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ABSTRACT

Background: Intervertebral disc degeneration disease (IVDD) is a prevalent orthopedic condition that causes chronic lower
back pain, imposing a substantial economic burden on patients and society. Despite its high incidence, the pathophysiological
mechanisms of IVDD remain incompletely understood.

Objective: This study aimed to identify metabolomic alterations in IVDD patients and explore the key metabolic pathways and
metabolites involved in its pathogenesis.

Methods: Serum samples from 20 IVDD patients and 20 healthy controls were analyzed using ultra-high-performance liquid
chromatography-mass spectrometry (UHPLC-MS). The identified metabolites were mapped to metabolic pathways using the
Kyoto Encyclopedia of Genes and Genomes (KEGG) database.

Results: Significant alterations were observed in metabolites such as 2-methyl-1,3-cyclohexadiene, stearoyl sphingomyelin,
methylcysteine, L-methionine, and cis, cis-muconic acid. These metabolites were involved in pathways including glycine, serine,
and threonine metabolism, cyanoamino acid metabolism, and the citrate cycle (TCA cycle).

Conclusion: The identified metabolic alterations provide insights into the pathogenesis of IVDD and suggest potential thera-
peutic targets for future investigation.

1 | Introduction pores in the cartilaginous plates [1]. IVDD is a common and

difficult-to-treat orthopedic degenerative disease, and lower

The intervertebral disc degeneration (IVDD) is the largest
lack of vascular tissue in the human body, mainly composed
of three parts: the central nucleus pulposus (NP) tissue, the
annulus fibrosus (AF) on both sides, and the upper and lower
cartilaginous endplates(CEP), and nutrients and metabolites
mainly enter and exit through the semipermeable membranous

back pain (LBP) is the most common symptom in patients with
IVDD, affecting about 40% of the global population [2], which
not only reduces people's quality of life, but also puts a heavy
burden on the social healthcare system [3]. Its pathophysiol-
ogy is unclear, but potential cellular molecular mechanisms
include oxidative stress, senescence, apoptosis and pyroptosis
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of nucleus pulposus cells (NPCs), mechanical injury, and
the aggregation of inflammatory substances brought on by
a variety of circumstances [4-6]. Clinical IVDD treatment is
mainly based on surgery and conservative treatment [7], and
conservative treatment includes the application of hormones,
anti-inflammatory drugs, and massage and acupressure tech-
niques, which can alleviate the pain symptoms to a certain
extent in the early stage of the disease [8]. Surgical treatment
mainly relieves lower back pain by removing the protruding
nucleus pulposus, but it is still plagued by a high recurrence
rate, heavy economic burden and serious adverse events [9].
Therefore, an in-depth understanding of its pathogenesis and
the discovery of new therapeutic targets for the prevention
and treatment of IVDD have become an urgent need.

Metabolomics is a new scientific entity used to study life ac-
tivities after genomics and proteomics, and in addition to ge-
nomics, metabolomics reflects the effects of environmental
exposures [10]. Metabolomics studies small molecule metabo-
lites (molecular weight <1500 Da) that are more directly related
to phenotype [11], and exploring the pathogenesis of complex
diseases through metabolomics is an attractive area of research.
Therefore, measuring changes in serum metabolomics during
pathology is a good strategy to study IVDD diseases. In the pres-
ent study, we used ultra-high performance liquid chromatogra-
phy tandem mass spectrometry (UHPLC/MS) to detect serum
differential metabolites in the normal control group and the
IVDD disease group, and we identified significant alterations
in 23 metabolites, KEGG analysis revealed that these metabo-
lites are associated with pathways such as glycine, serine, and
threonine metabolism, cyanoamino acid metabolism, the citrate
cycle (TCA cycle), and aminoacyl-tRNA biosynthesis. These
findings suggest potential roles for these pathways in the patho-
genesis of IVDD.

2 | Materials and Methods
2.1 | Source of Research Subjects

All TVDD patients were inpatients from the Affiliated Hospital
of Traditional Chinese Medicine of Southwest Medical
University. All patients were equally divided between men and
women, with a BMI in the normal range (18.5-24kg/m?), and
the control group was matched to the IVDD group. Twenty
patients with Pfirrmann disc degeneration grade III or higher
were selected into the IVDD disease group according to the
modified Pfirrmann disc degeneration grading [12, 13], and all
patients with IVDD were in the stabilization stage defined by
the Kirkcaldy-Willis and Farfan staging [14]. Twenty normal
controls were selected from the Physical Examination Center
of the Affiliated Hospital of Traditional Chinese Medicine of
Southwest Medical University or poster recruitment. The study
was reviewed and approved by the Medical Ethics Committee
of the Affiliated Hospital of Traditional Chinese Medicine of
Southwest Medical University [KY2021051-FS01], and the sam-
ples and clinical information of the subjects were collected after
obtaining their informed consent. The following exclusion crite-
ria were used: (1) those with mental abnormality, incapacity for
autonomous behavior, and noncooperation with clinical obser-
vation and treatment. (2) Patients with severe primary diseases

such as diabetes, gout, enteritis and hematopoietic system. (3)
Patients with gastrointestinal resection or partial resection. (4)
Patients with tumor diseases. (5) Patients who are unwilling to
cooperate with the study.

2.2 | Sample Collection

We collected 2-4 mL of whole blood from fasting participants at
7:00a.m. under standardized conditions. Blood was drawn from
the cubital vein into tubes with no additives. After allowing the
blood to coagulate and stratify at room temperature for 1h, it
was centrifuged at 3000rpm for 10min at room temperature.
The resulting supernatant was further centrifuged at 12000 rpm
for 10min at 4°C to remove any remaining cellular debris. The
final plasma was aliquoted into 1.5mL tubes (0.2mL per tube)
and stored at —80°C until further analysis.

Our study chose to analyze plasma metabolites as opposed to
those extracted from isolated cells, which is more common in
IVDD-related metabolomic studies. Plasma metabolomics offers
several advantages, including its minimally invasive nature and
ability to reflect systemic metabolic changes, which is critical for
identifying potential biomarkers. However, it does have limita-
tions, such as being influenced by external factors unrelated to
IVDD. In contrast, analyzing metabolites from isolated nucleus
pulposus (NP) cells or intervertebral disc tissue allows for more
direct insights into local metabolic alterations but requires inva-
sive sample collection [15, 16].

2.3 | Metabolite Extraction

The serum samples stored at —80°C were melted and 100puL
of sample was transferred to an EP tube. After the addition of
400 1L of extract solution (methanol:acetonitrile =1:1, contain-
ing isotopically-labeled internal standard mixture), the samples
were vortexed for 305, sonicated for 10 min in ice-water bath, and
incubated for 1h at —40°C to precipitate proteins. Then the sam-
ple was centrifuged at 12000 rpm (RCF=13800(xg), R=8.6cm)
for 15min at 4°C. The resulting supernatant was transferred to a
fresh glass vial for analysis. The quality control (QC) sample was
prepared by mixing an equal aliquot of the supernatants from all
of the samples [17].

2.4 | LC-MS/MS Analysis

LC-MS/MS analyses were performed using an UHPLC sys-
tem (Vanquish, Thermo Fisher Scientific) with a UPLC BEH
Amide column (2.1 mm X 100 mm, 1.7 um) coupled to Orbitrap
Exploris 120 mass spectrometer (Orbitrap MS, Thermo). The
mobile phase consisted of 25 mmol/L ammonium acetate and
25 ammonia hydroxide in water (pH=9.75) (A) and aceto-
nitrile (B). The auto-sampler temperature was 4°C, and the
injection volume was 2uL. The Orbitrap Exploris 120 mass
spectrometer was used for its ability to acquire MS/MS spec-
tra on information-dependent acquisition (IDA) mode in the
control of the acquisition software (Xcalibur, Thermo). In
this mode, the acquisition software continuously evaluates
the full scan MS spectrum. The ESI source conditions were
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set as following: sheath gas flow rate as 50 Arb, Aux gas flow
rate as 15 Arb, capillary temperature 320°C, full MS resolu-
tion as 60000, MS/MS resolution as 15000 collision energy as
10/30/60 in NCE mode, spray voltage as 3.8kV (positive) or
—3.4kV (negative), respectively [18].

2.5 | Preprocessing of Mass Spectrometry Raw
Data and Identification of Metabolites

Mass spectrometry (MS) raw data files were converted to
Extensible Markup Language (mzXML) format by the proteo
wizard. The “XCMS” R package v3.2 was used for the follow-
ing processes: peak inverse plethysmography, alignment, and
integration. mbidiac and cutoff values were set to 0.5 and 0.3,
respectively. The metabolite identification methods used in-
cluded m/z spectroscopy, retention time, and secondary ion
fragmentation. The retention time (RT) of the substance was
obtained by chromatographic separation, and the primary
parent ion and secondary fragment ion information of the
substance was obtained by mass spectrometric detection. The
detected mass spectrometry information was matched with
the secondary mass spectrometry database established by
BiotreeDB to annotate the metabolites. The identification cri-
teria A values were +30s and ppm (mass accuracy) +10. In the
characterization results, the scoring values of the secondary
characterized metabolites were calculated based on Euclidean
distance and dot product algorithms [19, 20]. The cut-off value
of the algorithm was set as 0.3.

2.6 | Principal Component Analysis

Metabolomic data, due to its high-throughput nature, represents
a multivariate dataset where each compound corresponds to a
specific data dimension. Principal Component Analysis (PCA)
was performed as an initial exploratory step to analyze the data.
PCA is a statistical method that uses orthogonal transformation
to convert a set of potentially correlated variables into a set of
linearly uncorrelated variables, referred to as principal compo-
nents [21].

As an unsupervised model, PCA reveals the internal structure
of the data, reduces dimensionality, and retains the most infor-
mative features of the original dataset using a smaller number of
principal components.

In this study, PCA was applied to visualize the global distribu-
tion patterns of metabolomic data in a two-dimensional or three-
dimensional space. This approach effectively highlighted the
overall trends and differences between sample groups. However,
as PCA is an unsupervised model, it may be influenced by vari-
ables unrelated to grouping information, limiting the clarity of
intergroup differences. To address this, we employed a super-
vised classification model, OPLS-DA, for more distinct group
separation, as described in the following section. Both PCA
and OPLS-DA analyses were performed using SIMCA software
(V16.0.2, Sartorius Stedim Data Analytics AB, Umea, Sweden)
after logarithmic (LOG) transformation and centering (CTR) [22].

2.7 | Orthogonal Partial Least
Squares-Discriminant Analysis

Metabolomic data are characterized by high dimensionality
and complex correlations among variables, which may obscure
the detection of meaningful group differences. To address this,
we applied orthogonal partial least squares-discriminant anal-
ysis (OPLS-DA), a supervised statistical method that separates
orthogonal variables (unrelated to classification) from non-
orthogonal variables (related to classification). This approach
enhances the identification of differential metabolites associ-
ated with the experimental groups [23]. Data preprocessing,
including logarithmic (log) transformation and unit variance
(UV) scaling, was performed using SIMCA software (V16.0.2,
Sartorius Stedim Data Analytics AB, Umea, Sweden). OPLS-DA
modeling was conducted to evaluate group separation, followed
by 7-fold cross-validation to assess the model's interpretability
(R?Y) and predictive ability (Q?). Permutation tests were used
to confirm the robustness of the model by generating random
Q? values through multiple reshufflings of the categorical vari-
able order.

2.8 | Bioinformatic Analysis

Data from positive and negative ion modes were combined
during the analysis. Results are expressed as mean+ SEM.
One-way statistical analyses were performed using Student's
t-tests, with p values < being 0.05, and differences were con-
sidered statistically significant. Differential metabolites were
screened by multivariate statistical analysis using latent
structure discriminant analysis (OPLS-DA) and two criteria
(VIP value >1 and p value<0.05) [24, 25]. Differential me-
tabolites were mapped to the KEGG database (https://www.
genome.jp/kegg/) for pathway and network analysis [26]. All
the characteristic peaks detected were used for OPLS DA,
while the volcano plots, pathway analysis, and network anal-
ysis were based on the characteristic peaks with annotations
(metabolites).

3 | Result
3.1 | PCA Analysis of Control and Model Groups

The PCA score scatter plot (Figure 1A) effectively distinguishes
the normal control group from the IVDD disease group. The
first two principal components, PC [1] and PC [2], respectively,
reveal significant group-level differences in metabolite profiles.
Each scatter represents a sample, with closer distributions indi-
cating similar metabolic profiles and more distant distributions
reflecting greater metabolic variation.

The 3D scatterplot (Figure 1B) further emphasizes the distinct
clustering of the two groups within the 95% confidence interval
(Hotelling's T-squared ellipse). This clear separation highlights
differences in metabolite profiles between the normal control
and IVDD disease groups, suggesting underlying metabolic al-
terations associated with IVDD.
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FIGURE1

| Scatter plots of the OPLS-DA scores and OPLS-DA permutation plot. (A) The PCA score scatter plot of the normal control group and

the IVDD disease group. (B) The scatterplot of the 3D scores of the normal control group and the IVDD disease group. (C) The scatter plot of the
OPLS-DA model scores for the normal control group versus the IVDD disease group. (D) The dot plot of the replacement test results of the OPLS-DA
model for the control group versus the IVDD group. (E) Histogram of the results of the replacement test for the OPLS-DA model for the control versus

IVDD group.

3.2 | Scatterplot of OPLS-DA Scores With
Permutation Test

The OPLS-DA score scatter plot comparing the normal con-
trol and IVDD groups is shown in (Figure 1C). The horizon-
tal axis, {[1]P, represents the predicted principal component
score, illustrating inter-group differences, while the verti-
cal axis, {[1]O, represents orthogonal principal component
scores, indicating intra-group variations. Each scatter point
corresponds to a sample, with different colors and shapes
distinguishing experimental subgroups. A greater horizontal

distance between samples signifies larger intergroup differ-
ences, while closer vertical distances indicate better within-
group consistency.

Figure 1D highlights the variable importance in projection
(VIP) scores of the top-ranked features driving group separa-
tion. Key features with high correlations (e.g., X and Y) and low
correlations (e.g., A and B) are annotated in the figure. These
features represent metabolites with significant contributions to
the model's predictive accuracy, providing insights into poten-
tial biomarkers for IVDD.
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Permutation testing, conducted by randomly shuffling categori-
cal variable Y multiple times (n =200), evaluates the model's sta-
tistical significance and robustness against overfitting. Results
of the permutation test for the OPLS-DA model are shown in
(Figure 1E). The horizontal axes indicate retention of the origi-
nal model's categorical variables, and vertical axes indicate R?Y
and Q? values. Green dots represent R%Y values, blue squares
represent Q? values, and dashed lines depict regression trends
for both metrics.

The histogram in Figure 1F further supports the validity of the
model, showing that the original model significantly outper-
forms random permutations with a p value <0.05. These find-
ings underscore the robustness of the OPLS-DA model and its
ability to identify meaningful group distinctions based on me-
tabolite profiles.

3.3 | Screening for Differential Metabolites
and Volcano Maps

After the above analysis, combined with the results of uni-
variate and multivariate statistical analysis, the differential
metabolites were screened out (Table S1), and the volcano
plot can visualize the overall distribution of metabolite dif-
ferences between the groups, and we visualized the results
of the screening of differential metabolites in the form of a
volcano plot (volcano plot). The results of the control group
versus the IVDD group are shown in (Figure 2A): each point
in the volcano plot represents a peak, and the plot contains all
the substances measured in this experiment. The horizontal
coordinate represents the fold change of the group comparing
each substance (taking the logarithm of the base 2), the ver-
tical coordinate represents the p value of the student's t-test
(taking the negative of the logarithm of the base 10), and the
size of the scatter represents the VIP value of the OPLS-DA
model, with the larger scatter being the larger the VIP value.
Significantly up-regulated metabolites are shown in red, sig-
nificantly down-regulated metabolites are shown in blue, and
nonsignificantly different metabolites are gray. The Z-score
plot of the differential metabolites is shown in (Figure 2B):
the Z-score plot is in the normalization of the differential me-
tabolites in different samples by calculating the Z-score value,
the horizontal coordinate indicates the Z value, the vertical
coordinate indicates the differential metabolites, and the dots
of different colors indicate the samples of different groups, so
that we can see the distribution of each differential metabolite
among different groups very intuitively, and the specific for-
mula is z=(x—u)/o: where x is a specific score, u is the mean,
and o is the standard deviation.

3.4 | Hierarchical Cluster Analysis of Differential
Metabolites

Through the analysis of the above basic data, a series of bioin-
formatics analyses of significantly different metabolites are still
needed, and the results are better visualized and presented.
The screened differential metabolites often exhibit biological
similarity/complementarity in outcome and function or are
positively/negatively regulated by the same metabolic pathway.

This is reflected in similar or opposite expression characteristics
among different experimental groups.

Hierarchical clustering analysis of such features helps group
metabolites with similar characteristics together and reveals
variations in metabolite expression among experimental groups.
We calculated the Euclidean distance matrix (EDM) for the
quantitative values of the differential metabolites, clustered the
differential metabolites using a complete chaining approach,
and presented the results in a heatmap (Figure 2C). The heat-
map now includes color labels to distinguish the experimental
groups: blue represents the control group, and red represents the
IVDD group. This labeling provides a clearer visual representa-
tion of the groupings and highlights distinct patterns of metab-
olite expression between groups. Differential metabolites with
similar expression patterns are clustered together, aiding in the
identification of key metabolic variations associated with IVDD.

3.5 | Boxplot, Matchstick Plot and Radargram
Analysis of Differential Metabolites

Boxplots were utilized to display the distribution characteris-
tics and variability of differential metabolites between the con-
trol and IVDD groups (Figure 3). To ensure accuracy and avoid
arbitrary connections, all metabolite values were normalized
prior to plotting. Normalization involved scaling the quan-
titative data for each metabolite to a range of [0,1] based on
the minimum and maximum values within the dataset. Each
axis in the radar plot represents a unique metabolite, and the
gridlines reflect normalized fold changes. The purple shading
connects the normalized values of the metabolites, providing
an intuitive visualization of relative abundance trends across
groups. This approach highlights key differences while ensur-
ing that the connections between metabolites are statistically
meaningful. Statistical significance was determined using
Student's t-test or ANOVA, with a p value<0.05 considered
significant.

For further analysis, the quantitative values of differential me-
tabolites were log-transformed (base 2), and the top 15 upreg-
ulated and downregulated metabolites with the largest fold
changes were selected (Figure 4A). In the matchstick plot, the
x-axis represents the log-transformed fold changes, and the color
intensity of each point corresponds to its VIP value, highlighting
metabolites with significant changes.

The radar plot (Figure 4B) visualizes the trend changes in dif-
ferential metabolite content. Each grid line represents a fold
change, and the purple shading connects the fold changes of
individual metabolites, providing an intuitive overview of their
variations between groups.

3.5.1 | Correlation Analysis of Differential Metabolites

Although certain metabolic pathways may have predictable,
fixed patterns, the correlations between metabolites can still
reveal potential synergistic changes that suggest regulatory
relationships in biological states. We used Pearson's method to
calculate the correlation coefficients between the quantitative
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values of the differential metabolites and presented the results
in a heatmap (Figure 4C) [27]. In the heatmap, the horizontal
and vertical axes represent the differential metabolites. The
color blocks indicate the strength of the correlation coefficients
between the metabolites, with red representing positive correla-
tions and blue representing negative correlations. Darker col-
ors indicate stronger correlations. Significant correlations are
marked with an asterisk (*). We further discussed the potential

biological mechanisms behind these strong correlations in the
revised discussion section.
3.5.2 | Chordal Analysis of Differential Metabolites

Figure 4D presents a chordal analysis of differential metabo-
lites, which illustrates the relationships between metabolite
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FIGURE 3 | The key differential metabolites between the control and IVDD groups.

categories and their content changes. By associating metabolite
classification sources with differential metabolites, we calcu-
lated the correlation between them using the Spearman method

and visualized the results in a chord diagram. This analysis pro-
vides deeper insights into the potential biological significance of
changes in metabolite categories [28].
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3.5.3 | KEGG Annotation and Enrichment Analysis
of Differential Metabolites

After obtaining the above results, we labeled the differential me-
tabolites on the KEGG pathway map as shown in (Figure 5A),
where dots indicate metabolites, bright red represents up-
regulated significant differential metabolites, and bright blue
represents down-regulated significant differential metabolites;
boxes indicate genes (proteins) involved in the pathway; and the
connecting lines indicate the flow direction of metabolic reac-
tions. Categorized according to the results of KEGG pathway
annotation, as shown in (Figure 5B).

3.5.4 | Differential Abundance Score

Differential Abundance Score (DA Score) is the ratio of the differ-
ence between the number of up-regulated and down-regulated
differential metabolites annotated on a pathway to the number
of all metabolites on that pathway, which serves to reflect the
overall change of all differential metabolites in a pathway, DA
Score is shown as (Figure 5C), the horizontal coordinate in the
figure indicates the differential abundance score (DA Score),
and the vertical coordinate indicates the name of KEGG met-
abolic pathway. DA Score reflects the overall change of all me-
tabolites in a metabolic pathway, and a score of 1 indicates that
the expression of all annotated differential metabolites in the
pathway tends to be up-regulated, and —1 indicates that the ex-
pression of all annotated differential metabolites in the pathway
tends to be down-regulated, and the length of the line segment
represents the absolute value of the DA Score's absolute value.
The size of the dots indicates the number of annotated differ-
ential metabolites in the pathway, and larger dots indicate more
differential metabolites in the pathway. The longer the dots are
distributed on the right side of the center axis, the more up-
regulated the overall expression of the pathway is; the longer the
dots are distributed on the left side of the center axis, the more
down-regulated the overall expression of the pathway is.

3.5.5 | Metabolic Pathway Analysis of Differential
Metabolites

By comprehensively analyzing the pathways where the differ-
ential metabolites are located, we aimed to further identify key
pathways with the highest relevance to metabolite differences.
Differential metabolites were mapped to authoritative metab-
olite databases such as KEGG and PubChem. Representative
mapping results are provided in Table S2. After obtaining the
matched metabolite information, we performed pathway analy-
ses based on Homo sapiens (human) pathway databases. A met-
abolic pathway analysis table is provided in Table S3.

The results are visualized in a bubble plot (Figure 6A), where
each bubble represents a metabolic pathway. The horizontal co-
ordinates and size of the bubbles indicate the pathway's impact
factor in topological analysis, with larger sizes corresponding
to higher impact factors. The vertical coordinates and color of
the bubbles reflect the p value of the enrichment analysis (neg-
ative natural logarithm, —In(P)), with darker colors indicating

smaller p values and more significant enrichment. Pathways
with larger, darker bubbles were identified as key pathways for
further study. These key pathways were highlighted in the plot
to allow intuitive identification.

To further diversify the presentation of metabolic changes, we
transformed the bubble plot into a treemap plot (Figure 6B).
Each square represents a metabolic pathway, with the size in-
dicating the pathway's impact factor and the color representing
the p value of enrichment analysis. Pathways with larger and
darker squares were prioritized for detailed discussion.

3.5.6 | Regulatory Network Analysis of Differential
Metabolites

Metabolic pathways represent series of biochemical reactions
facilitated by enzymes, while metabolic networks illustrate the
relationships between these reactions and regulatory mecha-
nisms. Using the KEGG database for H. sapiens, we constructed
network-based enrichment analyses (Figure 7). In these net-
works, red nodes represent metabolic pathways, yellow nodes
indicate regulatory enzymes, green nodes denote background
substances, purple nodes signify molecular modules, blue nodes
represent chemical interactions, and green squares highlight the
differential metabolites identified in this study. “Glycine, Serine,
and Threonine Metabolism,” this pathway, highlighted in the
abstract and introduction, plays a vital role in maintaining cel-
lular redox balance and energy metabolism: SHMT facilitates
the conversion of serine to glycine, generating tetrahydrofo-
late (THF), a critical component in one-carbon metabolism.
Dysregulation of SHMT may enhance nucleic acid and protein
synthesis, contributing to pathological tissue proliferation or
metabolic imbalance. GLDC participates in glycine degrada-
tion and mitochondrial function regulation. Changes in GLDC
activity may impact oxidative stress levels and energy metabo-
lism, potentially exacerbating pathological conditions. Glycine
is a precursor for glutathione (GSH) synthesis and plays a role
in maintaining cellular redox balance. Glycine depletion may
reduce antioxidant capacity, exacerbating oxidative stress and
cellular dysfunction. Serine is crucial for phospholipid synthe-
sis and membrane integrity. Dysregulation of serine metabolism
may lead to impaired membrane function and increased inflam-
matory responses. Threonine degradation provides acetyl-CoA
and succinyl-CoA, essential for energy production. Impaired
threonine metabolism may contribute to energy deficits in af-
fected tissues. Enhanced SHMT and GLDC activity in this
pathway may represent a compensatory mechanism against oxi-
dative stress. However, metabolite depletion (e.g., glycine) could
weaken this defense, further aggravating pathological states.
Altered production of key intermediates (e.g., acetyl-CoA) may
disrupt the tricarboxylic acid cycle and mitochondrial function,
impairing tissue repair and cell survival.

In this study, the significant alterations in “Glycine, Serine, and
Threonine Metabolism” are closely related to the pathological
state of the subject. Elevated SHMT or GLDC activity may indi-
cate metabolic stress, while metabolite imbalances (e.g., glycine
and serine) could serve as potential biomarkers for pathological
progression.
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3.6 | ROC Analysis of Differential Metabolites

We plotted ROC curves for each clearly characterized differ-
ential metabolite and calculated its area under curve (AUC),
with area under curve values between 1.0 and 0.5. In the case of
AUC>0.5, the closer the AUC is to 1, the better the diagnostic
effect is. AUC in 0.5~0.7 is with lower accuracy, AUC in 0.7~0.9
has some accuracy, AUC in 0.9 and above has higher accuracy.
AUC=0.5 indicates that the diagnostic method does not work
at all, and has no diagnostic value. As shown in (Figure 8), all
metabolites in the figure have high diagnostic value.

4 | Discussion
With the aging of the population and the impact of long office

hours, IVDD will inevitably become a common and frequent
disease of great concern nowadays and even in the future [29],

and the LBP it causes is one of the main causes of disability,
which imposes a heavy economic burden and social pressure on
the patient's family [30]. As a key research area of orthopedic
diseases, IVDD has limited therapeutic options. The fundamen-
tal reason is that the pathophysiologic mechanisms of IVDD are
not fully understood [31]. The flourishing of metabolomics has
facilitated a more in-depth understanding of the pathogenesis
of the disease [32]. In this study, based on untargeted metabolo-
mics, we explored the changes of differential metabolites in the
normal control group (n=20) and the disease group of IVDD
patients (n=20), moving forward from previous knowledge
on metabolite levels in plasma from patients [33], and identi-
fied some metabolites and metabolic pathways that play a key
role in the pathogenesis of IVDD, which is conducive to fur-
ther understanding the pathophysiological mechanisms in the
development of IVDD. A total of 2-methyl-1,3-cyclohexadiene,
3-amino-2-piperidone, ethyl butyrate, glycyrrhetinic acid,
SM(d16:1/24:1), SM(d17:1/24:1), SM(d18:1/16:0), SM(d18:1/24:1),
stearoyl sphingomyelin and other metabolites are on the rise
in patients with IVDD, methylcysteine, L-methionine, cis, cis-
muconic acid, estrone, glycine, hydroxyoctanoic acid, methyl
methanethiosulfonate, m-methylhippuric acid, and vinylacetyl-
glycine metabolites showed a decreasing trend, which was sug-
gested by KEGG analysis to be related with glycine, serine and
threonine metabolism, cyanoamino acid metabolism, citrate
cycle (TCA cycle), aminoacyl-tRNA biosynthesis, methane me-
tabolism. Glyoxylate and dicarboxylate metabolism, cysteine
and methionine metabolism and other pathways are closely
linked.

It is worth focusing on the fact that lipids and lipid-like molecules
accounted for 44.9% and organic acids and derivatives accounted
for 30.61%. Among the metabolites that showed an increas-
ing trend in IVDD patients, SM(d16_1 SM(d16_1_24 1(15Z))),
SM(d17_1_24 1(15Z)), SM(d18_1_16_0), SM(d18_1_24_1(15Z)),
and stearoyl sphingomyelin all belong to sphingolipids, and
sphingolipids are lipids with a special structure called “sphingo-
lipid base.” Sphingolipids are lipids with a special structure called
“sphingolipid base,” and sphingolipids are not only essential
membrane components but also bioactive lipid mediators that
regulate many biological functions [34]. The regulation of cera-
mide levels in cells depends on many sphingolipid metabolizing
enzymes such as sphingomyelinase (SMase), sphingomyelin
synthase (SMS), ceramidase, and ceramide synthase. Ceramides
induce many types of cell death such as apoptosis, necrosis, iron
death and autophagy-regulated cell death; senescence; differentia-
tion; and autophagy as a lipid mediator [35]. Sphingomyelin (SM)
is generated by the transfer of phosphorylcholine to ceramides via
SMSs and is also an important membrane component anatomi-
cally and biologically, with SM in cell membranes localized in
restricted regions called “SM-rich microdomains,” which provide
a specific environment to regulate the binding of ligands to their
receptors to express cellular functions, including proliferation, mi-
gration and inflammation. This region provides a specific environ-
ment to regulate the binding of ligands to their receptors in order
to express cellular functions, including proliferation, migration
and inflammation [36]. Numerous studies have shown that SM-
rich microdomains regulated by SMS play a key role as membrane
platforms for numerous receptors such as T-cell receptor (TCR),
TNF receptor, toll-like receptor, and C-X-C chemokine receptor
type 4 (CXCR4), such as transduction of proliferative, migratory,
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FIGURE 7 | Regulatory network analysis of differential metabolites. Red dots represent a metabolic pathway, the yellow dots represent informa-
tion of a substance-associated regulatory enzyme, the green dots represent the background substance of a metabolic pathway, and the purple dots
represent information of molecular modules of a class of substances, blue dots represent chemical interactions of a substance, and green squares

represent differential substances obtained from this comparison.

and inflammatory signals. In addition, ceramide transforms SM-
rich microstructural domains via SMase to form ceramide-rich
platforms that regulate cellular functions by recruiting and ag-
gregating receptors or altering membrane properties [37-42]. In
summary, it is highly likely that the SM/ceramide cycle imbalance
caused by elevated SM in patients with disc degeneration plays

an important role in the IVDD process. In addition, it has been
shown that metabolites such as 2-methyl-1,3-cyclohexadiene,
3-amino-2-piperidone, ethyl butyrate, glycyrrhetinic acid, and SM
(d16:1/24:1) are also elevated in patients with IVDD, and that the
remaining in patients with disc degeneration The specific role of
elevated metabolites remains to be further explored.
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In addition to this, our study found that methylcysteine, L-
methionine was down-regulated in patients with disc degener-
ation, and cysteine has the function of regulating glutathione
synthesis. Glutathione is an important antioxidant and oxygen
radical scavenger in the body. Methionine is involved in the de-
struction of membrane lipids generated by oxidizing free radicals
through various oxidative pathways, thus protecting membrane
structures such as cells and mitochondria [43]. Down-regulation
of cysteine and methionine metabolism during the development
of disc degeneration leads to a decrease in the antioxidant func-
tion of the intradiscal environment [44], whereas the peroxidized
environment within the disc leads to an increase in reactive ox-
ygen species (ROS), which promotes senescence, apoptosis, and
scorched death of the nucleus pulposus cells (NPCs), and exac-
erbates the degree of disc degeneration [6, 45].

What is worth focusing on in the pathway is that the TCA
cycle is the final metabolic pathway and metabolic hub for
Sphingomyelin the three major nutrients [46]. Sphingomyelin,
a critical component of cell membranes, plays a significant role
in maintaining cellular integrity and signaling. Recent studies
have implicated sphingomyelin in inflammation-related path-
ways, such as the activation of pro-inflammatory cytokines
and modulation of immune cell responses. However, its specific
contribution to IVDD remains unclear. Our findings suggest
alterations in sphingomyelin levels in IVDD patients, which
may be linked to the dysregulation of inflammatory pathways
or oxidative stress mechanisms. While this provides prelimi-
nary evidence for its involvement, further research is needed to
elucidate the precise molecular mechanisms by which sphingo-
myelin influences IVDD pathogenesis. Such studies could en-
hance our understanding of the disease and identify potential
therapeutic targets. Downregulation of the TCA cycle in the
late stages of disc degeneration implies that the metabolites of
IVDD are depleted, which is attributed to the apoptosis of NP
cells and their decreased secretory function. In addition, it has
been shown that the process of IVDD is closely related to the
functional state of the Gly-Ser-Thr metabolic axis, which is
involved in biotransformation and metabolic activities during
degeneration, and that antioxidants are produced through the
Gly-Ser-Thr metabolic axis. The Gly-Ser-Thr metabolic axis
may be involved in IVDD by regulating carbohydrate onversion
and energy utilization and ultimately retarding IVDD degenera-
tion through the formation of antioxidants [47, 48]. In summary,
the TCA cycle and the Gly-Ser-Thr metabolic pathway may play
an extremely important role in IVDD. The association of the re-
maining pathways with IVDD and the related mechanisms still
need to be explored and verified by further studies, and in-depth
studies can help to provide new directions and strategies for the
treatment and prevention of IVDD.

5 | Conclusion

Based on our findings, we successfully identified differential
metabolites and related pathways associated with IVDD using
ultra-high-performance liquid chromatography-mass spectrom-
etry (UHPLC-MS). These metabolites were further analyzed
using the Kyoto Encyclopedia of Genes and Genomes (KEGG)
database to determine relevant pathways.

Key  metabolites, including sphingomyelins include
SM(d16:1/24:1), SM(d17:1/24:1), SM(d18:1/16:0), SM(d18:1/24:1),
and methylcysteine, L-methionine, glycine, and citrate cycle in-
termediates, were found to be significantly altered. KEGG anal-
ysis suggested that these metabolites are involved in pathways
such as glycine, serine, and threonine metabolism, the citrate
cycle (TCA cycle), aminoacyl-tRNA biosynthesis, and cysteine
and methionine metabolism.

These findings provide valuable insights into the pathogenesis
of IVDD. Metabolites such as sphingomyelin and pathways like
the citrate cycle and glycine-serine-threonine metabolism may
play key regulatory roles in IVDD development. This study en-
hances our understanding of the pathophysiological processes
underlying IVDD and identifies potential targets for future clin-
ical diagnosis and therapeutic strategies.
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