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The goal of our study was to establish how a specific part of the bone Gene Regulatory Network (GRN) controls
mineralization in response to stiffness. We hypothesized that a system of differential equations model stiffness-
sensitive gene regulation in human mesenchymal stem cells through the epistatic genetic interactions between
stiffness (e.g. WNT-p catenin pathway) and five of the main transcription factors and bone proteins (e.g. RUNX2,
BSP, OSX, OC, and OPN). To test this hypothesis, we (i) performed in-vitro experiments culturing bone cells
on different stiffness, (i) adapted our previously published model from being continuously time-dependent to
continuously stiffness-sensitive, and (iii) simulated protein production in function of stiffness and other protein
production from the best estimate of parameters coming from the experimental work. Our experimental findings
reveal a non-parametric relationship between stiffness and RUNX2 production, with no discernible linear trends
for other proteins. Modeling results demonstrate that continuous variations in stiffness enable simulation of bone
GRN gene expression, fitting our novel experimental dataset. Specifically, our computational results indicate
that OPN production peaks at low stiffness (8 kPa), while RUNX2, OSX, and OC achieve maximum production at
higher stiffness levels (64 kPa). This alignment underscores the model’s capacity to replicate experimental data
accurately. Additionally, our approach predicts that WNT-g-catenin activation serves as an enhancer for OPN and
BSP production. The model also highlights a negative feedback-like interaction between OC and BSP production.
Stiffness variations were shown to have a significant impact on OC and BSP production and a moderate effect on
OPN production. By employing a stiffness-sensitive gene regulation model, we provide insights into one of the
mineralization patterns through the prediction of bone protein expression dynamics.

1. Introduction role played by each production of some transcription factors, enhancers,

and inhibitors of mineralization initiated by mechanical forces acting

To build bone structure - mineralizing a collagen matrix and
remodelling it over time -, bone cells initiate a self-assembly process
monitored by the bone genetic regulatory network (GRN). Evidence has
proposed several theoretical approaches to understand what controls
bone mineralization and remodelling (Buenzli, 2015; Isaksson et al.,
2008; Rieger et al., 2011; Fritton and Weinbaum, 2009); unfortunately,
few of them address the main GRN components, their behaviour, and
the order they act on each other (Fisher and Franz-Odendaal, 2012;
Hojo et al., 2016; Xu et al., 2021). In our previous work, we detailed the
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on bone cells - called the canonical pathway (Wingless/Beta Catenin,
e.g WNT-p catenin pathway, mechanotransduction) - to build a bone
(Chekroun et al., 2022). However, the model proposed is limited to a
theoretical approach, and some parts of the bone GRN are missing -
such as one of the major enhancers of mineralization called BSP (bone
Sialoprotein).

Regarding interactions between stiffness and gene expression,
the canonical mechanotransduction pathway (e.g WNT-§ catenin
pathway) regulates how bone cell mechanoreceptors stimulation
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initiates bone mineralization (Chekroun et al., 2018; Komori, 2011;
Mullen et al.,, 2013; Robling and Turner, 2009; Yavropoulou and
Yovos, 2016). It can be activated at different scales by (i) the stiffness
of the extracellular bone matrix (Astudillo, 2015), (ii) shear forces
coming from fluid movements surrounding the cell (Wittkowske et al.,
2016), (iii) vibration propagated along the bone diaphysis (Fritton and
Weinbaum, 2009; Baron et al., 2020), (iv) tension coming from muscles’
contractions (Herrmann et al., 2020), or (v) compression coming from
body movements acting under gravity (Ruggiu and Cancedda, 2015).
Here, we are interested in the first mechanism of action which is how
alteration of the bone matrix stiffness activates the bone mineralization
pathway. Regarding the bone mineralization pathway, a sequence of
genes are known to be essential: (i) Runt-related transcription factor
2 (RUNX2), (ii) Osterix (0OSX) (iii) Special AT-rich sequence-binding
protein 2 (SATB2) which in turn initiates the production of iv) two
enhancers of mineralization, namely, bone sialoprotein (BSP) and alka-
line phosphatase (ALP), and of v) two inhibitors of bone mineralization
called osteocalcin (OC) and osteoponin (OPN) (Chekroun et al., 2018;
Boskey, 1989; Morgan et al., 2015; Schweighofer et al., 2016).

Mathematical modelling of networks emerges as a crucial comple-
mentary approach, capable of integrating qualitative and quantitative
information about network architecture and parameters to offer an
integrative platform for comprehending the outcomes of diverse genetic
perturbations and generating novel predictions. Evidence has already
proposed several theoretical approaches to bone mineralization and
remodelling (Buenzli, 2015; Isaksson et al., 2008; Rieger et al., 2011)),
but few of them (Chekroun et al., 2022; Komarova et al., 2003) describe
the role at the level of the cell. In our previous paper (Chekroun et al.,
2022), we detailed each production of transcription factors, enhancers,
and inhibitors of mineralization by using the canonical pathway of bone
GRN activation (Wingless/Beta Catenin) and modelled transcription
factors and bone protein production through Michaelis-Menten and Hill
function. As a result, we proposed two nonlinear differential equations
that fit well with the previously published experimental data. Compared
to empirical evidence - coming from in-vitro experiments culturing bone
cells on different stiffness and over time (Sun et al., 2018) -, the two
best systems used factors of inhibition from the start of the activation
of each gene. The difference between the two systems lay in the BSP
equation and two ways to activate and reduce its production and
revealed negative indirect interactions from negative feedback loops
and the recently depicted micro-RNAs, providing the first theoretical
evidence of osteoblast self-inhibition after activation of the genetic
regulatory network controlling mineralization. However, the model
lacked BSP data - a key contributor to mineralization (Bouleftour et al.,
2015; Ikegame et al., 2019; Tu et al., 2008) - and the time dependence
of our dataset appeared to be one of the significant limitations. Indeed,
evidence has shown that stiffness alterations of the extracellular matrix
from increased collagen crosslinking and mineralization is the primary
trigger of bone GRN activation (Astudillo, 2015; Depalle et al., 2018;
Berteau et al., 2015) and not time. Thus, stiffness should be the primary
input in a theoretical model that addresses epistatic genetic interactions
that govern bone mineralization through mechanotransduction and
the limits of our previous approach (Chekroun et al., 2022) was that
stiffness was not included in the model, explicitly.

The goal of our study was to establish how a specific part of the bone
Gene Regulatory Network (GRN) controls mineralization in response to
stiffness input. We hypothesized that a system of differential equations
model stiffness-sensitive gene regulation in human mesenchymal stem
cells through the epistatic genetic interactions between stiffness (e.g
WNT-p catenin pathway) and five of the main transcription factors and
bone proteins (e.g RUNX2, BSP, OSX, OC, and OPN). Our hypothesis
was that these interactions follow a system of nonlinear differential
equations. To test this hypothesis, we (i) performed in-vitro experiments
culturing bone cells on different stiffness, (i) adapted our previously
published model (Chekroun et al.,, 2022) from being continuously
time-dependent to continuously stiffness-sensitive, and (iii) simulated
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protein production in function of stiffness and other protein production
from the best estimate of parameters coming from the experimental
work.

2. Materials and methods

We used the following three-step method:

» Biological Experimentation: we investigated transcription or protein
production using a standard quantitative real-time PCR procedure
after Human Mesenchymal stem cells (hMSCs) culture under four
different stiffness: 8, 16, 32 and 64 kPa.

e Mathematical Modelling: we adapted our previously published
model from being continuously time-dependent to continuously
stiffness-sensitive.

e Simulation: we simulated bone GRN expression based on stiffness
input (i.e., mechanotransduction) and investigated protein-protein
interactions. In this study, we utilize the term “Gene Regulatory Net-
work (GRN)” to refer to a model representing the intricate interac-
tions among genes and their products that control gene expression
levels within a specific biological system, focusing on bone. The GRN
is a valuable tool for elucidating regulatory relationships between
genes and proteins, including transcription factors, mineralization
enhancers, and inhibitors, as they pertain to gene expression in the
bone GRN. This graphical representation aids in our understanding
of various biological processes, such as development, responses to
stimuli, and diseases, with a primary emphasis on bone mineraliza-
tion dynamics.

2.1. Biological experimentation

This experiment aimed to study the differentiation of Human Mes-
enchymal stem cells (hMSCs) into osteoblast. To do so, we used a qRT-
PCR standard procedure to determine the fold change of proteins and
transcription factors of hMSCs cultured on a petri dish coated with dif-
ferent stiffness and compare it to the fold change in hMSCs not cultured
(control). qRT-PCR measures RNA transcripts rather than proteins or
transcriptors factors themselves; therefore, in our study of the bone ge-
netic regulatory network, we used RNA levels as proxies for protein ex-
pression (Sanders et al., 2014). Four coatings with different stiffness
values (8, 16, 32, and 64 kPa, a sequence that increases by a factor of
two between each value, covering the commonly used minimum and
maximum stiffness thresholds for mechanotransduction) were used to
trigger transcription factors and protein production (RUNX2, BSP, OSX,
OC, and OPN). Three replicates were performed, and we determined the
relative fold changes in bone-specific proteins and transcription factors
at a timepoint of 1 = 336 h (= two weeks).

2.1.1. Sample preparation and cell culture

Human mesenchymal stem cells (hMSCs) were purchased from ATCC
(Manassas, VA, USA). The hMSCs at passage four and seeding density
of 1428 cm? were cultured in a-MEM medium (Fisher) containing16.7 %
FBS (Foetal Bovine Serum) (ThermoFisher, Waltham, MA, USA), one per
cent PSF (penicillin/streptomycin) (ThermoFisher, Waltham, MA, USA)
and one per cent L-glutamine (ThermoFisher, Waltham, MA, USA) in a
175 cm? cell culture flasks. The hMSCs culture was maintained at 37°C in
a humidified CO, incubator for 10 days with medium renewal every day
for the first two days and every three days for the rest of the culture. The
hMSCs were seeded with DMEM high glucose medium (ThermoFisher,
Waltham, MA, USA) containing 10 % FBS (ThermoFisher, Waltham, MA,
USA), one per cent PSF (ThermoFisher, Waltham, MA, USA), one per
cent L-glutamine (ThermoFisher, Waltham, MA, USA). 4 x 10° cells were
used as control samples.
We used CytoSoft® 6-well plate contains a consistent 0.5 mm thick layer
of silicone gel in each well, with its elastic modulus: 8, 16, 32 to 64 kPa
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Fig. 1. Representation of the WNT-§ catenin pathway used to trigger the epistatic genetic interactions modelled here that govern bone mineralization through
mechanotransduction (transcription factors RUNX2, OSX, and bone proteins BSP, OPN, OC) with their respective numbered chromosomes - BSP and OPN are on the
same (4). The red arrow signifies the downstream effect of Wnt activation, where nuclear p-catenin directly influences transcription within the bone GRN. Based on
the research results in Sun et al. (2018), Liu et al. (2020), the figure illustrates how mineralization increases the stiffness and the associated feedback loop of the
extracellular matrix on the bone Gene Regulatory Network (GRN). The gene regulation network and its interactions are described in grayscale with an example of
trend behavior for each protein when stiffness increases (RUNX2 increased, OSX decreased, BSP decreased, OPN increased, OC decreased).

to offer a range of substrate rigidities for cell culture, allowing for elas-
ticity modulation (i.e. changing the stiffness of the all substrate). Since
previous results (Sun et al., 2018) suggest that culturing hMSCs on
substrates with a stiffness of 62-68 kPa promotes their differentiation
into osteoblasts, here the chosen stiffness values (8 kPa, 16 kPa, 32 kPa,
and 64 kPa) represent a range of mechanical properties that bone cells
might encounter in various physiological conditions during growth, ag-
ing, mineralization. These values, while much lower than the GPa range
typically reported for macroscopic bone tissue stiffness, are designed to
mimic localized microenvironments or specific experimental substrates.
This controlled setup allows us to test the hypothesis that stiffness-
sensitive gene regulation influences mineralization.

2.1.2. QRT-PCR sample

RNA purification and quantification were performed using TRIzol
and GlycoBlue (ThermoFisher, Waltham, MA, USA). CDNA synthesis
followed SuperScript " III First-Strand Synthesis SuperMix for qRT-PCR
protocol’s directions from Invitrogen (Carlsbad, CA, USA). CDNA dilu-
tion and qRT-PCR followed the TagMan Gene Expression assay proto-
col’s directions from Applied Biosystems (Foster City, CA, USA).

2.1.3. Acquisition protocol

The differentiation of the hMSCs into osteoblasts was assessed
by measuring the relative fold change in bone-specific proteins and
transcription factors, RUNX2, BSP, OSX, OC, and OPN, using a stan-
dard quantitative real-time PCR procedure. We used the follow-
ing probes RUNX2 (Hs01047973_.m1) OC/BGLAP (Hs01587814_g1)
IBSP/BSP (Hs00913377_m1) SPP1/0PN (Hs00959010_m1) Osterix/SP7

(Hs01866874_s1) GAPDH (Hs02786624_g1) through TagMan ™ (Ther-
moFisher, Waltham, MA, USA).

2.1.4. Data extraction

PCR results were extracted using the One Step software v from Ap-
plied Biosystems (Foster City, CA, USA) under a table format. The qPCR
results were determined based on the threshold cycle numbers (CT) de-
tected in the instrument and the comparative CT method was used to
calculate the fold change of each gene investigated relative to the con-
trol.

2.1.5. Statistical analysis

PCR data were analysed for (i) normality using Shapiro-Wilk test ; (ii)
parametric or non parametric relationship using Pearson and Spearman
correlation indices, respectively. We used IBM Corp. Released 2023. IBM
SPSS Statistics for Windows, Version 29.0.2.0 Armonk, NY: IBM Corp.

2.2. Mathematical modelling

We set up a new model - where each variable and parameter are
described in Table 1 - to assess GRN protein concentrations with re-
spect to several stiffness points but only a one-time step. We introduced
a simplified model for the stiffness feedback loop (Fig. 1). Thus, we
split our previous system (Chekroun et al., 2022) into five sub-models
of two equations describing the increase of stiffness and the production
of each transcription factor, nucleator, and inhibitor. Thus, we built a
novel stiffness-sensitive model with four stiffness values (8, 16, 32, and
64 kPa) for simulating the impact of stiffness on transcription or protein
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Table 1
Non-negative variables and parameters considered in our models. Note
that all variables E, Ry, By, Op, Oc and Oy are time-varying for ¢ > 0.

Variables Description

E, Stiffness

Ry RUNX2 concentration
Bg BSP concentration
Op OPN concentration
O¢ OC concentration

Oy OSX concentration
Parameters Description

Sensitivity constants of Hill functions
Degradation rate or interaction through a non
canonical pathway with other components
Saturation levels for each concentration
Saturating weight

RssNR, Mg sNo,s No.s Mo,

Hs>HR,sHpg>Ho,> Ho.s Hoy

ks;kr,skpgsko, ko ko,

AR, Ap,0c, Ap, Ay

production (RUNX2, BSP, OSX, OC, and OPN). The objectives of the pro-
posed model are then to (i) reject or accept the interaction assumptions
between a continuous stiffness and the different GRN elements, (ii) fit
the data according to stiffness by eliminating the role of time for RUNX2,
BSP, OPN, OSX, and OC. Each model equation is structured in two parts
(Chekroun et al., 2022): a positive part representing the growth of stiff-
ness and the activation of polypeptides, and a negative part describing
the decrease of stiffness impact the concentration loss of polypeptides
(by degradation or recruitment). Here, we neglect the stiffness action in
the degradation part to homogenise the sub-equations.

2.2.1. Positive part and general model

For the positive part, we describe the stiffness saturation and the
polypeptide concentration by a version of the Hill function, inspired by
the one in Chekroun et al. (2022). The expression of the function is, for
allx>0and y >0,

. ky"
) = m,

k>0, b>0, n€(—c0,+00), 1)
where y is the stiffness or concentration of polypeptide and x is the con-
centration of polypeptide interacting with y. The parameters k and b are
real positive numbers, and # is a real number describing the saturation
level, activation coefficient, and sensitivity term (see Chekroun et al.,
2022 for the details). When » is positive, the function describes the in-
crease in the first phase, and when y is equal to the activation coefficient
b, the function reaches the half maximum point, and then the function
saturates in the second phase. We add the action of polypeptide x or
the action of stiffness to the function of Hill by the product x"y", which
slows down or accelerates the function according to the reaction of x
at the first phase. When » is negative, the reactions are the inverse of
the previous case, that is, functions are decreasing with respect to x or y
(see Section 2.2.2 for its explicit formulation. Figs. 2 (n positive) and 3
(n negative) show the influence of Hill coefficient n and the interaction
of the element x in the Hill function. At this stage, it is crucial to em-
phasize that Hill functions are commonly used in biological models to
represent saturation effects and molecular interactions (Ferrell, 1996).
Given this widespread application, it is logical to adopt a Hill function
to describe polypeptide interactions in our model. Specifically, we draw
on Ferrell’s research (Ferrell, 1996) to justify our choice, particularly in
the context of chemical kinetic cascades that require reaching a certain
concentration threshold before activation occurs.

While alternative S-shaped functions exist, we view them as primar-
ily phenomenological and not biologically grounded. Functions such as
the arctangent, hyperbolic tangent, or various polynomial or exponential
ratios might have been considered, but they may lack the mechanistic
justification that the Hill function provides from our point of view. Fur-
thermore, given the limited understanding of the biological processes
involved and the sparse experimental data available — both in terms of
time and stiffness — our approach is to minimize speculative assump-
tions and instead present the simplest, most mechanistically plausible
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model. Thus, we deliberately choose the Hill function due to its strong
alignment with biological mechanisms.
Regarding the influence of E, or x; on themselves, we propose a biolog-
ical hypothesis where self-regulation is framed as a negative feedback
loop. Specifically, we suggest that increasing stiffness affects the growth
rate of the x; component, ultimately leading to a decelerating effect. This
interaction is central to our conceptual framework.
Finally, the term y” in x")" is a standard feature of the Hill function. The
novelty in our approach lies in replacing a constant with x", a decision
informed by our previous work (Chekroun et al., 2022), which identifies
a deceleration effect tied to different polypeptides.

The general system to describe the interactions between the stiffness
and each element of GRN is then given by the following system, for 7 > 0,

dE kgE"S
y Sy
o - 5 EBousk
b 4+ Z(a-xf's YE!S
S 1 y
pr i )
ko x
dx. X
! =X'—'nx,»—/4xix,-, i=1,.5,

dr TLx; Mxj Mx;

dt b+ E,"x
where E, represents the stiffness and x; represents for simplicity the
different elements of GRN (RUNX2, BSP, OPN, OSX and OC). Note that
for clarity and simplicity we write E, and x; instead of E,(#) and x;(7).
This simplification of the notation is applied throughout the rest of the
paper. For 7 > 0, we thus denote
x1(1) 1= Ry(), x,(0) i= Bg(t), x3(0) := Oc(t), x4(1) :1= Op(r) and

x5(1) 1= Ox(1). 3)
Also, we set

a i=ag, @ =ap, o3 =ac,

ay :=ap and a5 :=ay.

2.2.2. Negative part

In the proposed model, we allow n, , i = 1,.,5, to be positive or neg-
ative. If one of these parameters is negative, the associated equation can
be written equivalently as, for ¢ > 0,

dx; ke Ey i
—_— = X, — fi, X,
i g g
b, +E,"x,
with
. T . Mx;
m, i=-n.>0 and k, 1=kb. "

2.2.3. Stiffness-dependant model

So far, the variations in protein concentration and mineralization
depend on time. It is crucial to emphasize at this juncture that the
utilization of time-varying differential or partial differential equations
characterizes most models about the evolution of proteins over time.
These equations are subsequently juxtaposed with experimental time-
series data to elucidate and validate parameter values. In our specific
circumstance, this methodology was not applicable due to the restric-
tion of having access to data at only a single time point. Consequently,
employing time-varying differential equations appeared incongruous.
Nevertheless, as variations in protein concentration were provided as
a function of changes in stiffness as mentioned in the Experimental Re-
sult subsection and illustrated in Fig. 4, we were compelled to devise
a means of transmuting our time-varying equations into equations con-
tingent on stiffness. The ensuing sections expound precisely upon this
method. To obtain an equation showing variations with respect to stiff-
ness, we proceeded in the following way: to get rid of the time variation
from the System (2), we divided each side of the equation in x; by the
equations in E,. For technical reasons, we assume that the output of
two equations is bounded and that the output of the stiffness equation
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is different from zero. We end up with only one differential equation of
x; with respect to the stiffness given by

n

g+l D S N 5
dx; (ki x; = i X (b +x,ESO)bE + X (e

- 1 My N
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(C)

The initial condition for stiffness is equal to 8 kPa for each GRN
element x; (see Fig. 4). System (2) is a system of two equations
depending on i, which we consistently refer to as System (2). For
Eq. (4), it actually represents several equations depending on i, but
we refer to it in the text as Eq. (4). It is formally assumed that the
denominator in Eq. (4) is nonzero (see the second point of the Remark
below).

Remarks.

1. Our decision to treat stiffness not as a fixed quantity, but as an
evolving one (hence the use of the variable y in our equations), is moti-
vated by the fact that stiffness changes over time due to the progressive
mineralization of the collagen matrix. As osteoblasts release varying
concentrations of proteins x;, the matrix stiffens, making stiffness a
time-dependent quantity linked to protein dynamics. However, since
experimental data only provide a single time point (+ = 336 h) without

initial conditions, fitting time-dependent simulations to Fig. 4 is not
feasible. We therefore adopted a reverse approach: each experimentally
measured stiffness value is assumed to elicit a specific osteoblastic
response via protein release. This assumes a closed (autonomous)
system with a feedback loop, where osteoblast mechanosensors detect
and respond to stiffness. Our model thus emphasizes bidirectional
interactions—stiffness influences osteoblasts, which in turn modify
stiffness-rather than proposing a purely phenomenological, time-driven
description.

2. Another possibility would be to include additional events or pro-
cesses in this complex mechanism-something that could be biologically
relevant. However, our study focuses on a closed system as a first
approach. The inclusion of external factors such as time-dependent
events, pathological conditions, or other regulatory mechanisms will
be addressed in future work.

3. We note here that System (2) as well as the fact that E; =0 is
one of the steady states and using the Cauchy-Lipschitz existence and
uniqueness theorem, it is quite straightforward to justify that the first
equation of System (2) (which appears in the part of the denominator
of Eq. (4) - showing a negative term) cannot be equal to zero when
initial conditions are positive (which is our biological assumption).
Furthermore, it is straightforward to show that the solution remains
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Table 2

Table of the model parameters used for simulation presented in Fig. 5.
Stiffness Runx2 Bsp Oc Opn Osx
kg =0.9419 kp=08907914  kj = 0.6963 ke = 1.4582 kp=20248899  ky =0.167799
us = 0.052096 pp = 0.5226149 pup = 1.139299 He = 0.698099 pp =.022901 py =0.0792
bg = 1.000099 bg = 1.0046971 bg =1.113299 be = 0.965999 bp =1.151899 by =0.0918
ng =1230899  np=-0.4711  n,=0.6594 ne = 0.0462 np=-1.2103  ny =0.1706

ap = 1000599  a;=1012499  a. =0996599  ap=1.052399  ay =0.099299
positive. On the other hand, if a positive equilibrium exists, it could Table 3

cause the denominator in question to vanish. Given the highly nonlinear
nature of the system, it is difficult to analyze this issue analytically,
and we leave it for future work. However, numerical results suggest
that everything behaves correctly within the interval considered: the
derivative of x; with respect to E, remains well-defined and bounded.

The next step is to approximate the solution by an ODE scheme and
then used the Matlab© command Isqcurvefit to estimate the parameters.

3. Results

The results section of this article presents the findings of our inves-
tigation into the impact of microenvironment stiffness on bone cell be-
haviour and protein production. Through a combination of in-vitro ex-
periments culturing bone cells on different stiffness substrates, adapting
a previously published model from being continuously time-dependent
to continuously stiffness-sensitive, and simulating protein production in
relation to stiffness and other protein production based on the best esti-
mate of parameters obtained from the experimental work, we were able
to collect the following Experimental Results and Simulation Results.

3.1. Experimental results

Our experimental findings, as illustrated in Fig. 4, delineate a dis-
tinct pattern in protein production in response to varying microenvi-
ronmental stiffness. Specifically, we observed an augmentation in the
production of RUNX2, OSX, and OC with increasing stiffness, while BSP
and OPN exhibited a decrease in production under the same conditions.
These stiffness-sensitive trends were discerned at a timepoint of t = 336
h (that is two weeks), affirming the pivotal role of the microenviron-
ment’s physical attributes in regulating bone cell behaviour and protein
production. The observations validate that heightened stiffness corre-
sponds to increased RUNX2, OSX, and OC production, peaking at 64 kPa.
Conversely, BSP and OPN showcase reduced production under height-
ened stiffness, with BSP reaching its zenith at 16 kPa and OPN at 8 kPa.
Examination of RUNX2 reveals maximal expression at 64 kPa, contrast-
ing with minimal expression at 8 kPa. In the case of OC (Osteocalcin),
the pinnacle of expression occurs at 64 kPa, while minimal expression
is noted at 16 kPa. Simultaneously, OSX (Osterix) manifests maximal
expression at 64 kPa and minimal expression at 16 kPa.

3.1.1. Statistical analysis

PCR data were normally distributed for BSP, OPN, RUNX2, and OSX
and not normally distributed for OC and stiffness ; no parametric rela-
tionship was found, non parametric relationship between RUNX2 and
stiffness was found (Spearmanp = 0.713, p = .009).

3.2. Simulation results

The simulation results in Fig. 5 show a remarkable agreement with
the experimental data collected given in Fig. 4. We simulated protein
production in response to varying stiffness continuously. For the simu-
lations, we solved the nonlinear ordinary differential Eq. (4) using an
explicit Runge-Kutta method. The state variables x;, i = 1,2,3,4,5, rep-
resenting elements of the GRN, were approximated with respect to the

The resulting simulations with respect to stiffness for estimation of
parameters, maximum values are in bold. Each row corresponds to a
different specific stiffness value (E), expressed in kilopascals (kPa),
while each column represents a specific factor or protein, namely bone
Sialoprotein (BSP), Runx2, Osteocalcin (OC), Osteopontin (OPN), and
OSX. Values used are in Table 2 with the max values in bold. The pro-
duction of BSP, Runx2, OC, OPN, and OSX is influenced differently as
stiffness changes with certain proteins showing maximum production
at higher stiffness levels and others at lower levels.

Stiffness (kPa) BSP Runx2 oC OPN 0sX

8 6.7856 1.9464 3.0188 48.6461 2.3479
11.3 7.2128  2.1006 2.8009 48.1026 2.2963
64 5.2542 2.6493  3.8227 425320 2.9955

stiffness E, considered as a variable here. Parameter estimation was
done using the least squares method. This standard method allowed us
to have the curve that as close as the data by minimizing the sum of the
squares of the residuals. Here, the residuals are the differences between
the observed values (true data points) and the predicted values produced
by the model. Our findings were consistent with the trends observed in
the in-vitro experiments. Specifically, the model accurately predicted in-
creased RUNX2, OSX, and OC production and decreased BSP and OPN as
the microenvironment stiffness increased. These results suggest that our
model effectively captures the underlying mechanisms that govern the
behaviour of bone cells in response to mechanical stimuli. Regarding the
resulting simulations with respect to stiffness, our results indicate that
OPN reaches its maximum at a low stiffness of 8 kPa. At the same time,
RUNX2, OSX, and OC exhibit their maximum production at the highest
stiffness value of 64 kPa. Interestingly, the maximum production level of
BSP occurs at an intermediate stiffness value of approximately 11.3kPa,
which presents a unique and intriguing pattern compared to the other
proteins (Table 3). In addition, we conducted a 3D phase space simulat-
ing 2 protein interactions with respect to stiffness (Fig. 6) and focused
on the effects of varying stiffness and protein production levels on bone
cell behaviour. By utilizing our stiffness-sensitive model and experimen-
tal data, we predicted the production of various proteins and transcrip-
tion factors, including RUNX2, OSX, OC, BSP, and OPN, in response to
changes in both stiffness and other protein productions. We unfolded
one example of OPN-BSP-OC interactions (Fig. 7).

In the context of our study, it is crucial to clarify that our approach
does not align with a typical validation process. Instead, the chosen
parameter estimation method was meticulously designed to minimize
differences between computational simulations and real-world observa-
tions. Consequently, the agreement observed when comparing experi-
mental results with the model’s predictions was expected. To enhance
the study’s rigour, two main strategies were employed. Firstly, a new
data point was introduced to strengthen the validation, with further de-
tails provided in the recommended section and subsequent discussion.
Secondly, a precise parameter fitting approach was implemented, cal-
ibrating all stiffness coefficients except for a single instance. Looking
ahead, future research should consider expanding the dataset beyond
conventional benchmarks and exploring alternative modelling methods
to deepen the findings.
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Fig. 4. Production of BSP, OPN, RUNX2, OC, and OSX under different stiffness values from 8 to 64 kPa, achieved through various coating methods. The plastic
substrate, corresponding to the uncoated petri dish, is also reported; while its stiffness is not experimentally controlled, it typically ranges between 2 and 4 GPa.
The results are taken at r = 336 h (= two weeks). Error bars depict a single standard deviation of the mean data acquired per RNA purification and quantification
(relative fold change) for the RNA transcripts of bone-specific proteins and transcription factors analyzed in this study.

Remarks.
These simulations provide insight on four key fronts.

1. First, some results reinforce previously reported experimental obser-
vations, lending credibility to the model’s structure and assumptions.

2. Second, the model enables predictive analysis by extrapolating be-
yond available data, offering testable scenarios that extend current
biological understanding.

3. Third, these predictions give rise to new hypotheses regarding the
regulatory mechanisms at play, which could guide future lines of
investigation.

4. Fourth — and perhaps most importantly — this framework identifies
potential avenues for experimental validation, thereby linking the-
oretical modeling and empirical research in a productive feedback
loop.

It is important to emphasize that the model presented here is dynamic
and intentionally designed to remain flexible. As new experimental data

become available,the model can be readily updated and recalibrated,
improving its accuracy while reducing reliance on conjecture. Once ap-
propriately validated, this framework could serve as a versatile tool for
exploring a range of biological conditions,including pathological dys-
regulations, through targeted adjustments of its para-meters.We also ac-
knowledge the limitations of the current version of the model. As a first
attempt to capture the complexity of the system under study, it necessar-
ily simplifies some aspects of the biological reality. Nonetheless, it offers
a rigorous foundation upon which more detailed and nuanced represen-
tations can be built.In this sense, the present work lays the groundwork
for a progressive refinement of theoretical models capable of describing
biological phenomena that are currently difficult-or even impossible-to
observe directly.

4. Discussion

Our theoretical approach depicts the mechanism of epistatic genetic
interactions that control mineralization through mechanotransduction.
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Here, we captured the behaviour of the bone GRN portion that contains
mineralization according to stiffness. We showed that the epistatic ge-
netic interactions follow a system of nonlinear differential equations.
First, by performing in-vitro experiments culturing bone cells on differ-
ent stiffness, we provided data regarding BSP, OPN, RUNX2, OC, and
OSX production at t =336 h (= two weeks); second, we adapted our
previously published model - from continuously time-dependent - to
continuously stiffness-sensitive; third, we optimized our model based
on the novel experimental results and depicted how the production of
transcription factors RUNX2 and OSX are stimulated by mechanotrans-
duction and how the outputs of BSP, OPN, and OC are altered.

In our experimental results, we present a novel dataset capturing
the key elements of the bone GRN in response to stiffness stimulation of
human mesenchymal stem cells. This approach mimics mechanotrans-
duction by using substrates of varying stiffness to activate the WNT-g
catenin pathway. However, the statistical analysis provided here and the
empirical observation associated do not fully capture the complex pro-
duction patterns regulated by the bone GRN under stiffness activation.
Indeed, among the tested elements, only RUNX2 demonstrated a qual-
itative correlation (Spearman correlation) with substrate stiffness. To
enhance empirical observation, in our previous work (Chekroun et al.,
2022), we proposed a condensed, simple, and theoretical version of the
bone GRN involved in the mineralization of the bone matrix, and we
built a model consisting of a system of nonlinear differential equations.
While we depicted the direct interactions between the genes coding for
the transcription factors and those coding for the bone proteins (e.g. en-
hancers or inhibitors of mineralization), we did not take into account the
impact of stiffness that is key to mechanotransduction and bone miner-
alization pattern.

Here, in the initial phase of our investigation, the focus centred on
a singular time point. Our validation methodology was crafted with
consideration of stiffness dependence, formulated to mitigate discrep-
ancies between computational simulations and empirical observations.
The anticipated congruence between experimental outcomes and model

predictions was attained through a standard parameter estimation. A
novel data point was introduced to augment the study’s robustness, and
a precision-driven parameter fitting approach was implemented, exclud-
ing a sole coefficient. In contrast to antecedent investigations, our pa-
rameterization was not merely transposed but underwent refinement
based on novel data. We adjusted our parameters using a time series
data set and modelled transcription factors and bone protein production
through the Michaelis-Menten and Hill functions. Indeed, the general
system - to describe the interactions between the stiffness and each ele-
ment of GRN - is given by a system that uses the Hill function. Compared
to arctangent or polynomial modelling where only phenomenological
explanation has been established, the Hill function - and its particular
case of Michaelis Menten - is one of the most used models in theoret-
ical biology because of its mechanistic understanding (Somvanshi and
Venkatesh, 2013). The classic Hill Equation is often used to describe the
evolution in time of the biological interactions that exhibit cooperativity
among two binding molecules (like the one we used in Chekroun et al.,
2022). However, it appeared here not to be adapted at all to our new
experimental data where only a one-time step was measured (r = 336 h)
for four stiffness inputs that are 8, 16, 32, and 64 kPa. Indeed, with such
a data set, it is impossible to consider our previous approach. To answer
this major concern, we adapted our model to stiffness, and we showed
the results of simulations of RUNX2, BSP, OPN, and OC. As previously
stated, only a non parametric relationship between RUNX2 and stiffness
was found (Spearman p= 0.713,p= 0.009), experimentally. Regarding
the numerical results, the model parameters were estimated using the
nonlinear least squares method. The quality of the model fit was as-
sessed visually, with the model demonstrating a strong agreement with
the experimental data - staying within the standard deviation. Parame-
ter estimates and model behavior were interpreted based on their ability
to reproduce the observed trends. Regarding the maximum production,
our results from Fig. 5 depict pretty well that OPN is at its maximum
production when the stiffness is low (8 kPa), and the RUNX2, OSX, and
OC are at their maximum when stiffness is at their maximum as well
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The curves are drawn from Eq. (4).
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(64 kPa). Interestingly, BSP has the most intriguing behaviour since its
maximum arrives at around 11.3 kPa. Our results show that at the start
of the WNT-g catenin activation, we observe an OPN and BSP production
enhancer action. For instance, the best candidate could be Micro-RNA
214 (Xin et al., 2020) which has been shown to act on BSP directly. Re-
garding other candidates, miR-9 upregulates BSP (Liu et al., 2016) with

Col 1 - which could work with the increase in stiffness - and OC, which
contradicts our results. Regarding OPN, which reaches a maximum at
low stiffness, MicroRNA-21 is a candidate for OPN production enhancer
(Oka et al., 2021). It also enhances RUNX2 and OSX, reaching their
maximum of 64 kPa. In addition, the Slug gene has been described as
positively correlated with osteoblast markers, including RUNX2, OPN,
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OC, WNT-$ catenin signalling mediators, and mineral deposition. How-
ever, how Slug gene can regulate its sequence through micro-RNA pro-
duction remains an open question. Another common mechanism to en-
hance osteoblast differentiation is via miRNA-mediated suppression of
Wnt inhibitors (i.e., DKK1 or GSK3p) or via targeting negative regulators
of RUNX2 (i.e., SMAD6 or SMURF2) (Hensley and Mcalinden, 2021).
Thus, knowing the cascade of positive micro-RNA action remains an
open question in osteoblast differentiation.

Furthermore, when we plot OPN production versus RUNX2 production
and OC production versus BSP production in Fig. 7, we show that OPN
production decreases faster when RUNX2 production gets larger. BSP
production increases when OC production decreases. However, when
BSP production is too large, OC production no longer decreases. In ad-
dition, OC production seems to impact BSP production with a negative
feedback-like. We have quantified how stiffness starts the production
of the first bone GRN transcription factor (RUNX2) that turns up the
production of OSX, which activates SATB2. Then, SATB2 starts the out-
put of the first enhancers of mineralization (BSP) which induces both
the second enhancers (ALP) and the two inhibitors (OC and OPN) of
bone mineralization. When considering three elements (in Fig. 6), stiff-
ness alterations directly impact OC and BSP production, while it does
not seem to impact OPN production drastically. In Fig. 6, we describe
the impact of the stiffness on each bone GRN element (positive in green
and negative in orange). In addition to this straightforward pathway, we
noticed a phenomenon of stiffness reduction. While it does not have a
biological explanation, it can be understood by looking at how we model
the canonical mechanotransduction pathway (e.g., the WNT-p-catenin
pathway activated by stiffness). This pathway depicts how bone cell
mechanoreceptor stimulation initiates bone mineralization (Chekroun
et al., 2018; Komori, 2011; Mullen et al., 2013; Robling and Turner,
2009; Yavropoulou and Yovos, 2016). In our modelling strategy, we
globalize the entire pathway in terms of Stiffness, which means that
a decrease in stiffness has to be understood in terms of inhibition of
the canonical pathway itself. Several molecules have been depicted has
WNT-f catenin inhibitors, such as Dkk proteins and sclerostin (Kim
et al., 2013) at the extracellular level, or micro RNAs (Lei et al., 2020),
complicating the selection of one molecule over another.

Our study’s limitations fall into three primary categories. First, temporal
constraints arise from relying on data collected at a single time point,
limiting our ability to capture the dynamic temporal evolution of biolog-
ical processes comprehensively. Here, we focused on the outcomes after
the differentiation steps, rather than during the differentiation phase.
To minimize the impact of the differentiation process and ensure that
we were observing only the effects of stiffness stimulation, we extended
our investigation beyond the previous one-week period. Second, dataset
limitations encompass the potential lack of representativeness, urging
the need for broader data acquisition initiatives. For instance, we could
investigate experimentally Stab2 and ALP to capture the full picture
of the bone GRN. In addition, the following genes, Smad6, Sox2, and
ATF4, hold significant roles in diverse signalling cascades and cellular
functions despite their exclusion from our study focused on the canon-
ical WNT beta-catenin pathway (Wang et al., 2014). Smad6’s modu-
lation of BMP signalling, Sox2’s involvement in embryonic develop-
ment and pluripotency, and ATF4’s contributions to stress responses and
metabolic regulation underscore their versatile roles (Basu-Roy et al.,
2010; Makowski et al., 2014). While our investigation concentrated on
the canonical pathway within osteoblast differentiation, these genes of-
fer intriguing avenues for future research to unravel their broader im-
pact on cellular processes. Additionally, the absence of a comparative
analysis with alternative methodologies, along with the inherent as-
sumptions and simplifications in our model, indicates areas for future
research refinement and exploration. These identified limitations collec-
tively guide our understanding of the study’s constraints and underscore
areas for ongoing refinement and advancement in the exploration of in-
tricate biological dynamics.

In our previous paper (Chekroun et al., 2022), we provided the first
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theoretical evidence of a necessary genetic inhibition for bone miner-
alization. Compared to empirical evidence, we had to use an inhibition
factor in each equation modelling each element of the bone GRN. It re-
vealed the negative indirect interactions from negative feedback loops
or the recently depicted micro-RNAs. Here, our new approach concludes
that, when considered under the stiffness perspective, and not only on
time, the fitting process brings more information and allows us to ex-
plore the influence of the time and stiffness on the protein concentra-
tions. When considering that stiffness comes from the mineralization
process of the collagen matrix, it is possible to simulate protein concen-
tration alterations with respect to time and stiffness, considering con-
tinuous feedback control. Thus, we can predict the maximum concen-
tration depending on the stiffness of the matrix, and we can predict the
other protein productions - or the extracellular matrix stiffness - while
inputting only one data. To summarise our computational findings, they
suggest a complex interplay between various elements in the bone gene
regulatory network (GRN) influenced by stiffness alterations. The pro-
duction of key transcription factors (e.g. RUNX2) is initiated by stiffness,
leading to a cascade of events involving other elements such as OSX and
SATB2. This cascade ultimately affects the production of enhancers of
mineralization (BSP and ALP) as well as inhibitors (OC and OPN). The
relationship between OC and BSP production appears to involve a neg-
ative feedback-like mechanism. Stiffness alterations directly impact OC
and BSP production, with a less pronounced effect on OPN production.
Despite the promising findings, the study’s limitations should be ac-
knowledged. The reliance on a single time point restricts the ability
to capture the dynamic, time-dependent nature of gene regulation and
mineralization. Future studies incorporating longitudinal data will be
crucial for validating and refining the model. Additionally, the exclu-
sion of certain key genes and alternative signaling pathways, such as the
non-canonical WNT pathway and other miRNAs, points to areas for fur-
ther exploration. Here, while focusing on osteoblast differentiation from
mechanotransduction, there are the broader roles of Smad6 (SMAD fam-
ily member 6), Sox2 (sex-determining region Y)-box 2), and ATF4 (Ac-
tivating Transcription Factor 4) in diverse pathways (Wang et al., 2014;
Basu-Roy et al., 2010; Makowski et al., 2014). For instance, Smad6, cru-
cial for BMP signalling and bone morphogenesis, exhibits broader rel-
evance in immune responses. Sox2, pivotal in embryonic development,
extends its influence on neural development, tissue regeneration, and
cancer progression. ATF4, integral to osteoblast function, plays a signif-
icant role in stress responses and metabolic regulation. Thus, expanding
the dataset to include more variables and a broader range of stiffness
conditions could refine our understanding of bone mineralization and
its regulation.

This study holds significant implications for advancing bone research,
particularly in understanding the role of stiffness in bone mineraliza-
tion and gene regulation. By incorporating stiffness as a critical factor
influencing the bone gene regulatory network (GRN), our model pro-
vides a deeper understanding of the complex mechanisms governing
bone formation. The predictive capabilities of our approach are particu-
larly valuable for clinical applications, especially in the development of
targeted treatments for bone diseases like osteoporosis, osteogenesis im-
perfecta, and bone fractures. By simulating how stiffness affects protein
concentrations and gene activity, this model could help identify new
biomarkers and therapeutic targets, leading to more effective strategies
for promoting bone regeneration and healing.The predictive power of
our model also has broad applications in the design of biomaterials and
implants, particularly in the field of tissue engineering. By accounting
for the mechanical environment of bone, we can better design scaffolds
and materials that mimic the natural stiffness of bone tissue, enhancing
the success of bone grafts and improving patient outcomes. Moreover,
the identification of key transcription factors and their interactions with
stiffness provides an opportunity to develop therapies aimed at modu-
lating the GRN, potentially improving bone formation and mineraliza-
tion. Our study also contributes to the growing field of mechanobiology,
highlighting the essential role of mechanical cues in regulating cellular
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behavior. This approach could be extended to other tissues and organs
that are sensitive to mechanical forces, such as cartilage, muscle, and
vascular tissues, broadening the scope of the study’s impact. The inte-
gration of micro-RNAs into our model further opens up new avenues for
molecular-based therapies. By targeting specific micro-RNAs that modu-
late gene expression in response to stiffness, we can potentially fine-tune
the osteoblast differentiation process and improve tissue healing.

In conclusion, while our study offers valuable insights into the role
of stiffness in bone gene regulation, further refinement of the model
and experimental validation will be necessary to fully realize its poten-
tial. However, the study lays a solid foundation for the development of
predictive models that can guide clinical interventions, enhance bone
health, and advance tissue engineering technologies.

5. Conclusion

Our theoretical framework manages to unravel the complexities of
mechanotransduction, providing unique insights into the genetic con-
trol of mineralization. Acknowledging limitations, such as reliance on a
single time point and dataset constraints, our study highlights stiffness-
sensitive patterns in key protein production. While OPN peaks at lower
stiffness (8 kPa), RUNX2, OSX, and OC reach maximum levels at higher
stiffness (64 kPa). BSP’s behaviour adds intrigue, peaking at 11.3kPa.
Despite limitations, our findings open avenues for understanding genetic
impacts on bone mineralization and predicting mechanical properties,
marking a significant stride in precise regulation at the genetic level.
The relationship between OC and BSP production appears to involve a
negative feedback-like mechanism. Stiffness alterations directly impact
OC and BSP production, with a less pronounced effect on OPN produc-
tion.
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