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» Developed an integrated multiscale model linking tissue, cellular mechanics, and gene regulation in articular cartilage.
» Coupled cellular mechanical forces to gene regulatory networks using Hill’s function approach.

« Calibrated Hill’s function parameters via a genetic algorithm using experimental cartilage explant compression data.

« Predicted spatial heterogeneity of chondrocyte activity and cartilage biomarker expression under cyclic compression.

« Established a computational framework for studying cartilage mechanobiology and osteoarthritis therapeutic strategies.

ARTICLE INFO ABSTRACT

Keywords: Mechanical loading regulates chondrocyte health in articular cartilage. While physiological stimuli maintain
Multiscale modeling homeostasis, supra-physiological stimuli from joint injuries disrupt it, leading to osteoarthritis (OA). OA pro-
Articular cartilage gression involves complex mechanical and biochemical interactions across multiple length scales, which are
Mechanotransduction

Osteoarthritis
Gene regulatory network
Finite element analysis

mechanisms.

challenging to investigate experimentally. In silico models provide an effective framework to explore these

This study developed an integrated multiscale modeling framework for articular cartilage. It combined finite

element (FE) models at tissue and cellular scales with an intracellular gene/protein regulatory network. The
network incorporated key chondrocyte mechanotransduction and inflammatory pathways. It was implemented
using a semi-quantitative formalism, capturing the directional and qualitative interplay between mechanical and
inflammatory stimuli on chondrocyte biology, rather than quantitatively predicting absolute gene expression
levels. A Hill’s function was applied to link cellular forces from the FE model to a mechanical loading input to the
regulatory network. Hill’s function constants were calibrated through a genetic algorithm by matching simulated
and experimental gene expressions of COL-II and ADAMTSS in cartilage explants under 20% cyclic compression.

As a validation step, model simulations were performed at 10% cyclic compression of cartilage explants.
Predicted sGAG loss matched the trend of experimental data. COL-II and ACAN were overestimated and ADAMTS5
was underestimated compared with experimental data. These discrepancies are consistent with the semi-
quantitative nature of the model and are attributed to the simplified representation of inflammation-dominated
catabolic pathways at low mechanical loads in the current framework. Simulated chondrocyte responses at differ-
ent locations revealed spatial heterogeneity in chondrocyte activity. Overall, the multiscale modeling workflow
developed in this study represents a first step towards a powerful platform for mechanistically deciphering the
complex interplay of mechanics and inflammation in articular cartilage across multiple length scales.
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1. Introduction

Mechanical loading is a critical factor that regulates the health of
chondrocytes, the primary cells residing in articular cartilage. While
physiological mechanical stimuli are essential for chondrocyte home-
ostasis, supra-physiological mechanical stimuli, such as those occurring
during joint traumatic injuries, can disrupt stable cartilage homeostasis,
leading to catabolic processes that contribute to osteoarthritis (OA) [1].
OA is the most prevalent degenerative joint disorder, affecting over 595
million people globally and contributing to significant disability and so-
cioeconomic burden [2]. As populations age and obesity rates increase,
OA prevalence is expected to reach 1 billion by 2050 [2].

Understanding chondrocyte mechanobiology provides insight into
both cartilage degeneration and regeneration. Mechanical signal trans-
duction in cartilage is inherently a multiscale process. Mechanical loads
experienced by the joints during daily activities, propagate from the car-
tilage tissue to the chondrocytes [3,4]. Chondrocytes sense mechanical
stimuli through mechanosensitive receptors like integrins and ion chan-
nels such as TRPV4 and Piezo 1/2 [5-7], which initiate a cascade of
intracellular biochemical processes via mechanotransduction pathways.
Disruptions in these pathways can impair matrix maintenance, leading
to early damage in the pericellular region that gradually extends into the
extracellular matrix (ECM) [8]. Previous studies in the literature have
demonstrated the role of mechanical factors in cartilage damage at both
the tissue scale [9-11] and the cellular scale [3,4] by using in silico and
in vitro approaches.

In addition to being mechanosensitive, chondrocytes also respond to
pro- inflammatory cytokines. Although OA is not traditionally consid-
ered inflammatory, low-grade synovitis and cytokine signaling (e.g., IL-
15, TNF-«) play critical roles in disease progression [12-15]. Moreover,
mechanoregulatory and inflammatory signals are strongly intercon-
nected in cartilage. Below a certain threshold, mechanical loading may
dampen inflammation, but excessive loading can exacerbate it [16,17].

Given the importance of mechanics and inflammation in the patho-
physiology of articular cartilage, deciphering their crosstalk is essential
for understanding OA mechanisms and informing mechanotherapies or
pharmacological treatments. However, studying this complex interplay
experimentally is challenging due to the multiscale and multifacto-
rial nature of cartilage regulation. In silico models provide a powerful
platform to integrate these diverse mechanisms [18,19].

Several in silico models exist in the literature covering different as-
pects of mechanotransduction and inflammation in articular cartilage
[19]. Tissue-scale finite element (FE) models have been used to calcu-
late mechanical stimuli driving phenomenological models of cartilage
damage and remodeling [10,20] and have been further coupled with
inflammatory cytokine diffusion to study their combined effects on car-
tilage degeneration [21,22]. In more integrated approaches, tissue-level
FE models have been coupled with simplified biochemical pathways,
including growth factors and inflammatory mediators, yielding chemo-
mechano-biological models of cartilage [23-25]. However, these models
lack cellular-level mechanics and mechanistic insight into the intracel-
lular pathways triggered by mechanical and/or inflammatory stimuli.
While intracellular regulatory network models have captured these
signaling pathways in isolation [26-29], they remain disconnected
from mechanical models. Multiscale mechanical models have bridged
tissue- and cellular-level mechanics but lack insight into downstream
mechanobiological responses [30]. Thus, no existing model simultane-
ously captures multiscale mechanics, mechanistic intracellular signal-
ing, and mechano-inflammatory crosstalk, which are features essential
for understanding how combined mechanical and inflammatory stimuli
drive chondrocyte phenotypic changes and cartilage degeneration.

Our approach addresses these gaps by combining a multiscale FE
model of articular cartilage with a mechanistic chondrocyte intracel-
lular model, resulting in an integrated multiscale modeling workflow
for articular cartilage. The intracellular component used in this study
is semi-quantitative, intended to capture the directional and qualitative
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interplay between mechanical and inflammatory stimuli on chondro-
cyte biology, rather than to serve as a quantitative predictor of absolute
gene expression levels. In what follows, the different length scales in-
volved in the multiscale model are described as in Fig. 1, along with
explanations on connecting the length scales. A brief description of the
biological mechanisms integrated into the intracellular regulatory net-
works is provided along with the main principles of its implementation.
Subsequently, a genetic algorithm is used to calibrate the model parame-
ters against published ex vivo data. Finally, some validation activities for
demonstrating model credibility of the multiscale model are presented.

Joint and tissue scale

NS

Tissue
(m |

2mm
Displacements,
Pore pressure

Cellular scale

Cell

0.01 mm

4

L= Cellular force
© = Hill’s function (L)

< Intracellular

Intracellular scale

Fig. 1. Overview of the multiscale model workflow showing the different length
scales involved in an in vitro setup for cartilage compression. The black box
in the tissue scale for the cylindrical cartilage explant indicates the location of
the chondrocyte simulated in the cell level model. Black lines in the cellular
scale denote the fibril orientations in the ECM and PCM. The density of fibrils
in the figure is reduced from the actual implementation for better visualization.
0 =Mechanical loading input to networks, L= Cellular force from the FE model.
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2. Materials and methods
2.1. General workflow of the multiscale modeling approach

The general multiscale modeling framework developed in this study
consisted of three different in silico models, representing three length
scales as shown in Fig. 1. The models were mechanically coupled to each
other using a post-processing approach [31,32], such that the outputs
from a larger scale were used as inputs to drive a smaller scale model.
The general descriptions of the models are provided below in descending
order of length scales.

2.1.1. Organ and tissue scale

The largest length scale of the multiscale model workflow comprises
the organ and tissue scale. Organ is a general term used in the workflow
that can encompass an in vivo case (such as the knee joint) or an in vitro
setup that mimics the physiological mechanical loading in a joint. The
tissue scale focuses on articular cartilage, which is the primary tissue of
interest in this study.

The organ and tissue scales consisted of FE models of an in vitro setup
used in the study by Li et al. [17]. The setup consisted of a uniaxial
cyclic compression bioreactor that imposed mechanical loading on the
cartilage explant. The geometry and boundary conditions used in this
FE model are described in detail in Section 2.2.

Constitutive model of articular cartilage:

Articular cartilage was modeled as a fibril-reinforced poroviscoelas-
tic (FRPVE) material, as described in previous studies [33,34]. A detailed
implementation of the constitutive model has been discussed in our
previous study [35]. Briefly, this biphasic material model consists of
a solid and a pore-fluid component, with the solid component further
divided into fibrillar and non-fibrillar parts. The fibril structure was
implemented as a network with two primary and 24 secondary fibril
directions at each integration point. The non-fibrillar part of the carti-
lage, which primarily consists of proteoglycans, was modeled using a
modified Neo-Hookean law, as described in [36]. The total stress at an
integration point was given by:

ngo totf totf
X . A
Ot = J |:<1 - z p:‘) Onf + 2 p[co-:‘iso:| _PI (1)
i=1

i=1

where I is the unit tensor, n; is the initial solid volume fraction, J is
the determinant of the deformation tensor F, totf is the total number
of fibrils considered at each integration point, p’ is the volume fraction
of the i collagen fibril with respect to the total volume of the solid
matrix, o, is the stress in the non-fibrillar matrix, oy, is the stress in
the collagen fiber network. The material model was implemented using
the UMAT subroutine in Abaqus 2023 (SIMULIA, Providence, RI, USA).

Table 1 lists the values of the material parameters that were used for
the simulations, obtained from Julkunen et al. [37] for bovine cartilage.

Table 1

Material parameters of the cartilage, extracellular matrix (ECM), pericellular ma-
trix (PCM) and the chondrocyte for bovine cartilage used in this study(obtained
from Julkunen et al. [37]).

Parameter Cartilage/ECM PCM Chondrocyte
Shear modulus of the non-fibrillar 0.9 0.9 0.017
matrix G,, [MPa]

Shear modulus of the collagen 0.9 0.9 -

matrix G,, f [MPa]

Material constants: E,, E, [MPa] 4.316, 19.97 0.4316, 1.997 -

Material constants: K, K, 16.85,41.49  16.85,41.49 -

Viscosity of collagen fibril # [MPa-s] 1.424 x 10° 1.424 x 10° -
Permeability constant « [m*/(N-s)]  1.767 x 1077 1.767 x 1077 2.6 x 10712
Nonlinearity term of permeability M 1.339 1.339 -
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2.1.2. Connecting tissue scale to cellular scale

To mechanically couple the tissue scale model with the cellular scale
model, a node-based sub-modeling technique was utilized in Abaqus.
Given the biphasic material behavior of cartilage, the global displace-
ments and pore pressure obtained from the tissue scale model simulation
were applied as boundary conditions to drive the cellular sub-model.
This post-processing method of connecting length scales enables simu-
lations of multiple cellular scale models at different locations within the
tissue scale model.

2.1.3. Cellular scale

The cellular scale was modeled as a cube of edge length 100 um,
consisting of a chondrocyte at its centroid, surrounded by its pericel-
lular matrix (PCM) and extracellular matrix (ECM). To approximately
satisfy mechanical consistency across spatial scales, the following con-
siderations were made: firstly, the ECM, which comprised 99.9% of the
total volume of the cube, was assigned identical properties to those of
the articular cartilage in the tissue-scale model. This choice was made
to maintain consistency in the material properties between the ECM and
the cartilage at the macroscale level. Secondly, the choice of a 100 pm
representative volume element (RVE) for the cube was based on previous
studies in the literature [32,38,39]. This size was selected to ensure that
the cell and PCM behave as a local inclusion within a sufficiently large
ECM, allowing the tissue-level displacement and pore pressure fields
applied at the cube boundaries to drive the cellular response without
introducing any boundary-related artifacts.

The 2.5 pm thick PCM layer was modeled as an FRPVE material,
with the 2 primary collagen fibrils oriented tangentially to the cell sur-
face [40,41] as shown in Fig. 1. Since the diameter of type VI collagen
fibrils, the predominant collagen type present in the PCM, is less than
that of type II collagen fibrils predominantly found in the ECM [42], the
collagen fibril stiffness in the PCM was assumed to be 10% of that in the
ECM [31,37].

The chondrocyte was modeled as a homogeneous, porohyperelastic
solid using the same modified neo-Hookean material model as used to
describe the mechanical behavior of the non-fibrillar matrix of cartilage
(Section 2.1.1). The chondrocyte was ellipsoidal in shape with its major
axis parallel to the cartilage surface [43,44]. The major and minor axis
diameters were 15 um and 6.5 um respectively. The material parameters
for the cell, ECM and PCM used in the study are shown in Table 1. The
ECM, PCM and chondrocyte were connected to each other using the ‘tie’
constraint in Abaqus, which ensured continuity of displacements and
pore pressures across the ECM-PCM and PCM-cell interfaces. A mesh
convergence study was performed for the cellular scale model as shown
in Supplementary Figure S2.

2.1.4. Connecting cellular scale to intracellular scale

In the FE model at the cellular scale, the total force (L) transmitted
to the cell via the PCM was determined as the scalar sum of the magni-
tudes of all nodal reaction forces acting on the nodes of the cell surface
connected to the PCM via the tie constraint, expressed as L = Y, |f/],
where f; is the reaction force vector at the i node. However, the total
force obtained could not directly be applied as the mechanical load in-
put to the intracellular regulatory network in the multiscale modeling
workflow. This was because the regulatory network is semi-quantitative
in nature (with the activity of each biomolecule representing a node
in the network ranging from 0-1) whereas the cellular force calculated
in the FE model was purely quantitative in nature (measured in new-
tons). To translate the cellular forces (L) calculated from the FE model
to a non-dimensional mechanical loading input (®) to the intracellu-
lar network, a Hill’s function was chosen, as cellular mechanosensing
is inherently nonlinear, saturable, and threshold-dependent [45]. This
formulation, as shown below, provides a smooth, bounded mapping be-
tween L and O, converting physical forces into a non-dimensional value
in the range [0,1] that is compatible with the regulatory network and
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can be calibrated using experimental data.

(1-6y)
K \"
1+ (%)
©, represents the basal level of mechanical load sensed by the
chondrocyte which is the mechanical load in the absence of any exter-
nal mechanical stimulus. Since chondrocytes can detect ECM stiffness
through focal adhesions via integrins [46], this basal load was assumed
to be 0.1. K, and n are constants for the Hill’s function. Physically,
K, represents the magnitude of L, at which © is halfway between its
basal value (®, = 0.1) and its maximum possible value (which is 1).
K, indicates the sensitivity of the cellular mechanosensors (primarily
the integrins, as will be discussed in the following section) to the me-
chanical force. A lower K, means the cell is more sensitive to smaller
magnitudes of mechanical loading. The value of n affects how sharply
the mechanical loading input function © changes as the L increases. The
values of constants K, and n were calibrated using experimental data as
discussed in Section 2.2.

0=0,+ 2

2.1.5. Intracellular scale: gene and protein regulatory network

The intracellular pathways triggered by mechanical loading were
modeled starting from a gene and protein regulatory network. In this
network, nodes represent key biological components (proteins or genes)
involved in chondrocyte biology. Directed edges between nodes sig-
nify interactions or activating/inhibitory influences between source and
target proteins, or between transcription factors (TFs) and their target
genes. The network is structured into two interactive layers: one focused
on protein signaling and another on gene regulation. The protein sig-
naling network layer spans from the binding of growth factors to their
respective receptors, down to the TFs entering the nucleus. The gene
regulatory network (GRN) layer illustrates how transcription factors reg-
ulate the expression of target genes, which in turn code for proteins
involved in the signaling network. These two network layers are inter-
connected, as each biological component is represented by both a gene
in the GRN layer and its corresponding protein in the signaling network
layer. Together, the two network layers form an interactive knowledge
base for chondrocyte signaling.

The mathematical modeling of this network consisted of two distinct
steps: first, constructing the network by representing the topological in-
formation of intracellular biochemical processes as a directed graph,
and second, implementing a framework to simulate the dynamics of the
network. An explanation of these two steps is provided below.

Construction of the gene and protein regulatory network

The regulatory network was constructed using both knowledge-
driven (based on known biological principles) and data-driven ap-
proaches. The knowledge-based regulatory network was manually cu-
rated from the literature. It was complemented with data-driven network
inference to uncover de novo regulatory links, reveal previously unstud-
ied or undiscovered interactions, and minimize bias associated with
human literature curation. A detailed methodology of the regulatory
network construction can be found in Lesage et al. [29]. In the present
study, extensions were made to the previously published regulatory net-
work to include mechanotransduction, pro-inflammatory, and mechano-
inflammatory crosstalk pathways relevant to chondrocyte biology. A key
assumption was that 6 directly drives integrin-mediated and TRPV4-
mediated mechanotransduction pathways. Pro-inflammatory signaling
was simplified by representing all key mediators with a single cytokine
node, a necessary simplification to focus on mechano-inflammatory
crosstalk rather than receptor-specific signaling. Full pathway descrip-
tions are provided in Supplementary data S1. The complete network con-
sists of 74 nodes and 299 interactions, with key interactions illustrated
in Fig. 2.

Simulating the dynamics of the regulatory networks

The developed regulatory network was translated into a mathemat-
ical model using the additive formalism with priority classes developed
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by Kerkhofs et al. [47]. In this approach, biological interactions were
considered to occur on two distinct time scales: the fast (protein signal-
ing) and the slow (gene regulation) levels. Consequently, each biological
entity or node in the network could have both fast and slow upstream
regulators. The detailed mathematical formulation for the regulatory
network is described in Supplementary data S2.

The global activity of a node is defined as the product of its gene
expression level and the activation level of the corresponding protein.
Biologically, this measure reflects the node’s overall regulatory impact
on downstream neighbors, capturing both transcriptional activity and
functional protein activity. The activity of a node at the gene and
protein levels is determined by summing the effects of upstream acti-
vators, which enhance the node’s activity, and subtracting the effects of
inhibitors, which reduce it.

A Monte Carlo canalization analysis was performed to identify stable
states of the system under mechanical loading. # was constrained, while
other nodes were updated freely across 10,000 random initializations.
Among multiple attractor states identified, the one exhibiting healthy
chondrocyte behavior (>0.7 activity for SOX9, COL-II, and ACAN)
was selected as the baseline healthy state for subsequent perturbation
analyses.

To simulate different mechanical loading and/or cytokine condi-
tions, perturbations of the corresponding node from the healthy state
were applied for an indefinite period of (computational) time steps and
the new phenotypes were assessed after the system had settled into sta-
ble states under the perturbed environment. During the perturbation,
the system could settle into slightly different final states because of the
stochastic nature of the model. To account for this variability, each per-
turbation simulation was repeated 100 times. A weighted average of the
resulting final profiles was then computed, with weights proportional to
the frequency of each outcome.

2.1.6. Implementation of the multiscale model

All FE simulations were performed on the wiICE high-performance
computing (HPC) cluster at the Flemish Supercomputing Center (VSC),
KU Leuven. The cluster consists of 172 IceLake nodes, each equipped
with two Intel Xeon Platinum 8360Y CPUs (2.4 GHz, 36 cores per CPU,
1 NUMA domain, and 1 L3 cache per CPU), 256 GiB RAM, and 960 GB
SSD local disk. The default memory per core is 3400 MiB. Job submis-
sions were managed via Slurm scripts. For the simulation of intracellular
gene/protein regulatory networks, in-house scripts were developed in
Matlab R2022b (The MathWorks Inc., Natick, Massachusetts).

2.2. Calibration and validation of the multiscale model with in vitro
experimental data

Important steps in establishing the credibility of multiscale models
are their calibration and validation with experimental data. As described
in Section 2.1, the FE models at individual length scales already used
validated material parameters from the literature, and the regulatory
network was developed from experimental data and its predictive value
was investigated by comparison with de novo experiments. However,
the constants for Hill’s function, used to translate cellular forces (L) on
the cellular-scale FE model into mechanical loading input (6) for the
regulatory network, still required calibration with experimental data.
Furthermore, the overall predictive capacity of the multiscale model also
required validation against independent experimental observations.

For this calibration, an in vitro cyclic compression study of car-
tilage explants by Li et al. [17] was chosen, which applied varying
levels of cyclic compression (10% strain to 30% strain) to bovine carti-
lage explants. This study also investigated the combined effect of cyclic
compression and pro-inflammatory cytokines(combination of TNF-a (25
ng/ml), IL-6 (50 ng/ml) and sIL-6R (250 ng/ml)) on the expression of
relevant genes (such as ADAMTSS5, COL-II, ACAN), making it suitable
for calibrating our multiscale model. Additionally, the experiments mea-
sured the loss of sulfated glycosaminoglycan (sGAG), which provided an
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ADAMTS5

COL-X MMP13 COL-Il

Fig. 2. Snapshot of the mechanotransduction and pro-inflammatory signaling and their crosstalk in the in silico chondrocyte. This activity flow diagram is a selection
of important crosstalks from the model and is related to mechanotransduction or inflammation, for illustration. External cues (in green) are either mechanical loading
or pro-inflammatory cytokines. The signal is transduced through signaling molecules (‘Other’) up to transcription factors (‘TF’ in blue circled yellow ellipse), which
up- or down-regulate the expression of downstream genes (yellow parallelograms). As a result, genes increase the amount of the corresponding upstream proteins
(grey dotted lines). Black arrows (resp. red T-ended lines) represent activation (resp. inhibition) interactions or influences. Influences may be direct or indirect in
chondrocytes, the dashed black lines represent interactions that involve an intermediary node in the model but that is unrepresented in the graph.

independent dataset for qualitative comparison with the aggrecan loss
predicted by the multiscale model. Although these are distinct quanti-
ties, aggrecan, as the principal sGAG-bearing proteoglycan, provides a
suitable proxy for such comparison.

2.2.1. Multiscale in silico model of the in vitro bioreactor setup

A multiscale in silico model of the experimental setup was developed,
that mimics the mechanical and biochemical environment experienced
by the explants in the bioreactor (Fig. 1). The in silico model incorporated
three distinct length scales, with specific details for each scale outlined
below.

(i) Organ and tissue scale: an FE model of the cylindrical cartilage
explant of 3 mm diameter and 1 mm thickness was created in
Abaqus. The model was meshed with C3D8P elements and FRPVE
material properties were assigned as described in Section 2.1.1.
Primary collagen fibers were oriented parallel to the flat surface,
consistent with the superficial zone intact harvesting protocol.
To simulate unconfined cyclic compression, the bottom surface
was fixed vertically and a zero pore pressure boundary condition
was applied to the lateral surface to allow free fluid flow. Cyclic
compression was applied via a rigid disc based on the loading
protocol of Li et al. [17], consisting of a 10% pre-strain held for
10 s followed by cyclic compression of 10% or 20% using a haver-
sine waveform (0.5 Hz, 40% duty cycle) for 5 loading cycles. The
duty cycle refers to the fraction of the total cycle duration during

which the mechanical load is actively applied. In this study, each
loading cycle had a duration of 2 s (corresponding to 0.5 Hz), and
a 40% duty cycle indicates that the compressive load was applied
for 40% of the cycle duration (0.8 s), followed by 60% of the cycle
(1.2 s) without loading.
(ii) Cellular scale: the cellular scale model as described in

Section 2.1.3 was positioned at the center of the cartilage plug,
0.5 mm from its top surface. The central position of the cell in the
plug was chosen to capture an intermediate mechanical behavior
that would be representative of the whole plug, given the gradient
of mechanical stimuli present across its thickness.

(iii) Intracellular scale: the intracellular gene and protein regulatory
network was applied as described in Section 2.1.5.

2.2.2. Sensitivity analysis of the regulatory network

In the experimental setup described in Section 2.2, cartilage ex-
plants were subjected to cyclic compression in the presence of pro-
inflammatory cytokines. To ensure consistency between the experimen-
tal cytokine stimulus and its in silico representation in the multiscale
model, a sensitivity analysis of the regulatory network was performed.
This analysis determined the magnitude of the non-dimensional pro-
inflammatory input that produced catabolic responses comparable to
those observed experimentally. Sensitivity analysis of the regulatory
network was performed using a two-factor full factorial design, by
perturbing the pro-inflammatory cytokine and mechanical loading (6)
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nodes of the network from 0 to 1 in steps of 0.1 (a total of 121
simulations).

2.2.3. Optimization using genetic algorithm approach

While the sensitivity analysis enabled mapping of the pro-
inflammatory cytokine stimulus into a corresponding non-dimensional
inflammatory input for the regulatory network, the mechanical loading
input (0) still required calibration. Specifically, the parameters of the
Hill function K, and n (as described in Section 2.1.4) used to translate
cellular force L to the mechanical load input  needed to be estimated
to ensure accurate coupling between the FE-derived cellular forces (L)
and the intracellular mechanotransduction pathways. These parameters
were calibrated by minimizing the difference in gene expression levels
of COL-II and ADAMTS5 between the experimental data [17] and the
multiscale model under 20% cyclic compression and pro-inflammatory
cytokine stimulation of the cartilage plug. Based on sensitivity analysis
performed in Section 2.2.2, a value of 0.695 was used to perturb the cy-
tokine node of the network. The peak cellular force (L) from the 3rd cycle
of cyclic compression (as highlighted in Fig. 3) was used to calculate 6 to
perturb the intracellular pathways. This value represented an interme-
diate cellular force, between the higher force of the first cycle and the
lower steady-state forces of subsequent cycles. The minimization was
performed using a genetic algorithm approach in Matlab. In the experi-
ments by Li et al. [17], gene expressions were normalized with respect
to a control case with no external loading and no cytokine stimulus. For
consistency, the in silico gene expressions were also normalized to the
control condition, which assumed a zero external load condition (L=0;
0=0.1) and no cytokine input to the regulatory networks. The objective
function (f) for the optimization was as follows:

1 [(COL—III- — oL, >2 (ADAMTSSI- — ADAMTSS, >2] -

COL-I, ADAMTSS,

Subscripts i and e are for in silico and experimental values re-
spectively. To prevent bias in the optimization due to differing gene
expression magnitudes, each gene expression difference in the objec-
tive function was normalized by its corresponding experimental value,
ensuring equal contribution from each gene.

2.2.4. Validation of the multiscale model

Validation of the overall predictions of the calibrated multiscale
model was performed in three steps by comparing model predictions
with the corresponding experimental measurements in Li et al. [17].
First, ACAN gene expression was compared for the 20% strain condi-
tion. Next, the gene expressions of ACAN, COL-II, and ADAMTS5 were
compared for the 10% strain condition. In both cases, cytokine treatment
was applied. Finally, cumulative sGAG loss from cartilage explants to the
medium after 8 days of treatment was compared with the numerically
calculated aggrecan loss under the corresponding culture conditions.
SGAG loss was compared for the unloaded, 10% and 20% strain con-
ditions, under cytokine treatment. The numerical value of aggrecan
loss for each condition was calculated as the difference in global ac-
tivity of the proteoglycan variable between the culture condition and
the corresponding value at the baseline stable chondrocyte attractor.

2.3. Simulation of chondrocytes at varying spatial locations

Using the calibrated multiscale model, the biological response of cells
at six distinct locations within the explant was assessed for 10% and 20%
strain (Fig. 6(a)). This involved simulating the cellular scale model at
each location driven by the results from the tissue scale model, followed
by the intracellular scale model. This analysis was performed to evaluate
how spatial variations in mechanics in the explant influence cellular
biological responses.
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3. Results

3.1. Multiscale mechanical behavior of cartilage explants revealed by FE
analysis

FE analysis of the cartilage explants revealed elevated fluid flow ve-
locities along the curved (radial) surface of the explants (Fig. 3(a, b)).
The distribution of maximum principal stress exhibited a radial gradi-
ent, with the highest stresses near the center of the explant under both
10% and 20% loading conditions (Fig. 3(c, d)).

At the cellular scale, FE analysis identified localized stress concentra-
tions at the interfaces between the ECM-PCM and the PCM-cell (Fig. 3(e,
). The highest maximum principal stresses were found in the ECM ad-
jacent to the PCM, followed by the PCM and then the cell itself. This
trend corresponds to the relative stiffness of these components, with the
ECM being stiffest and the cell the most compliant.

Nodal force analysis on the cells (Fig. 3(g, h)) showed that the maxi-
mum forces were concentrated in the top and bottom regions of the cells.
Additionally, the total force experienced by the cells demonstrated a de-
creasing trend over five compression cycles (Fig. 3(i)), which is due to
the poro-viscoelastic stress relaxation at tissue- and cell-levels.
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Fig. 3. Results of FE analysis of the tissue and cellular scale mechanics. (a,b)
Fluid velocity (mm/sec) in cartilage explant. (c,d) Maximum principal stress
(MPa) in cartilage explant. (e,f) Maximum principal stress (MPa) in the cellular-
scale model. (g,h) Nodal forces (N) on the chondrocyte. (i) Total force variation
on the chondrocyte. Black stars in (i) indicate the peak force during the third
compression cycle, which was used as input to the intracellular model. All results
are shown for 10% and 20% strain, at the third cycle of compression.
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Fig. 4. Results of the two-way sensitivity analysis of the intracellular network model. The x-axis corresponds to variations in the mechanical loading input (), and
the y-axis corresponds to variations in the pro-inflammatory cytokine input. Each heatmap illustrates the resulting global activity of relevant biomarkers (in the range

[0,1]1) under the combined effects of mechanical loading and cytokine stimulation.

3.2. Sensitivity analysis of the network reveals a complex interplay of
mechanical and pro-inflammatory mediators

The sensitivity analysis of the network revealed a biphasic relation-
ship between mechanical loading and the global activity of key cartilage
matrix proteins, COL-II and ACAN, for pro-inflammatory cytokine levels
below 0.7 (Fig. 4). Specifically, mechanical loading () in the range of
0.3 to 0.8 resulted in high global activity of ACAN and COL-II. However,
when mechanical loading was either below 0.3 or above 0.8, the activity
of these matrix proteins decreased.

At higher cytokine levels (greater than 0.7), mechanical loads above
0.5 significantly reduced the global activity of ACAN and COL-II,
while catabolic enzymes ADAMTS5 and MMP13 increased significantly,
demonstrating a synergistic effect of high load and inflammation.

For cytokine levels below 0.7, the global activity of SOX9 increased
monotonically with the increase in mechanical loading. However, when
cytokine levels exceeded 0.7, mechanical loads greater than 0.5 led to
a marked reduction in SOX9 activity. The global activity of RUNX2, a
marker for pro-hypertrophic chondrocytes, was negligible under most
conditions, except when both cytokine levels and mechanical loading
were high.

3.3. Calibrated in silico multiscale model captures the gene expressions of
COL-II and ADAMTS5

The calibrated values of Ka and n for Hill’s function were 0.001656
and 1.870793, respectively, obtained at the 72nd generation of the
genetic algorithm. Comparison of optimized numerical gene expres-
sion with experimental data for the 20% strain condition showed good
agreement for ADAMTS5 and COL-II, with numerical predictions cor-
responding to approximately 0.7-fold and 1.2-fold of the experimental
values, respectively (Fig. 5). In contrast, ACAN expression was higher
in the numerical model for the 20% strain condition, with numerical
prediction corresponding to approximately 2.6-fold of the experimental
values.

For the 10% strain condition, which served as an independent dataset
for model validation, the numerical model predicted elevated COL-II and
ACAN expression, equal to 1.9-fold and 4.9-fold of the experimental
values, respectively. Conversely, ADAMTS5 expression was underpre-
dicted at 10% strain, with the numerical prediction corresponding to
approximately 0.04-fold of the experimental value. Table 2 summarizes
standardized error metrics for all biomarkers and loading conditions.
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Fig. 5. Results of the calibration and validation of the multiscale model. (a-c) Normalized gene expressions of ACAN, COL-II, and ADAMTS5 under 10% and 20%
cyclic compression of cartilage explants in the presence of cytokine stimulation. Gene expressions were normalized with respect to the no cytokine, no compression
control condition which had an expression level = 1. The dotted lines indicate the conditions included in the calibration, and the rest of the conditions were used for
validation. (d) Additional validation of the multiscale model by comparing the sGAG loss measured in experimental studies with the predicted value of aggrecan loss

from the model. All data are represented as mean + 95% confidence interval.

Table 2

Standardized error metrics for the calibration and validation conditions of the multiscale model, computed for %sGAG loss, ADAMTS5, COL-II,
and ACAN across four loading conditions. Fold change = in silico / experimental. Log fold change (LFC) = log,,(in silico/experimental); O indi-
cates perfect agreement, positive values indicate overprediction, and negative values indicate underprediction. Absolute percentage error (APE) =
|in silico — experimental| /experimental X 100%. © Calibration conditions: Hill function parameters K, and n were optimized for ADAMTS5 and COL-II at
20% strain + cytokine only. All remaining conditions represent independent validation.

Error Metric No load, no cytokine  Cytokine only =~ 10% load + cytokine 20% load + cytokine

%SsGAG loss %sGAG loss %SGAG loss ADAMTS5 COL-II ACAN %sGAG loss ~ ADAMTS5" COL-IIf ACAN
Fold change 1.43 0.48 0.56 0.04 1.87 4.87 1.4 0.72 1.21 2.63
Log fold change 0.155 —0.318 —0.255 —1.454 0.272 0.687 0.146 —0.142 —0.082 0.419
APE (%) 42.8 51.9 44.3 96.5 87.2 386.5 39.9 27.9 20.9 162.6

3.4. In silico multiscale model predicts sGAG loss from cartilage

To further assess the predictive capability of the numerical model,
SGAG loss from cartilage explants under different mechanical loading
conditions with cytokine treatment was analyzed. The results, shown
in Fig. 5(d), indicated that the model predicted a 3.99% higher sGAG
loss for the “no load, no cytokine” condition and a 9.25% higher sGAG
loss for the “20% cyclic loading with cytokines” condition, than that
observed experimentally. In contrast, SGAG loss was predicted to be
20.32% lower in the model for the “cytokine only” condition and 11.90%
lower for the “10% cyclic loading with cytokine” condition as compared
with experimental data.

Both the numerical model and experimental data showed a consistent
trend from “no load, no cytokine” to “cytokine only” condition and then
to “10% cyclic loading with cytokines”. Specifically, sGAG loss increased
upon cytokine treatment at no load and subsequently decreased under
10% cyclic loading. However, at 20% cyclic loading with cytokines, the

numerical model predicted an increase in sGAG loss compared to the
10% strain case. Contrarily, the experimental data showed a continued
reduction in sGAG loss, reaching its lowest under 20% strain condition.

3.5. Multiscale model captures location-specific cellular mechanobiological
responses

For 10% strain condition, global activity of biomarkers showed neg-
ligible differences between cells at the 6 different locations (Fig. 6).
However, for 20% strain, higher values for the activity of anabolic
markers like ACAN, COL-II and SOX9 were observed for the cells that
were off-center (cells 2, 4 and 6) as compared to cells along the cen-
tral axis (cells 1, 3 and 5). Correspondingly, the catabolic markers
ADAMTS5, MMP13 and RUNX2 followed an opposite trend with higher
values observed for cells along the central axis. Depth dependent effects
were observed for the 20% strain condition, with the catabolic markers
ADAMTS5, MMP13 and RUNX2 showing slightly lower activity in cell
1, which was located centrally and closer to the loaded surface.
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Fig. 6. Simulation of 6 distinct spatial cell locations in the cartilage explant
using the multiscale model. (a) Schematic representation of the cartilage ex-
plant showing six simulated spatial locations of individual cells, indicated by
black boxes and labeled with corresponding cell numbers (1-6). (b) Heatmaps
showing the global activity of ACAN, COL-II, ADAMTS5, MMP13, SOX9 and
RUNX2 under 10% and 20% mechanical strain. Each heatmap is arranged in a
3x2 grid, with individual boxes numbered 1-6 corresponding to the cell loca-
tions defined in panel (a). Each box represents the global activity of a biomarker
in the corresponding cell.

4. Discussion

In this study, a multiscale modeling workflow was developed for
articular cartilage by coupling the mechanics at multiple length scales
(from tissue to cell) with an intracellular gene/protein regulatory net-
work. While there are studies in the literature that individually examine
either the multiscale mechanics of cartilage [31,32,38] or intracellu-
lar regulatory networks for cartilage [27,29,47-49], the present work
uniquely integrates these two modeling paradigms into a single frame-
work. This integrated framework enables direct investigation of how
mechanical loading at the tissue and cellular scales propagates to
intracellular regulatory responses, providing mechanistic insight into
cartilage mechanobiology that cannot be obtained from either approach
alone. The modeling workflow was further calibrated and validated with
respect to independent experimental data from the literature.

Sensitivity analysis of the intracellular regulatory network revealed
how inflammation and mechanical loading interact to regulate relevant
biomarkers. At low inflammatory levels (<0.7), the matrix proteins COL-
IT and ACAN exhibited a biphasic response to mechanical loading, while
matrix-degrading enzymes ADAMTS5 and MMP13 increased only under
high mechanical loads (>0.8), highlighting their role in reducing matrix
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proteins under excessive stimulation. At low mechanical loads (<0.3),
reduced ACAN and COL-II activity reflected diminished matrix synthe-
sis rather than increased degradation, consistent with lower activation
of the anabolic transcription factor SOX9. This aligns with experimen-
tal observations of reduced sGAG synthesis at low mechanical loading
in bovine cartilage explants by Li et al. [17]. At higher inflammation
levels (>0.7), catabolic markers were markedly upregulated at moder-
ate to high loads (>0.5), explaining the pronounced reduction in matrix
proteins.

It should be noted that the values of biomarkers in the regulatory net-
work are non-dimensional (range [0,1]). However, the Hill’s function
implemented in the multiscale workflow provides a mechanistic link,
allowing quantifiable cellular forces to be mapped to non-dimensional
values for mechanical loading () in the network. Overall, the sensitivity
analysis demonstrated that the intracellular regulatory network within
the multiscale framework can mechanistically capture the interplay be-
tween anabolic and catabolic pathways under varying inflammatory
and mechanical conditions, providing a valuable tool to interpret how
cellular forces might influence chondrocyte homeostasis.

This study included integrin-mediated mechanosensing as a primary
mechanism of mechanical signal transduction in chondrocytes, as it is
a well-studied pathway with substantial evidence supporting its role in
mechanosensing [5,50]. Although integrins comprise multiple subunits,
limited evidence distinguishing subunit-specific downstream signaling
motivated the assumption of a single representative integrin node in
the regulatory network. In reality, integrin-mediated focal adhesions are
localized to specific regions of the cell and exhibit complex binding dy-
namics [51]. However, we assumed a uniform attachment of the cell
to the PCM using a ‘tie’ constraint in Abaqus. This assumption is sup-
ported by previous studies [52], in which immunofluorescent staining
demonstrated a relatively uniform distribution of integrins around the
chondrocyte. Additionally, it should be noted that the constitutive model
for cartilage did not include osmotic swelling, which alters the reference
configuration and induces pre-tension in the collagen fibrils, possibly in-
fluencing the predicted stress and strain distributions at both tissue and
cellular scales.

Recent studies in the literature have shown the importance of Piezo
channels (especially Piezo 1 and 2) as another mechanosensor for the
chondrocyte, especially in high-strain scenarios [7,53-55], which are
not incorporated in the present study. In the future, as more downstream
pathways of Piezo channels are delineated, incorporating Piezo channel-
mediated mechanotransduction pathways could be a valuable addition
to the present multiscale workflow. Furthermore, future studies could
also incorporate the transport of nutrients, growth factors, and inflam-
matory cytokines across the cartilage, as was done in Eskelinen et al.
[21], to obtain a spatial distribution of these factors, which are known
to influence cartilage metabolism.

It is important to note that the intracellular regulatory network for
chondrocyte mechanotransduction and inflammation was developed us-
ing a combined data-driven and knowledge-based approach. For the
data-driven component, a set of microarray databases from studies on
mice was used [29]. It is worth mentioning that a detailed database
specifically for human cartilage did not exist in the literature. While de-
veloping the network, it was ensured that the pathways included in the
final model were common across species. For calibration and prelimi-
nary validation, the experimental study by Li et al. [17] was considered,
which used bovine cartilage explants. Since gene expression in that study
was obtained using qPCR experiments, no spatial data on gene expres-
sion was available for comparison with the corresponding numerical
models. In the future, the use of spatial transcriptomics will provide
spatial gene expression data of cartilage for a more detailed validation
of the numerical multiscale model [56].

During validation of the multiscale model, ACAN gene expression
was overpredicted relative to experimental measurements for both 10%
and 20% cyclic compression of cartilage explants (Fig. 5). This overpre-
diction was accompanied by an underprediction of ADAMTS5, a major
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aggrecanase responsible for aggrecan degradation in cartilage [57]. It
should be noted that in the experiments by Li et al. [17], gene ex-
pression was measured 48 hours after the onset of mechanical loading
and cytokine treatment. In the multiscale model, gene expressions were
recorded when the intracellular regulatory network reached a steady
state numerically, without an explicit physical time scale. Given the
inherently transient nature of gene expression, this discrepancy in tem-
poral interpretation could likely contribute to the observed mismatch
between model predictions and experimental data.

The error metrics reported in Table 2 should be interpreted in the
context of the model’s intended purpose as a mechanistic investiga-
tion tool rather than a quantitative prediction tool. The intracellular
regulatory network is semi-quantitative by design, with activities of
nodes representing relative amounts of biomarkers bounded between
0 and 1 rather than absolute molecular concentrations. Consequently,
the primary validation criterion is whether the model correctly captures
the direction and relative magnitude of biological responses rather than
exact fold-change agreement. Viewed through this lens, the model per-
forms acceptably for its intended use, capturing 2 out of 3 directional
transitions in SGAG loss (from no load-no cytokine, to cytokine only, to
cytokine + 10% strain).

The larger quantitative errors for ACAN and ADAMTS5 at 10%
strain with cytokine stimulation are partly attributed to the simplified
representation of inflammatory signaling, where all pro-inflammatory
mediators are consolidated into a single cytokine node. This assump-
tion was a necessary simplification to focus on mechano-inflammatory
crosstalk rather than receptor-specific signaling. Interestingly, the sensi-
tivity analysis (Fig. 4) reveals that cytokine-driven catabolic marker acti-
vation in the model requires mechanical co-stimulation, which explains
the underprediction of sGAG loss under purely cytokine-driven condi-
tions in the current framework. Together these observations indicate
that capturing the full catabolic response under complex multi-cytokine
environments such as the IL-6, TNF-a cocktail used by Li et al. [17] re-
quires more detailed cytokine-specific pathway representation than the
current framework provides. In the future, extending the network to in-
clude individual cytokine species and their downstream pathways would
improve predictive accuracy under complex cytokine environments.

For further model validation, sGAG loss measured experimentally
under different loading conditions was compared with the loss of ag-
grecan predicted by the multiscale model under comparable simulated
conditions (Fig. 5). In the model, the global activity of aggrecan, which
is dependent on the corresponding gene expression level and the pres-
ence of degrading enzymes, was used as a surrogate measure for sGAG
content, enabling a qualitative comparison with experimentally mea-
sured sGAG loss. This represents a simplified representation, as sGAG
accumulation and release are influenced by post-translational modifica-
tions, extracellular processing, and transport phenomena not explicitly
modeled for structural molecules in this study. Importantly, the model
was not intended to predict absolute SGAG concentrations, but rather
to assess the trends in matrix synthesis and loss under mechanical
stimulation.

The next step in the validation of the multiscale model will be to
separately validate the individual length scales and their connections.
To do so, in the future, multiscale experiments need to be performed
that can measure both the mechanics at the tissue and cell scales simul-
taneously, as well as capture intracellular behavior by measuring the
cellular response in terms of gene expressions and cell-secreted factors.
Conducting such experiments in a traditional bioreactor setup can be
difficult. An alternative could be the use of microfluidic devices, such as
those developed by Paggi et al. [58,59] and Occhetta et al. [60], which
can provide precise experimental data across multiple length scales.
Another alternative could be the use of laser scanning microscopy ap-
proaches, as developed in [61-63], which enable real-time measurement
of chondrocyte deformations during the loading of cartilage explants.

Lastly, the multiscale modeling workflow developed in this study is
unidirectional in nature, where the information flow is from the tissue
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scale to the intracellular scale via the cellular scale. The interconnectiv-
ity between scales is achieved entirely through post-processing, where
outputs from a larger scale are used as inputs to drive the smaller scale
model. While this approach offers computational flexibility and allows
multiple cellular locations to be simulated independently, it does not
allow bidirectional feedback between scales, meaning that changes in
intracellular biological responses cannot influence the mechanical be-
havior at the cellular or tissue scale within the same simulation. In the
future, efforts can be made to complete the feedback loop, i.e., to in-
corporate how changes in intracellular behavior can, in turn, affect the
cellular microenvironment and thereby change the global mechanical
behavior at the tissue scale.

In conclusion, the multiscale modeling workflow developed in this
study is a first step towards a powerful tool for understanding the com-
plex interplay of mechanics and inflammation in articular cartilage. By
integrating tissue, cellular, and intracellular scale models, it provides a
more comprehensive framework for studying cartilage mechanobiology.
This approach facilitates a deeper understanding of the pathophysiology
of OA and can provide valuable insights that may guide the development
of targeted therapeutic strategies.
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