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1Biomechanics Section, Department of Mechanical Engineering, KU
Leuven, Leuven, Belgium.

2Prometheus: Division of Skeletal Tissue Engineering, KU Leuven,
Leuven, Belgium.

3Mathematics Department, University of North Carolina at Chapel
Hill, Chapel Hill, North Carolina, USA.

4Computer Science Program, Department of Science, Mathematics, and
Computing, Bard College, Annandale-on-Hudson, New York, USA.
5Department of Mathematics, Purdue University, West Lafayette,

Indiana, USA.
6Skeletal Biology and Engineering Research Center, KU Leuven,

Leuven, Belgium.
7Biomechanics Research Unit, GIGA in silico medicine, University of
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Abstract

This study presents the first sex-specific computational model of bone fracture
healing, addressing the limited and often contradictory understanding of sex
differences in this process. An existing inflammation-repair model was adapted
using literature-derived sex-specific parameter values. Independent global sen-
sitivity analysis identified several of these parameters among the main drivers
of model dynamics. Due to the critical role of inflammation in fracture repair,
a non-dimensional timescale analysis was used to characterize the temporal
organization of early fracture healing. Two characteristic timescales common
to females and males were identified, capturing fast cytokine regulation and
slower cellular processes. Although this analysis did not reveal sex-dependent
timescales, it provided an interpretative framework within which quantitative sex
differences emerged in full-model predictions. These differences included faster
macrophage activation and enhanced phagocytosis in females, leading to quicker
debris clearance and stronger, more sustained inflammatory responses with ele-
vated anti-inflammatory cytokine production. In contrast, males exhibited higher
pro-inflammatory cytokine levels, a shorter inflammatory phase, and higher peaks
in skeletal stem/progenitor cell and fibrocartilage densities. Despite these mech-
anistic differences, the model predicted comparable healing outcomes in females
and males. Validation against independent in vivo data showed good agreement,
including the predicted sex-specific differences in the fibrocartilage compart-
ment and similar osteoblast numbers and ossification patterns between sexes.
By integrating sex-specific data from diverse experimental sources, often focused
on isolated subprocesses, into a unified computational framework, this work
reproduces emergent, sex-specific healing dynamics consistent with experimental
observations, highlighting the importance of incorporating sex-specific biology
into computational models and supporting their use to advance personalized
treatment strategies.

Keywords: bone fracture healing, sex differences, sex-specific modeling, computational
model, inflammatory response, tissue regeneration, global sensitivity analysis

Plain English summary

Bones heal through a complex process that involves different cell types regulated by
biochemical factors, ultimately leading to the formation of new tissue. Experimental
studies have shown that females and males can differ in how bone fractures heal, but
the biological reasons for these differences are still not fully understood. One chal-
lenge is that many studies focus on individual aspects of healing, making it difficult
to understand how sex-specific differences interact across the entire healing process.
In this study, we developed a computational model of bone fracture healing that
explicitly accounts for biological differences between females and males. The model
uses sex-specific parameter values derived from many experimental studies. Using this
approach, the model predicts differences in the behavior of immune and repair cells,
as well as in the biochemical factors that regulate them. Despite these differences, the
predicted overall bone formation is similar between sexes. Both the sex-specific healing
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trajectories and the overall healing outcomes agree well with experimental observa-
tions. By bringing together diverse experimental results into a single computational
model, this work highlights the importance of considering sex as a biological variable
and demonstrates how computational approaches support the development of more
personalized strategies for bone fracture healing.

Highlights

• First computational model of bone fracture healing incorporating sex differences
• Literature-derived sex-specific parameterization supported by global sensitivity

analysis
• Timescale and numerical analyses provide insight into healing dynamics
• Model predicts sex-specific inflammatory and repair responses
• Predictions show strong agreement with independent sex-specific in vivo observa-

tions

1 Introduction

Bone possesses a remarkable regenerative capacity. After a bone fracture occurs, suc-
cessful healing is usually achieved within weeks. However, up to 10% of bone fractures
result in a delayed- or non-healing outcome [1, 2]. Such healing complications nega-
tively affect patients’ quality of life through pain and reduced mobility [3], and also
lead to increased costs. These include direct healthcare costs, such as additional sur-
gical interventions and prolonged medication use [4], as well as indirect societal costs,
such as extended work absence and caregiver burden [5]. The causes of delayed- or
non-healing outcomes are multifactorial and include fracture severity, anatomical loca-
tion, treatment rendered, and host factors such as sex, age, and the presence of other
comorbidities [6]. Although the importance of sex differences in biological processes
is becoming increasingly recognized [7], the role of sex differences in fracture heal-
ing is still poorly understood, and experimental results report contradictory findings.
For example, while some authors report no significant sex differences [8], other stud-
ies suggest a sexually dimorphic inflammatory response [9–11] leading to less efficient
bone healing in females [12–14] or, contrarily, in males [15]. It is thus not clear how
sex disparities contribute to the emergent bone healing outcome.

Given the intricate nature of the bone healing process, which involves many inter-
acting biological factors, computational models provide a systematic approach to
understanding the impact of sex differences and supporting the design of tailored
treatment strategies for both sexes. In this paper, we investigate sex differences in
normal fracture healing by adapting an existing computational model, with the aim
of highlighting the importance of accounting for sex-specific variation.

1.1 Normal fracture healing

Bone tissue has the unique capacity of autonomous regeneration without fibrous scar
formation after most injuries. This healing process involves the coordinated partic-
ipation of several cell types, regulated by a myriad of biochemical, physical, and
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Fig. 1 Secondary bone fracture healing process. Timeline of the three overlapping healing phases
(inflammation, repair, and remodeling) at tissue, cellular, and subcellular levels. Inflammation
(left): hematoma formation triggers the invasion of inflammatory cells (neutrophils, monocytes,
macrophages) and the release of pro-inflammatory (IL-1, IL-6, TNF-α) and anti-inflammatory (IL-4,
IL-10, IL-13) cytokines. Unactivated macrophages polarize into pro-inflammatory (M1) or anti-
inflammatory (M2) phenotypes. Repair (center): soft callus (fibrocartilage) and subsequent hard callus
(woven bone) formation are regulated by repair cells (SSPCs, fibroblasts, chondrocytes, osteoblasts)
and growth factors (FGF, BMP). Remodeling (left): hard callus is reabsorbed and replaced with
mature bone by osteoblasts, osteocytes, and osteoclast, regulated by RANKL and OPG. Figure
adapted from [21].

mechanical factors [16, 17]. There are two types of fracture healing, determined by
the mechanical environment: primary (or direct) healing and secondary (or indirect)
healing. Primary healing is less common and occurs only under conditions of abso-
lute mechanical stability at the fracture site, which inhibits callus formation [18, 19].
By contrast, secondary healing is predominant in most clinical cases and is driven by
micro-motion, or relative stability, between the bone fragments, which stimulates cal-
lus formation [18–20]. Here, we focus on secondary fracture healing, which comprises
three main overlapping phases: inflammation, repair through soft and hard callus, and
remodeling (Figure 1).

Following trauma, the inflammatory phase begins immediately with hematoma for-
mation at the injury site. The hematoma acts both as a source of signaling molecules
[16] and as a temporary scaffold [19], initiating the healing cascade. Tissue-resident
cells, including tissue-resident macrophages, recognize the accumulation of debris from
necrotic cells and damaged tissue within the hematoma and release pro-inflammatory
cytokines, which contribute to the further recruitment and activation of inflammatory
cells, such as neutrophils, monocytes, and macrophages [3, 17, 22, 23]. In parallel,
the fibrin network formed inside the hematoma provides a provisional matrix that
supports their migration to the injury site [3, 17]. Among the resident and recruited
cells, macrophages display a continuum of different activation states depending on
the local environment [24]. Despite this continuum, they are often grouped into two
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broad polarization phenotypes: pro-inflammatory (M1) and anti-inflammatory (M2),
which can switch in response to signals from the injury microenvironment throughout
the healing process [24]. Macrophages remove debris and the temporary fibrin matrix
through phagocytosis [17]. M1 macrophages dominate the early inflammatory phase
[25] and amplify the inflammatory reaction by secreting pro-inflammatory cytokines,
such as interleukin 1 and 6 (IL-1, IL-6) and tumor necrosis factor alpha (TNF-α) [23].
These cytokines typically peak within the first 24 hours after injury and recruit addi-
tional inflammatory cells and skeletal stem/progenitor cells (SSPCs) [19, 22, 23, 25]. In
contrast, M2 macrophages become more prominent as healing progresses, modulating
the inflammatory response and supporting tissue regeneration [25], thereby prevent-
ing excessive inflammation that could hinder fracture repair. M2 macrophages release
anti-inflammatory cytokines, such as IL-4, IL-10, and IL-13, which, together with both
recruited and tissue-resident SSPCs, regulate the transition from an inflammatory to
a regenerative environment by promoting the polarization of macrophages toward an
M2 phenotype [22, 23, 25]. This emerging pro-regenerative environment contributes
to the downregulation of inflammation, as early repair cells such as SSPCs and fibrob-
lasts begin transforming the hematoma into granulation tissue [18]. Consequently, the
initial fracture hematoma and associated acute inflammatory response are generally
resolved within several days to a week after injury [17, 20]. Overall, this early inflam-
matory phase is critical in bone healing, and any disruption during this process can
significantly delay or hinder successful regeneration [3].

The subsequent progression of the repair phase depends on the mechanical envi-
ronment at the fracture site [18, 19]. Under conditions of relative stability, SSPCs
differentiate into chondrocytes, which produce fibrocartilage to bridge the fracture
gap, forming a soft callus and stabilizing the fracture site [17–20]. As chondrocytes
proliferate, they mature into hypertrophic chondrocytes, release calcium, undergo
apoptosis, and then are replaced by osteoblasts [17, 19]. As a result, the soft callus
calcifies and forms woven bone or hard callus through endochondral ossification [18].
While soft callus formation proceeds, SSPCs can directly differentiate into osteoblasts
in mechanically stable regions near the bone ends, contributing to woven bone forma-
tion through intramembranous ossification [17]. These repair processes are regulated
by various growth factors, such as fibroblast growth factor (FGF) and bone morpho-
genetic proteins (BMPs), which coordinate cellular behavior and tissue regeneration
[26]. The hard callus formation is completed within several weeks to months after the
trauma [17]. Although the hard callus provides mechanical stability, full restoration of
the bone’s properties is only achieved through the remodeling phase, which in humans
can take several months to years to complete [17, 19, 20]. In this final phase, regulated
by proteins such as receptor activator of nuclear factor kappa-B ligand (RANKL) and
osteoprotegerin (OPG), the immature bone is resorbed by osteoclasts and replaced
with mature bone by osteoblasts. At the same time, osteoblasts undergo apoptosis or
become embedded in the bone matrix as osteocytes [17, 20].

Importantly, each step of this tightly orchestrated bone fracture healing process
may be influenced by sex differences, an aspect we explore in more detail in the
following section.
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1.2 Sex differences in fracture healing

Recent evidence points toward a sex specific regulation of bone homeostasis and frac-
ture healing, likely due to differences in skeleton mechanics [8, 12, 14, 27] and sex
hormones [10, 12–14, 27–29]. Sex hormones also fluctuate during puberty, menopause
and aging, affecting individuals differently at different life stages [27]. Due to the com-
plexity of investigating sex differences across different stages of life, including age,
day of menstrual cycle and pregnancy or lactation state, we focus this study on sex
differences in young males and females of reproductive age. Gender, which is a dif-
ferent concept to biological sex and also influences health outcomes [28], will not be
considered here.

Regardless of age and even species, females tend to show sustained or enhanced
immune responses after trauma [30, 31]. Reported sex differences in immune cells
include increased numbers of macrophages [15, 31, 32] with higher activation rates
[30, 31, 33] and enhanced phagocytosis [15, 30, 32] in females, and larger numbers of
natural killer cells in males [30]. It is not clear whether macrophage polarization is
sex-dependent, as the literature reports contradictory findings [8, 15]. There are also
sex differences in cytokine production: male immune cells tend to produce a greater
amount of pro-inflammatory cytokines, whereas female immune cells produce higher
levels of anti-inflammatory cytokines [8, 14, 15, 28, 30, 31, 34, 35]. As many of these
findings are based on immune responses in general or on studies involving other tissues
or in vitro models, their relevance to fracture healing remains to be confirmed. To date,
few studies have investigated sex-specific inflammatory responses during fracture heal-
ing. Molitoris et al. [8], however, examined inflammatory cell populations and cytokine
profiles in bone tissue and circulation to identify age- and sex-related differences dur-
ing homeostasis and fracture repair in mice. In young, uninjured mice, females showed
fewer M1 and M2 macrophages in bone, and reduced M1 macrophages and neutrophils
in circulation compared to males. Pro-inflammatory cytokines were also lower in young
females. After fracture, these sex differences were no longer observed within the cal-
lus or circulation, although a decrease in M1 macrophages within the callus was seen
only in young males. The authors suggest that inflammation plays a greater role in
age-related than in sex-related differences in fracture healing. Nonetheless, limitations
such as analysis at a single post-fracture time point and the fracture model used indi-
cate that subtle or early sex-specific inflammatory responses may have been missed.
Altogether, the limited and sometimes inconsistent findings on sex-specific immune
responses in fracture healing, along with more robust evidence from other systems,
highlight the need for further investigation.

In the crosstalk between macrophages and SSPCs, cells from male mice benefited
from a longer period of pro-inflammatory exposure than those from female mice, lead-
ing to increased osteogenesis in males [15]. The SSPC immunosuppressive capacity
seems to be more potent in women [36, 37], but murine studies in bone tissue detected
little or no differences [38, 39]. Male mice and rats have a higher quantity of (acti-
vated) SSPCs in the bone marrow [15, 37, 38, 40], leading to a significantly stronger
repair response [13, 40]. The SSPC proliferation rate was found to be higher in women
[37] and female mice [41], but the opposite was also reported for female rats [40].
SSPCs from male mice and rats showed stronger differentiation potential toward the
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osteogenic [11, 15, 37, 38, 40, 41], chondrogenic [29, 41] and adipogenic [38] lineages.
The senescence ratio of murine [40] and porcine [37] SSPCs were higher in males. The
ratio of apoptosis was also higher in the SSPCs of male mice [35]. After osteogenic
differentiation, murine female osteoblasts increased in number due to a higher expres-
sion of RANKL and OPG [10, 31]. No significant differences in osteoblast numbers
were found between male and female mice [12]. By contrast, male mice exhibited sig-
nificantly increased osteoclast numbers and activity in the fracture callus [12, 14],
although the opposite was also reported: more osteoclasts at the fracture site in female
mice [9]. At the tissue level, male mice developed significantly more cartilage and
less fibrous tissue in the fracture callus than females, with no significant difference
in callus size, indicating faster cartilaginous callus formation [12]. Similarly, human
SSPC-derived organoids showed greater cartilage production in male than in female
constructs [42]. Male mice displayed quicker and more robust bone formation due to
faster endochondral ossification [10, 12, 29]. Consequently, male mice presented more
mature bone in the fracture callus than female mice at the same time point, indicat-
ing a faster fracture healing process [12]. However, the opposite was also reported:
after an induced femur fracture, female mice exhibited higher systemic bone forma-
tion than male mice [15]. Sex differences have also been reported in bone remodeling
and turnover. However, although the literature suggests sex-dependent regulation of
remodeling processes [43, 44], direct evidence for sex-specific rates of woven bone
resorption during fracture healing was not identified. Together, these findings suggest
that, while sex-based differences during bone healing exist, they vary depending on
species and, most likely, experimental conditions, resulting in a complex and sometimes
contradictory research landscape.

Finally, clinical indications suggest sex differences in pathological cases of fracture
healing: women present an increased risk for atrophic non-unions, which involve insuf-
ficient healing activity and minimal or no callus formation, while men are more prone
to hypertrophic non-unions, characterized by excessive callus formation and inade-
quate stability [12]. Although it has been suggested that the risk of non-union varies
with sex, with men exhibiting a higher risk [1, 45], systematic reviews have found that
sex as a risk factor for non-union is not statistically significant [46–48].

1.3 Objective of this study

The objective of this study is to investigate sex differences in normal fracture heal-
ing through computational modeling. To date, various computational fracture healing
models have been developed. For extensive reviews, the reader is referred to [21, 49–
55]. In recent years, these models have been extended to include the inflammatory
response during fracture healing [56–60]. However, to the best of our knowledge, there
are no computational models of sex-dependent fracture healing. Although delayed
and non-union fractures are clinically significant, they arise from a complex interplay
of biological, mechanical, and systemic factors that remain incompletely understood.
Since no sex-specific models currently exist, we focus first on characterizing poten-
tial sex differences under conditions of normal healing, with the aim of providing the
necessary foundation for future studies that may address pathological scenarios.
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The remainder of this paper is organized as follows. Section 2 presents the com-
putational framework used to investigate sex differences in bone fracture healing.
First, we revisit the macrophage-mediated model of Trejo et al. [57], which captures
the inflammatory and repair phases of healing and is adopted here without struc-
tural changes but with updated parameter values. We refer to this as the full model.
Second, we perform a variance-based global sensitivity analysis using Sobol indices.
Third, we introduce the sex-specific parameterization based on the literature review
of sex differences presented in Section 1.2. Fourth, given the central role of the inflam-
matory phase, we focus on the corresponding equations and non-dimensionalize them
to identify the underlying timescales and provide mechanistic insight into the sys-
tem dynamics. We refer to this as the early-healing (EH) submodel. Finally, model
implementation details are provided. Section 3 first presents the results of the global
sensitivity analysis and then the sex-specific healing dynamics predicted by the model,
including both the timescale analysis and numerical simulations. While overall healing
trends are similar for both sexes, the model reveals notable differences in underlying
biological processes that align with the literature. These predictions are then validated
against independent in vivo data, showing good agreement. Section 4 interprets the
main findings, contextualizing the observed sex differences within existing biological
evidence. It also highlights the strengths and potential of computational modeling for
studying fracture healing across sexes, before concluding with a discussion of the lim-
itations of the study and directions for future research. Finally, Section 6 provides a
concise summary of the key contributions and implications of this study.

2 Computational model

Sex differences in fracture healing are suggested to be present from the inflammatory
phase onward; therefore, any computational model aimed at investigating how sex
differences influence the healing process should incorporate this phase. Among the
limited options available in the literature, we selected the macrophage-mediated model
of Trejo et al. [57]. This model was chosen for several reasons. First, it describes
the temporal dynamics of fracture healing from the first post-fracture days (PFDs)
through to the completion of hard callus formation, making it suitable for exploring
sex differences during both the inflammatory and repair phases. Second, the ordinary
differential equation (ODE) framework allows biologically motivated sex differences
to be incorporated through parameter modifications while preserving the underlying
mechanistic structure. Third, the ODE model supports a timescale-based reduction,
resulting in a simplified version that highlights the underlying biological processes
underpinning the early-healing stage, as detailed in Section 2.4.

2.1 Model equations

Here, we briefly outline the model equations of Trejo et al., which describe the inflam-
matory and repair phases; for a detailed explanation, the reader is referred to [57]. The
model consists of ten ODEs which describe the temporal evolution of the average den-
sities of debris (D), unactivated macrophages (M0), pro-inflammatory macrophages
(M1), anti-inflammatory macrophages (M2), skeletal stem/progenitor cells (SSPCs,
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A) B)

Fig. 2 Overview of the sex-specific model of bone fracture healing. A) Schematic representation of
the ordinary differential equation (ODE) model, illustrating interactions among its biological entities.
Cells with dashed outlines have sex-specific maximal densities, and dashed arrows represent interac-
tions governed by sex-specific parameters (see Section 2.3). Arrowheads denote activation, and flat
arrowheads indicate inhibition. Adapted from [57]. B) Illustration of the biological processes captured
by the model. Interactions with sex-specific parameters are explicitly shown. Green and red arrows
indicate, respectively, up- and down-regulation of female parameters regarding the male parameter
set (see Table 3).

Cs), osteoblasts (Cb), fibrocartilage or soft callus (mc), and woven bone or hard
callus (mb), together with the average concentrations of pro-inflammatory (c1) and
anti-inflammatory cytokines (c2).

The system of ODEs captures the acute inflammatory response, in which debris
is cleared by macrophages; the crosstalk between macrophages and SSPCs, which
initiates the repair response; and the formation of soft and hard callus, which
ultimately leads to bone repair. The cellular functions are regulated by pro- and anti-
inflammatory cytokines, both modeled as a cocktail, that is: the action of several types
of cytokines is lumped together in the c1 and c2 variables. SSPCs and osteoblasts are
assumed to produce, respectively, fibrocartilage and woven bone. This is a simplified
representation of the soft and hard callus formation that constitutes the outcome of
the healing process. These and other interactions are illustrated in Fig. 2A.

The ODE system is described by Equations (1)–(10). Although the main phases of
bone fracture healing (depicted in Fig. 1) are interconnected, Equations (1)–(6) pri-
marily describe inflammation, while Equations (7)–(10) focus on repair. Equation (7)
serves as the transition between these two phases, representing a pro-regenerative
state. As described in Section 1.1, the presence of M1 macrophages and pro-
inflammatory cytokines (c1) indicates acute inflammation, while the presence of M2

macrophages and anti-inflammatory cytokines (c2) reflects the resolution of the inflam-
matory response. We therefore consider that inflammation is taking place when any
of the variables M1, M2, c1, or c2, described by Equations (3)–(6), exhibit positive
values.
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dD

dt
= −RD(ke1M1 + ke2M2)

⏞ ⏟⏟ ⏞

removal by phagocytosis

(1)

dM0

dt
= RMD
⏞ ⏟⏟ ⏞

migration

− G1M0
⏞ ⏟⏟ ⏞

M1 polarization

− G2M0
⏞ ⏟⏟ ⏞

M2 polarization

− d0M0
⏞ ⏟⏟ ⏞

apoptosis

(2)

dM1

dt
= G1M0

⏞ ⏟⏟ ⏞

polarization

+ k21M2 − k12M1
⏞ ⏟⏟ ⏞

phenotype change

− d1M1
⏞ ⏟⏟ ⏞

apoptosis

(3)

dM2

dt
= G2M0

⏞ ⏟⏟ ⏞

polarization

+ k12M1 − k21M2
⏞ ⏟⏟ ⏞

phenotype change

− d2M2
⏞ ⏟⏟ ⏞

apoptosis

(4)

dc1
dt

= H1(k0D + k1M1)
⏞ ⏟⏟ ⏞

production

− dc1c1
⏞ ⏟⏟ ⏞

decay

(5)

dc2
dt

= H2(k2M2 + k3Cs)
⏞ ⏟⏟ ⏞

production

− dc2c2
⏞ ⏟⏟ ⏞

decay

(6)

dCs

dt
= AsCs(1−

Cs

kls
)

⏞ ⏟⏟ ⏞

proliferation

− F1Cs
⏞ ⏟⏟ ⏞

osteogenic
differentiation

(7)

dCb

dt
= AbCb(1−

Cb

klb
)

⏞ ⏟⏟ ⏞

proliferation

+ F1Cs
⏞ ⏟⏟ ⏞

osteogenic
differentiation

− dbCb
⏞⏟⏟⏞

osteocytic
differentiation

(8)

dmc

dt
= (pcs − qcd1mc)Cs
⏞ ⏟⏟ ⏞

production

− qcd2mcCb
⏞ ⏟⏟ ⏞

resorption

(9)

dmb

dt
= (pbs − qbdmb)Cb
⏞ ⏟⏟ ⏞

production

(10)

This ODE system is complemented by the following initial conditions:

D(0) = 5× 107 cells/mL, M0(0) = 4000 cells/mL, M1(0) = 0 cells/mL,

M2(0) = 0 cells/mL, c1(0) = 1 ng/mL, c2(0) = 0 ng/mL,

Cs(0) = 1000 cells/mL, Cb(0) = 0 g/mL, mc(0) = 0 g/mL, mb(0) = 0 g/mL

⎫

⎪⎬

⎪⎭

(11)
The non-zero initial condition of debris (D) accounts for the accumulation of debris

from necrotic cells and damaged tissue resulting from the bone fracture event. This
debris accumulation immediately triggers the release of pro-inflammatory cytokines,
which is reflected in the non-zero initial condition of c1. The non-zero initial condi-
tion for unactivated macrophages (M0) corresponds to macrophages present at the
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injury site at the onset of the inflammatory response, including both tissue-resident
macrophages and early-recruited monocyte-derived macrophages. Additionally, the
non-zero initial condition of SSPCs (Cs) represents the presence of tissue-resident
SSPCs. All other variables are assumed to have zero initial conditions: M1, M2, c2,
and mc are not directly influenced by the fracture event. The zero initial condition of
mb represents the lack of bone tissue due to the fracture.

The ODE system given by Equations (1)–(10) features both constant parameters
and functional forms. Functional forms, represented with uppercase letters (e.g. RD),
are used to capture non-constant rates and described in Table 1. Constant parameters,
represented with lower case letters (e.g. ke1), are taken from [57] and described in
Table 2. For some parameters, [57] provided a range of values. In this study, specific
values within those ranges were selected for each parameter.

Table 1 Functional forms in Equations (1-10). The forms RD, G1 and G2 are
modeled by a Hill Type II function. The rate RM accounts for maximal number of
cells and maximal migration rate. The terms H1 and H2 are a function of c2,
modeling its inhibitory effects. The rates As, F1 and Ab are a function of c1, modeling
its inhibitory effects.

Functional form Description

RD = D

aed+D
Debris removal rate

RM = kmax(1−
M0+M1+M2

Mmax
) M0 migration rate

G1 = k01c1

a01+c1
Polarization rate of M0 into M1

G2 = k02c2

a02+c2
Polarization rate of M0 into M2

H1 = a12

a12+c2
Inhibition rate of c1 by c2 concentration

H2 = a22

a22+c2
Self-inhibition rate of c2

As = kps
a2

ps
+aps1

c1

a2
ps

+c2
1

SSPC proliferation rate

F1 =
dsasb1

asb1
+c1

Differentiation rate of SSPCs into osteoblasts

Ab =
kpbapb

apb+c1
Osteoblast proliferation rate

2.2 Sensitivity analysis

The model described in Section 2.1 comprises 37 parameters. To investigate how
parameter uncertainty affects model predictions and gain insight into the model
dynamics, a variance-based global sensitivity analysis was performed on the baseline
parameter set presented in Table 2. The Sobol method [63, 64] was selected because it
explores the entire parameter space and explicitly accounts for parameter interactions.

Parameter ranges were defined by uniformly varying each parameter by ±50% rela-
tive to its baseline value. This perturbation range was chosen based on the quantitative
sex differences reported in the literature (Section 1.2). Across the studies reviewed,
the average magnitude of the reported differences was approximately 50%, supporting
the use of a symmetric ±50% perturbation range (Table S1). To evaluate the effect of
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Table 2 Baseline parameter values with descriptions and units. Some parameter values were defined
by a range in the model by Trejo et al. [57]. Here, a specific value was chosen by estimating it or by
checking additional references. These values constitute the male parameter set.

Parameter Description Value Reference

ke1 Debris removal rate by M1 12 /day Informed by [57]

ke2
Debris removal rate by M2 24 /day Informed by [57]

aed Half-saturation of debris 4.71 × 106 cells/mL [57]

kmax Maximal macrophage migration rate 0.015 /day [57, 61]

Mmax Maximal macrophage density 1 × 106 cells/mL Informed by [57]

k01 Activation rate of M0 to M1 0.611 /day [57, 61]

k02 Activation rate of M0 to M2 0.0836 /day [61]

a01 Half-saturation of c1 to activate M1 0.01 ng/mL [57]

a02 Half-saturation of c2 to activate M2 0.005 ng/mL [57]

k12 Transition rate from M1 to M2 0.075 /day [57, 62]

k21 Transition rate from M2 to M1 0.05 /day [57, 62]

d0 Apoptosis rate of M0 0.156 /day [57, 61]

d1 Apoptosis rate of M1 0.121 /day [57, 61]

d2 Apoptosis rate of M2 0.163 /day [57, 61]

k0 Secretion rate of c1 by debris 5 × 10−7 ng/(cells × day) Informed by [57]

k1 Secretion rate of c1 by M1 8.3 × 10−6 ng/(cells × day) [57]

k2 Secretion rate of c2 by M2 3.72 × 10−6 ng/(cells × day) [57]

k3 Secretion rate of c2 by Cs 8 × 10−6 ng/(cells × day) Section 6.1 in [57]

dc1
Decay rate of c1 12.79 /day Informed by [57]

dc2
Decay rate of c2 4.632 /day Informed by [57]

a12 Effectiveness of c2 inhibition of c1 synthesis 0.025 ng/mL [57]

a22 Effectiveness of c2 inhibition of c2 synthesis 0.1 ng/mL [57]

aps Effectiveness of c1 inhibition of Cs proliferation 3.162 ng/mL [57]

asb1
Effectiveness of c1 inhibition of Cs differentiation 0.1 ng/mL [57]

apb Effectiveness of c1 inhibition of Cb proliferation 10 ng/mL [57]

aps1
Constant enhancement of c1 to Cs proliferation 20 ng/mL Estimated

kps Cs proliferation rate 0.5 /day [57]

kls Maximal Cs density 1 × 106 cells/mL [57]

ds Differentiation rate of Cs into Cb 1 /day [57]

kpb Cb proliferation rate 0.2202 /day [57]

klb Maximal Cb density 1 × 106 cells/mL [57]

db Differentiation rate of Cb into osteocytes 0.15 /day [57]

pcs Fibrocartilage synthesis rate 3 × 10−6 g/(cells × day) [57]

qcd1 Fibrocartilage degradation rate 3 × 10−6 mL/(cells × day) [57]

qcd2 Fibrocartilage degradation rate by osteoclasts 0.2 × 10−6 mL/(cells × day) [57]

pbs Woven bone synthesis rate 5 × 10−8 g/(cells × day) [57]

qbd Woven bone degradation rate 5 × 10−8 mL/(cells × day) [57]

these perturbations across the fracture healing process, we considered the outcome of
eight specific variables: M1, M2, c1, c2, Cs, Cb, mf , and mb, as these capture events
across both the inflammatory and repair stages. The peak value (i.e. the maximum
value achieved during the simulated days) was recorded for all variables. In addition,
the time-to-peak was evaluated for all variables except woven bone (mb), which was
excluded because its maximum was always reached at the final simulation time point.
This resulted in fifteen output metrics for the sensitivity analysis.

The Sobol method [63, 64] quantifies the contribution of input parameter variability
to the variance of model outputs. To assess this contribution, first-order (Si) and
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total-effect (STi
) sensitivity indices were computed for each parameter and output

metric. The first-order index measures the direct contribution of a parameter to output
variability, whereas the total-effect index includes both direct effects and all interaction
effects involving that parameter. Contributions arising from parameter interactions
were then estimated by the difference STi

− Si. This approach enables identification
of influential parameters and quantification of the role of parameter interactions in
shaping model predictions.

To facilitate comparison across outputs, parameters were ranked according to their
total-effect sensitivity index for each output metric. To ensure numerical convergence
of the sensitivity indices, the analysis was repeated for increasing sample sizes N =
26, . . . , 213. Convergence was assessed by comparing the total-effect indices obtained
for consecutive sample sizes, and N = 213 = 8192 was selected for the final sensitivity
analysis. Selected results are presented in Section 3.1, with additional data reported
in Section S1 of the Supplementary material.

2.3 Literature-guided sex-specific parameterization

To explore the role of sex differences in bone fracture healing, we parameterized the
macrophage-mediated model of Trejo et al. [57] with sex-specific values. We assumed
that the baseline parameter values, shown in Table 2, constitute the male parame-
ter set. The female parameter set was generated by comparing each parameter with
the sex-specific evidence reported in Section 1.2. Note that this literature review
was conducted at the level of the model variables. That is, since the model rep-
resents cytokines through the aggregate variables c1 (pro-inflammatory cytokines)
and c2 (anti-inflammatory cytokines), the literature review and parameter mapping
were performed at the level of these aggregate representations rather than individual
cytokines.

The baseline parameterization from Trejo et al. [57] was derived from murine
fracture-healing data. However, as no single species provides comprehensive experi-
mental coverage across all healing stages, a hybrid calibration strategy was adopted,
justified by the conserved bone regeneration processes between mice and humans
[65, 66]. Additionally, the in vivo dataset reported by Haffner-Luntzer et al. [12] was
used as an independent dataset for model validation and was therefore not considered
when deriving sex-specific parameter values.

Sex-specific evidence was evaluated for each parameter (see Table S4). Parame-
ters were modified only when the literature provided sufficiently consistent evidence
that could be directly mapped to the underlying biological process represented in the
model. Parameters were left unchanged when findings were contradictory, when no
rationale existed for prioritizing one source over another, or when the reported sex
differences could not be translated into the model formulation. When contradictory
evidence from multiple species was available, greater weight was given to human stud-
ies because of their greater clinical relevance. As a result, 13 parameters (35% of all
model parameters) were assigned sex-specific values. These are summarized in Table 3
and illustrated by Fig. 2B.
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The literature study informed the direction of the parameter modifications,
whereas their magnitude was determined through model calibration. Since quanti-
tative sex-specific differences were often unavailable or heterogeneous across studies,
the perturbation range explored in the global sensitivity analysis served as the initial
calibration range. Calibration against the literature-derived sex-specific observations
summarized in Table 3 supported modifications of ±50% for inflammation-related
parameters and ±25% for repair-related parameters. Further details are provided in
Section S2 of the Supplementary material.

Table 3 Changes introduced to create the female parameter set, expressed as the relative percentage
change from male values. The remaining parameters kept their original values, given in Table 2. The
direction of each modification was informed by the literature, while the final modification magnitude was
determined through calibration against the literature-derived sex-specific observations.

Biological agent Biological event Parameter Change Female value Reference

Macrophages

Number ↑ Mmax +50% 1.5 × 106 cells/mL [15, 31, 32]

Activation ↑
k01 +50% 0.9165 /day

[30, 33]
k02 +50% 0.1254 /day

Phagocytic capacity ↑
ke1 +50% 18 /day

[30, 32]
ke2 +50% 36 /day

c1 production ↓ k1 -50% 4.15 × 10−6 ng/(cells × day) [8, 14, 15, 28,
30, 31, 34, 35]c2 production ↑ k2 +50% 5.58 × 10−6 ng/(cells × day)

SSPCs

Number ↓ kls -25% 7.5 × 105 cells/mL [13, 15, 37, 38,
40]

Immunosuppression ↑ k3 +50% 1.2 × 10−5 ng/(cells × day) [36, 37]

Proliferation ↑ kps +25% 0.625 /day [37, 41]

Osteogenic differentiation ↓ ds -25% 0.75 /day [11, 15, 37, 38,
40, 41]

Osteoblasts
Number ↓ klb -25% 7.5 × 105 cells/mL [13, 15, 37, 38,

40]

Proliferation ↑ kpb +25% 0.2752 /day [31]

The greater amount of macrophages [15, 31, 32] with higher activation [30, 31, 33]
and enhanced phagocytosis [15, 30, 32] in females was incorporated into the model
by up-regulating, respectively, the parameters Mmax, ke1 and ke2 , and k01 and k02.
The cytokine production trend observed experimentally [8, 14, 15, 28, 30, 31, 34,
35] was implemented by down-regulating the c1 production (parameter k1) and up-
regulating the c2 production (parameter k2) by macrophages. Although the literature
is inconsistent regarding the higher immunosuppression of female SSPCs, we chose to
implement it by up-regulating the parameter k3 as the two studies supporting this
observation used clinical data [36, 37]. Moreover, studies using pre-clinical data [38, 39]
reported little differences, but not opposite findings. These parameters, involved in the
inflammatory response and macrophage-SSPC crosstalk, were up- or down-regulated
by ±50%.
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The lower number of SSPCs in females [13, 15, 37, 38, 40] was implemented by
down-regulating the maximal SSPC density kls. We chose this approach over a sex-
specific initial condition because the reported sex differences concern the quantity of
activated SSPCs in the bone marrow [15, 37, 38], which represents the pool of cells
available to contribute to the healing process, rather than the number of SSPCs already
present at the fracture site at the start of healing. Since the total number of SSPCs
determines the total number of osteoblasts in the model, we down-regulated their
maximal density klb accordingly. The faster SSPC proliferation reported in women [37]
and female mice [41] was implemented by up-regulating the parameter kps. Although
the opposite finding was reported for female rats [40], greater weight was given to
the human evidence. Similarly, the higher number of female osteoblasts reported after
osteogenic differentiation [10, 31] was implemented by up-regulating the osteoblast
proliferation rate kpb. Finally, to incorporate the weaker osteogenic differentiation of
female SSPCs [11, 15, 37, 38, 40, 41] we down-regulated the parameter ds. These
parameters, involved in the repair response, were modified by ±25%.

2.4 Early-healing submodel

The sensitivity analysis and accompanying literature review identified sex-specific
parameters that characterize the underlying processes involved in bone fracture heal-
ing. As the literature review in Section 1.1 indicates, the early inflammatory phase is
critical in bone healing [3]. Furthermore, we will show in Section 3.3 that simulations
of the full model equations reveal the greatest sex differences in SSPCs and not in
bone density (Fig. 7). Motivated by these observations, we focus our attention here on
the dynamics of the system during the inflammation phase and the subsequent pro-
regenerative transition, captured by Equations (1)–(7), subject to appropriate initial
conditions given in Equation (11). We refer to this system as the early-healing (EH)
submodel and perform a timescale analysis to derive a set of reduced models that
capture the mechanisms driving the system while retaining the essential biology.

The EH submodel dynamics are governed by an interplay of processes with specific
characteristic timescales, such as cytokine secretion by macrophages, debris clearance
by pro-inflammatory macrophages, and migration of unactivated macrophages to the
injury site. The parameters in Table 2 reveal that these characteristic timescales fall
within one of two disparate timescales: a fast timescale in which the cytokine con-
centrations rapidly evolve from their initial values while the cell and debris densities
remain close to their initial values, and a slower timescale in which the debris and cell
population densities evolve from their initial values and the cytokine concentrations
are quasi-steady.

To formally interrogate the dynamics of the EH submodel, we first non-
dimensionalize Equations (1)–(7), together with their initial conditions, and identify
the resulting dimensionless parameters. This process results in the dimensionless vari-
ables being of comparable size, and the relative importance of the underlying processes
being captured through the size of the dimensionless parameters. Of particular rel-
evance here are the dimensionless parameters that represent timescale ratios, as the
disparity in biological timescales -fast cytokine dynamics versus much slower debris
and cell dynamics- results in a subset of these ratios being asymptotically small. We
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subsequently exploit this disparity in timescales to derive reduced models that retain
the dominant processes on each of the two timescales and thereby provide insights
into the progression of bone fracture healing through the key stages of inflammation
and the pro-regenerative transition. Furthermore, non-dimensionalization also deter-
mines whether the dependencies appearing in the functional forms given in Table 1
are significant or could potentially be neglected.

2.4.1 Model reduction

We non-dimensionalize as follows:

t̃ = k02 t, D̃ =
D

D0
,

(

M̃0, M̃1, M̃2

)

=
1

Mmax
(M0,M1,M2) ,

c̃1 =
c1
[c1]

, c̃2 =
c2
[c2]

, C̃s =
Cs

[Cs]
,

(12)

where [c1], [c2] and [Cs] represent the typical concentrations of c1, c2, and Cs,
respectively, and tildes denote dimensionless variables. Time is non-dimensionalized
using the activation timescale of anti-inflammatory macrophages, 1/k02, which marks
the transition from inflammation to a pro-regenerative environment and provides a
biologically appropriate reference timescale for the early-healing dynamics. For the
parameter values used here, this corresponds to approximately 12 days (see Table 2).
Debris is non-dimensionalized with respect to its initial level, so that D0 = D(0).
The macrophage populations are non-dimensionalized on the maximal macrophage
density Mmax. The SSPC population scale is chosen to be 105 cells/mL. Although
the maximal SSPC density is 106 cells/mL, the population remains well below
this value during healing (see Section 3.3). This scaling therefore ensures that the
dimensionless SSPC density remains of order one. We choose [c1] = k1Mmax/dc1
and [c2] = k2Mmax/dc2 , which is determined by balancing cytokine production
by pro-inflammatory macrophages with the cytokine decay rate; see Equations (5)
and (6).

The dimensionless governing equations, corresponding to Equations (1)–(7), are
then:

εD
dD̃

dt̃
= −

D̃

ãed + D̃

(

M̃1 +
ke2
ke1

M̃2

)

(13)

εM0

dM̃0

dt̃
=
(

1− (M̃0 + M̃1 + M̃2)
)

D̃ − k̃01
c̃1

ã01 + c̃1
M̃0 − εM0

c̃2
ã02 + c̃2

M̃0 − d̃0M̃0

(14)

εM1

dM̃1

dt̃
=

c̃1
ã01 + c̃1

M̃0 +
k21
k01

M̃2 −
1

k01
(k12 + d1) M̃1 (15)

dM̃2

dt̃
=

c̃2
ã02 + c̃2

M̃0 +
k12
k02

M̃1 −
1

k02
(k21 + d2)M̃2 (16)
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εc1
dc̃1

dt̃
=

ã12
ã12 + c̃2

(

k̃0D̃ + M̃1

)

− c̃1 (17)

εc2
dc̃2

dt̃
=

ã22
ã22 + c̃2

(

M̃2 + k̃3C̃s

)

− c̃2 (18)

εCS

dC̃s

dt̃
=

(

ã2ps + ãps1 c̃1

ã2ps + c̃21

)

C̃s

(

1−
[Cs]

kls
C̃s

)

−
ds
kps

ãsb1
ãsb1 + c̃1

C̃s (19)

Equations (13)–(19) are solved subject to the dimensionless version of the initial
conditions given in Equation (11). The dimensionless initial conditions common to
both the male and female cases are D̃ = 1, M̃1 = 0, M̃2 = 0, c̃2 = 0, and C̃s = 10−1.
However, as the male and female versions of Mmax and k1 differ, the dimensionless
initial conditions for the unactivated macrophages and the pro-inflammatory cytokines
are M̃0 = 4×10−3 and c̃1 = 1.5 in the male model, and M̃0 = 2.7×10−3 and c̃1 = 2.05
in the female model.

The parameters εD, εM0 , εM1 , εc1 , εc2 , and εCs
appearing on the left-hand sides

of Equations (13)–(19) are timescales normalized with respect to our representa-
tive timescale, which is the activation timescale of anti-inflammatory macrophages
(see Equation (12)). These normalized timescales capture the following pro-
cesses: debris clearance due to phagocytosis by pro-inflammatory macrophages
(εD = D0k02/(ke1Mmax), Equation (13)); migration of unactivated macrophages
to the injury site (εM0 = k02Mmax/(kmaxD0), Equation (14)); activation of pro-
inflammatory macrophages (εM1 = k02/k01, Equation (15)); cytokine decay (εc1 =
k02/dc1 and εc2 = k02/dc2 , Equations (17) and (18)); and SSPC proliferation (εCs

=
k02/kps, Equation (19)). Equations (13)–(19) also contain several additional dimen-
sionless parameters, indicated by tildes, that are defined in Table 4, alongside their
representative male and female values.

We analyze the two parameter sets for male and female using values from Table 4.
Note that all the dimensionless parameter groupings appearing on the right-hand
sides of Equations (13)–(19) are at most O(1), confirming that the chosen scaling
appropriately balances the terms in the system. The normalized timescales for the
male (female) cases are:

εD = 0.35 (0 .23 ), εM0
= 0 .11 (0 .25 ), εM1

= 0 .14 (0 .14 ),

εc1 = 7× 10−3 (9 .8 × 10−3 ), εc2 = 1.8× 10−2 (2 .7 × 10−2 ), εCs
= 0.17 (0 .2 ).

(20)
These parameters are O(10−2) or O(1), revealing that, in both the male and female

cases, the system dynamics occur over two distinct timescales: a short one (hours)
and a long one (days to weeks). Since we only consider processes up to Cs, the long
timescale is relative and reflects the slower behavior of the early healing process,
excluding the subsequent callus formation stage. The short timescale captures the
dynamics of the cytokine concentrations (c̃1 and c̃2), while the long timescale captures
the dynamic interplay between debris (D̃), unactivated, pro-inflammatory, and anti-
inflammatory macrophages (M̃0, M̃1, and M̃2), and SSPCs (Cs). While it might be
argued that εD, εM0 , εM1 , and εCs

are O(10−1), these values are not sufficiently small
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Table 4 Non-dimensional parameter definitions and values for the
male and female cases. All timescales are normalized using the
activation timescale of anti-inflammatory macrophages, T = 1/k02 ≈

12 days.

Non-dimensional parameter Male value Female value

ãed = aed

D0
9.4× 10−2 9.4× 10−2

k̃01 = k01Mmax

kmaxD0
0.81 1.83

d̃0 = d0Mmax

D0kmax
0.21 0.31

k̃0 = k0D0

k1Mmax
3.01 4.02

k̃3 = k3[Cs]

k2Mmax
2.15× 10−2 1.43× 10−2

ã12 = a12

[c2]
3.1× 10−2 1.4× 10−2

ã22 = a22

[c2]
0.12 5.5× 10−2

ãps =
aps

[c1]
4.9 6.5

ãsb1
=

asb1

[c1]
0.154 0.205

ã01 = a01

[c1]
1.5× 10−2 2.1× 10−2

ã02 = a02

[c2]
6.2× 10−3 2.8× 10−3

ãps1
=

aps1

[c1]
31 41

to consider the corresponding processes as fast compared to the activation of anti-
inflammatory macrophages, which sets our reference timescale. As a result, the system
only separates into two meaningful timescales.

To reveal the cytokine dynamics on the short timescale, we make use of the small
parameters εc1 and εc2 and rescale time via t̃ = εc1 t̃F , where t̃F = O(1). After
substituting this rescaled time into Equations (13)–(19) and keeping only the O(1)
terms, we see that the debris and cell populations do not evolve on this timescale (to
leading order), and therefore remain at their initial values. The governing equations
for the evolution of cytokine concentrations are then:

dc̃1

dt̃F
=

ã12
ã12 + c̃2

k̃0 − c̃1,
εc2
εc1

dc̃2

dt̃F
=

Cs(0)

[Cs]

ã22
ã22 + c̃2

k̃3 − c̃2 (21)

which we solve subject to the initial conditions c̃1 = 1.5 (male) or c̃1 = 2.05 (female),
and c̃2 = 0 for both sexes. In this early stage response, we see that the cytokine
dynamics are driven by production of pro-inflammatory cytokines in response to debris
(k̃0) and anti-inflammatory cytokines by SSPCs (k̃3), together with natural cytokine
decay.

On the long timescale t̃ = O(1), the small terms of O(εc1) and O(εc2) in
Equations (17) and (18) can be neglected. As a result, the cytokine concentrations
reach a quasi-steady state and are determined by solution to the following algebraic
equations:

0 =
ã12

ã12 + c̃2

(

k̃0D̃ + M̃1

)

− c̃1, 0 =
ã22

ã22 + c̃2

(

M̃2 + k̃3C̃s

)

− c̃2. (22)
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The dynamics of the debris and the cell populations then evolve according to
Equations (13)–(16) and Equation (19), in which the expressions for the cytokine
concentrations are obtained from Equations (22). These equations are solved subject
to the initial conditions D̃ = 1, M̃1 = M̃2 = 0, and C̃s = 1 × 10−2 together with
M̃0 = 4× 10−3 (male) or M̃0 = 2.7× 10−3 (female).

In Section 3.3, we present the results from the short and long timescale solutions
alongside the solution of the full EH submodel corresponding to Equations (13)–(19).

2.5 Implementation details

The ODE model and its reduced formulation were implemented in MATLAB R2024b
(The MathWorks Inc., Natick, MA, USA). Simulations were performed using the male
and female parameter values specified in Section 2.3. The global sensitivity analysis
was implemented in MATLAB, while the corresponding heatmaps were generated
in R Statistical Software (v4.4.3; [67]). Simulations were performed using the stiff
solver ODE23s, which is suitable for systems with components evolving on different
timescales. In the case of the full-dimensional model, a total duration of 400 post-
fracture days (PFDs) was simulated to capture the complete bone healing process,
including the late phases of bone formation. The scripts used for the simulations
and analyses are available in the following GitHub repository: https://github.com/
LauraLafuenteG/Sex-differences.

Local sensitivity analyses of the non-zero initial conditions were performed to assess
the robustness of model predictions to uncertainty in the initial fracture environment.
Details and results are provided in Section S3 of the Supplementary material.

To analyze the numerical results quantitatively, three output metrics were calcu-
lated for each model outcome and for both male and female simulations: peak value,
time-to-peak, and area under the curve (AUC). The AUC was computed using the
MATLAB trapz() function over the full 0 to 400 PFD time range. Male-to-female
and female-to-male ratios were then calculated for the AUC to facilitate comparisons
between the sexes. Complete tables of these metrics are provided in Section S4 of the
Supplementary material.

The model was validated for the male and female cases by comparing their numer-
ical results with experimental data on femur osteotomies in young (12-week-old) male
and female mice from Haffner-Luntzer et al. [12]. Note that this study was not used to
derive the model parameter values, but rather serves as an independent in vivo data
set for model validation. The outcome of this validation is discussed in Section 3.4.

3 Results

We start by presenting the results of the global sensitivity analysis in Section 3.1.
This analysis identifies the biological processes that most influence model predictions
and supports the relevance of sex-specific parameters. We then consider the reduced
early-healing (EH) submodel in Section 3.2, which illustrates the dominant dynamics
on the short and long timescales. The male and female dynamics operate on the same
timescales but show quantitative differences between the predictions for the debris and
cell densities, as well as the cytokine concentrations. To illustrate these quantitative
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B) C)

Fig. 3 Variance-based global sensitivity analysis of the baseline parameter set. (A) Heatmap of
total-effect sensitivity indices (STi

) for all 37 model parameters and 15 output metrics. Sex-specific
parameters are shown in bold. TTP, time-to-peak. (B) Convergence analysis of osteoblast time-to-
peak. (C) Heatmap of interaction contributions (STi

− Si) for the 13 sex-specific parameters. TTP,
time-to-peak.

differences, in Section 3.3 we present the results of the full model, which captures the
progression of bone fracture healing from inflammation through repair.

3.1 Sensitivity analysis

The resulting total-effect heatmap revealed distinct sensitivity patterns across the
inflammatory and repair phases of healing (Fig. 3A). The main sensitivity patterns are
summarized below, while the complete results are presented in Sections 1.2 and 1.3 of
the Supplementary material. Convergence of the sensitivity indices across increasing
sample sizes supported the selection of N = 8192 for the final analysis (Fig. 3B).

Early inflammatory outputs are controlled by direct effects. Macrophage-
related outputs (M1 and M2) are governed by a small number of parameters with
predominantly direct effects. The maximal macrophage density (Mmax), which in our
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model is sex-specific, dominates three of the four related outputs: peak values of M1

and M2, and M2 time-to-peak (Fig. 3A). Three additional parameters in this subset
are also sex-specific: the activation rate of M0 to M1 (k01), which is the dominant
parameter for the time-to-peak of M1, and the complementary activation rate of M0 to
M2 (k02) and the debris removal rate by M1 (ke1), both of which strongly influence the
time-to-peak of M2. Both output metrics of the pro-inflammatory cytokines (c1) are
governed almost entirely by the direct effects of pro-inflammatory cytokine degradation
(dc1) and production (k0).

Transition-phase outputs reveal a shift from direct regulation to

interaction-driven dynamics. Compared with the other inflammatory outputs,
anti-inflammatory cytokines (c2) exhibit a broader sensitivity profile, being influenced
by both inflammatory- and SSPC-related parameters. Interestingly, c2 and SSPCs (Cs)
display a similar balance between direct (Fig. 3A) and interaction effects (Fig. 3C):
peak values are mainly dominated by direct effects and time-to-peak metrics by param-
eter interactions. For both c2 and Cs, the peak value is dominated by the direct
contribution of the sex-specific SSPC proliferation rate (kps), which also remains one
of the dominant parameters for their time-to-peak. Another sex-specific parameter,
the SSPC differentiation rate (ds), is likewise among the most influential contribu-
tors to both time-to-peak outputs. For c2 time-to-peak, the dominant parameter is k0
(production of pro-inflammatory cytokines), whereas SSPC time-to-peak is primar-
ily governed by interactions involving the anti-inflammatory cytokine decay rate (dc2)
and the effectiveness of c1 inhibition of SSPC differentiation (asb1). In contrast to the
earlier inflammatory outputs, the timing of both c2 and Cs emerges from parameter
interactions rather than individual parameter effects, indicating that the transition
from inflammation to repair coincides with a shift from direct regulation to increasingly
interaction-driven healing dynamics.

Repair outputs are strongly influenced by inflammation–repair cou-

pling. The sensitivity patterns identified for anti-inflammatory cytokines (c2) and
SSPCs (Cs) persist into the repair phase, particularly for osteoblasts (Cb) and, to a
lesser extent, fibrocartilage (mf ) (see Fig. 3A). The sex-specific SSPC proliferation
rate (kps) remains one of dominant contributors, controlling osteoblast peak value and
time-to-peak, as well as fibrocartilage time-to-peak. The time-to-peak of osteoblasts
is largely governed by interaction-driven dynamics involving cytokine and SSPCs pro-
cesses. Several of the influential parameters are sex-specific, including the osteoblast
proliferation rate (kpb), SSPC differentiation rate (ds), maximal osteoblast density
(klb), and debris removal rate by M1 (ke1). The latter also contributes to osteoblast
peak value, further illustrating the persisnt influence of inflammatory processes on
repair-related outcomes. In contrast, fibrocartilage (mf ) and woven bone (mb) peak
values are mainly governed by their tissue-specific processes.

Sensitivity patterns support the relevance of sex-specific processes

throughout healing. Taken together, the sensitivity analysis reveals a clear dis-
tinction between peak-value and time-to-peak outputs. Peak values are generally
controlled by a limited number of parameters with predominantly direct effects,
indicating that the magnitude of biological responses can largely be attributed to
individual processes. In contrast, time-to-peak metrics are governed by a broader set
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of influential parameters and exhibit stronger interaction effects, particularly as the
healing process progresses, indicating that the timing of healing emerges from interac-
tions between inflammatory, SSPC-, and osteoblast-related processes. This distinction
is also evident from the interaction-contribution heatmap (Fig. 3C), where interac-
tion contributions are consistently larger for time-to-peak outputs than for peak-value
metrics. Furthermore, influential sex-specific parameters are present throughout the
healing cascade, regulating the dynamics of macrophages (Mmax, ke1 , k01, k02), SSPCs
(kps, ds), and osteoblasts (klb, kpb). As a result, every stage of healing is controlled
by processes that include sex-specific parameters. Thus, the global sensitivity analysis
and the literature-based parameterization independently converged on the same bio-
logical mechanisms, supporting the relevance of introducing sex-specific parameters
and suggesting that sex differences are expected to influence both inflammatory and
repair outcomes.

3.2 Early-healing submodel

The reduced EH submodel described in Section 2.4 reveals the underlying timescales
of the early fracture healing response, comprising the inflammatory phase and the sub-
sequent pro-regenerative state. Using the dimensionless parameter values of Table 4,
the EH submodel reveals two common timescales for both the male and female cases:
a short timescale associated with the cytokine response (Fig. 4) and a long timescale
associated with the debris and cell dynamics (Fig. 5).

Figure 4 shows the dimensionless cytokine concentrations for the male (blue lines)
and female (red lines) parameter sets. Note that the corresponding dimensional scales
differ between the male and female cases (see Table 3). In all cases, the full EH
submodel solution of Equations (13)–(19) is given by solid lines, the short-timescale
solution by dashed-dot lines, and the long-timescale solution by dashed lines. Since
the EH submodel only captures processes up to Cs, the long timescale is relative
and reflects the slower behavior of the early healing response. The insets highlight
the close agreement between the full EH solution and the short-timescale solution at
early times. The short-timescale solution captures the rapid transition of the cytokine
concentrations from their initial values to the corresponding concentrations at which
cytokine production and decay balance. These values, obtained from the steady-state
solutions of Equations (21), are indicated by dotted horizontal lines in the insets.
During this period of rapid cytokine adjustment, the cell populations remain well
approximated by their initial values. The dashed lines indicate the quasi-steady state
solutions for cytokine concentrations, which depend on debris and cell density dynam-
ics, as determined by the solution to Equations (22) together with Equations (13)–(16)
and Equation (19). As seen in Fig 4, this long-timescale prediction is accurate for
longer times but, as expected, is less accurate for very early times. Note that the error
between the long-timescale prediction and the full EH solution for early times is at
most approximately 10%. The long-timescale reduced model neglects terms that are
small in the parameters εc1 and εc2 , and we therefore anticipate errors when com-
paring the predictions of the long-timescale submodel and the full EH model. The
approximately 10% error observed is consistent with the size of these small parameters.
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Fig. 4 Predicted cytokine concentrations for the male (top row, blue) and female (bottom row,
red) cases. Left: pro-inflammatory cytokine concentration (c̃1). Right: anti-inflammatory cytokine
concentration (c̃2). Solid line: full solution; dashed line: long-timescale solution; dashed-dot line: short-
timescale solution. Insets show close up comparison of full EH (solid line) and short-time (dashed-dot)
solutions at early times, together with the steady state solutions of Equations (21) (dotted line).
Note that the x- and y-axes are different. All results are plotted against dimensionless male time to
facilitate direct comparison of the dynamic response of the male and female cohorts.

Figure 5 shows the predictions of the long-timescale reduced model for the debris
and cell densities (dashed lines) compared with the predictions obtained by solving
the full EH submodel of Equations (13)–(19). Blue and red lines denote male and
female cases, respectively. For visualization purposes, all results are plotted against
dimensionless male time to facilitate direct comparison of the dynamics between the
two cohorts; that is, the dimensionless time is normalized with respect to the male
value of k02. We see that, in general, the agreement between the reduced and the full
EH submodel predictions is excellent. The largest discrepancies occur in the SSPC
predictions for the SSPCs, reflecting the impact of cytokine concentrations on the
rates of SSPC production and decay (see Equation (19)), whereas cytokines have
much less impact elsewhere in Equations (13)–(16). As a result, any discrepancy in the
cytokine predictions between the long-timescale and the full EH submodel solutions
directly affects the predicted SSPC dynamics, as seen in Fig. 5 (left). Nevertheless,
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Fig. 5 Predicted debris and cell densities for the male (blue lines) and female (red lines) cases.
Left: debris (D̃) and skeletal stem/progenitor cells (C̃s). Right: unactivated (M̃0), pro- (M̃1) and
anti-inflammatory (M̃2) macrophages. Solid line: full solution; dashed line: long-timescale solution.
Note that the x- and y-axes are different. All results are plotted against dimensionless male time to
facilitate direct comparison of the dynamic response of the male and female cohorts.

this disagreement is small and within the error anticipated given the size of the ε
parameters.

While these results indicate that the timescales of the male and female dynamics
are the same, there are quantitative differences in the predictions on each timescale. As
the results have been presented in dimensionless form, there will also be quantitative
differences in the dimensional predictions for the debris and cell population densities
and the cytokine concentrations, reflecting the different dimensional quantities for the
male and female cases. To interrogate these differences in more detail and present
dimensional predictions that align with experimental measurements, as well as further
scrutinize sex differences in the repair phase in terms of osteoblast, fibrocartilage,
and bone density, in the next section we present a detailed examination of the full
dimensional model capturing the healing process from inflammation through repair.

3.3 Full model

The model described in Section 2.1 predicts the temporal evolution of the inflamma-
tory and repair phases of the bone fracture healing process in males and females. Using
the parameter values of Tables 2 and 3, the model predicts a successful healing out-
come for both males and females, which is defined by the complete down-regulation
of the inflammatory response (Fig. 6) and the full ossification of the callus (Fig. 7).

At post-fracture day (PFD) 0, the presence of non-activated, tissue-resident
macrophages and skeletal stem/progenitor cells (SSPCs), the accumulation of debris
resulting from the fracture event, and the immediate release of pro-inflammatory
cytokines triggered by macrophage recognition of debris are represented by the non-
zero initial conditions of M0 (Fig. 6D), Cs (Fig. 7A), D (Fig. 6A), and c1 (Fig. 6B),
respectively, reflecting the background state of the system at the onset of healing (see
Equations 11). In response to debris accumulation, macrophages are further recruited
within the first 24 hours (Fig. 6D), and additional pro-inflammatory cytokines are
rapidly secreted (Fig. 6B). Macrophages activate faster in females (parameters k01 and
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Fig. 6 Predicted inflammatory response for the male (blue lines) and female (red lines) cases. The
plots represent the temporal evolution of the average (A) debris density (D); (B) pro- (c1) and (C)
anti-inflammatory (c2) cytokines concentration; and (D) unactivated (M0), (E) pro-inflammatory
(M1), and (F) anti-inflammatory (M2) macrophage density. Note that the y-axes are different.

k02 in Table 3), leading to a slightly lower peak of unactivated macrophages (Fig. 6D).
For males, the complete activation of macrophages takes longer: macrophage polar-
ization in males is completed by PFD 15, in contrast with PFD 10 in females (see
Fig. 6D). Once the macrophages polarize into either M1 or M2, they remove the debris
by phagocytosis. In our model, females are assigned a higher maximal macrophage den-
sity (parameter Mmax in Table 3), allowing for a larger macrophage population. While
the model predicts higher peaks of both M1 (Fig. 6E) and M2 (Fig. 6F) macrophages
in females, the total macrophage population, measured as the sum of the areas under
the curves (AUCs) of the variables M0, M1, and M2, is nearly the same between the
sexes, with a female-to-male ratio of 0.99. Both M1 and M2 peaks occur earlier in
females, at PFD 4 and 6, in comparison to males, at PFD 5 and 8. Female macrophages
also have enhanced phagocytic capacity (parameters ke1 and ke2 in Table 3); hence,
debris is cleared in a shorter time for females (Fig. 6A), i.e. by PFD 6 as compared to
PFD 11 in males.

In our model, female macrophages are parameterized to secrete fewer pro-
inflammatory and more anti-inflammatory cytokines (parameters k1 and k2 in
Table 3). Additionally, female SSPCs are parameterized with a higher immunosup-
pressive capacity (parameter k3 in Table 3), which further enhances the production of
anti-inflammatory cytokines. This trend is observed in the predicted results shown in
Fig. 6B-C: male cells produce higher levels of pro-inflammatory cytokines (Fig. 6B),
while female cells secrete greater amounts of anti-inflammatory cytokines (Fig. 6C).
Although the qualitative difference in pro-inflammatory cytokine production seems
relatively small, the AUC of c1 reveals a male-to-female ratio of 1.63, indicating that
male macrophages secrete significantly higher levels overall. In contrast, the AUC
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Fig. 7 Predicted repair response for the male (blue line) and female (red line) cases. The plots
represent the temporal evolution of the average density of (A) SSPCs (Cs), (B) osteoblasts (Cb), (C)
fibrocartilage (mf ) or soft callus, and (D) woven bone (mb) or hard callus. Note that the x- and y-
axes are different per panel.

of c2 shows a female-to-male ratio of 1.52, confirming that females produce more
anti-inflammatory cytokines, as observed qualitatively. For both cytokine types, the
peak production occurs earlier in females than in males. Pro-inflammatory cytokines
peak within the first 24 hours for both sexes and exhibit a rapid burst within the
first 10 PFDs (Fig. 6B), reflecting the acute inflammatory response. Conversely, anti-
inflammatory cytokines peak before PFD 6 for females and at PFD 7 for males,
maintaining a sustained production for over 50 PFDs in females and around 40 PFDs
in males (Fig. 6C).

Consequently, since inflammation is considered active when any of the variables
M1, M2, c1, or c2 are positive (see Section 2.1), the predicted inflammatory response
is stronger and persists slightly longer in the female model. This is mainly driven by
higher peaks of M1 and M2 macrophages in females, although both sexes show similar
decay patterns afterward (Fig.6E-F), and by consistently higher secretion of anti-
inflammatory cytokines in females, both during the peak and throughout the decay
phase.

As discussed in Section 1.1, the inflammatory and repair phases are interdependent.
Tissue-resident SSPCs are represented by the non-zero initial condition of SSPCs,
and their numbers increase due to recruitment by pro-inflammatory cytokines. In
the model, this recruitment is incorporated into the SSPC proliferation term (As in
Equation 7). Female SSPCs are assigned a lower maximal density (parameter kls in
Table 3), limiting the maximum size of the SSPC population. This, along with reduced
pro-inflammatory cytokine secretion, results in a significantly lower peak of SSPCs in
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females compared to males (30% less, see Fig. 7A). The SSPC peak occurs at PFD
5 in females and at PFD 7 in males, just hours before the peak of anti-inflammatory
cytokines on the same PFDs. This timing is consistent with the role of SSPCs as
immunosuppressors, which increase the production of anti-inflammatory cytokines (see
Equation 6). Despite the lower peak of SSPCs in females, the proliferation rate of
female SSPCs is higher in our model (parameter kps in Table 3). As a result, the
cumulative number of SSPCs over the course of healing, as measured by the AUC, is
very similar between the sexes, with a female-to-male ratio of 1.14.

In our model, the fibrocartilage or soft callus is produced solely by the SSPC
population, so the fibrocartilage dynamics reflect the trend predicted for these early
repair cells. Despite the fibrocartilage peak occurring at PFD 9 in both the male
and female cases, the higher number of male SSPCs leads to a higher peak in males
(Fig. 7C). Conversely, the slower differentiation rate in our female model (parameter
ds in Table 3) allows SSPCs more time to proliferate, resulting in a soft callus that
persists significantly longer. While the peak in the male model diminishes by half at
PFD 20, the peak in the female model only reaches half of its maximum at PFD 30
(Fig. 7C). Consequently, the overall fibrocartilage density, measured by the AUC, is
higher for females, with a female-to-male ratio of 1.39.

Similarly to SSPC behavior, female osteoblasts in our model are parameterized
with a lower maximal density and a higher proliferation rate (parameters klb and kpb
in Table 3). Together with the weaker osteogenic differentiation from female SSPCs,
these sex-specific parameters lead to the following results. The osteoblast peak occurs
earlier in males (by PFD 14) compared to females (at PFD 15) and reaches a higher
value, although the difference is less pronounced than in the SSPC peak (7% vs. 30%;
Fig. 7B). As observed for SSPCs, the higher proliferation rate of female osteoblasts
compensates for their initially lower cell numbers. As a result, the female model
predicts slightly higher osteoblast numbers once the population stabilizes, although
the difference compared to males is small. When considering the osteoblast density
throughout the healing process, measured by the AUC, the female-to-male ratio is
1.07, indicating that males and females exhibit similar cumulative osteoblast numbers.

In our model, woven bone or hard callus is produced exclusively by osteoblasts.
Consequently, the osteoblast dynamics are further reflected in the woven bone trend
(Fig. 7D), which shows a very similar ossification pattern in both sexes, both quali-
tatively and quantitatively. The bone relative area reaches 99% by PFD 286 in both
males and females, and the overall hard callus density, measured by the AUC, yields a
female-to-male ratio of 1.01. Finally, regarding the general healing timeline, both male
and female cases predict that osteoblast numbers stabilize within weeks, indicating a
positive healing trajectory, while full ossification takes several months to complete.

3.4 Validation with independent in vivo data

In the in vivo experiments reported by Haffner-Luntzer et al. [12], female and male
mice underwent femur osteotomy at 12 weeks of age. Mice were sacrificed either 10
days or 21 days after surgery. The relative percentages of fibrous tissue, cartilage,
and bone areas within the whole fracture callus were histologically determined. These
values are represented by the bars in Fig. 8. At day 10, male mice showed significantly
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Fig. 8 Computational and experimental evolution of normal fracture healing. Temporal evolution
(PFDs) of fibrocartilage and bone tissue fraction (%) as predicted by the model for the male and
the female cases (lines), and relative (%) fibrous tissue, cartilage, and bone area as experimentally
measured by Haffner-Luntzer et al. [12] (bars, average value ± standard error). The bars represent
the quantification at PFD 10 and PFD 21. The fibrous tissue and cartilage bars are stacked. The
stars indicate significant sex differences.

more cartilage but less fibrous tissue in the fracture callus compared to female mice,
with no significant difference in bone quantity or callus size. This indicates that male
mice experience faster cartilaginous callus development [12]. By day 21, the fracture
callus in male mice was significantly larger compared to female mice [12], while the
relative fibrous tissue, cartilage, and bone areas did not differ. However, male mice
exhibited significantly higher tissue mineral density, indicating more mature bone in
the fracture callus and a slightly more rapid fracture healing process [12]. Additionally,
on both day 10 and day 21, no significant differences in osteoblast numbers between
male and female mice were observed [12].

In our computational model, fibrous tissue and cartilage are combined into fibro-
cartilage, allowing us to predict an equivalent relative tissue area that corresponds to
the sum of cartilage and fibrous tissue fractions observed in experimental studies. The
predicted fibrocartilage fraction (Fig. 8, left) is 82% for males and 77% for females at
PFD 10, and 40% for males and 54% for females at PFD 21. In the experiments by
Haffner-Luntzer et al. [12], the combined relative areas of fibrous tissue and cartilage
are 83% for males (43% fibrous tissue and 40% cartilage) and 79% for females (55%
fibrous tissue and 24% cartilage) at PFD 10, and 52% for both males (52% fibrous
tissue and 0.45% cartilage) and females (52% fibrous tissue and 0.15% cartilage) at
PFD 21 (values estimated from figures in [12]). Consequently, our predicted fibrocarti-
lage fraction aligns well with the experimentally quantified values at PFD 10 for both
males (82% vs. 83%) and females (77% vs. 79%), preserving the trend of accelerated
cartilaginous or soft callus formation in males. However, some mismatch is observed
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at PFD 21. Quantitatively, the computational value for females agrees with the exper-
imental one (54% vs. 52%); but the predicted value for males is much lower than the
experimental quantification (40% vs. 52%).

Regarding bone tissue (Fig. 8, right), our model predicts a relative fraction of 7%
for males and 8% for females at PFD 10, and 30% for both males and females at PFD
21. The relative bone areas reported by Haffner-Luntzer et al. [12] are 17% for males
and 20% for females at PFD 10, and 45% for both sexes at PFD 21 (values estimated
from figures in [12]). This comparison shows a good qualitative agreement between
the predicted hard callus formation and the experimental observations for both males
and females, as the same ossification pattern is observed. Indeed, at PFD 10 there is
slightly more bone formation for females in both the computational and experimental
data, whereas the same relative bone area is observed for both sexes at PFD 21.
Quantitatively, however, the computational and experimental values do not match:
the simulated bone tissue fraction aligns with the experimental data at approximately
double the time. That is, in vivo observations at PFD 10 and 21 are captured by our
models only around PFD 20 and 40, respectively. This discrepancy may result from
multiple factors, including the hybrid cross-species parameterization adopted in this
study and structural simplifications of the computational model. These limitations are
further discussed in Section 4.3.

Finally, the osteoblast dynamics shown in Fig. 7B and discussed in Section 3.3 align
with the in vivo findings of [12], which reported no significant sex-based differences in
osteoblast numbers. Although the simulated osteoblast peak in males is slightly higher
and occurs one day earlier, the model predicts similar cumulative osteoblast numbers
between sexes when measured by the area under the curve (AUC) throughout the
healing process, indicating no substantial sex differences.

In summary, despite some discrepancies, the model predicts realistic healing pat-
terns that align with the experimentally observed behavior for both male and female
cases.

4 Discussion

This study aimed to investigate sex differences in normal fracture healing using compu-
tational modeling. We focused the analysis on normal healing conditions as a necessary
first step toward understanding how sex differences modulate fracture repair dynamics,
prior to considering pathological scenarios in future studies. To this end, we revis-
ited the macrophage-mediated model of Trejo et al. [57]. We introduced sex-specific
parameter sets derived from available literature on sex differences in bone fracture
healing and, in parallel, performed a global sensitivity analysis to identify the bio-
logical processes and parameters that contribute most strongly to model predictions.
While these analyses were performed independently, they highlighted common bio-
logical mechanisms: several parameters identified as sex-specific were also among the
most influential parameters governing model outputs. This agreement supports the
relevance of incorporating sex-specific processes into computational models of fracture
healing and suggests that sex differences can influence both inflammatory and repair
responses.

29



1335
1336
1337
1338
1339
1340
1341
1342
1343
1344
1345
1346
1347
1348
1349
1350
1351
1352
1353
1354
1355
1356
1357
1358
1359
1360
1361
1362
1363
1364
1365
1366
1367
1368
1369
1370
1371
1372
1373
1374
1375
1376
1377
1378
1379
1380

4.1 Timescales as a framework for sex-specific fracture healing

dynamics

To explore whether sex differences affect the timing of key biological processes during
early fracture healing, a phase shown to be critical for successful bone repair [3],
we first performed a timescale analysis of the early-healing (EH) submodel focusing
on the inflammatory phase and the subsequent pro-regenerative transition. This was
followed by numerical simulations of the full model, which includes both inflammatory
and repair responses, to investigate sex-specific dynamics across the entire course of
fracture healing.

The timescale analysis of the EH submodel described in Section 3.2 provided
insights into the temporal organization of early fracture healing. For both male and
female parameter sets, the non-dimensionalized EH submodel revealed two charac-
teristic timescales: a short timescale, on the order of hours, and a long timescale,
on the order of days. On the short timescale, pro- and anti-inflammatory cytokine
concentrations rapidly adjusted from their initial values to quasi-steady levels, while
debris and cell densities remained close to their initial conditions. In contrast, the long
timescale governed the evolution of debris, macrophages (unactivated, pro-, and anti-
inflammatory), and skeletal stem/ progenitor cells (SSPCs) densities, with cytokine
concentrations slave to these dynamics. As the EH submodel focuses on early healing,
the long timescale is relative and captures the slower behavior of the inflammatory
and pro-regenerative cell populations, excluding later healing stages such as callus for-
mation by repair cells. The comparison between the reduced timescale solutions and
the full EH submodel predictions resulted in excellent agreement, confirming that the
reduced models accurately capture the relevant dynamics of the EH submodel on their
respective timescales.

Although the EH submodel did not reveal sex-dependent timescales, it plays a key
interpretative role by establishing a common temporal framework for early fracture
healing. Within this framework, sex differences emerge as quantitative shifts rather
than as distinct temporal organization of the underlying biological processes. As pre-
sented in Section 3.3, the full model predicted sex-specific differences across both the
inflammatory and repair phases of fracture healing. Female macrophages activated
more quickly and exhibited enhanced phagocytic activity, leading to faster debris
clearance and earlier peaks of both pro- and anti-inflammatory cytokines; although
pro-inflammatory cytokines peaked within the first 24 hours for both sexes. Females
also showed higher macrophage peaks and sustained anti-inflammatory cytokine
production, resulting in a stronger and more prolonged inflammatory response. In con-
trast, males exhibited higher overall levels of pro-inflammatory cytokines but a shorter
duration of inflammation. In the repair phase, males reached higher peaks of SSPCs,
osteoblasts, and fibrocartilage, while females displayed slower osteogenic differentia-
tion but higher proliferation rates, resulting in more prolonged activity of repair cell
populations and leading to similar cumulative numbers of repair cells between the
sexes over the course of healing. Consequently, despite differences in the predicted
healing trajectories, including both the magnitude and timing of several biological
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processes, both sexes achieved similar bone formation dynamics, suggesting that dif-
ferences along the healing process can still lead to comparable healing outcomes in
normal fracture repair.

4.2 Agreement with experimental findings

The sex-specific model predictions are consistent with the experimental findings
reported in Section 1.2. Regarding cytokine dynamics, the model reproduces the
rapid early inflammatory response and the sex-specific balance between pro- and anti-
inflammatory cytokines observed in experimental studies. Peak production occurs
earlier in females than in males for both cytokine types; however, these differences
remain within the same short cytokine response window. As predicted by the full
model, males show greater pro-inflammatory cytokine production and females exhibit
higher anti-inflammatory cytokine levels, consistent with the literature data used to
inform model reparameterization [8, 14, 15, 28, 30, 31, 34, 35]. As a result, a stronger
and more sustained inflammatory response is predicted in females, in agreement with
experimental observations of enhanced and prolonged immune responses in females
[30, 31].

The dynamics of immune and pro-regenerative cells populations also align well with
experimental observations. Regarding immune cell populations, the predicted female
macrophages exhibited increased numbers [15, 31, 32] (here shown at the peaks),
faster activation rates [30, 31, 33], and enhanced phagocytic activity [15, 30, 32]. Since
these experimental results were used to inform model parameters (see Section 2.3),
the observed agreements indicate that the model reproduces the expected sex-specific
differences. Although debris clearance and macrophage activation and polarization
occurred earlier in females, these timing differences represent quantitative shifts
within the same long cellular timescale governing macrophage-mediated processes
in both sexes. In agreement with experimental studies, anti-inflammatory (M2)
macrophages remain active for longer periods than the pro-inflammatory (M1) pheno-
type [22, 23, 25], a behavior that is captured in the present model as extended dynamics
within the long cellular timescale rather than as a distinct additional timescale. In the
pro-regenerative transition toward the repair phase, the full model predicted higher
peak densities of SSPCs in males, in agreement with experimental reports of increased
activated SSPCs in the bone marrow of male rodents [13, 15, 37, 38, 40], which
informed model parameters.

The model results were validated against independent in vivo data from Haffner-
Luntzer et al. [12], who reported no significant sex-based differences in osteoblast
numbers and similar ossification patterns between male and female mice, with faster
soft callus formation in males [12]. While faster bone formation has been observed in
male mice [10, 12, 29], this was quantified by more mature bone within the fracture
callus rather than by a greater relative bone area [12]. Accordingly, as discussed in
Section 3.4, the full-model predictions are in very close agreement with these in vivo

findings, including comparable osteoblast numbers between sexes despite a slightly
earlier and higher peak in males, accelerated soft callus formation in males, and similar
ossification trends between the sexes. Finally, regarding the overall healing timeline,
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both male and female simulations predict positive healing trajectories, with full ossi-
fication taking several months to complete, consistent with experimental and clinical
observations [17, 23].

Additionally, when comparing model results with experimental data, it is impor-
tant to carefully consider how cell population dynamics are quantified. As discussed,
the model predicts higher peak values of both M1 and M2 macrophages in the
female case, consistent with experimentally observed increased macrophage numbers
in females [15, 31, 32], as well as higher SSPC peak values in the male case, in align-
ment with experimental findings indicating higher numbers of activated SSPCs in
males [13, 15, 37, 38, 40]. However, when cell populations are quantified using cumula-
tive measures such as the area under the curve (AUC), the full model predicts similar
cumulative numbers of M1 and M2 macrophages between the sexes, while cumulative
SSPC numbers are higher in females than in males. This apparent difference between
peak and cumulative values does not necessarily indicate a contradiction, but rather
reflects different aspects of the same underlying dynamics. Experimental studies often
report cell counts at a limited number of discrete time points, whereas in the model the
AUC captures cumulative cell numbers over the entire healing process. This distinc-
tion is particularly relevant for macrophages and SSPCs, which act primarily during
an early and relatively brief phase of healing, making cumulative measures sensitive
to shifts in timing. This is not the case, for example, for osteoblasts, whose prolonged
activity during the ossification process makes their cumulative numbers less dependent
on precise timing.

Despite the strong overall alignment between model predictions and experimental
observations, some biological processes in the model occur more slowly than reported
in the literature. For example, the acute inflammatory response in humans typically
resolves within 7 post-fracture days (PFDs) [23]. In contrast, high numbers of M1
macrophages, which characterize the acute inflammatory response, persist beyond this
7-PFD period in the model. While experimental data report that macrophages remain
present throughout the entire healing process [3, 17, 25], their dominant phenotypes
evolve over time. As result of injury, inflammatory macrophages are recruited and ini-
tially polarize into the M1 phenotype, which dominates the early stages of healing,
and later shift to the M2 phenotype, which promotes tissue repair. Therefore, while
the presence of M2 macrophages is expected beyond the resolution of the acute inflam-
matory response, the prolonged presence of M1 macrophages can be detrimental to
bone healing [17, 25]. Nonetheless, both numerical and timescale results capture the
qualitative pattern of macrophage dynamics, with M1 macrophages declining earlier
than M2 macrophages.

One possible explanation for the slower resolution of inflammation lies in the rel-
ative separation of timescales in the model. Under the current parameter values, the
timescale analysis of the EH submodel identified two dominant timescales: a fast,
cytokine-dominated response and a slower, cellular-dominated response. Although the
densities of debris, unactivated macrophages, M1 macrophages, and SSPC all evolve
more slowly than cytokine concentrations, their separation from M2 macrophage
dynamics is not sufficiently strong to generate an additional intermediate timescale. As
a result, both M1 and M2 macrophage populations evolve on the same broad cellular
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timescale in the model. However, if the kinetic rates governing the dynamics of debris,
unactivated and M1 macrophages, and SSPCs were reduced by an order of magnitude,
the system would instead exhibit three disparate timescales, with M2 macrophages
acting on the slowest one. Such behavior would be consistent with experimental obser-
vations indicating that M2 macrophages remain active longer than M1 macrophages
[22, 23, 25], as M2 macrophages resolve inflammation and initiate regeneration. This
dependence on parameter values highlights the sensitivity of the identified timescale
structure and suggests that future work should focus on more rigorous, potentially sex-
specific quantification of cellular kinetics to determine whether two or three distinct
timescales are at play.

In summary, while some quantitative discrepancies exist in the timing of cellu-
lar processes, the model robustly reproduces key qualitative patterns and sex-specific
trends observed in experimental studies. These consistencies underscore the relevance
of the modeling approach for investigating sex differences in fracture healing. Beyond
describing observed biological patterns, the combined use of timescale analysis and
full-model simulations offers substantial interpretative power, enhancing our under-
standing of the biological processes driving these sex-specific differences. As shown in
this study, timescale analysis first identified two dominant timescales within the early
healing phase, thereby defining a shared temporal framework for the underlying bio-
logical processes. Within this framework, full-model simulations revealed biologically
relevant sex-specific differences in inflammatory, pro-regenerative, and repair responses
and captured their coupled evolution across the entire healing process. Together, these
approaches enable a qualitative interpretation of early-phase dynamics and a quanti-
tative assessment of long-term healing trajectories, supporting a comprehensive view
of sex-specific fracture healing from the onset of inflammation through hard callus for-
mation and demonstrating the strength of combining complementary computational
methods in biomedical modeling.

4.3 Toward a fully experimentally informed model

To explore sex-specific bone fracture healing, we adapted the ordinary differential
equation (ODE) system of Trejo et al. [57] by incorporating sex-specific parameter
values. As a consequence of the ODE-based formulation, sex differences were captured
only in the temporal dynamics. As a result, our sex-specific model lacks spatial res-
olution, which is critical for incorporating anatomical and biomechanical differences
between sexes. For example, preclinical studies on rodents report that males typically
exhibit larger callus sizes than females [8, 10, 12, 13, 40], likely due to differences
in body weight. Additionally, Allen et al. [28] observed sex-specific differences in cell
migration and proliferation, suggesting that spatial aspects of the healing process may
differ between sexes.

Furthermore, due to modeling assumptions, the current model by [57] includes only
two types of repair cells: skeletal stem/progenitor cells (SSPCs), which in the model
produce fibrocartilage, and osteoblasts, which form bone. When creating the sex-
specific models informed and validated by the literature data presented in Section 1.2,
this creates two additional limitations.
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First, there is no distinction between fibrous tissue and cartilage, preventing direct
comparison with histological findings and sex-specific differences in their formation.
For instance, our model predicts accelerated fibrocartilage formation in males, as indi-
cated by a higher peak reached at the same time as in females, and higher cumulative
fibrocartilage density in females, as measured by the area under the curve (AUC).
While the higher fibrocartilage peak in males aligns with the combined data on early
fibrous tissue and cartilage formation reported by Haffner-Luntzer et al. [12], the bio-
logical interpretation of the higher cumulative fibrocartilage density in females is less
clear. Since the model does not distinguish between fibrous tissue and cartilage, it is
uncertain whether this elevated density reflects increased fibrous tissue, increased car-
tilage, or a combination of both. If it primarily reflects fibrous tissue, this would be
consistent with in vivo data showing more fibrous tissue in the fracture callus of female
mice [12]. Conversely, if it instead reflects greater cartilage production, it would con-
tradict experimental findings reporting reduced cartilage formation in females, both in

vivo [12] and in human SSPC-derived organoids [42]. Consequently, the current lumped
representation prevents the assessment of potentially distinct sex-specific effects on
fibrous tissue and cartilage formation.

Second, the model lacks the endochondral ossification pathway; that is, it does not
include the differentiation of SSPCs into chondrocytes and the subsequent cartilage
mineralization. Instead, it captures only direct osteogenic differentiation from SSPCs
to osteoblasts. While both ossification pathways are involved in bone fracture healing
(see Section 1.1), simplifying the model to include only direct osteogenic differentia-
tion limits the ability to interpret sex-specific in vivo data related to ossification. In
particular, several studies report that male mice exhibit faster bone formation due to
accelerated endochondral ossification [10, 12, 29], resulting in more mature bone within
the fracture callus than in female mice at the same time point, and thereby indicating
a faster healing process [12]. In contrast, while the sex-specific model predicts distinct
soft callus dynamics, the predicted bone formation trajectory is very similar for both
sexes. This similarity may reflect the simplified representation of ossification in the
model, which does not capture sex differences arising from cartilage mineralization
and endochondral bone formation. This modeling assumption may also contribute to
the quantitative differences between model predictions and experimental observations
discussed in Section 3.4. Alternatively, these observed differences may result from the
hybrid cross-species parameterization adopted in this study. As both explanations
remain plausible, the relative contributions of model structure and parameterization
cannot be determined from the present results.

Given that many existing fracture healing models capture spatiotemporal dynamics
as well as more detailed cellular lineages and ossification pathways (see [21, 49–55] for
extensive reviews), these three modeling limitations will be addressed in future studies.

In addition to modeling constraints, another set of limitations concerns the bio-
logical scope of the study and the availability of sex-specific data. Our objective was
to demonstrate that sex differences influence bone fracture healing. To achieve this,
we developed male and female proof-of-concept models by modifying parameters for
which sex-specific evidence was available. However, as explained in Section 2.3, the cur-
rent state-of-the-art does not provide sufficient data to inform all model parameters:
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for some, the available evidence was conflicting or unclear; for others, no sex-specific
data were found at all. Where data were lacking or inconsistent, we prioritized human
findings when possible and otherwise retained baseline values. For cytokines, sex-
specific evidence was interpreted at the level of aggregate pro-inflammatory and
anti-inflammatory responses represented in the model, rather than at the level of
individual cytokines. The limited availability of sex-specific data led to the hybrid
calibration strategy adopted in this study, in which evidence from multiple experimen-
tal sources was combined because no single species currently provides comprehensive
sex-specific evidence across all stages of bone healing.

Future work should focus on filling these data gaps to explore the sex-specific
nature of all parameters and, consequently, of all modeled biological processes. Fur-
thermore, while our model validation focused on repair phase outcomes using available
sex-specific fibrous tissue, cartilage, and bone data, it would be valuable to obtain
data on the inflammatory response for both sexes, such as macrophage dynamics
and cytokine profiles at different time points, to validate the model predictions and
timescale separation during the early phase of bone healing, where sex differences may
be particularly relevant. Beyond improving parameterization, such larger sex-specific
datasets would also enable uncertainty quantification based on parameter distribu-
tions, allowing uncertainty to be propagated through the model and the confidence of
predicted fracture-healing trajectories to be assessed. Moreover, more comprehensive
human sex-specific datasets would reduce reliance on cross-species evidence and facil-
itate the development of more clinically relevant computational models for the design
and evaluation of patient-specific therapeutic strategies.

Due to the complexity of exploring sex differences, we focused on young males
and females of reproductive age. Consequently, age is a critical factor not addressed
in this study, although previous computational models have successfully incorporated
aging [68–70]. While females in their reproductive years typically exhibit enhanced
immune responses following injury, this advantage is lost with aging [71]. Advanced
age is also associated with dysregulated inflammatory and repair responses in both
male and female mice, which compromise fracture healing [8]. These observations
underscore the importance of extending future models beyond young populations to
capture age-dependent variations in healing outcomes.

Furthermore, within the young female population, we did not account for physio-
logical states such as the menstrual cycle, pregnancy, or lactation, as only preliminary
literature is available on these topics [27, 32, 71, 72]. These factors are known to
influence bone biology and may affect fracture healing. For example, bone turnover
[27] and immunity [32] fluctuate during the menstrual cycle, while pregnancy has
been associated with accelerated fracture healing but also induces bone loss due to
increased calcium demands [27, 72]. As more data become available, future models
should incorporate these physiological states to better reflect intra-sex variability.

Lastly, while this study focuses on normal fracture healing, compromised healing
outcomes such as delayed- and non-healing are highly relevant clinically and affect both
sexes across all ages. These pathological scenarios involve biological mechanisms such
as unresolved inflammation or impaired angiogenesis, which are likely to interact with
sex-specific factors. As our understanding of sex-specific dynamics in normal healing
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deepens and experimental data continue to expand, future studies should aim to incor-
porate these more complex scenarios. This will not only broaden the biological scope
of the model but also contribute to the development of a fully experimentally informed
framework for patient-specific computational modeling of bone fracture healing.

5 Perspectives and significance

To our knowledge, this study is the first to incorporate sex-specific responses into a
computational model of bone fracture healing. Given that most preclinical research
has traditionally focused on male subjects [11, 73–75], except for research on patholo-
gies that primarily affect females, such as multiple sclerosis or osteoporosis, where
the opposite bias exists [75], the development of sex-specific computational models
represents an important step toward more inclusive and personalized approaches to
bone repair. Such models provide a reproducible, low-cost methodology for hypothesis
testing, enabling deeper understanding into the biological mechanisms that underlie
fracture healing and how they differ between sexes. As a result, computational models
such as the one presented here can play a key role in complementing experimental stud-
ies and supporting the design and optimization of patient-specific therapies. Overall,
this work lays the groundwork for integrating sex-specific biology into computational
modeling and contributes to advancing personalized approaches in musculoskeletal
research.

6 Conclusion

This study presents a sex-specific computational model for investigating bone frac-
ture healing dynamics. By revisiting an existing model of the inflammatory and repair
phases and incorporating literature-derived sex-specific parameter values, the resulting
model integrates diverse experimental data into a unified framework. Global sensi-
tivity analysis independently identified several of these parameters among the most
influential drivers of model dynamics, providing additional support for the incorpo-
rated sex-specific mechanisms. Within this framework, mechanistic differences between
females and males emerge across inflammatory and repair responses, leading to distinct
healing trajectories that nevertheless converge toward comparable healing outcomes.
The agreement between model predictions and independent experimental observations
further supports the biological relevance of the approach. By enabling the interpre-
tation of fracture healing processes in a sex-specific context, this work highlights the
importance of incorporating sex as a biological variable in computational modeling
and provides a foundation for future extensions toward more detailed and personalized
approaches in musculoskeletal research.
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