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Background: Fracture healing is strongly influenced by mechanical loading conditions, whereas hindlimb unloading induces bone
loss and may further compromise skeletal repair. However, the metabolic remodeling of bone tissue under fracture, unloading,
and their combination remains insufficiently characterized. This study aimed to investigate metabolic alterations in mouse bone
tissue under fracture (Fx), tail-suspension hindlimb unloading group (HU), and fracture combined with tail-suspension hindlimb
unloading group (Fx + HU) using untargeted metabolomics.

Methods: Male mice were randomly assigned to four groups: sham control (Sham), Fx, HU, and Fx + HU. Mechanical unloading
was induced using a tail-suspension hindlimb unloading model, and fracture was established using a standardized murine fracture
procedure. After 3 weeks of intervention, proximal tibial bone tissues were collected for micro-computed tomography (micro-
CT) and untargeted metabolomics analysis. Multivariate statistical analyses, including principal component analysis (PCA),
partial least squares discriminant analysis (PLS-DA), and orthogonal PLS-DA (OPLS-DA), were performed to identify metabolic
differences among groups. Differential metabolites and enriched pathways were further analyzed.

Results: Micro-CT analysis showed significant deterioration of trabecular bone mass and microarchitecture in the Fx, HU,
and Fx + HU groups compared with the Sham group (all p < 0.001), with the Fx + HU group showing the most pronounced
impairment. Untargeted metabolomics demonstrated robust analytical reproducibility in both positive and negative ion modes.
PCA and supervised multivariate analyses showed clear separation among the four groups, and the Fx + HU group exhibited
the greatest metabolic divergence from the others. Differential metabolite screening and pathway enrichment analysis revealed
marked alterations in metabolic pathways associated with amino acid metabolism, lipid metabolism, energy metabolism, and
oxidative stress-related processes.

Conclusions: Fracture and hindlimb unloading each induced substantial metabolic remodeling in mouse bone tissue, while their
combination produced more profound and distinct metabolic perturbations. These findings suggest that mechanical unloading
may aggravate bone metabolic dysregulation after fracture and provide exploratory metabolomic evidence for understanding
skeletal deterioration under combined injury and unloading conditions.
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Introduction While fracture and unloading are frequently co-
present in clinical settings, their combined impacts on bone
metabolism remain poorly understood. One possible ex-
planation may be the neglect of synergistic or non-additive
metabolic disturbances when both injuries exist simultane-
ously. Bone homeostasis is governed by complex metabolic
networks involving processes such as energy metabolism,
substance transport, and inflammatory signaling [8]. Untar-

geted metabolomics offers a powerful, unbiased platform to

Fracture is a prevalent skeletal injury, traditionally
investigated as a localized structural phenomenon with a
primary focus on local healing mechanisms [1,2]. How-
ever, mounting evidence indicates that a fracture triggers
widespread systemic alterations in bone metabolism, often
culminating in acute post-fracture bone loss at remote, non-
injured skeletal sites [3,4]. This underscores that fracture

represents a significant biological stress capable of initiat-
ing a systemic skeletal remodeling response [5,6]. Con-
currently, mechanical unloading—a condition inherent to
post-fracture immobilization—is a well-established, inde-
pendent factor driving rapid bone loss through its adverse
effects on bone formation and resorption [7].

capture such complex systemic metabolic changes.

In this study, we integrated high-resolution micro-
computed tomography (micro-CT) with untargeted
metabolomics to systematically investigate bone microar-
chitecture and metabolic alterations in a mouse model of
tibial fracture, hindlimb unloading, and their combination.
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Our central hypothesis is that fracture and mechanical
unloading induce distinct but interdependent metabolic
reprogramming in bone tissue, and that their combination
results in a unique metabolic and structural disturbance
that surpasses the additive effects of either condition alone.
Specifically, we sought to characterize the bone tissue
metabolic signature associated with each intervention,
determine whether their combined effect induces a unique
metabolic profile, and identify key metabolic pathways
and metabolites associated with compromised bone mi-
croarchitecture. Our study aims to provide a metabolic
framework for understanding the compounded risk of bone
loss in clinical scenarios involving skeletal injury and
immobilization, potentially informing the development of
novel therapeutic or preventive strategies.

Materials and Methods

Animals and Experimental Design

Forty male C57BL/6N mice, aged 8 weeks and weigh-
ing 23-25 g at baseline, were obtained from Beijing Sibaifu
Experimental Animal Technology Co., Ltd. All animals
were housed under specific pathogen-free conditions and
acclimated for 1 week before experimental procedures. The
environment is maintained under constant temperature and
humidity, with a fixed 12-hour light/dark cycle, and free ac-
cess to food and drinking water. The study protocol was re-
viewed and approved by the Institutional Animal Care and
Use Committee of Beijing Jishuitan Hospital, Capital Med-
ical University (approval No. [2025-02-05]). All proce-
dures were performed in accordance with the Guide for the
Care and Use of Laboratory Animals and relevant institu-
tional guidelines.

After acclimation, mice were randomly assigned into
four experimental groups (n = 10 per group) based on
fracture induction and/or mechanical unloading: the sham
group (Sham), which underwent anesthesia and handling
without fracture or unloading; the Fx, in which a standard-
ized fracture model was established; the HU, in which me-
chanical unloading was induced by tail suspension; and the
Fx + HU, in which both fracture induction and hindlimb
unloading were performed.

Mechanical unloading was achieved using a tail-
suspension model adapted from the classical protocol de-
scribed by Morey-Holton and Globus [9], which effectively
simulates weight-bearing deprivation and has been widely
used to study unloading-induced bone loss [10]. The frac-
ture model was performed in the mode of fracture healing
and bone reconstruction after fracture.

The total experimental duration was 4 weeks. The first
week served as the acclimation period. Beginning in the
second week, fracture induction and/or hindlimb unload-
ing were initiated according to group assignment. Follow-
ing model establishment, the respective interventions were
maintained for 3 weeks. At the end of the third week after
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model induction, all mice were euthanized by cervical dis-
location performed by trained personnel. Death was con-
firmed by the absence of heartbeat and respiratory move-
ment. All procedures were conducted in accordance with
institutional guidelines for animal care and were approved
by the relevant ethics committee. Bone tissues were subse-
quently harvested for micro-CT analysis and metabolomic
profiling.

Fracture Model Establishment

Mice in the Fx and Fx + HU groups were anesthetized
via intraperitoneal injection of a ketamine/xylazine mix-
ture (e.g., 100 mg/kg ketamine and 10 mg/kg xylazine) and
placed in the supine position. The right hindlimb was rou-
tinely shaved and disinfected. A standardized closed tibial
fracture model was then established using a controlled me-
chanical impact, as previously described in murine fracture
studies [11—13]. Briefly, following fracture induction, a 26-
gauge stainless steel pin was inserted through the proximal
tibia into the medullary cavity to achieve intramedullary
fixation and maintain fracture stability.

Post-operative analgesia (e.g., subcutaneous carpro-
fen, 5 mg/kg) was administered for 3 days. Mice were
monitored daily for signs of infection, distress, or weight
loss exceeding 20% of baseline. Postoperative radiographic
imaging was performed immediately after surgery to verify
fracture location and confirm correct positioning of the in-
tramedullary fixation, thereby ensuring successful and re-
producible model establishment.

Fig. 1. Representative X-ray image of the murine tibial frac-

ture model (immediately after surgery), showing the fracture
location and fixation status.
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Although mice in the Sham and HU groups did not un-
dergo fracture surgery, they received identical anesthesia
and handling procedures during the experimental process
when other groups (such as the Fx and Fx + HU groups) re-
quired anesthesia and surgery. This was done to control ex-
perimental variables, ensuring that environmental factors—
such as anesthetic stress and handling duration—had as
consistent an impact as possible across all groups, indepen-
dent of fracture intervention. This design enables the study
to distinguish and compare the independent effects of frac-
ture and mechanical unloading, as well as their combined
effects on bone tissue (Fig. 1).

Hindlimb Unloading Protocol

Mice in the HU and Fx + HU groups were subjected to
a classical tail suspension—based hindlimb unloading model
to simulate reduced mechanical loading, as previously de-
scribed [14—16]. Briefly, prior to suspension, the proxi-
mal portion of the tail was cleaned and thoroughly dried.
Medical adhesive tape was applied longitudinally along the
tail and connected to a suspension apparatus attached to a
crossbar or sliding rail at the top of the cage, allowing free
anterior—posterior movement within the cage. The taped re-
gion was further secured with a light, porous bandage wrap
to distribute tension and prevent skin injury.

The suspension height was adjusted to maintain a
head-down tilt of approximately 30 °C, ensuring complete
elevation of the hindlimbs from the cage floor and elimi-
nation of weight bearing, while the forelimbs remained in
normal contact with the floor to allow unrestricted locomo-
tion, feeding, and drinking. This configuration effectively
eliminated mechanical loading from the hindlimbs and es-
tablished a stable and reproducible unloading condition.

Throughout the unloading period, mice were housed
under standard laboratory conditions. The height of food
and water bottles was adjusted to minimize feeding diffi-
culty. General health status, including activity level, food
and water intake, and body weight, was monitored daily.
Particular attention was paid to tail skin integrity and cir-
culation, and the suspension apparatus was regularly in-
spected and adjusted to prevent tail ischemia, skin injury,
or unintended hindlimb contact with the cage floor.

Micro-CT Analysis

Mouse tibiae were scanned and three-dimensionally
reconstructed using a high-resolution micro-CT system
(Skyscan 1172; Bruker microCT, N.V., Aartselaar, Bel-
gium). Scanning was performed with the following param-
eters: X-ray tube voltage of 50 kV, tube current of 200 pA,
a 0.5 mm aluminum filter, isotropic voxel size of 9 pum,
rotation angle of 180°, rotation step of 0.4°, and exposure
time of 300 ms. During scanning, specimens were securely
mounted to minimize motion artifacts.

Raw projection images were reconstructed using NRe-
con software (version 1.7.4.2, Bruker microCT, Kontich,

Belgium), with identical settings for beam hardening cor-
rection and ring artifact reduction applied to all samples
to ensure consistency. Quantitative analyses were subse-
quently conducted using CTAn software (Bruker microCT).
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Fig. 2. Workflow of the untargeted metabolomics analysis.
Forty mice were initially randomized into four groups (n = 10
per group). Abbreviations: Sham, sham control; Fx, fracture;
HU, tail-suspension hindlimb unloading group; Fx + HU, fracture
combined with tail-suspension hindlimb unloading group; PCA,
principal component analysis; OPLS-DA, orthogonal partial least

squares discriminant analysis.

On the reconstructed three-dimensional images, a
standardized region of interest (ROI) was defined within the
trabecular bone compartment immediately distal to the tib-
ial plateau. The location and volume of the ROI were kept
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identical across all specimens. Regions containing fracture
lines or callus formation were deliberately excluded to en-
sure that only trabecular bone tissue was analyzed. Tra-
becular bone was segmented using a uniform global thresh-
old, and bone mineral density (BMD) was calculated. In
addition, trabecular microarchitectural parameters, includ-
ing bone volume fraction (BV/TV), trabecular thickness
(Tb.Th), trabecular number (Tb.N), and trabecular sepa-
ration (Tb.Sp), were quantified to comprehensively assess
changes in bone mass and microstructure under different
experimental conditions.

All micro-CT image acquisition and analyses were
performed by the same investigator under blinded condi-
tions (unaware of group assignments) to minimize mea-
surement bias. Trabecular bone was segmented using a
uniform global threshold, which was visually verified and
applied consistently to all samples, enabling separation of
bone from background voxels based on the grayscale his-
togram.

Untargeted Metabolomics Analysis

Untargeted metabolomics was performed to systemat-
ically characterize metabolic profiles of mouse tibial bone
tissues under different experimental conditions, including
the Fx + HU, Fx, HU, and Sham (Fig. 2). Proximal tib-
ial bone tissues were collected as analytical samples. Af-
ter careful removal of surrounding soft tissues, samples
were rapidly processed, snap-frozen in liquid nitrogen, and
stored at —80 °C until analysis. All samples were extracted,
analyzed, and acquired under identical experimental condi-
tions to minimize technical variation and analytical bias.

Sample Collection and Preparation

At the end of the third week following fracture induc-
tion and/or hindlimb unloading, all mice were euthanized
at the same predefined time point to ensure comparability
among groups. Immediately after euthanasia, the proximal
tibial region was dissected, and bone tissue samples were
collected for subsequent untargeted metabolomics analysis
[17,18].

Both tibiac were then rapidly dissected and carefully
cleared of surrounding soft tissues. For each mouse, the
right tibia was retained for downstream analyses and lon-
gitudinally divided into two portions. One portion was
fixed immediately for subsequent micro-CT scanning and
three-dimensional reconstruction, while the other portion
was snap-frozen in liquid nitrogen and stored at —80 °C.
From the frozen samples, trabecular bone from the prox-
imal tibial region (tibial plateau) was harvested for un-
targeted metabolomics analysis. Approximately 30 mg
of bone tissue was weighed and homogenized in a cold
methanol/water mixture (e.g., 80:20, v/v) at a ratio of 10:1
(solvent: tissue, v/m) for metabolite extraction. As this re-
gion is highly sensitive to changes in mechanical loading
and fracture-induced bone remodeling [19].
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Throughout all sampling and processing procedures,
handling time was minimized to reduce postmortem
metabolic alterations and preserve the in vivo metabolic
state of the tissues.

Liquid Chromatography-Mass Spectrometry (LC-MS)
Data Acquisition and Quality Control

Chromatographic separation was performed on a C18
column (e.g., Waters ACQUITY UPLC BEH C18, 2.1 x
100 mm, 1.7 pm) maintained at 40 °C, with a flow rate
of 0.3 mL/min. The mobile phase consisted of (A) wa-
ter with 0.1% formic acid and (B) acetonitrile with 0.1%
formic acid. Mass spectrometry analysis was conducted
in both positive and negative electrospray ionization (ESI)
modes with the following source parameters: capillary volt-
age, 3.0 kV; source temperature, 120 °C; desolvation gas
flow, 600 L/h. To monitor instrument stability and repro-
ducibility, a pooled quality control (QC) sample, created by
mixing equal aliquots from all experimental samples, was
injected at regular intervals (every 10th injection) through-
out the analytical sequence.

To explore global metabolic variations and character-
ize metabolic differences among experimental groups, mul-
tivariate statistical analyses were performed based on the
identified metabolites. All analyses were conducted sepa-
rately in positive and negative ion modes. Principal compo-
nent analysis (PCA) was performed using the FactoMineR
R package (v2.12) as an unsupervised method to assess
overall metabolic variation, sample distribution, and intrin-
sic clustering patterns among the Sham, Fx, HU, and Fx +
HU groups.

Partial least squares discriminant analysis (PLS-DA)
was conducted using the ropls R package (v1.38.0) as a
supervised multivariate approach to further evaluate group
discrimination and to identify metabolites contributing to
intergroup separation [20]. Model performance and robust-
ness were assessed using the cumulative explained vari-
ance of response variables (R?Y) and the predictive ability
parameter (Q?) obtained through 7-fold cross-validation.
Models were considered robust and not overfitted when
they demonstrated a satisfactory balance of high fit (R?Y)
and high predictive ability (Q? >0.5), and when permuta-
tion tests (with 200 iterations) confirmed that the original
model’s Q2 and R%Y values were significantly higher than
those of the permuted models. A Q? value >0.5 was con-
sidered indicative of good model predictability [21].

Data Preprocessing

To identify differential metabolites between exper-
imental groups, pairwise comparisons were performed
among the Fx + HU, Fx, HU, and Sham groups using uni-
variate statistical analysis. Analyses were conducted sepa-
rately in positive and negative ion modes.

Differential metabolites were defined based on com-
bined multivariate and univariate criteria: variable impor-
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tance in projection (VIP) >1 derived from orthogonal par-
tial least squares discriminant analysis (OPLS-DA) models,
absolute log, fold change ([logoFC|) >1, and p < 0.05 [22—
24]. Metabolites meeting all three criteria were considered
significantly differentially expressed metabolites (DEMs).

Multivariate Analysis

To elucidate the biological pathways involved in the
observed metabolic alterations, Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway enrichment analy-
sis was performed for the identified differential metabo-
lites. Enrichment analysis was conducted using the KEGG
Metabolite Enrichment R package (v0.1.0), based on cu-
rated KEGG pathway annotations [25,26].

Metabolites meeting the criteria of VIP >1 (from
OPLS-DA models) and p < 0.05 were included in the en-
richment analysis. Pathways with a p-value < 0.05 were
considered significantly enriched, consistent with com-
monly adopted metabolomics enrichment strategies [27].

Differential Metabolite Screening

To identify metabolites exhibiting coordinated ex-
pression patterns across different experimental conditions,
fuzzy c-means clustering analysis was performed using the
Mfuzz algorithm, which is particularly suitable for noisy,
high-dimensional metabolomics data and allows gradual
transitions in expression patterns [28].

Clustering analyses were conducted separately in pos-
itive and negative ion modes using the ClusterGVis R pack-
age (v0.1.4). To characterize progressive metabolic alter-
ations associated with combined intervention, two prede-
fined stepwise progression schemes were applied:

(i) Sham — Fx — Fx + HU, representing the incre-
mental effect of hindlimb unloading under fracture condi-
tions;

(i) Sham — HU — Fx + HU, representing the in-
cremental effect of fracture under unloading conditions.

Clusters displaying monotonically increasing or de-
creasing expression trends along either progression scheme
were defined as key clusters and selected for subsequent
analyses [29].

To identify metabolites closely associated with pro-
gressive metabolic alterations induced by the combined in-
tervention, key metabolites were screened by integrating re-
sults from multivariate discrimination and clustering anal-
yses. Specifically, metabolites meeting the criteria of VIP
>1 (derived from OPLS-DA models) and p < 0.05 were
intersected with metabolites belonging to key Mfuzz clus-
ters identified under the predefined stepwise progression
schemes.

For each stepwise comparison framework, metabo-
lites that were consistently identified as differential in the
corresponding pairwise comparisons and simultaneously
exhibited monotonic expression trends within key clusters
were defined as key metabolites. Intersection analyses were

Table 1. Baseline and pre-sacrifice body weight of mice in

each group.

Group Baseline weight (g) Pre-sacrifice weight (g)
Sham 23.61 +0.99 26.73 4+ 1.80?

HU 23.87 4+ 0.64 26.24 4+ 1.32?

Fx 23.84 +1.02 23.29 4 1.13b%

Fx + HU 23.90 £+ 0.84 22.74 4 0.67%¢

F value 0.222 24.53

p value 0.880 <0.001

Notes: Data are presented as mean + standard deviation. a,
vs. Baseline Weight (paired #-test); b vs. Sham; c, vs.HU,
p < 0.001 (one-way ANOVA followed by Tukey’s post hoc
test) (n = 10 per group). Sham, sham control; Fx, fracture;
HU, tail-suspension hindlimb unloading group; Fx + HU,
fracture combined with tail-suspension hindlimb unloading

group; ANOVA, one-way analysis of variance.

performed using the ggvenn R package (v0.1.19), and re-
sults were visualized using the UpSetR R package (v1.4.0)
[29].

Expression and Correlation Analysis of Key Metabolites

Identification of key metabolites was performed by in-
tersecting the results from differential metabolite screening
with monotonic trend clusters identified via Mfuzz analysis.
To evaluate expression levels and intergroup differences of
key metabolites, hive plots were generated using the pcu-
tils R package (v0.2.8). In addition, correlations among key
metabolites were assessed by calculating correlation matri-
ces, which were visualized using the corrplot R package
(v0.95), a widely used method for metabolite correlation
analysis.
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Fig. 3. Body weight changes in mice across different experi-
mental groups. **p < 0.01, ***p < 0.001, ****p < 0.0001, ns:

not significant.

Statistical Analysis

All statistical analyses were performed using SPSS
software (version 26.0, IBM Corp., Armonk, NY, USA)
and GraphPad Prism (version 9.0, GraphPad Software, San
Diego, CA, USA). Quantitative data are presented as mean
+ standard deviation (SD) for variables that met the as-
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Table 2. Micro-CT quantitative analysis of trabecular bone parameters in different experimental groups.

Group BMD (g/cm?) BV/TV (%) Tb.Th (mm) Tb.N (1/mm) Tb.Sp (mm)
Sham 0.173 £ 0.013 2194+ 1.5 0.059 £ 0.003 3.29 +£0.24 0.237 4 0.022
HU 0.163 +0.012 20.54+2.0 0.059 =+ 0.002 3.17 £0.11 0.260 =+ 0.043
Fx 0.165 £ 0.020 18.8 +2.22 0.058 £ 0.003 3.06 +£0.23 0.260 + 0.039
Fx+HU 0.129 4+ 0.013%° 12,7 4 1.4%¢  0.053 £ 0.0032>¢  2.72 4 (.16 0.390 £ 0.0182b°
F value 17.78 51.5 9.07 15.69 45.79

p value <0.001 <0.001 <0.001 <0.001 <0.001

Notes: Data are presented as mean + SD. a, vs. Sham, p < 0.001; b, vs. HU, p < 0.001; ¢, vs. Fx, p <
0.001 (one-way ANOVA followed by Tukey’s post hoc test) (n = 10 per group). Micro-CT, micro-computed
tomography; BMD, bone mineral density; BV/TV, bone volume fraction; Tb.Th, trabecular thickness; Tb.N,

trabecular number; Tb.Sp, trabecular separation.
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Fig. 4. Micro-CT quantitative analysis of trabecular bone parameters in different experimental groups. Micro-CT, micro-

computed tomography. **p < 0.01, ***p < 0.001, ****p < 0.0001.

sumptions of normality and homogeneity of variance. Nor-
mality was assessed using the Shapiro—Wilk test, and homo-
geneity of variance was assessed using Levene’s test. For
normally distributed data with equal variances, one-way
analysis of variance (ANOVA) followed by Tukey’s post
hoc test was used for multiple group comparisons. Paired
sample ¢ test was used for comparison between the two
groups. For data that did not meet these assumptions, non-

parametric tests were applied using the Kruskal-Wallis test
followed by Dunn’s post hoc test. A two-sided p value <
0.05 was considered statistically significant.

Analyses were predefined with primary endpoints fo-
cused on micro-CT-derived trabecular bone parameters, in-
cluding bone mineral density (BMD), bone volume fraction
(BV/TV), trabecular thickness (Tb.Th), trabecular number
(Tb.N), and trabecular separation (Tb.Sp). Metabolic pro-
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filing analyses were considered exploratory endpoints, and
multiple-testing procedures and variable importance mea-
sures were applied as appropriate in the multivariate analy-
sis.

Results

Body Weight Changes Among Experimental Groups

After randomization, no statistically significant differ-
ences in body weight were observed among the groups be-
fore model establishment (one-way analysis of variance, p
> 0.05), indicating good baseline comparability at the be-
ginning of the experiment (Table 1 and Fig. 3).

Body weight was measured again prior to tissue har-
vesting. One-way ANOVA revealed significant differences
in body weight among the experimental groups (p < 0.001).
Further comparison of body weight distributions showed
that the control group (Sham group) had a markedly higher
overall body weight than the Fx, the HU, and the Fx + HU
groups (Table 1 and Fig. 3). In contrast, body weight in all
experimental groups was reduced to varying degrees com-
pared with the control group (Table 1 and Fig. 3).

Fracture and Hindlimb Unloading Aggravated
Trabecular Bone Loss and Microarchitectural
Deterioration

Micro-CT quantitative analysis revealed significant
alterations in trabecular bone mass and microarchitecture
among the experimental groups (Table 2 and Fig. 4). One-
way ANOVA demonstrated significant overall differences
in BMD, BV/TV, Tb.Th, Tb.N, and Tb.Sp among the four
groups (all p < 0.001, n =10 per group).

Post hoc pairwise comparisons showed that, compared
with the Sham group, both the Fx and HU groups ex-
hibited impaired trabecular bone parameters, including re-
duced BMD, BV/TV, Tb.Th, and Tb.N, together with in-
creased Tb.Sp (all p < 0.05 compared to Sham), for most
parameters.

Notably, the Fx + HU group displayed the most se-
vere deterioration in trabecular microarchitecture, charac-
terized by the lowest BMD and BV/TV, further reductions
in Tb.Th and Tb.N, and a pronounced increase in Tb.Sp.
Consistent with the pairwise comparison results, the Fx +
HU group differed significantly from both the Fx and HU
groups across all trabecular parameters (Table 2; all p <
0.05 for Fx + HU vs. Fx, and Fx + HU vs. HU). These find-
ings indicate that fracture and mechanical unloading exert
additive adverse effects on trabecular bone microarchitec-
ture.

Distinct Global Metabolic Profiles Were Observed Among
the Four Experimental Groups

As shown in Fig. 5, principal component analysis
(PCA) in the positive ion mode revealed minimal overlap
among the sham, Fx, HU, and Fx + HU groups, indicat-

ing clear metabolic differences between groups subjected to
different treatments. This distinct separation suggests good
analytical stability and reproducibility of the metabolomic
platform, and supports the reliability of the acquired data
for subsequent analyses.

Furthermore, the fracture combined with Fx + HU
was clearly separated from both the Fx and HU in the
three-dimensional PCA score plots, indicating that the com-
bined intervention induced pronounced alterations in the
metabolic profiles compared with either intervention alone.

Sham Fx HU Fx+HU

[=3

=l

= —

N X
o e
S = e
= 40 N
= 20 =
% 0

% -20

—40
% —60
0 10 20 30 40

PC1 (59.6%)

Fig. 5. PCA score plot in positive ion mode. Three-dimensional
PCA score plots illustrate the distribution of metabolomic features
among samples from the sham, Fx, HU, and Fx + HU groups. Dif-
ferent colors represent different experimental groups. The X-axis
represents the metabolic feature index, while the Y- and Z-axes
represent relative metabolite abundance. The X-axis represents
PC1 (59.6%), while the Y- and Z-axes represent PC2 (19.6%) and
PC3 (7.4%), respectively.

As shown in Fig. 6, orthogonal partial least squares
discriminant analysis (OPLS-DA) performed in the posi-
tive ion mode revealed clear metabolic differences among
the four experimental groups, indicating good overall data
quality. The OPLS-DA model exhibited satisfactory pre-
dictive performance (Q? >0.5), suggesting that the model
was reliable.

Notably, in the three-dimensional OPLS-DA score
plots, samples from the Fx + HU group were clearly sep-
arated from those of the HU group, indicating that mechan-
ical unloading—associated metabolic profiles were signifi-
cantly altered, and that the presence of fracture further mod-
ified the metabolic response under unloading conditions.

As shown in Fig. 7, principal component analysis
(PCA) performed in the negative ion mode demonstrated
minimal overlap among the sham, Fx, HU, and Fx + HU
groups, indicating clear metabolic differences under the
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are shown below the plots to assess overall model fitness.

different experimental conditions. This separation sug-
gests good analytical stability and reproducibility of the
metabolomic platform, and supports the reliability of the
acquired data for further analysis.

Moreover, samples from the Fx were clearly separated
from those of the HU in the three-dimensional PCA score
plots, indicating that fracture intervention significantly al-
tered the metabolic profiles under negative ion detection
conditions.

As shown in Fig. 8, orthogonal partial least squares
discriminant analysis (OPLS-DA) in the negative ion mode
revealed clear metabolic differences among the four ex-
perimental groups, indicating good overall data quality.
The OPLS-DA model showed satisfactory predictive per-
formance (Q? >0.5), suggesting robust model reliability.

In the three-dimensional score plots, samples from the
Fx and Fx + HU groups were clearly separated from those of
the HU group, indicating that both fracture and mechanical
unloading significantly altered the metabolic profiles.

Differential Metabolite Identification

As shown in Fig. 9, in the positive ion mode, differ-
ential metabolite analysis revealed distinct changes among
the experimental groups. Compared with the Fx group, the
Fx + HU group exhibited 22 upregulated and 51 downreg-
ulated differentially expressed metabolites (DEMs). Com-
pared with the HU group, the Fx + HU group showed 35
upregulated and 50 downregulated DEMs.

In addition, comparison between the Fx group and the
Sham group identified 29 upregulated and 11 downregu-
lated DEMs, while comparison between the HU group and
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Y- and Z-axes represent relative metabolite abundance. The X-
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the Sham group revealed 19 upregulated and 13 downreg-
ulated DEMs. These results are summarized in the corre-
sponding figure.

As shown in Fig. 10, in the negative ion mode,
differential metabolite analysis revealed marked differ-
ences among the experimental groups. Compared with the
Fx group, the Fx + HU group exhibited 59 upregulated
and 8 downregulated differentially expressed metabolites
(DEMs). Compared with the HU group, the Fx + HU group
showed 75 upregulated and 9 downregulated DEMs.

In addition, comparison between the Fx group and the
Sham group identified 28 upregulated and 15 downregu-
lated DEMs, while comparison between the HU group and
the Sham group revealed 17 upregulated and 13 downreg-
ulated DEMs. These results are summarized in the corre-
sponding figure.

KEGG Pathway Enrichment Analysis

As shown in Fig. 11, in the positive ion mode, KEGG
pathway enrichment analysis was performed based on dif-
ferentially expressed metabolites identified from multiple
group comparisons. A total of 76 metabolites were iden-
tified in the Fx + HU vs Fx comparison, 87 metabolites in
the Fx + HU vs HU comparison, 43 metabolites in the Fx vs
Sham comparison, and 38 metabolites in the HU vs Sham
comparison. Overall, these metabolites were enriched in
154 KEGG pathways, among which 43 pathways were sig-
nificantly enriched (p < 0.05).

Specifically, 6 significantly enriched pathways were
identified in the Fx + HU vs Fx comparison, 14 path-
ways in the Fx + HU vs HU comparison, 5 pathways
in the Fx vs Sham comparison, and 18 pathways in the
HU vs Sham comparison. Representative significantly
enriched pathways included ATP-binding cassette (ABC)
transporters, protein digestion and absorption, central car-
bon metabolism in cancer, and the mechanistic target of ra-
pamycin kinase (mTOR) signaling pathway.

As shown in Fig. 12, in the negative ion mode, KEGG
pathway enrichment analysis was conducted based on the
identified differentially expressed metabolites. A total of 69
metabolites were identified in the Fx + HU vs Fx compari-
son, 85 metabolites in the Fx + HU vs HU comparison, 53
metabolites in the Fx vs Sham comparison, and 40 metabo-
lites in the HU vs Sham comparison. Collectively, these
metabolites were enriched in 275 KEGG pathways, among
which 77 pathways were significantly enriched (p < 0.05).

Specifically, 13 significantly enriched pathways were
identified in the Fx + HU vs Fx comparison, 22 pathways
in the Fx + HU vs HU comparison, 21 pathways in the
Fx vs Sham comparison, and 21 pathways in the HU vs
Sham comparison. Representative enriched pathways in-
cluded serotonergic synapse, biosynthesis of unsaturated
fatty acids, and arachidonic acid metabolism (Mus muscu-
lus).

Metabolite Clustering Analysis

As shown in Fig. 13, in the positive ion mode, trend-
based clustering analysis revealed distinct metabolite ex-
pression patterns among the experimental groups. In the
comparison among the Fx + HU, Fx, and Sham groups,
metabolites in cluster ¢2 exhibited a gradually increasing
expression trend. In addition, in the comparison among the
Fx + HU, HU, and Sham groups, metabolites in cluster c2
also showed a progressively increasing pattern.

As shown in Fig. 14, in the negative ion mode, within
the comparison among the Fx + HU, Fx, and Sham groups,
metabolites in cluster ¢3 displayed a gradually increasing
expression trend, whereas metabolites in cluster c2 exhib-
ited a gradually decreasing trend. Similarly, in the compar-
ison among the Fx + HU, HU, and Sham groups, metabo-
lites in cluster c1 showed a progressively increasing expres-
sion pattern, while metabolites in cluster c2 demonstrated a
gradually decreasing trend.

Intersection and Key Metabolites

The analysis results are shown in the following fig-
ures. Figs. 15,16 show the overlapping metabolites iden-
tified across different group comparisons. Fig. 17 presents
the metabolites shared by the comparisons among Fx + HU,
Fx, and Sham groups, as well as those among Fx + HU,
HU, and Sham groups, under both positive and negative ion
modes.
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In the negative ion mode, Allantoin was identified
as a metabolite shared between these comparisons. Given
that Allantoin is an ingredient with anti-inflammatory and
healing-promoting properties, it likely primarily plays a
role in promoting callus formation and accelerating endo-
chondral ossification in this context. In addition, a compre-
hensive list of all key metabolites and their corresponding
group classifications is provided in Table 3.

As shown in Fig. 18, in the positive ion mode,
the levels of Tris(2,4-di-tert-butylphenyl) phosphate,
PC(18:0/18:1(9Z)), and PC(P-18:0/18:1(9Z)) were consis-
tently decreased in the Fx + HU, Fx, and HU groups. In
contrast, in the negative ion mode, Hexanoylglycine, cis-
11,14-cicosadienoic acid, Allantoin, Ribose, and Xylose
were consistently increased in the Fx + HU, Fx, and HU
groups.

As shown in Fig. 19, Tris(2,4-di-tert-butylphenyl)
phosphate, PC(18:0/18:1(9Z)), and PC(P-18:0/18:1(9Z))
were negatively correlated with the other five metabo-
lites.  Among them, PC(18:0/18:1(9Z)) showed the
strongest and most significant positive correlation with

Table 3. Key metabolites identified in positive and negative

ion modes.

Comparison

Prostaglandin F2alpha Sham-Fx-Fx+tHU NEG
cis-11.14-Eicosadienoic acid Sham-Fx-Fx+tHU NEG
Hexanoylglycine Sham-Fx-Fx+HU NEG
Ribose Sham-Fx-Fx+HU NEG
Xylose Sham-Fx-Fx+HU_NEG

PC(18:0/18:1(9Z)) Sham-Fx-Fx+HU_POS
PC(P-18:0/18:1(9Z)) Sham-Fx-Fx+HU_POS
Prostaglandin F2alpha Sham-HU-Fx+HU_NEG

Tris(2,4-di-tert-butylphenyl)phosphate Sham-HU-Fx+HU_POS

O 0 9 AN LN AW N =

PC(P-18:0/18:1(92)) (cor = 0.97), whereas Tris(2,4-di-tert-
butylphenyl) phosphate exhibited the strongest and most
significant negative correlations with Allantoin, Ribose,
and Xylose (cor = —0.66).
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Fig. 9. Volcano plots of differential metabolite expression among different groups in positive ion mode. Notes: The y-axis (loga

fold change, log2 FC) represents the logarithmic fold change of metabolite abundance between two groups, where positive values indicate

significantly upregulated metabolites and negative values indicate significantly downregulated metabolites. The x-axis (—logio p-value)

represents the negative logarithm of the statistical significance, with larger values indicating greater significance of differential expression.

Red dots indicate significantly upregulated metabolites and blue dots indicate significantly downregulated metabolites, defined by the

preset screening criteria (absolute logs fold change >1 and p < 0.05). Gray dots indicate metabolites that did not meet these criteria.

Discussion

The untargeted metabolomic analysis in this study
systematically delineated the bone tissue metabolic pro-
files of mice under three distinct conditions: fracture (Fx),
hindlimb unloading (HU), and their combination (Fx +
HU). Our most critical finding is that the metabolic repro-
gramming induced by Fx+HU is not a simple summation of
the individual effects of Fx or HU, but rather manifests as a
unique metabolic fingerprint. Multivariate statistical anal-
yses (PCA and PLS-DA) revealed clear separation among
all four groups, confirming that each intervention elicited a
distinct systemic metabolic response. Notably, the Fx+HU
group was significantly distinguished from both the Fx and
HU groups under both positive and negative ion modes, in-
dicating the activation of a novel regulatory network spe-
cific to combined mechanical insult and disuse. Through
stringent filtering criteria, we identified a panel of differen-

tially abundant metabolites and enriched pathways, among
which dysregulation in arachidonic acid metabolism, amino
acid metabolism (particularly branched-chain amino acids),
and phospholipid metabolism likely constitute the core
metabolic mechanisms underlying the synergistic impair-
ment of bone metabolism.

Prior to addressing the combined effects, it is es-
sential to elucidate the mechanism of unloading alone.
In our HU model, significant reductions in bone mi-
crostructural parameters—bone mineral density (BMD),
bone volume/total volume (BV/TV), and trabecular thick-
ness (Tb.Th)—were observed compared to sham controls,
consistent with prior literature [30]. Recent advances high-
light osteocytes, the primary mechanosensors in bone, as
central players in metabolic reprogramming under mechan-
ical unloading. Liu et al. [21] demonstrated that HU in-
duces a shift in osteocyte energy metabolism via the hy-
poxia inducible factor 1 subunit alpha (HIF1A)/pyruvate
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dehydrogenase kinase 1 (PDK1) axis, upregulating glycol-
ysis and transcriptionally inducing glutaminase 2 (GLS2),
thereby establishing a state of glutamine addiction. This
metabolic dependency compromises ATP synthesis and dis-
rupts calcium oscillation dynamics, ultimately impairing
the osteocyte’s ability to sense mechanical stimuli [21].
This paradigm shifts the understanding of disuse-induced
bone loss from a passive “use-it-or-lose-it” phenomenon to
an active reprogramming of cellular bioenergetics that fun-
damentally alters skeletal mechanosensitivity. The decline
in bone mechanical properties observed in our HU group
aligns precisely with this mechanistic framework.

In negative ion mode, the arachidonic acid (AA)
metabolic pathway was significantly enriched in the Fx +
HU group compared with all other groups. AA is a crucial
component of cell membrane phospholipids, and it is me-
tabolized via pathways involving cyclooxygenase (COX)
and lipoxygenase (LOX) to generate a series of biologically

active eicosanoids, such as prostaglandins and leukotrienes.
These substances are key signaling molecules that regulate
inflammation and bone metabolism. Studies have shown
that the AA metabolic pathway plays an important role
in the development and progression of osteoporosis. For
example, aucubin improves glucocorticoid-induced osteo-
porosis in mice by regulating AA metabolism [31], sug-
gesting that targeting AA metabolism may be an effective
strategy for treating metabolic bone diseases.

Our data showed that, compared with the Sham group,
the levels of various prostaglandins in the Fx and HU groups
showed a downward trend. This may reflect a negative
feedback regulation mechanism in the body after initial
trauma or stress, aimed at controlling excessive inflamma-
tion. However, notably, in the Fx + HU group, the level
of prostaglandin F2a (PGF2«) was significantly upregu-
lated and identified as a key metabolite connecting the two
change trends of Sham-Fx-Fx+HU and Sham-HU-Fx+HU.
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Kuroyanagi ef al. [32] showed that in osteoblasts, PGF2«
can induce the phosphorylation of mitogen-activated pro-
tein kinase (MAPK) and MAPKS, thereby regulating the
secretion of IL-6. The specific increase in PGF2« in the
Fx + HU group strongly suggests that combined interven-
tion may redirect the inflammatory response towards a di-
rection that promotes bone resorption by activating spe-
cific prostaglandin synthesis pathways, thereby exacerbat-
ing bone loss. This is highly consistent with the clinical
observation that patients with fractures combined with im-
mobilization experience rapid callus resorption and severe
osteoporosis.

KEGG enrichment analysis in positive ion mode
showed that ABC transporters, amino acid biosynthesis,
and the mTOR signaling pathway were significantly en-
riched in the Fx + HU group compared with other groups.
mTOR is a core kinase in cells that senses nutritional and
energy status, regulates protein synthesis and cell growth,
and is crucial for bone formation [33]. Branched-chain
amino acids (BCAAs), especially leucine, are effective ac-
tivators of mTOR. A review by Liang et al. [34] systemat-

ically summarized the role of BCAAs in bone metabolism,
highlighting that BCAAs affect bone remodeling through
multiple processes, including regulation of the activity of
osteoblasts and osteoclasts, participation in energy sens-
ing, oxidative stress, and immune regulation. Our results
showed that in the comparison between the HU and Sham
groups, the levels of leucine, isoleucine, and valine were
significantly downregulated, while the mTOR signaling
pathway was enriched. This suggests that unloading alone
may inhibit mTOR activity by reducing amino acid supply,
thereby leading to a decrease in bone formation. However,
in the comparison between the Fx + HU and HU groups, we
found that the level of valine was instead upregulated. This
seemingly contradictory phenomenon precisely reveals the
complexity of combined intervention. We speculate that
this may be a compensatory response: fracture trauma itself
requires substantial protein and energy for tissue repair, and
the body may increase circulating amino acids (including
valine) by mobilizing muscle protein breakdown to meet
the anabolic demands of the liver and fracture site. How-
ever, this approach may lead to muscle atrophy and sys-
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temic metabolic disorders in the long run. In fact, the inter-
action between muscle and bone (muscle-bone crosstalk)
has become a research hotspot in osteoporosis, and the reg-
ulation of bone metabolism by muscle-derived metabolites
and cytokines deserves further in-depth exploration.

In positive ion mode, multiple phosphatidyl-
cholines (PCs), such as PC(18:0/18:1(9Z)) and PC(P-
18:0/18:1(9Z2)), were significantly downregulated in the
Fx + HU group and were identified as key metabolites.
Phospholipids are the basic skeleton of cell membranes
and also a reservoir of signaling molecules (such as AA).
The downregulation of PCs may reflect enhanced dynamic
remodeling or structural damage of cell membranes under
the dual stress of fracture and unloading. Lipid metabolism
plays an important role in age-related musculoskeletal dis-
eases, and lipid metabolism disorders can exacerbate bone
loss and muscle atrophy by affecting fatty acid uptake, lipid
signal transduction, and lipotoxicity [35]. On the one hand,
inflammatory responses and oxidative stress may promote
peroxidation and degradation of membrane phospholipids;
on the other hand, the body may mobilize phospholipids

as an energy source or use their decomposition products
(such as lysophospholipids) as signaling molecules to
participate in the repair process. Research by Kang et
al. [36] revealed the dual role of phosphatidylserine and
its receptors in osteoclast formation, further confirming
the close association between phospholipid metabolism
and bone resorption. Correlation analysis showed that
these downregulated PCs were significantly negatively
correlated with upregulated metabolites such as PGF2«
and ribose, suggesting that the decomposition of membrane
phospholipids may be closely functionally coupled with
the production of inflammatory signals (release of AA) and
the activation of energy metabolism (ribose participates in
the pentose phosphate pathway).

In recent years, the role of mitochondrial function in
the regulation of bone metabolism has received increasing
attention. Research showed that mitophagy-related proteins
BCL2 interacting protein 3 (BNIP3) and BNIP3L play key
roles in regulating energy metabolism and mitochondrial
stress signal transduction in osteocytes, and their deletion
can lead to decreased bone mineral density and impaired
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Fig. 16. Venn diagram of key metabolites in negative ion mode.

fracture healing [37]. In addition, parathyroid hormone
(PTH) can affect glycolytic metabolism and the formation
of mitochondria-derived vesicles in osteoblasts, suggesting
a close connection between hormone regulation and energy
metabolism [38]. In this study, the increased levels of ri-
bose and xylose in the Fx + HU group may reflect the ac-
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tivation of the pentose phosphate pathway, which not only
provides substrates for nucleotide synthesis but also pro-
duces NADPH for antioxidant defense. Under conditions
of enhanced oxidative stress, the upregulation of the pen-
tose phosphate pathway may be a protective adaptation of
cells. The vicious cycle between mitochondrial dysfunction
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and oxidative stress has been proven to play an important
role in the pathogenesis of osteoporosis.

This study adopted a strategy of non-targeted
metabolomics combined with multivariate statistical anal-
ysis to systematically compare the differences in metabolic
profiles among four groups of mice. PCA analysis in
positive and negative ion modes showed that the four
groups of samples were clearly clustered with low overlap,
and the Fx + HU group was significantly separated from
the Fx and HU groups. The Q? values of the PLS-DA
and OPLS-DA models were both greater than 0.5 without
overfitting, indicating that fracture and unloading alone
or in combination can reshape the metabolic profile, and
the combined intervention has a stronger disturbance and
unique regulatory effect. Differential metabolites screened
based on VIP >1, |logoFC| >0.5, and p < 0.05 were
heterogeneously distributed in positive and negative ion
modes. KEGG enrichment analysis showed that they
were primarily involved in pathways such as substance
transport, energy metabolism, and signal transduction.
The advantage of this multi-omics integrated analysis
strategy is that, on the one hand, differential metabolites
discovered through metabolomics can serve as “anchors”
to guide subsequent molecular mechanism research; on
the other hand, changes in metabolic pathways can reflect
the body’s overall response to intervention, providing
a system-level perspective for understanding complex
pathological processes.

In addition, this study has certain limitations. First,
the results of untargeted metabolomics mainly reflect cor-
relations among metabolites and cannot directly estab-
lish causal relationships. Subsequent studies need to ver-
ify our proposed mechanism hypotheses through targeted
metabolomics, in vitro cell experiments, or in vivo interven-
tion experiments (such as using inhibitors of specific path-
ways). Second, this study analyzed metabolites in proximal
tibial bone tissue rather than serum. Although this tissue-

based approach better reflects the local skeletal microen-
vironment, it does not fully capture metabolic changes in
other tissues or in the circulation. Future studies integrat-
ing bone tissue metabolomics, serum metabolomics, and
transcriptomics may provide a more comprehensive under-
standing of the regulatory network underlying bone loss af-
ter fracture and unloading. Third, the sample size was rel-
atively limited, and some results need to be verified in a
larger sample size. Fourth, this study primarily focused
on metabolite alterations, and subsequent research should
integrate proteomic and transcriptomic data to construct a
more comprehensive regulatory network. Fifth, the animal
model used in this study involved young adult mice, while
clinically, acute bone loss after fractures is more common
in the elderly population in clinical settings. Future stud-
ies should therefore validate the findings of this study in
aged animal models. Sixth, another limitation of the present
study is the lack of secondary molecular validation for
the key metabolites and pathways identified by untargeted
metabolomics. Therefore, the current findings should be
interpreted as hypothesis-generating rather than definitive
mechanistic evidence. Future research should verify repre-
sentative pathways at the molecular, cellular and in vivo lev-
els, such as lipid metabolism and amino acid metabolism-
related signals. In addition, it is noteworthy that the reduced
pre-sacrifice body weight observed in some groups, partic-
ularly in the Fx + HU group, may have contributed to the
observed metabolic alterations. Therefore, a contribution of
overall physiological stress and weight loss to the metabolic
phenotype cannot be excluded. Nevertheless, the concur-
rent micro-CT evidence of marked trabecular deterioration
supports a substantial skeletal effect of fracture and unload-
ing. This potential confounding factor should be considered
when interpreting the metabolomic findings.

In summary, this study is the first to systematically
characterize the bone tissue metabolic profile of mice under
conditions of fracture combined with unloading, revealing
a unique pattern of metabolic remodeling. Our results in-
dicate that combined intervention is not a linear superpo-
sition of the effects of single interventions, but rather cou-
ples inflammatory responses, energy metabolism, and cell
homeostasis regulation through the interaction of three core
networks: arachidonic acid metabolism, amino acid/mTOR
signaling, and phospholipid metabolism, ultimately exac-
erbating the imbalance between bone formation and bone
resorption. The key metabolites identified in this study,
especially PGF2« and phospholipid molecules, may serve
as potential biomarkers for predicting the risk of bone loss
in patients with fractures combined with immobilization
and provide a new theoretical basis for the development
of therapeutic strategies targeting specific metabolic path-
ways. The disturbance of the metabolic network in mice by
combined intervention of fracture and unloading is more
significant than that of single intervention, and the regu-
latory effect has ion specificity and pathway selectivity.
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Fig. 18. Beehive plots of key metabolite expression levels in positive and negative ion modes.
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***p < 0.001.

By targeting key pathways and metabolites, it synergisti-
cally affects processes such as substance transport, inflam-
matory response, and tissue repair, providing experimental

support for the screening of bone repair-related biomark-
ers and the development of therapeutic strategies. This
study provides experimental evidence for understanding the
metabolic mechanism underlying the combined effect of
fracture and mechanical stress, and also provides new in-
sights for the identification of bone repair-related biomark-
ers and the development of therapeutic strategies.

Conclusions

Fracture and hindlimb unloading each induced sub-
stantial alterations in trabecular bone microarchitecture and
bone tissue metabolic profiles, whereas their combination
produced the most severe structural deterioration and the
greatest metabolic divergence. The altered metabolites and
enriched pathways were primarily associated with amino
acid metabolism, lipid metabolism, energy metabolism, and
oxidative stress-related processes. These findings suggest
that fracture combined with mechanical unloading induces
a distinct pattern of metabolic remodeling rather than a sim-
ple additive effect of either condition alone, and may pro-
vide candidate metabolic targets for understanding acute
bone loss under post-fracture unloading conditions.
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