2 was higher than 1. However, when the dose
multiple exponent of combined Wnt and BMP2 was less than 0.3,
the combined Wnt/BMP2 resulted in the decrease of the bone mass
compared to its initial state.

3.3. Cytokine combination therapy evaluations

Fig. 7 reveals that the combination of Wnt and BMP2 greatly
affected the change of bone mass than others. Fig. 8 shows that the
flexible tuning of the bone mass percentage was controlled by Wnt
and BMP2 combination. And then, we adopted the Loewe additivity
[40,41] and Bliss independence [41—43] to evaluate and examine
whether the combination effect of Wnt and BMP2 is synergy or not.

The combination index of Loewe synergy is defined as a ratio of
total effective cytokine dose (combination versus single cytokines)
required to achieve a given effect as follows:

d; dy

—_4 : (16)
ccl) o

CILoewe =

where d; (Wnt) and d, (BMP2) are the cytokine combination dose
located in the combination isobologram with respect to the bone
mass increasing x percentage. GC,(CU or GCf(Z) represents the
concentration of single cytokine Wnt or BMP2 with respect to the
bone mass increasing by x percentage, respectively. Cligewe < 1,
Clioewe > 1and Cligewe = 1 indicate Loewe synergy, antagonism and
additivity, respectively.
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Fig. 7. The responses of bone mass to the change of concentration of cytokines in a large range from 102 to 10 with respect to their initial values. X axis represents the dose
multiple exponent in different therapies, Y axis represents the corresponding bone mass percentages. The combination of Wnt and BMP2 can influence the change of bone mass
more than other single or combined cytokines. We also note that when the dose multiple exponent of combined Wnt and BMP2 was less than 0.3, the combined Wnt and BMP2

resulted in the decrease of the bone mass compared to its initial state.
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Fig. 9 shows that 5% isobologram of Wnt and BMP2 (green
curve) bows inward indicating Cljgewe < 1 in this case. Therefore
the combination of Wnt and BMP2 is synergistic regarding the 5%
bone growth isobologram. Also the optimal combination to achieve
5% bone growth was marked on the isobologram as a red dot, at
which point the isobologram was tangent to the equivalent total
dose line (the black dashed line).

Another famous synergy quantification method for combination
therapy is Bliss independence [41—43], which is defined as

Ohnitial and Ocytokine are the initial bone mass and the bone mass
under treatment of corresponding cytokine, respectively.
R1(x) + Ry(¥) — Ri(x)-Ry(y) in Equation (17.1) is the expected
response effect, and Ry3(x,y) is the actual combination effect. Hence,
if Clgjiss < 1, Bliss index considers the combination of the cytokines
has synergistic effect; if Clgiss > 1, Bliss index considers the
combination of the drugs has antagonistic effect; otherwise, Bliss
index considers the combination of the drugs has additive effect.
We then employed Bliss index to explore more information and
characteristics of the combination effect of Wnt and BMP2. As

Clgjics (X, ) = Ri(%) + Ra(y) — Ri(*)R2(y) (17.1) visualized in Fig. 10, our results exhibited that BMP2 levels gov-
IS8 Ri2(x,y) ' erned the synergism. When the BMP2 level was higher than 0, the
) two drugs were synergic, otherwise antagonistic. We also found
where Ri(x) is response level defined as follows that Wnt at high levels showed opposite effects in terms of
synergism at different BMP2 levels. When BMP2 level was high,
Ri(x) = Ocytokine (X)/Oinitial- (17.2) increasing Wnt level promoted the synergistic effects of the two
7
GCoe? 5% Growth Isobologram
6
“ Loewe combination index”
N
&5 d . d
- (Wnt,BMP2) combination ¢/ =gam* 5o
6 4 5% growth contourline ’ !
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Fig. 9. Synergy prediction on Wnt and BMP2 combination based on Loewe combination index. 5% isobologram of Wnt and BMP2 (green curve) bows inward indicating CI < 1,
therefore the combination of Wnt and BMP2 is synergy. The optimal combination of Wnt and BMP2 in terms of the minimum total dose to achieve 5% bone mass growth was
marked in red at (d,, d;) (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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effects in terms of synergism at different BMP2 levels. When BMP2 level was high, increasing Wnt level promoted the synergistic effects of the two drugs. In contrast, when BMP2
level was low, the more the Wnt was introduced, the stronger the antagonistic effect was. (b) Wnt/TGFB and (c) BMP2/TGFf combinations also showed dose-dependent synergism

but much lower responses.

drugs. In contrast, when BMP2 level was low, the more the Wnt was
introduced, the stronger the antagonistic effect was.

Additionally, Fig. 10 demonstrates that the combinations of
Wnt/TGFB and BMP2/TGFp also produced dose-dependent syner-
gisms yet much lower responses.

4. Discussion

Our quantitative study evaluated the combinatorial effects of
cytokines including Wnt, BMP2, and TGFp released from hydrogels
on bone mass regeneration based on the latest knowledge of intra-
and inter-cellular signaling during bone regeneration and remod-
eling. We established a multi-scale systematic model by integrating
the intracellular signaling pathways of interests for each cell
phenotypes along with intercellular communications into the
stochastic cellular population dynamics. Parameters of the intra-
cellular signaling pathways were estimated by fitting the model to

the dynamic experimental data [21,25,26] using genetic algorithm
[37]. We then explored in silico dose effects and synergism of
various cytokine combinations, which provided insights into the
critical control mechanisms of the dynamic bone remodeling
process. Synergisms were evaluated using Loewe index [40,41] and
Bliss index [41—43].

Our modeling strategy successfully captured key kinetic features
of the underlying intra- and inter-cellular signaling pathways,
given that less critical molecular details were lumped into Hill
functions ([44,45]). The simulation results (Fig. 3) were consistent
with experimental data (Fig. S1), which suggested the fundamental
signaling networks used in this work were reliable. The estimation
of parameters was confident as most parameters were well covered
by experimental data, with only 2 out of 18 parameters were
unidentifiable (Fig. 4). Parameter sensitivity test (Fig. 5) proved that
the model was robust against the inaccuracy of parameter esti-
mation, which is crucial to the simulation of complex bio-systems.
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The simulations of dose effects revealed that the sensitivities and
dynamics of different types of bone cells to the doses of each cyto-
kine were significantly different. Though all three cytokines
promoted the populations of active osteoblasts and pre-osteoblasts
(Fig. 6a—c), BMP2 promoted the population of active osteoblasts
greatest and also significantly suppressed that of active osteoclasts
(Fig. 6b). Other groups also observed similar effects of BMP2 [46,47].
This finding may be useful for the clinical treatment of osteoporosis,
that is, growth factors, such as BMP2, can be potentially used to not
only promote the bone formation but also inhibit the bone resorp-
tion for osteoporosis patients. It was also interesting to observe that
TGFp, one of the most abundant cytokines in bone tissues, showed
few effects on bone remodeling, which was consistent with results
from peers [48] that the major role of TGFB during bone remodeling
is to promote migration of bone MSC instead of directly regulating
the balance between bone formation and resorption.

The in silico exploring of drug (cytokine) combinations cast new
light on the design strategies of engineered bone scaffolds, such as
hydrogels carrying cytokines or growth factors and cells. Regarding
the cytokines encapsulated in the hydrogels, the combinations of
Wnt and BMP2 surpassed all the other choices with dramatic
enhance merit of both total bone mass production (Fig. 7) and the
most significant synergistic effects (Fig. 10a). This results are
consistent with published works [49,50] but, in addition, we
demonstrate here that the effects of Wnt were BMP2-dependent.
When the BMP2 level was low, Wnt along could not initiate
significant bone mass production, and also showed antagonistic
effects. TGFP showed similar trends. As for prevention of over-
generation of bone mass and the consequential hyperostosis,
reduction of any single cytokines of TGF or Wnt could not suppress
bone over-generation, while any of their combinations as well as
single or combined BMP2 performed equally well.

Optimal doses of cytokine combinations released from the
hydrogels for most efficiently tuning bone remodeling could be
achieved from the growth isobolograms of specific goals of
tuning. For example, as shown in Fig. 9, if the overall bone
regeneration in the artificial scaffolds should be boosted by 5% to
meet the clinical need of a bone fracture patient who also suffers
from osteoporosis, the most efficient cytokine delivery doses
should be around BMP2 of 4.1 and Wnt of 2.2. Such results will
provide very useful guidelines for the designs of the cytokine
releasing devices.

The major purpose of this work was to explore the possible
strategies of long-term delivering of cytokines to guide the bone
remodeling of the engineered bone grafts and promote the prog-
nosis, therefore we did not explicitly simulate those processes that
were also crucial for bone tissue engineering but not for bone
remodeling, which including initial vascularization, inflammatory
effects. Mechanical cues that are sensed and processed by osteo-
cytes in the regulation of bone formation and resorption [51] are
also important but beyond the scope of this work. Actual intra- and
inter-cellular signaling mechanisms involved in bone remodeling
and healing are extensively complicated [19,52]. As the first
attempt, we focused on several well known major mechanisms
[19—24,27,50] and combined the detailed reactions of the signaling
pathways (i.e. ligand—receptor reaction, protein binding and
disassociation) using Hill functions. The parameter estimation was
based on the current available in vitro dynamic experimental data
[21,25,26], as the reliable in vivo dynamic data are not yet available.
Other growth factors and cytokines, such as IGF1, FGF2, VEGF and
etc. released from hydrogels, along with mechanosensor cells,
osteocytes, will be examined in a follow up study. Intensive in vivo
studies guided by this work will provide necessary data for further
extending our current model to a quantitative, personalized simu-
lation system to develop proper treatment plan for each patient.

5. Conclusions

This study showed the dominating role of BMP2 in bone
regeneration and remodeling, predicted that the combination of
Wnt and BMP2 can achieve best control of bone remodeling and
best bone mass regeneration among tested combinations, and
suggested optimal dose ratios of given cytokine combinations
released from hydrogels to most efficiently control the long-term
bone remodeling. The analysis of simulation results brings
insights into the underlying molecular and cellular mechanisms for
the combination effects of cytokines. This model as well as the
quantitative synergism evaluation of cytokine combinations in
terms of bone formation has significantly narrowed the candidates
of cytokine delivery conditions for the designs of biological
experiments, and will guide the design of in vivo bone scaffolds and
the clinical treatment of some diseases such as osteoporosis.
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