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Abstract

Bone remodeling is regulated by the interaction between different cells and tissues across many
gpatial and temporal scales. In silico models have been of help to further understand the signaling
pathways that regulate the spatial cellular interplay. We have established a 3D multiscale micro-
multiphysics agent-based (micro-MPA) in silico model of trabecular bone remodeling using
longitudinal in vivo data from the sixth caudal vertebra (CV6) of PolgA®PZ"A/P%™A) mice, amouse
model of premature aging. Our model includes a variety of cells as single agents and receptor-ligand
kinetics, mechanotransduction, diffusion and decay of cytokines which regulate the cells’ behavior.
The micro-MPA model was applied for simulating trabecular bone remodeling in the CV6 of 5 mice
over 4 weeks and we evaluated the static and dynamic morphometry of the trabecular bone
microarchitecture. We identified a configuration of the model parameters to simulate a homeostatic
trabecular bone remodeling. Additionally, our simulations showed different anabolic, anti-anabolic,
catabolic and anticatabolic responses with an increase or decrease by one standard deviation in the
levels of osteoprotegerin (OPG), receptor activator of nuclear factor kB ligand (RANKL), and
sclerostin (Scl) produced by the osteocytes. From these results, we concluded that OPG inhibits
osteoclastic bone resorption by reducing the osteoclast recruitment, RANKL promotes bone
resorption by enhancing the osteoclast recruitment and Scl blocks bone formation by inhibiting
osteoblast differentiation. The variationsin trabecular bone volume fraction and thickness (BV/TV
and Th.Th) wererelatively higher with variations of one standard deviation in the levels of RANKL
compared to OPG and Scl. This micro-MPA model will help us to better understand how cells
respond to the mechanical signal by changing their activity in response to their local mechanical
environment.

| ntroduction

With aging, bone becomes more fragile with increasing fracture risk, leading to an increased
morbidity and mortality and to an economic burden of € 57 billion in 2019 in the European Union
plus Switzerland and the United Kingdom (Kanis et al. 2021). To better understand how aging affects
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bone cellular behavior, in vivo and in silico studies have been used to analyze the tissue and cellular
properties of bone mechanobiology. It is known that bone remodeling is regulated by the interaction
between different cells and tissues across many spatial and temporal scales. Y et, bone remodeling has
not been quantitatively studied in silico across spatial and temporal scales and using 3D in vivo data
as reference. Hybrid modeling has been identified as a powerful modeling technique which combines
multiscale, multiphysics, and agent-based modeling to analyze in aunified way the organ, tissue, cell,
and gene scales over weeks, months or even years (Boaretti et a. 2022). Such an in silico model can
deal with the action of single cells while millions of cells are active and interact with each other ina
multiscale simulation, making thistool ideal to explore the hierarchical processes governing bone
mechanobiology. Furthermore, by enabling fine modelling of signaling pathways that regulate the
cell’ s activity, such models can help to estimate physiological cytokine production rates and explore
their effect on spatial cellular distribution, bone formation, and bone resorption, which is hardly
feasible in vivo.

Recent experimental studies have analyzed the effects of aging in mice and how loading can
counterbalance frailty (Scheuren et al. 20203, b). Accelerated aging was provoked in

Pol gA PZAD27A) miice due to systemic mitochondrial dysfunction caused by accumulation of
mitochondrial DNA point mutations (Trifunovic et a. 2004; Kujoth et al. 2005). The findings from
these works have mainly focused on cortical and trabecular bone morphometric parameters with
analyses of selected gene and protein expression on specific time points. The work of Dobson and
colleagues (Dobson et al. 2020) showed that in this PolgA®®"AP%™) moyse model, osteoblast
density was reduced and the production of mineralized matrix by osteoblasts was significantly
impaired, leading to reduced bone formation rates. The mechanisms which lead to cellular alterations
in bone with aging remain to be further elucidated.

We have recently proposed an in silico multiscale micro-multiphysics agent-based (micro-MPA)
model of fracture healing in cortical bone adapted from the model of Tourolle (Tourolle 2019) and
adapted by Boaretti (Boaretti et al. 2018). This micro-MPA model is based on multiscale (from the
organ to the protein spatial scales and from weeks to minutes as temporal scales), multiphysics
(mechanical signal, reaction-diffusion-decay of cytokines), and agent-based modelling (single-cell
behavior and mechanotransduction). Each cell is modelled as a single agent, and signaling pathways
were modeled to regulate the cell behavior. In this model, osteoprotegerin (OPG), receptor activator
of nuclear factor kB ligand (RANKL), sclerostin (Scl) are cytokines that decay, diffusein the
volume, and are produced by the cells. Transforming growth factor beta 1 (TGF-1) is modelled as
cytokine stored in the bone volume and it can diffuse and decay after resorption. The signaling
pathways were modelled with receptor-ligand kinetics, with the receptors located on the cells
surfaces. In addition, a free ligand can bind to another free ligand, e.g., OPG can bind to RANKL.
These pathways have been shown to be the main regulators of cell differentiation and proliferation
(Krishnan et al. 2006; Boyce and Xing 2008; Lin et al. 2009; Tang et al. 2009; Warren et al. 2015;
Elson et al. 2022). The osteocytes were considered the main mechanosensors of the mechanical
signal (Santos et al. 2009; Klein-Nulend et al. 2012, 2013) and they promoted bone formation or
resorption by releasing cytokines into the volume to regulate the signaling pathways affecting
eventually the osteoblasts and osteoclasts. These cells form and resorb bone on the surface,
respectively. Osteocytes, osteoblasts and osteoclasts were the basis for the regulation of bone
remodeling we can ssimulate using in vivo data. Indeed, a previous version of this model was used for
simulating denosumab treatment in human biopsies over 10 years, showing the potential of micro-
MPA models for designing optimal clinical trials (Tourolle et al. 2021).
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84  Inthe current study, we used this micro-MPA model to simulate how bone adapts and remodels

85 through single-cell mechanotransduction in mice. We hypothesized that cells produce cytokinesto
86 regulate the cellular actions as a response to the local mechanical signal they perceive, e.g., cells

87  release cytokinesto promote anabolic or anticatabolic responses under high stress and cells release
88 catabolic or anti-anabolic cytokines under low stress. Furthermore, we hypothesized that osteocytes
89 aremainly responsible for regulating the other cells activity through their single-cell cytokine

90 production.

91 Theaim of thiswork isto show that the proposed in silico model can reproduce a homeostatic

92  condition similar to the longitudinal in vivo data, where a dynamic equilibrium between bone

93 formation and bone resorption maintains relatively constant bone volume fraction (Rodan 1998;

94  Nakahama 2010; Rauner et al. 2020). Moreover, we investigated the quantitative effect of

95  manipulating the cytokines levels involved in the signaling pathways on the bone morphometric

96 parameters. For this purpose, the proposed novel micro-MPA in silico mode of bone remodeling was
97  applied to micro-computed tomography (micro-CT) in vivo data to test the effect of different

98  production values of RANKL, OPG, and Scl by osteocytes on the static and dynamic bone

99  morphometry datarelatively to the homeostatic configuration.

100 Materialsand Methods

101 Invivoinput data

102  Invivo data of the control group of a study analyzing the effects of frailty and osteosarcopenia on the
103  bone microarchitecture of prematurely aged PolgA(P?"AP%7A) mjce (n=9) were used (Scheuren et al.
104  2020a). Briefly, at an age of 35 weeks, stainless stedl pinswere inserted at the sixth caudal vertebra
105 (CV6). At week 38, a sham cyclic loading regime was applied three times per week over 4 weeks.
106  Theinvivo micro-CT images (vivaCT 40, Scanco Medical AG) were acquired and analyzed every
107  week at an isotropic voxel resolution of 10.5 um, see Figure 1A. The acquired images showed a

108 dight reduction in the normalized trabecular bone volume fraction over the course of the experiment
109 (2% at theend), see Error! Reference sour ce not found.Error! Refer ence sour ce not found.B.

110  In silico micro-multiphysics agent-based model

111  Themicro-MPA model was originally developed for simulating fracture healing in the mouse femur
112  (Tourolle 2019). In the present work, we adapted this micro-MPA model for the simulation of

113  homeostatic bone remodeling in the mouse vertebra, including the bone response to physiological
114  loading. The overview of the adapted in silico model is shown in Figure 2.

115 Inthe current implementation, the cells are modeled individually using the agent-based paradigm,
116  whereall cells of the same type share the same biological properties and follow the same prescribed
117  rules. The model implements the actions of each cell according to the local physiological, chemical,
118  and mechanical environment at the cellular spatial and temporal scale. In our implementation, the
119  changesin the bone microarchitecture are accumulated over the whole time of the experiment (4
120  weeks) which is much longer than the single temporal step of the cells (40 minutes). The model

121  simulated bone remodeling only within the trabecular region, while the cortical region was kept

122  constant during the simulation. This approach was used also in other works by Schulte and Levchuk
123 (Schulteet al. 2013; Levchuk et a. 2014; Levchuk 2015).
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124  Modeing the cellular behavior

125  Osteocytes (Ot) are embedded in bone and produce RANKL, OPG, and Scl depending on the local
126  mechanical signal they perceive (Santos et al. 2009; Klein-Nulend et al. 2012, 2013). Osteoblasts
127  (Ob) produce osteoid, unmineralized matrix, in their neighborhood towards the surface of the bone,
128 based onthelocal effective strain they perceive. Moreover, Ob may become pre-Ot when the voxel
129 they resideinisat least 50% full of osteoid and there is an osteocyte in the normal direction towards
130 thebone (Franz-Odendaal et al. 2006). Lining cells are considered osteoblasts precursors. In addition,
131  Ob and lining cells also produce OPG and RANKL accordingly to the mechanical signal they

132  perceive. Mesenchymal stem cells (MSC) are present in the marrow space where they can move,

133  proliferate, undergo apoptosis, and can differentiate into an Ob or alining cell if they are close to the
134  surface and closeto an Oc. MSC, lining cells, and Ob have the Lipoprotein receptor-related protein
135 5/6 (LRP5/6) receptor which bindsto Scl (Li et al. 2005; Bourhis et al. 2011). If the bound receptor is
136  higher than a user-defined threshold value, Ob differentiate into lining cell and MSC differentiate
137 intolining cell if they meet the condition mentioned above. MSC and Ob have also the TGF-p1

138  receptor on their surface, and if that receptor is highly bound then they can proliferate more

139 frequently. Pre-Ot differentiate into Ot if the voxel they resideinis at least 50% full of mineralized
140 matrix (Franz-Odendaal et al. 2006). The hematopoietic stem cells (HSC) are present in the marrow
141  space, they can move, proliferate, undergo apoptosis and differentiate into pre-Oc if their RANK

142  receptors are highly bound to RANKL (Nelson et al. 2012; Warren et al. 2015). Pre-Oc are motile
143  and can differentiate back into HSCsif the RANK receptor is not highly bound. Moreover, they can
144  differentiate into Oc if there are at least 3 osteoclastic cells (pre-Oc or Oc) in their neighborhood. Oc
145  resorb bone towards the bone surface, with the direction defined by the gradient of the mineral

146  concentration. We modeled the mineralization of the matrix in each voxel by changing its mineral
147  concentration to reach its osteoid concentration. Therefore, given avoxe, if there is more osteoid
148  than mineral, the mineral concentration will increase and if there is more mineral than osteoid, the
149 mineral concentration will decrease. In this way, when Ob release osteoid, there is adelay in bone
150 formation because osteoid leads to a change in the mineral concentration through the mineralization
151  process.

152  To simulate trabecular bone remodeling, we modeled TGF-f1, RANKL-RANK-OPG, and LRP5/6-
153  Scl signaling pathways at the receptor-ligand level and the Ob, lining cell, Oc, pre-Oc, Ot, pre-Ot,
154 MSC, HSC at the cellular level.

155  Application of the model to smulate bone remodeling in mouse vertebrae

156 Theoverview of the simulation algorithm can be seen in Figure 2B. Each voxel has a value of bone
157  mineral density from 0 to 1160 mg HA/cm?® and this valueis converted to greyscale values ranging
158 from O to 1 with linear scaling. We considered the grayscale bone density valuesfrom 0.5to 1 as
159  bone tissue. The minimum value of 0.5 corresponds to a bone density value of 580 mg HA/cm®
160  which isthe same threshold value employed previously for the postprocessing of the original

161 corresponding in vivo data (Scheuren et al. 2020a).

162 The mechanical signal was obtained using the micro-finite element (micro-FE) analysis. For this
163  purpose, the bone tissue and marrow voxels of CV6 vertebrae were converted to Young' s modulus
164  valuesas performed previously (Webster et al. 2008). The effective strain computed from this

165 analysiswas used asthe mechanical signal of the cells (Mullender et al. 1996; Schulte et al. 2013).
166  Thisvariable was used for the single cell production: each cell produces an amount of cytokines
167 following a specific mechanotransduction curve, with a sigmoidal shape to represent the anabolic
168 (OPG) and catabolic (RANKL, Scl) response to the mechanical signal. For each cytokine-cell
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169  production, the Hill curve was defined for both marrow and bone cells with a specific maximum

170  value, hill coefficient and mech,;,,-.. Which isthe value of the mechanical signal corresponding to
171  half of the maximum value produced by a cell. These values were defined specimen-specific in order
172  totakeinto account the variability of the mechanical environment between different animals.

173  Thedefinition of the Hill parameters was calibrated to have a higher production of cytokinesin

174  regions where the local mechanical signal, Gaussian-dilated effective strain (g), isrelatively higher or
175 lower for anabolic, anticatabolic cytokines or catabolic, anti-anabolic cytokines, respectively. The
176  mechyy,.s for bone cellsis defined for every vertebra as follows:

177  mechPo™e = 0.95 « median(&|pone) Where €|,one 1S the local mechanical signal in the trabecular
178  region of the given vertebra. The mechanotransduction for the marrow cells that can release products
179 intothe volumeis defined using this mechanostat threshold:

180 mechL°" = 0.45 * median(€|arrow) Where €| ,arrow 1S the local mechanical signal in the

181 trabecular region of the marrow of the given vertebra. In particular, €|,,,qrrow 1S the gaussian dilated
182  effective strainin the trabecular marrow voxels and is used as input of the mechanotransduction

183  function for the osteoclasts, determining how much bone is resorbed based on the signal.

184  Anaogously, €|marrow 1SUSed asinput of the mechanotransduction function for the osteoblasts and
185 lining cells, determining how much cytokines and osteoid are added to the specific voxel.

186 Themodel wasimplemented according to the following multiscale temporal discretization. The

187  cdlular behavior we described in 2.2.1 was simulated with a 40-minute time step (dtcais-rop)-

188 Following the smulations obtained by Tourolle (Tourolle 2019), this value turned out to be

189  sufficiently similar to the values observed experimentally about motility and activity of the bone

190 cdlls. The proteins and other present chemical substancesin the in silico smulation were simulated to
191 React, Diffuse, Decay (RDD, Figure 2C) with the same time step for the cells dtcaisrop, Subdivided
192  into 10 equal temporal substeps of 4 minutes through Strang splitting (Strang 1968).

193  In comparison to the implementation introduced in the model of reference, a new parallelized

194  approach has been used where the chemical substances and the cells have been subdivided into

195 subdomains. The subdivision in subdomains was carried out to minimize the volume of data from
196 one subdomain to the other. Then, the model computes the spatio-temporal evolution of the cells and
197 signaling pathways and RDD with the timestep dt.qisrop in parallel across the subdomains. The

198  micro-FE of the vertebrais computed for updating the mechanical signal perceived by the cells with
199 apredefined update interval of 8 hours (dtmicro-re), Which ishigher than dteasrop t0 Simulate a delay
200 inthe perception of the new mechanical signal.

201 Mode generation

202  Thetrabecular region was automatically obtained for each sample as described previously (Lambers
203 et al. 2011) comprising alattice of up to 200x200x300 voxels of the same resolution of in vivo data,
204  hence 12 million voxels. In afirst step, the greatest connected component (GCC) of the vertebrawas
205  defined. The bone phase of the trabecular region (bone mineral density greater than 580 mg HA/cm®),
206  wasthen used for setting the initial mineral and osteoid concentrations (1). The marrow of the

207  trabecular region was seeded with M SCs and HSCs with a density of 1.25 x 10’ cells/ml. Ob and Oc
208  were seeded randomly occupying a portion of the bone surface. The binding sites of the cells were
209  modified to make the multicellular system closer to areal state, where the cells' receptors are

210 partially or fully bound. Ot were seeded using an exponential distribution to have more osteocytes
211  embedded deeper in bone rather than close to the bone surface. The seeding of all cellsin across-
212  sectional dlice can be seen in Figure 2D. The cytokines were defined using experimental data

213  obtained from the literature, when available, see Supplementary Table S1. Missing concentrations
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214  weredefined using calibrated values after running simulations and checking whether the cells would
215 reside and be active in corresponding biochemical regions, e.g. Oc resorb bone and lining cells are
216  present mainly in low strain regions whereas Ob release osteoid primarily in high strain regions. The
217 summary of theinitial concentrationsis defined in Supplementary Table S1.

218 Themodd started running without changes to the bone microarchitecture for 48 iterations

219  (correspondsto 2 days), see Figure 2B, to enable a more adequate spatial arrangement of the cells
220  and cytokines. This pre-processing step is needed because the micro-CT image used as input contains
221  only information regarding the bone microarchitecture. The final configuration after thisinitialization
222 isillugtrated in Figure 2E, where for simplicity reasons only the surface cells, the RANK binding site
223  occupancy for osteoclasts and preosteoclasts and the spatial RANKL distribution in the trabecular
224 region are shown. The model then continued running with changes to bone microarchitecture for five
225  daysto enter the active bone remodeling phase and to reduce the dependency of the initial data,

226  where the distributions of the cells, proteins and receptors were affected by uncertainty or absence of
227  suchinput data. The result of this phase was considered as the initial state for the homeostatic as well
228  asfor the simulations where the maximum amount of OPG, RANKL and Scl produced by osteocytes
229  arechanged.

230 Design of simulations

231 Inthiswork, we simulated homeostatic remodeling and we tested the effects of different production
232  values of RANKL, OPG, and Scl by osteocytes on the static and dynamic bone morphometry data
233  relatively to the homeostatic remodeling. For each condition different from homeostatic, one

234  parameter was increased or decreased at the time and the parameters were kept constant. This

235  approach was used regardless of the simulated animal. Each condition was simulated using in vivo
236  dataof 5 CV6 vertebrae. The output of the homeostatic condition was compared against the in vivo
237 dataand against the simulated conditions of higher and lower production values of OPG, RANKL
238  and Scl separately.

239  First, homeostatic remodeling was simulated with a set of 41 parameters that were kept constant
240  regardless of the smulated animal (Supplementary Table S2). 37 parameters were optimized for a
241  balanced spatiotemporal evolution of the cytokines, cell differentiation, bone formation and bone
242 resorption, while other values were set accordingly to literature. They range from the frequency of
243  random movement of the cells, thresholds regulating the differentiation of the cells, binding site
244 numbers, osteoblast and osteoclast polarization factors, osteoblast and osteoclast cluster size,

245  proliferation and apoptosis rates of cells (especially osteoblasts, M SC, HSC), mechanostat

246  coefficients, the maximum single-cell production rate of cytokines, diffusion and decay coefficients
247  for the cytokines, mineralization rate. The motility parameters are presented as probability values of
248  movement of 1 voxel per dieisrop in arange of 0 to 1. The Ob and Oc polarization coefficients are
249  valuesthat represent the tendency of these cells to add osteoid or resorb bone, respectively, towards
250 thegradient of the mineral concentration from their position (Tourolle 2019). The competitive

251  reaction RANKL-RANK-OPG requires the definition of the forward and backward binding

252  coefficients for the RANKL-RANK and RANKL-OPG complexes, whereas the simple receptor-
253 ligand kinetics LRP5/6-Scl requires the definition of the forward and backward binding coefficients
254 for the complex LRP5/6-Scl.

255  After the ssmulations of homeostatic remodeling, we investigated whether OPG inhibits osteoclast
256  reportion. Anincreased OPG production was modelled as an anabolic response to higher effective
257  strains by means of reducing Oc recruitment. With higher or lower OPG levels, OPG binds to

258 RANKL leading to lower or higher availability of free RANKL that can bind to the RANK receptors

6
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259  on Oc cdlls, thus leading to lower Oc recruitment. Then, we investigated whether RANKL promotes
260 bone resorption. RANKL was modelled as a cytokine produced by Ob, Ot and lining cellsas a

261  catabolic response when these cells perceive lower values of effective strainsto promote Oc

262  recruitment and eventually favor bone resorption. Lastly, we investigated whether Scl blocks bone
263  formation by inhibiting osteoblasts. Scl was modeled as cytokine produced by Ot as an anti-anabolic
264  response when these cells perceive lower values of effective strains. These three hypotheses were
265 tested separately by changing the maximum production of OPG, RANKL and Scl by asingle Ot,
266  (B9F¢, pRANKL pSclyin the simulations using the values reported in Supplementary Table S3,

267  Supplementary Table $4 and Supplementary Table S5. Starting from the baseline value reported in
268  Supplementary Table S2, these higher and lower values were obtained by adding or subtracting the
269  rescaled standard deviation of the serum concentrations levels reported by Shahnazari and colleagues
270  (Shahnazari et a. 2012).

271  Bone morphometry and visualization

272  Static morphometric parameters analyzed were bone volume fraction (BV/TV), specific bone surface
273 (BS/BV), bone surface density (BS/TV), trabecular thickness (Tb.Th), trabecular spacing (Th.Sp),
274  and trabecular number (Th.N). We computed them for each day of the simulation. Dynamic

275  parameters were mineral apposition rate (MAR), mineral resorption rate (MRR), bone formation rate
276  (BFR), boneresorption rate (BRR), mineralizing surface (MS), and eroded surface (ES). They were
277  computed by overlaying the images with atime interval of 2 weeks as analyzed in recent publications
278  (Scheuren et a. 20203, b), using the image processing language (XIPL, (Hildebrand et al. 1999)).
279  Our ssimulation involved only the trabecular region while the cortical region is unchanged over time,
280 contrary to thein vivo data which show cortical remodeling occurs as well. Static parameters between
281 different datasets were compared as percent changes by normalizing the values to the initial value of
282  the morphological parameter of interest while dynamic parameters were compared as absol ute values.

283  Thetrabecular 3D bone microarchitecture was visualized using ParaView (Kitware, Version 5.10;
284  Clifton Park, NY). The formed, quiescent and resorbed (FQR) regions in the in vivo images were
285  obtained after registration of the acquired images and their overlapping. The FQR regionsinthein
286  silico images were directly obtained by overlapping the images at different time points.

287  Software and platform used

288 A hybrid C++/Python code (Python Language Reference, Version 3.8) that expanded from the

289  original implementation of the mode was used to perform the simulations (Tourolle 2019). The

290 implementation is made available through Python bindings with pybind11 (Jakob et al. 2017). Taking
291 advantage of the other packages used for image processing, analysis and parallelization, we used

292  Python asthe front-end. In particular, we used the mpi4py package for managing the MPI parallel
293  distributed computing interface in Python (Dalcin et al. 2011). We employed distributed and shared
294  parallel computing paradigms (OpenMP and MPI) due to the high number of variables used in the
295 simulations. We used the MPI parallel version of an algebraic multigrid solver, AMGCL, to solve the
296  diffusion problem of the cytokinesinto the volume (Demidov 2019). The Swiss National

297  Supercomputing Center (CSCS, Lugano, Switzerland) computational platform (STATE SY STEM)
298  wasused for running the simulations. Each node has 36 cores which can be scheduled to work in a
299  customized way regarding memory and paralldization of tasks. The parallel solver for the spatio-
300 temporal step of the cells and cytokines required 8 nodes to have enough memory and sufficient

301  speedup. For these resources, we use 4 MPI tasks for each node and 9 OMP threads. Additionally, the
302  micro-FE vertebral models were solved using 2 nodes using ParOsol, a parallel solver designed for
303 micro-FE analysis based on micro-CT images (Flaig and Arbenz 2011). The number of nodes was
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304 chosen in order to have a good trade-off between computational time and speed-up of the code. These
305 two solvers were combined to obtain a suitable environment for solving the interconnected
306 mechanical environment and the tissue, cellular and signaling pathways with aresolution of 10.5 um.

307 Statistical analysis

308 Statistical analysis was performed in R (R Core Team (2019), R Foundation for Statistical

309 Computing, Vienna, Austria). The R ImerTEST package (Kuznetsova et al. 2017) was used to

310 peform thelinear mixed model. The linear mixed-effects models account for “intra-correlations’
311  between thein silico simulations and in vivo repeated measurements. The mode is described in two
312 parts: fixed effects and random effects. The random effects part accounts for the intra-correlations of
313  repeated measuresinin in vivo samples and in silico smulations or the high/medium/low production
314 level of OPG, RANKL and Scl. The fixed-effects part accounts for the impact of various covariates
315 over time on outcomes on an average level of the dynamic and static bone morphometric parameters.
316  Furthermore, the likelihood ratio test was performed to assess the goodness of fit of three nested

317 models based on theratio of their likelihoods. All the nested model equations are in the

318  supplementary section (Supplementary Material 1.1). The significance level between the groups (in
319 vivo datalin silico smulation or high/low, high/medium, medium/low) was calculated using pairwise
320 comparisons with Tukey’s post-hoc correction for multiple comparisons. The significance level for
321 theinteraction between time and group was calculated using ANOV A with the linear-mixed model.
322  The mean and the standard error of the mean were plotted and p-values smaller than 0.05 were

323  considered significant (Lenth 2022).

324 Reaults

325 To study trabecular bone remodeling, we ran our micro-MPA model on five CV6 vertebrae from
326  mice obtained using micro-CT imaging. Thanksto the use of high-performance computing, the

327 computational capability and the efficiency of the computational code were increased, allowing the
328 simulation of thousands of cells and RDD of proteinsin a complete trabecular volume. A simulation
329  of 4 weekstook usually 3 to 6 hours on a supercomputer. More time was required with a bigger

330 trabecular volume (TV) or when the finite-element analysis required more iterations for converging
331 toanumerica solution. A single cell and RDD step took usually up to 10 s, whereas solving asingle
332  micro-FE analysis took less than a minute. First, we report the results of homeostatic remodeling
333 compared to the in vivo data. Then, to demonstrate that the osteocytes can regulate the other cells
334  activity, wereport the results obtained after the individual manipulation of the maximum production
335 levelsof OPG, RANKL and Scl by the osteocytes.

336 Homeostatic remodeling

337 Thein silico smulations were able to reproduce bone remodeling with realistic changes, compared to
338 thein vivo data, through single-cell mechanotransduction of the mechanical signal. Figure 3 shows a
339 representative in vivo sample and in silico model of homeostasis. In Figure 3A, the individual

340 normalized trabecular bone volume fraction (Norm. BV/TV) is shown for the complete original

341 datasdt, illustrating high variability within the group and for each animal over time. On the other

342  hand, thein silico data of Norm. BV/TV were more stable after the initial remodeling phase. The

343  valuesof ¢ are shown in Figure 3B with regions of high and low mechanical signal perceived by the
344  osteocytes. In vivo data shows that bone formation and bone resorption occur throughout the bone
345  microarchitecture, whereas in thein silico results only bone formation occurs more widely in the

346  trabecular region, see Figure 3C. Indeed, bone resorption is more localized at the top of the trabecular
347  region which corresponds to the distal side of the CV 6 where the mechanical force is simulated.


https://doi.org/10.1101/2022.11.16.516723
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.11.16.516723; this version posted November 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International litepssico trabecular bone remodeli ng

348 Moreover, bone formation and bone resorption can alternate with each other in the same local region
349 overtimeinvivo, whereasin silico bone resorption events can change their locations more frequently
350 compared to bone formation events. The static trabecular bone parameters are shown in Figure 3D.
351 BV/TV and Th.Th changed over timein asmilar way between the simulated data and the in vivo
352 dataand these two groups had a similar average (n.s. between groups and for the interaction time-
353 group). Additionally, in silico Th.Sp and Th.N followed in vivo trends (n.s. for the interaction time-
354  group). While Th.Sp and Th.N remained relatively constant over timein vivo, in silico we observed a
355 significant decrease and an increase in Th.Sp and Th.N, respectively (p<0.05 between groups and for
356 theinteraction time-group). Additionaly, we also observed an increasein BS/BV and BS/TV in

357 dilico but in vivo these values remain closer to their initial value (p<0.05 between groups and for the
358 interaction time-group). MAR obtained from the in silico s mulations was significantly lower than
359 thein vivo values (p<0.05 between groups) and MRR was much higher in silico compared to thein
360 vivo data (p<0.05 between groups); the values of MAR and MRR developed differently between the
361 insilico and thein vivo groups (p<0.05 for the interaction time-group). The simulation results

362 captured the BFR average value over time (n.s. between groups) but its temporal evolution was

363 significantly different compared to the in vivo data (p<0.05 for the interaction time-group). BRR had
364 similar valuesin vivo and in silico (n.s. between groups) with asimilar trend over time (n.s. for the
365 interaction time-group). On the other hand, MS and ES were lower in the in silico smulations

366 compared to the in vivo data (p<0.05 between groups). M S presented a different temporal progression
367  (p<0.05 for theinteraction time-group) while ES did not show a significantly different temporal

368 evolution (n.s. for the interaction time-group).

369 High osteoprotegerin inhibits osteoclast resor ption

370 Thevariation of OPG levels produced by the osteocytes led to a change in bone remodeling activity
371 fromthe cells, see Figure 4. The main effect of the spatial characterization of the remodeling regions
372  wasahigher or lower catabolic activity in the distal end of the CV6 when OPG was reduced or

373  increased respectively, see Figure 4A. Thiscell activity was reflected in the Norm. BV/TV with

374  lower values when OPG was lower and higher values when OPG was higher (p<0.05 between

375 groups, for all possible group comparisons and for the interaction time-group), see Figure 4b. Norm.
376  Th.Th. showed no significant difference for the interaction time-group and in the pairwise

377  comparison between the values obtained with high and medium OPG levels (n.s.). Norm. BBV
378  showed an inverse relationship with the OPG level s(p<0.05 between groups, for all possible group
379  comparisons). In addition, Norm. BBV showed different curves over time (p<0.05 for the

380 interaction time-group). Norm. BS/TV, Norm. Th.Sp and Norm. Th.N were not affected by the

381 changesin OPG levels (n.s. between groups and for the interaction time-group). BFR was not

382 significantly affected by the variations in OPG with asimilar slightly decreasing trend over time

383 among thethreelevels. The BRR and ES showed a similar variability of Norm. BS/BV, with lower
384  vaueswhen OPG was higher and higher values when OPG was lower (p<0.05 between groups, for
385 all possible group comparisons). The significance of these changes was observed for both BRR and
386 ES over time between groups data (p<0.05 for the interaction time-group). M S showed significantly
387  different values between groups (p<0.05), however only the comparisons of high OPG-medium OPG
388  and medium OPG-low OPG showed significant differences between the groups (p<0.05). MAR and
389 MRR did not show differences among the groups when the OPG production level was changed in the
390 simulations. These results suggest that OPG produced by the osteocytes can inhibit the osteoclasts
391 recruitment and the consequent amount of resorption by the available osteoclasts. In addition, the
392  number of osteoclasts also influenced the number of active osteoblasts, as shown by the variability of
393 theMS. The net effect of these changes has an impact on the static parameters, primarily on Norm.
394  BV/TV where the homeostatic balance is lost with aterations of the OPG levels.
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395 High receptor activator of nuclear factor kB ligand promotes bone resor ption

396 Thevariation of RANKL levels produced by the osteocytes led to a different bone remodeling

397 activity from the osteoblasts and osteoclasts, see Figure 5. Similar to the variations observed for

398 OPG, we observed primarily alower or higher catabolic activity when RANKL in the distal end of
399 the CV6 was reduced or increased respectively, see Figure 5A. This cell activity was reflected in the
400 Norm. BV/TV, Norm. Th.Th. with lower values when RANKL was higher and higher values when
401 RANKL was lower (p<0.05 between groups, for all possible group comparisons and for the

402  interaction time-group), see Figure 5B. Norm. BS/TV did respond differently to higher or lower

403 RANKL values over time but the average values over time were not statistically significantly

404  different (n.s. between groups and p<0.05 for the interaction time-group). Norm. BS/BV, Norm.

405 Tb.N and BRR and ES were lower when RANKL was lower and they were higher when RANKL
406  was higher (p<0.05 between groups, for all possible group comparisons and for the interaction time-
407  group). Norm. Th.Sp was not affected by the changes in RANKL over time and its average value was
408 not affected (n.s. between groups and for the interaction time-group). The changes in RANKL had an
409 impact on BFR, with higher or lower values when RANKL was higher or lower, respectively (p<0.05
410  between groups and for the interaction time-group). The only comparison which did not show a

411  significant difference in BFR was between high and medium levels of RANKL. Osteoblastic activity
412  was also affected by the changesin RANKL in asimilar way of BFR (p<0.05 between groups, for all
413  possible group comparisons and for the interaction time-group). MAR and MRR did not show

414  differences among the groups with changing RANKL production levels. These results suggest that
415 RANKL promoted the osteoclasts differentiation by the changes of ESwhichinturnled to a

416 variability of the resorption. The changesin the Ob recruitment are reflected in the extent of the

417  formed surface by the Ob. The changein the formed surface had a cumulative effect on different

418 vauesof BFR. The net effect of these changes had an impact on the static parameters, with the

419 parameters starting to differ from the baseline condition earlier compared to OPG, thus augmenting
420 thediversion from the homeostatic condition.

421  High Scl blocks bone for mation by inhibiting osteoblasts

422  Thevariation of Scl levels produced by the osteocytes led to a different bone remodeling activity
423  from the osteoblasts and osteoclasts compared to what was observed for the variations of RANKL
424  and OPG before, see Figure 6. In the proximal end of the CV6 we observed primarily higher or lower
425  anabolic activity of the osteoblasts when Scl was reduced or increased respectively, see Figure 6A.
426  Therefore, bone formation was affected, and smilar effect was observed in the Norm. BV/TV with
427  lower values when Scl was higher, see Figure 6B. Indeed, the variations of Scl were statistically

428  significant for Norm. BV/TV when comparing high and low Scl values as well as high and medium
429  Scl values (p<0.05). However, their curves were not significantly different over time (n.s. for the
430 interaction time-group). The statistical findings for Norm. BV/TV also apply to Norm. Th.Th which
431  dlightly decreased over time and stabilized afterwards with ahigh Scl level whereasit increased when
432  Scl was medium or lower (p<0.05 for the group comparisons high-low and high-medium).

433  Conversdly, Norm. BS/BV and Norm. BS/TV increased over time. The statistical significance of the
434  variationsfor Norm BS/BV was the same as of Norm. BV/TV, whereas Norm BS/TV showed

435  differences only in the group comparison high-medium (p<0.05). Interestingly, no increase in the
436 Norm. BV/TV was observed for lower values of Scl . Norm. Th.Sp and Norm.Th.N did not present
437  significant differences between the variations of Scl (n.s. between groups) and their temporal

438 evolution between different levels (n.s. for the interaction time-group) was not significantly different
439 satistically. BFR showed a significant variability due to Scl (p<0.05 between groups) but only in the
440  comparisons high-low and high-medium. Also, M S was affected by the variations of Scl in amore
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441  evident way (p<0.05 between groups, for al possible group comparisons). Scl did not change how
442  bone was deposited by osteoblasts and this outcome was visible from the absence of variability in
443  MAR with different Scl values (n.s. between groups and for the interaction time-group). BRR, MRR
444 and ES did not show differences when Scl levels changed, nor its effect was significantly visible over
445  time (n.s. between groups and for the interaction time-group). The changesin Scl levels had a net
446  effect on the Norm. BV/TV less visible compared to the changesin OPG and RANKL levels, with a
447  temporal separation from the homeostatic range of values similar to the OPG case.

448 Discussion

449  The proposed in silico micro-MPA model successfully simulated trabecular bone remodeling to

450 evaluate the static and dynamic morphometry of the trabecular bone microarchitecture. We

451  demonstrated that our model can simulate a homeostatic response smilar to that observed with in
452  vivo data. Although some morphological aspects were not captured by the ssmulations, our model
453  showed adaptation towards a normalized trabecular bone fraction in all samples. Furthermore, the
454  variability observed in vivo was also partially reflected in our simulations. Capturing the static

455  parameters with in silico models has been proven to be challenging and the most frequent parameter
456  to be captured was BV/TV (Schulte et al. 2013; Levchuk et al. 2014; Levchuk 2015). This parameter
457  did not show significant differences on average between thein silico and the in vivo values, whereas
458 Th.Sp and Th.N were different in our simulations compared to the in vivo data. Our simulations

459  showed a similar evolution pattern of the static bone morphometric parameters across the samplesin
460 the second half of the simulation, meaning that it was possible to simulate ssimilar bone changes for a
461  group of sampleswith limited variability in the output. The single-cell activity and the signaling

462  pathways were additional information modelled and they could be further tuned to capture the

463  spatiotemporal evolution of the bone microarchitectures. This approach might be considered a step
464  further in modeling the action of single cells and the signaling pathways compared to models of bone
465  remodeling based on systemic ODEs where the spatial information of the cellsis missing (Buenzli et
466 a. 2012; Pastramaet al. 2018; Martin et al. 2019). The parameters of the single cells’ activity can be
467  directly linked to some parameters, e.g., MAR was correlated to the osteoblast synthesis rate of

468  osteoid and the mineralization rate and MRR is correlated to the osteoclast resorption rate of mineral
469  and osteoid (Supplementary Table S2). However, changing such parameters will also lead to changes
470 inBFR and BRR asacallective effect of the cells’ activity. MS and ES could also be affected by
471  these changes to areduced extent because those parameters can only extend or reduce the boundary
472  of the already present remodeled regions. The amount of remodeled surface is mainly linked to the
473  active spatial cellular distribution on the surface where the cells can remodel bone.

474  Thb.N, Th.Th and Th.Sp could be dependent on the apposition and resorption rates by osteoblasts and
475  osteoclasts as well as by the mineralizing and eroded surface. The mineral apposition and resorption
476  rates had to be higher to reduce the difference between in silico and in vivo bone formation and

477  resorption rates, meaning that eventually the trabecular parameters would be affected by these

478  changes by more accentuated changes in the local remodeling area. If MAR, MRR, MS and ES were
479  closer to the in vivo values, the static trabecular parameters could have better followed the

480  corresponding in vivo values. However, this aspect should be further inspected because, for example,
481 thein silico model of Levchuk and colleagues captured Th.N, Th.Th and Th.Sp despite a significant
482  discrepancy in dynamic parameters (Levchuk et al. 2014), while the model of Schulte and colleagues
483  for ovariectomy and loading captured some dynamic parameters and BV/TV but not Th.N, Th.Th and
484  Th.Sp (Schulte et al. 2013). The regulation of the dynamic parameters was not trivial because the
485 mineralizing and eroded surfaces were not easy to capture due to the mechanical environment, the
486  mechanotransduction and the subsequent cascade in the signaling process to regulate osteoblasts and
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487  osteoclasts activity. The remodel ed regions were rather large in silico compared to in vivo which
488  were more scattered throughout the trabecular volume. Thus, the trabecular remodeling by the single
489 celswaslesslocalized in silico.

490 Wedemonstrated OPG inhibits excessive osteoclastic bone resorption as it was observed previously
491  (Kramer et al. 2010; Cawley et al. 2020). Cawley and colleagues found OPG to be secreted by

492  osteoblasts (Cawley et al. 2020) whereas Kramer and colleagues found osteocytes to be the cells
493  mainly producing OPG (Kramer et al. 2010). Our work highlighted osteocytes are the cells

494  responsible for the production of RANKL and the subsequent recruitment of osteoclasts and increase
495  of bone resorption, asit was shown in previous works (Nakashimaet al. 2011; Xiong et al. 2015). In
496  our work, osteocytes were also identified as sources of sclerostin inhibiting the osteoblastic activity
497  and therefore reducing bone formation. This finding was experimentally obtained also by van

498 Bezooijen and colleagues (Van Bezooijen et a. 2004), where sclerostin protein was found to be

499  expressed by osteocytes and not by osteoclastsin cortical and trabecular bone. Further, they also
500 observed the inhibitory effect of sclerostin on osteoblasts, confirming its importance for regulating
501 boneformation (Winkler et al. 2003; Li et al. 2008; Colucci et a. 2011).

502  We observed that affecting the catabolic response would aso imply a change in the anabolic activity.
503 Thisaspect was evident from the variations of RANKL and OPG which had a direct impact on the
504 osteoclasts' activity, but the osteoblasts activity was subsequently affected by that. On the other
505 hand, the anti-anabolic response would also imply a subsequent change in the catabolic activity, asit
506  was seen from the variations of Scl which inhibited osteoblasts and a consequent slower resorption
507  activity. These findings confirm the existence of the coupling between bone formation and bone

508 resorption events as observed in vivo. Our in silico model represented bone formation mostly

509 occurring over timein the same region where the strains were high, until the osteoblasts back

510 differentiated into lining cells or became embedded into the osteoid and differentiate into

511 preosteocytes. On the other hand, bone resorption occurred starting from aregion where the strains
512  werelow because in thisregion RANKL was higher and osteoclasts were mainly recruited here.

513 TGF-p1 isthought to be responsible for coupling bone resorption and bone formation (Raggatt and
514  Partridge 2010; Kasagi and Chen 2013; Weivoda et al. 2016; Durdan et al. 2021) and osteoclasts
515 resorb bonein regions of low strains. M SCs proliferated closer to osteoclasts due to the presence of
516 TGF-PB1 being released upon resorption in these regions of low strains. In addition, in such regions,
517  sclerostin was also produced by osteocytes to inhibit bone formation by the osteoblasts. Therefore,
518 the osteoblastic differentiation of such cells was inhibited and M SCs would directly differentiate into
519 lining cellsinstead of osteoblastsin these regions of low strains. Moreover, we included the

520  production of RANKL and OPG by osteoblasts and lining cells and their production levels

521  confluenceinthetotal levels of OPG and RANKL An extensive calibration of the coupling would
522  dramatically scale the number of simulations required to calibrate all these aspects. Such calibration
523  should include the simulation of bone formation regions occurring over subsequent bone resorption
524  areas and vice versaas observed in vivo. It is still not clear how the cells are able to have this fast
525  (bi)weekly turnover of eventsin place when their lifespan in miceisrelatively longer, e.g., at least
526  two weeks (Sge 2020). These complex dynamics remain to be further elucidated.

527 Itisnot yet fully understood when the osteoclasts stop resorbing bone (Filgueira 2010), but it is

528  assumed that this happens when the mineral phase of the bone underneath is degraded to a certain
529  extent (Kanehisa and Heersche 1988). Currently, this mechanism is not reproduced directly in thein
530 silico model. In addition, it was observed that collagen can decelerate the demineralization activity
531  when osteoclasts resorb bone in pit mode, protecting bone against excessive resorption (Delaisse et
532 al. 2021). Inour in silico model, osteoclasts stopped being active, and therefore resorptive, when they
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533 werenot inacluster or if they died by apoptosis or due to lack of bound RANK receptors. Further,
534 theresorption rate of mineral and collagen by osteoclasts was considered the same. Thisisthe case
535  when osteoclasts resorb bone in trench mode (Delaisse et al. 2021). On the other hand, these rates are
536  usualy different when osteoclasts resorb bonein pit mode, with solubilization of mineral being faster
537  than the evacuation of collagen fragments (Delaisse et al. 2021). The modelling of these events might
538 bean oversimplification of how osteoclasts stop being active and it does not represent the same

539 frequency of interruption of bone resorption by osteoclasts.

540  For initializing the cytokinesin the model, we used values measured from experimental studies

541  which are closely in line with the modelled environment. However, it is likely that the values

542  appropriate for the mouse vertebra at a given age might differ from the experimental values due to
543 dite, age, loading and phenotypic characterization of the data. This problem has been identified for in
544  silico models of bone mechanobiology (Checa and Prendergast 2009), where simple approaches were
545  adopted to overcome this lack of information (Perier-Metz et al. 2020, 2022; Borgiani et a. 2021).
546  Thislimitation might be partially overcome by taking advantage of the mechanical environment asit
547  was performed by Tourolle and colleagues (Tourolle et al. 2021). A more synergistic study where the
548  cytokines are experimentally obtained from the same site on aregular basis would help in the

549  cdlibration of thismicro-MPA in silico model. In addition, the information on the cell densitiesis
550 scarce and they might change between different bones, age, sex, and physiological conditions.

551  Moreover, the cells might be distributed differently in bone and in the marrow. This aspect is

552  especialy relevant for osteocytes which are not motile in bone, meaning that their initial distribution
553 isessentially preserved throughout the time of the simulation, except when they are no longer present
554  dueto cell apoptosis or bone resorption. Theinitial cell densities and cytokine distributions will have
555 implicationsin the estimations of the proliferation and cell rates as well as the single-cell activity,
556 e.g., resorption and cytokine production rates. Consequently, the amount of unknown initial

557  conditionsis very high, and it can take some time before the ssmulated cells and cytokines can reach
558 agpatio-temporal distribution which is more realistic and not affected by the assumed initial

559  condition. Thislimitation was addressed by the additional iterations of the model first without

560 changes and then with changes to the bone microarchitecture. However, the number of iterations

561 required for this purpose could be even higher.

562  Thereceptor-ligand kinetics in the context of micro-MPA in silico modelsis still very novel and
563 needs further exploration. Depending on the application, the formulations might differ to include
564  other aspects like trafficking and intracellular signaling (Cilfone et al. 2015). Moreover, there might
565  be molecular aspects that might be lost when using this kind of equation and coefficients might be
566  recalibrated depending on the environment. Indeed, some coefficients might be experimentally

567 obtained from analysis of the interactions between monomers (Nelson et al. 2012), but their usage
568  might not be straightforward due to the coexistence of other phenomena like spatial diffusion and
569 movement of the ligands from one receptor to the other in the proximity of the cell surface (Erbas et
570 al. 2019). Furthermore, the cell responseis usually achieved when most of its surface receptors are
571  till unoccupied (Lodish et al. 1999). It is still difficult to estimate in vivo the number of surface
572  receptors and the number of occupied receptors along with an accurate description of the receptor-
573 ligand kinetics, especially when competitive reactions are involved, e.g., the RANKL-RANK-OPG
574  axis. Hence, the receptor-ligand kinetics in bone remodeling remains challenging but crucial. In silico
575 models of bone remodeling use this information to regulate cell fate and differentiation by

576  parametrization of the coefficients used in the equations as well as the number of receptors per cell.
577  Thesefactors are relevant at the cellular and gene scales that influence bone remodeling activitiesin
578 thewhole volume. The numerical estimates are a starting point, but it is advisable to employ

579  experimental values detected from receptors on (bone remodeling) cells presenting such receptors.
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580 Different experimental approaches directly applied to the cells (Warren et a. 2015) orina
581 multidimensional environment (Chesla et al. 1998) might help in estimating the coefficientsto be
582  used for modelling such phenomenain silico.

583 Conclusion

584  Thiswork showcases the use of single-cell mechanotransduction in amicro-MPA in silico model of
585 trabecular bone remodeling applied to in vivo data. We were able to reproduce homeostatic bone

586 remodeling and highlight how tuning the single-cell osteocyte production rates of OPG, RANKL and
587  Scl further induces anabolic, anti-anabolic, catabolic and anticatabolic responses from the baseline
588 model. The calibration with bone morphometric parameters was used in this work, however, it would
589  be helpful to employ a complete experimental dataset which can be directly assigned to the

590 parameters of the model, e.g., serum markers and cellular properties. By careful calibration of

591 biological parameters, we hope this model shed light on bone remodeling and associated diseased
592  states. Micro-MPA models over several scales will be needed in the future because only with them it
593  will be possible to unravel biological processes and their effects realistically. Thiswill advance the
594  field of bone remodeling and our current understanding of its mechanisms.
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899  Figurecaptions
900 Figurel

901 Experimental design of thein vivo data used for the simulations of thein silico moddl. (A) Weekl

902  micro-computed tomography (micro-CT) images of the sixth caudal vertebra of PolgA(P2>7A/D257A
903 mice. Half of the vertebrais shown with transparency of the cortical region over time for each

904 measurement. (B) The normalized trabecular bone volume fraction slightly decreased over the course
905  of the study in the group of mice (n=9).
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906 Figure?2

907  The concept of the micro-MPA in silico model in the mouse vertebra. (A) The cells and cytokines
908 modeled in the bone remodeling version of the model. (B) Overview of the simulation pipeline from
909 theinput datato the end of the simulation. (C) A schematic representation of the cell receptor-ligand
910 kineticsmodelled in silico. Here, the ligand can bind only to the targeted cell receptor with a forward
911 ratek'and it can dissociate from the receptor with a backward rate k". Thisis an example of the

912 modelled receptor-ligand kinetics of Lipoprotein receptor-related protein 5/6 (LRP5/6)-sclerostin for
913 an osteoblast, lining cell and mesenchymal stem cell. (D) A 2D dlice from the trabecular region of an
914 insilico smulation with osteocytes (black), osteoclasts (purple), preosteoclasts (blue), osteoblasts
915 (orange), mesenchymal stem cells (green) and hematopoietic stem cells (brown). (E) A snapshot of
916 theinitia configuration of thein silico simulation at t=0. On the | eft, the osteoblasts (orange),

917  osteoclasts (purple) and preosteoclasts (blue) are shown on the trabecular bone surface, in the middlie
918 the gpatial distribution of the receptor activator of nuclear factor kB (RANK) binding site occupancy
919 on the osteoclasts and preosteoclasts and on the right the spatial distribution of the RANK ligand
920 (RANKL) configuration in the trabecular region.

921 Figure3

922  Thein vivo data and the comparison against the in silico modeling of homeostasis. (A) The

923  normalized bone volume fraction (Norm. BV/TV) for the complete group of micein vivo (left, n=10)
924  and for the group of mice analyzed in silico (right, n=5). (B) Mechanical signal in the trabecular

925  region for the representative mouse (number 5). (C) Bone formation, quiescent and resorption events
926 imagesover timeinvivo andin silico. (D) Static and dynamic bone morphometry values for thein
927  vivo andin silico groups. In these plots, only the same selection of mice was plotted for both the in
928 vivoandin silico data (n=5).

929 Figure4

930 Insdilico results of variations of the maximum single cell production level of osteoprotegerin (OPG)
931 Dby osteocytes. (A) Biweekly FQR regions of results obtained with higher and lower OPG production
932 levelsfor the representative mouse (number 5. (B) Static and dynamic bone morphometry parameters
933  of theresults of the simulations of the same group of mice (n=5) under three different production

934 levelsof OPG, starting from the sameinitial condition of the medium level. High=higher production
935 level of OPG, Baseline=medium production level of OPG as in the homeostatic configuration,

936 low=lower production level of OPG.

937 Figureb

938 Insdilico results of variations of the maximum single cell production level of receptor activator of

939 nuclear factor kB ligand (RANKL) by osteocytes. (A) Biweekly FQR regions of results obtained with
940 higher and lower RANKL production levels for the representative mouse (number 5). (B) Static and
941  dynamic bone morphometry parameters of the results of the simulations of the same group of mice
942  (n=5) under three different production levels of RANKL, starting from the same initial condition of
943  the medium level. High=higher production level of RANKL, Baseline=medium production level of
944  RANKL asin the homeostatic configuration, low=lower production level of RANK.
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945 Figure6

946 Insdilico results of variations of the maximum single cell production level of sclerostin (Scl) by
947  osteocytes. (A) Biweekly FOR regions of results obtained with higher and lower Scl production
948 levelsfor the representative mouse (number 5). (B) Static and dynamic bone morphometry

949  parameters of the results of the simulations of the same group of mice (n=5) under three different
950 production levels of Scl, starting from the sameinitia condition of the medium level. High=higher
951  production level of Scl, Baseline=medium production level of Scl asin the homeostatic

952  configuration, low=lower production level of Scl.

953 Supplementary Material
954  Seeadditional file for Supplementary Material.
955 Data Availability Statement

956 Theraw data supporting the conclusions of this article will be made available by the authors, without
957  undue reservation.
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