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Background: An imbalance in energy metabolism serves as a causal factor for type 2 diabetes (T2D). Although metformin
has been known to ameliorate the overall energy metabolism imbalance, but the direct correlation between metformin and
central carbon metabolism (CCM) has not been thoroughly investigated. In this study, we employed a high-performance ion
chromatography-tandem mass spectrometry (HPIC-MS/MS) technique to examine the alterations and significance of CCM both
before and after metformin treatment for T2D.

Methods: We recruited 29 participants, comprising 10 individuals recently diagnosed with T2D (T2D group). Among these, 10
patients underwent a 4—6-week treatment with metformin (MET group). Additionally, we included 9 healthy subjects (CON
group). Employing HPIC-MS/MS, we quantitatively analyzed 56 metabolites across 18 biologically relevant metabolic pathways
associated with CCM. Univariate and multivariate statistical analyses were utilized to identify differential metabolites. Subse-
quently, correlation analyses and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were conducted on the
identified differential metabolites.

Results: We identified seven distinct metabolites in individuals with T2D (p < 0.05). Notably, cyclic 3',5'-Adenosine MonoPhos-
phate (AMP), Glucose 6-phosphate, L-lactic acid, Maleic acid, and Malic acid exhibited a reversal to normal levels following
metformin treatment. Furthermore, Malic acid demonstrated a positive correlation with L-lactic acid (r = 0.94, p < 0.05), as did
succinic acid with malic acid (r = 0.81, p < 0.05), L-lactic acid with succinic acid (r = 0.78, p < 0.05), and L-lactic acid with glucose-
6-phosphate (r = 0.72, p < 0.05). These metabolites were notably enriched in pyruvate metabolism (p = 0.005), tricarboxylic acid
cycle (TCA) (p = 0.007), propanoate metabolism (p = 0.007), and glycolysis or gluconeogenesis (p = 0.009), respectively.
Conclusions: We employed HPIC-MS/MS to uncover alterations in CCM among individuals recently diagnosed with T2D before
and after metformin treatment. The findings suggest that metformin may ameliorate the energy metabolism imbalance in T2D
by reducing intermediates within the CCM pathway.

Keywords: type 2 diabetes: metformin; central carbon metabolism; HPIC-MS/MS; metabolites

Introduction over 60 years, the precise mechanism of action of met-

formin remains incompletely understood. Recent research

) ) o indicates that metformin disrupts glycolysis and oxidative

The global prevalence of diabetes is steadily increas- phosphorylation [8-10], influencing Adenosine Triphos-

ing each year, with over 90% of patients diagnosed with phate (ATP) production by activating AMP-activated pro-
type 2 diabetes (T2D), which is one of the major diseases tein kinase (AMPK) energy sensors [11-13]. The ATP
threatening human health [1,2]. T2D, a chronic and pro-

gressive metabolic disease characterized by hyperglycemia
[3], remains an incurable condition throughout an individ-

production pathway is intricately connected to central car-
bon metabolism (CCM), encompassing traditional elements
X X i : X like glycolysis, the pentose phosphate pathway (PPP), and
ual’§ life. Metforml.n (N’ N-Dimethyl biguanide) stands as tricarboxylic acid cycle (TCA). Additionally, CCM in-
a primary oral medication for T2D treatment, endorsed by jyes the breakdown of amino acids, lipids, and other sub-

national guidelines worldwide as a monotherapy for newly .. es, producing substrates that enter the TCA cycle to
diagnosed T2D patients [4—7]. Despite its clinical use for
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participate in metabolic processes [ 14,15]. Nonetheless, the
specific mechanisms through which metformin interferes
with CCM remain less clear.

Metabolomics involves the comprehensive identifi-
cation and quantification of all target metabolites, which
are small molecules within the range of 50-1500 Dal-
tons, in an organism under specific conditions or diseases
[16]. It is categorized into non-targeted metabolomics
and targeted metabolomics based on research objectives.
Non-targeted metabolomics offers broad coverage of sub-
stances, allowing for the collection of extensive infor-
mation on relative substance abundance [17]. In con-
trast, targeted metabolomics employs standard substances
for different compounds to generate standard curves, fa-
cilitating the high-throughput detection of each metabo-
lite in a specific pathway. It aims to establish relation-
ships between substances through data analysis [17]. High-
performance ion chromatography-tandem mass spectrom-
etry (HPIC-MS/MS) serves as a targeted metabolomics
assay characterized by high specificity, sensitivity, and
repeatability [18,19]. Previous studies employing non-
targeted metabolomics techniques have identified changes
in metabolic profiles in T2D patients [20-24]. Carbo-
hydrate and energy-related metabolites have been linked
to a higher risk of T2D [24,25].  Additionally, re-
search has indicated that metformin can influence energy
metabolism in T2D patients [26-32], impacting glycol-
ysis/gluconeogenesis, TCA, PPP, urea cycle, fatty acid
metabolism, amino acid, and carnitine metabolism. How-
ever, compounds within the energy metabolic pathway have
not been directly quantitatively analyzed. To further elu-
cidate changes and significance in compounds related to
CCM pathways in newly diagnosed T2D patients before
and after metformin treatment, we utilized HPIC-MS/MS to
quantitatively detect 56 metabolites across more than 18 po-
tential CCM-related (biologically related) metabolic path-
ways. Through statistical analysis and the identification of
differential metabolites, we delved into the clinical value
and significance of these changes in the context of met-
formin treatment for T2D. This approach aims to provide
a deeper understanding of the new mechanisms through
which metformin improves energy metabolism.

Materials and Methods

Patient Recruitment and Study Design

Between October 2022 and May 2023, we recruited 10
newly diagnosed patients with type 2 diabetes admitted to
the Department of Endocrinology at the Affiliated Hospi-
tal of Chengdu University of Traditional Chinese Medicine
(T2D group). These patients were subsequently assigned to
the metformin treatment group (MET group) and were pre-
scribed metformin hydrochloride extended-release tablets
(brand: Merck Seranogat, specification: 0.5 g x 20 tablets)
for a period of 4-6 weeks. It is noteworthy that the pa-

679

tients receiving metformin treatment were the same indi-
viduals initially diagnosed with T2DM. As part of the treat-
ment regimen, patients were instructed to take one tablet of
metformin (0.5 g) at breakfast or within half an hour after a
meal. They were advised to abstain from alcohol and smok-
ing during this period, avoid overeating, and maintain their
regular diet without any specific requirements.

Concurrently, 9 healthy subjects (CON group) were
selected from the physical examination center of the Affili-
ated Hospital of Chengdu University of Traditional Chinese
Medicine. The selection criteria ensured that their gender
and age did not statistically differ from those of the newly
diagnosed T2D patients. All recruited individuals met
the early diagnosis criteria for T2D updated by the World
Health Organization (WHO) in 2019 [33]. None of the
participants had received any anti-diabetic drugs, including
metformin. Exclusion criteria encompassed the individuals
with cardiovascular disease, kidney disease, cancer, nerve
injury, pregnancy, lactation, menstruation, and other major
illnesses. Healthy subjects had no personal or family his-
tory of diabetes, exhibited normal fasting and 2-hour post-
prandial blood glucose levels, glycated hemoglobin, and
islet function. They also did not present with dyslipidemia,
cardiovascular diseases, or clinical symptoms of diabetes.

Our study, approved by the Clinical Research Ethics
Committee of the Affiliated Hospital of Chengdu Univer-
sity of Traditional Chinese Medicine (2020KL-031), ad-
hered to the principles of the 1964 Declaration of Helsinki
and its subsequent amendments [34,35]. Informed consent
was obtained from all eligible subjects who met the inclu-
sion criteria.

Experimental Reagents and Instruments

The primary reagents employed in this experiment,
including Methanol, Acetic acid, and Sodium Hydrox-
ide, were of Liquid chromatograph-mass spectrometer (LC-
MS) grade and sourced from CNW Technologies (Munich,
Bavaria, Germany). It is important to note that in LC-MS
analysis, only the target compound itself was subject to
analysis, precluding the analysis of inorganic ions in its salt
form. However, the hydrochloride, sodium salt, and am-
monium salt of the target compound could be utilized as
standards. The standard information for the 56 quantitative
compounds is detailed in Supplementary Files 1,2.

The key instruments utilized in this experiment com-
prised ion chromatography ICS6000 (Thermo Scientific,
Waltham, MA, USA), mass spectrometry 6500 QTrap+
(ABSciex, Framingham, MA, USA), centrifuge Heraeus
Frescol7 (Fisher Scientific, Pittsburgh, PA, USA), ultra-
sonic instrument YM-080S (Fangao Microelectronics Co.,
Ltd, Shenzhen, China), grinding instrument JXFSTPRP-
24 (Jingxin Technology Co., Ltd, Shanghai, China), and
freezing centrifuge concentrator CV600 (Jiaimu Technol-
ogy Co., Ltd, Beijing, China).
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Serum Metabolite Extraction

Each volunteer underwent an 8-hour fasting period,
and two tubes of whole blood were collected between 8—
9 AM the following day. One tube, containing heparin as
an anticoagulant, was subjected to testing for clinical bio-
chemical markers. The other tube, containing serum with-
out an anticoagulant, was separated and collected, with the
serum stored in a refrigerator at —80 °C. Subsequent to the
collection of all samples, HPIC-MS/MS detection was con-
ducted.

For sample processing, the frozen samples were taken
out of the —80 °C refrigerator and defrosted in an ice wa-
ter bath. Following defrosting, the samples were vortex-
mixed for 30 seconds. A precise 100 pL aliquot of each
sample was transferred to an EP tube. Methanol (300 pL)
was added to each sample, followed by vortex mixing for
30 seconds. The samples were then sonicated for 15 min-
utes in an ice-water bath, incubated at —40 °C for one hour,
and centrifuged at 12,000 rpm (RCF = 13,800 (xg), R=28.6
cm) and 4 °C for 15 minutes. A 320 pL aliquot of the super-
natant was transferred to an EP tube, subjected to vacuum
and spin drying, and subsequently re-dissolved with 160 uL
pure water. The reconstituted samples were vortexed be-
fore being filtered through a filter membrane. Finally, the
supernatant was transferred into an LC sample bottle for
HPIC-MS/MS analysis.

HPIC-MS/MS Experimental Procedure

Serum samples underwent testing following estab-
lished methods [36,37], encompassing the configuration of
a standard solution, establishment of chromatographic and
mass spectrometry conditions, determination of detection
limit, quantitation limit, and evaluation of precision and ac-
curacy of the method. Quality control (QC) samples for
serum were generated by combining equal volumes of all
samples to be tested, serving as a means to assess the re-
peatability of mass spectrometry results following identical
treatment. During the analysis, two initial checks on the QC
sample were performed, with subsequent checks conducted
after every four samples, and a final check at the conclusion
of the analysis, totaling ten repetitions.

The precision of this experimental method was as-
sessed through the standard relative deviation (RSD) calcu-
lated from 10 repeated QC samples. Accuracy was gauged
by the recovery rate of QC samples, calculated as (mean
measured concentration) x (spiked concentration) ~! x
100%. For HPIC- Multiple Reaction Monitoring (MRM)-
MS analysis, the calibration solution was sequentially di-
luted by 2 times, and the lower limits of detection (LLOD)
and the lower limits of quantitation (LLOQ) were deter-
mined based on signal-to-noise ratio. Following the guide-
lines of the US FDA for the validation of bioanalytical
methods, the LLOD and LLOQ were defined as the concen-
trations of a compound corresponding to a signal-to-noise
ratio of 3 and 10, respectively.

Data Processing and Analysis

Statistical analysis of patients’ age, weight, body mass
index (BMI), and biochemical test indicators was con-
ducted using SPSS 26.0 (SPSS, Chicago, IL, USA). Mea-
surement data were presented as mean =+ standard devia-
tion. If the three groups of data satisfied the conditions of
normality and homogeneity of variance, a one-way analy-
sis of variance and least significant difference (LSD)-t post
hoc test were employed for comparisons. In cases where
normality and homogeneity of variance assumptions were
violated, the Kruskal-Wallis rank sum test was applied.

Mass spectrometry data acquisition and quantitative
analysis of target compounds were executed using AB
SCIEX Analyst Work Station Software (version 1.6.3, AB
SCIEX, Boston, MA, USA), MultiQuant (version 3.0.3,
AB SCIEX, Boston, MA, USA), and Chromeleon7 (version
7.1, Dionex, Sunnyvale, CA, USA). Raw data were prepro-
cessed as follows [38]: (1) Filtration of individual metabo-
lites; if a metabolite was missing in a single group >50%, it
was conservatively excluded (Supplementary File 3). (2)
Missing value recoding in the original data was performed
using the numerical simulation method, where the mini-
mum value was multiplied by a random number (0.1, 0.5)
to fill in the gaps (Supplementary File 4).

After obtaining the quantitative expression matrix of
all samples, the student 7-test was applied for univariate sta-
tistical analysis, calculating the difference multiples. Addi-
tionally, principal component analysis (PCA) and orthogo-
nal partial least squares discriminant analysis (OPLS-DA)
were employed for multivariate statistical analysis. The uti-
lization of both statistical methods facilitated a comprehen-
sive observation of data, preventing false positive errors and
overfitting of models that might arise from relying solely
on one statistical method [39]. Furthermore, various online
analysis tools and R software (version 4.1.0, Unversity of
Auckland, Auckland, New Zealand) were utilized to visu-
alize the data, incorporating tools such as Venn charts, vol-
cano maps, correlation analyses, and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway analyses.

Results

Demographic Characteristics and Clinical
Biochemical Indicators

Table | presents the results of demographic informa-
tion and clinical biochemical indexes for the CON group,
T2D group, and MET group after testing (refer to Supple-
mentary File 5 for the original data). No significant dif-
ferences were observed in terms of sex, age, and BMI be-
tween the CON and T2D groups (p > 0.05), where BMI is
calculated using the formula: weight (kg)/height (m)2. In
the realm of clinical biochemical indices, the T2D group
exhibited significantly higher levels of Fasting plasma glu-
cose (FBG) (p = 0.000), Glycated hemoglobin (HbAlc)
(» = 0.000), and triglyceride (TG) (p = 0.023) compared
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Table 1. Demographic Characteristics and clinical chemistry parameters.

. Group
Clinical parameters D2 D3 F p
T2D (n=10) CON(n=9) MET (n=10)

Gender (M/F) 3/7 3/6 0.541 0.389 0.541
Age (years) 437+ 11.24 40.0 + 13.84 0.529 0.413 0.529
BMI (kg/m?) 23.75 +£2.43 22.67 +3.18 0.415 0.697 0.415
FBG (mmol/L) 745+ 1.19 4.96 + 0.35 6.19 £+ 1.60 0.000*  0.026* 0.032* 10.444  0.000*
HbAlc (%) 6.83 + 0.96 5.01 £0.26 6.78 £+ 0.94 0.000*  0.890  0.000* 15.479  0.000*
FINS (mIU/L) 20.05 +22.83 8.02 £ 0.98 18.65 £23.34  0.158 0.873 0.239 1.092 0.350
TC (mmol/L) 527+ 1.63 4.21 +0.67 531+ 1.55 0.108 0.940 0.094 1.900 0.170
TG (mmol/L) 257+ 1.74 1.18 £ 0.59 2.05 £ 1.09 0.023*  0.058 0.145 2.947 0.070
HDL (mmol/L) 1.32 +0.77 1.26 +0.19 1.32 £ 0.71 0.841 1.000 0.841 0.027 0.973
LDL (mmol/L) 3.16 £ 1.18 2.50 £ 0.52 326+ 1.33 0.202 0.830 0.141 1.332 0.281
BUN (mmol/L) 445+ 1.64 4.83 £ 1.00 445+ 1.84 0.597 1.000 0.597 0.188 0.830
CREA (mmol/L) 5734 £11.14 6627 £11.65 59.08 £12.96 0.116 0.747 0.202 1.463 0.250

Abbreviations: BMI, body mass index; FBG, Fasting plasma glucose; HbAlc, Glycated hemoglobin; FINS, Fasting serum

insulin; TC, total cholesterol; TG, triglyceride; HDL, high-density lipoprotein; LDL, Low-density lipoprotein; BUN, blood

urea nitrogen; CREA, Creatinine. Note: All parameters are mean + SD, * indicates that the p-value is lower than 0.05. pq:
T2D vs. CON; pa: T2D vs. MET; ps: MET vs. CON; F: Statistic of single-factor analysis of variance; p: Significance level of

single-factor analysis of variance.

to the CON group. In the MET group, FBG (p = 0.026)
was significantly lower than that in the T2D group. Ad-
ditionally, FBG (p = 0.032) and HbAlc (p = 0.000) in the
MET group were significantly higher than those in the CON
group. Other observed changes were not statistically signif-
icant. Indicators of kidney function, such as lood urea ni-
trogen (BUN) and Creatinine (CREA), were within normal
ranges.

Standard Curve and Chromatographic Separation

Effect

Regression analysis was conducted using the least
square method, and the calibration solution recovery (ac-
curacy) and correlation coefficient (R2) yielded optimal
results when the weight was set to 1/x (refer to Supple-
mentary File 6 for the standard curves of 56 compounds).
The absolute content of metabolites was analyzed in MRM-
mode using MultiQuant 3.0.3 software. In this analysis, the
method employed in detection ensured that all target com-
pounds exhibited symmetrical chromatographic peaks, and
effective chromatographic separation of each target com-
pound was achieved. There were no significant differences
observed in the retention time and chromatographic peak
shape of the target compounds between the biological sam-
ples and the standard solution (Supplementary File 7).

Methodological Validation and Multivariate
Statistical Analysis

Methodological validation, as presented in Supple-
mentary Files 8,9, demonstrated that the experimental
method can accurately detect the content of target metabo-
lites in the samples. Upon obtaining the quantitative expres-
sion matrix of metabolites, PCA was initially performed.

PCA, a statistical method, transforms a set of potentially
correlated variables into linear uncorrelated variables (prin-
cipal components) through orthogonal transformation [40].
However, in this experiment, PCA analysis did not effec-
tively distinguish the three groups. Consequently, ropls R
package was employed for OPLS-DA instead of PCA anal-
ysis [41].

Through OPLS-DA analysis, orthogonal variables un-
related to categorical variables in metabolites were filtered
out. Non-orthogonal variables and orthogonal variables
were analyzed separately to extract more reliable informa-
tion regarding inter-group differences in metabolites and
the correlation degree of the experimental groups [42]. In
Fig. 1A, the two groups of samples were significantly dis-
tinguished, and all samples fell within a 95% confidence in-
terval (Hotelling’s T-squared ellipse). In Fig. 1B, the slopes
of the two dashed lines were positive, and all the green
dots were above the blue dots, indicating the validity of the
OPLS-DA model. Fig. 1C further confirmed the model’s
optimal status, with Q2 =0.564 > 0.5 and R2Y = 0.659 >
0.5 (Q2 > 0.5 and R2Y > 0.5 are the goodness-of-fit and
predictive ability parameters, respectively) [43,44], and p
< 0.05.

As the OPLS-DA model construction for T2D vs.
CON (p > 0.05) and MET vs. CON (p > 0.05) was unsuc-
cessful (refer to Supplementary Files 10,11), only a stu-
dent #-test and fold change analysis were conducted for T2D
vs. CON and MET vs. CON, without multivariate statisti-
cal analysis and visual display.

Differential Metabolite Screening

The student ¢-test, a univariate statistical method with
a significance threshold of p < 0.05, was employed. This
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Fig. 1. Analysis of OPLS-DA in MET vs. T2D. (A) OPLS-DA scatter plot. The horizontal coordinate t[1]P showed the differences
between sample groups, and the vertical coordinate t[1]O showed the differences within sample groups. Each scatter point represented
a sample, and the scatter shape and color represented different experimental groups. (B) OPLS-DA permutation test diagram. The
horizontal coordinate represented the permutation retention, the vertical coordinate represents the RY or Q value, the green dot represented
the RY value obtained by the permutation test, the blue square dot represented the Q value obtained by the permutation test, and the two
dashed lines represented the regression line of RY and Q, respectively. It was generally believed that the slope of the fitted regression line
was positive and all green dots were above the blue dots, indicating that there was no overfitting and the model was valid. (C) OPLS-DA
permutation test bar chart. The horizontal coordinate represented the accuracy of the random model of permutation test, the vertical
coordinate represented the number of random models, the red bar chart represented the number of occurrences of Q2 value obtained
by permutation test, and the blue bar chart represented the number of occurrences of R2Y value obtained by permutation test. It was
generally accepted that p < 0.05, the model was optimal. OPLS-DA, Orthogonal Partial Least Squares Discriminant Analysis.

analysis resulted in the identification of 7 metabolites for  Differential Metabolite Correlation Analysis
T2D vs. CON and 9 metabolites for MET vs. T2D. Uti-
lizing the online Venn diagram tool (version 2.1.0, https://
bioinfogp.cnb.csic.es/tools/venny/index.html), a Venn fig-
ure was generated (Fig. 2A), revealing that T2D vs. CON
and MET vs. T2D shared five common differential metabo-
lites. Subsequently, a volcano plot was constructed using R
ggplot2 (Fig. 2B), which screened nine differential metabo-
lites.

Table 2 comprehensively summarizes the changes in
all differential metabolites before and after metformin ther-
apy for T2DM. Notably, cyclic 3’,5-AMP, glucose 6-
phosphate, L-lactic acid, malic acid, and maleic acid exhib-
ited opposite changes before and after metformin treatment
for T2DM (p < 0.05).

Correlation analysis of metabolites is instrumental in
gaining a deeper understanding of the mutual regulatory
relationships and synergistic changes between metabolites
during biological state transitions. For each group com-
parison, correlation coefficients of quantitative metabolite
values were calculated using the Pearson method and pre-
sented in the form of heatmaps [45]. Fig. 3 illustrates that
L-lactic acid exhibited a positive correlation with malic acid
(r=10.94, p < 0.05), as did malic acid with maleic acid (r =
0.82, p < 0.05), and malic acid with succinic acid (r=0.81,
p < 0.05). Moreover, other metabolites examined for met-
formin reversal also displayed positive associations, such
as L-lactic acid with succinic acid (r = 0.78, p < 0.05), and
L-lactic acid with glucose-6-phosphate (r=0.72, p < 0.05).
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Fig. 2. Differential metabolite screening. (A) T2D vs. CON and MET vs. T2D Venn diagram. The purple circle represented the
differential metabolite of T2D vs. CON, the yellow circle represented the differential metabolite of MET vs. T2D, and the part where
the two circles intersect was the common differential metabolite of the two groups after comparison. (B) MET vs. T2D volcano maps.

The volcano map was a combination of fold change (FC) and #-tests, with an X-axis of log2 (FC) and a Y-axis of —log10 (p-value), with

red dots for up and blue dots for down. Each dot in the figure represented a metabolite, and the size of the dot represented the variable
importance in the projection (VIP) value of the OPLS-DA model. The larger the dot, the larger the VIP value, and the more reliable the

differentially expressed metabolites obtained by screening. p < 0.05.

These metabolites, exhibiting significant correlations, may
potentially participate in the same metabolic pathway, of-
fering valuable insights for the identification of therapeutic
targets for T2D.

Analysis of Metabolic Pathways of Differential
Metabolites

We utilized the online analytical tools of MetaboAn-
alyst 5.0 (https://www.metaboanalyst.ca/MetaboAnalyst/u
pload/PathUploadView.xhtml) for a comprehensive analy-
sis of differential metabolites through pathway enrichment
analysis and topology analysis. This approach aids in iden-
tifying key pathways with the highest correlation to metabo-
lite differences [46]. Fig. 4 illustrates the results, highlight-
ing that Citrate cycle (TCA cycle), Glycolysis or Gluconeo-
genesis, Propanoate metabolism, and Pyruvate metabolism
were the four most enriched pathways (p < 0.05, FDR
<0.2). Table 3 provides a summary of the enrichment infor-
mation for metabolites in these four pathways. Subsequent
studies could delve deeper into these metabolic pathways
to unveil pathway-specific biomarkers and potential thera-
peutic targets.

Discussion

Over the past few decades, mass spectrometry has
been employed not only for monitoring the efficacy of
metformin [47-50] but also for delving into the molecular
mechanisms underlying metformin’s actions [51-53]. The
HPIC-MS/MS method employed in this study enables the

accurate quantification of 50 compounds related to CCM,
with 6 compounds either not detected, below the detection
limit, or missing data in each sample, resulting in rejection
due to a threshold of >50%. The quantitative outcomes
obtained through HPIC-MS/MS were subjected to univari-
ate and multivariate statistical analyses. Subsequently, cor-
relation and KEGG pathway analyses of the differential
metabolites were conducted to ascertain the impact of met-
formin on the most relevant metabolic pathways within
CCM.

In the newly diagnosed cases of T2D, five out of
the seven differential metabolites exhibiting significant
changes were reversed by metformin, returning to nor-
mal levels. Following metformin treatment for T2D, nine
metabolites showed significant alterations, including five
that were reversed. Notably, cyclic 3’,5-AMP, glucose-6-
phosphate, L-lactic acid, malic acid, maleic acid, and suc-
cinic acid were discussed to elucidate their clinical signifi-
cance.

Cyclic 3',5'-AMP serves as a signaling molecule me-
diating various processes, formed by the stimulation and ac-
tivation of adenylate cyclase by certain hormones or other
molecular signals. The levels of cyclic 3’,5’-AMP are influ-
enced by cell metabolism [54]. Research has confirmed that
cyclic 3',5'-AMP plays a crucial role as a physiological am-
plifier for the secretion of glucose-induced insulin by islet 3
cells, particularly in response to the insulin-stimulating hor-
mones GLP-1 (glucagon-like peptide-1) and GIP (glucose-
dependent insulin-stimulating peptide) [55].
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Table 2. Differential metabolites before and after metformin treatment of T2DM.
T2D vs. CON MET vs. T2D
FC  pvalue Regulated FC pvalue VIP  Regulated

Differential metabolite

Cyclic 3/,5’-AMP 0.166  0.008 ¢ 5.21 0.000 2.15 T
Maleic acid 1.662  0.002 T 0.63  0.002 1.54 1
Glucose 6-phosphate 3.156  0.021 T 042  0.048 2.15 i
L-Lactic acid 1.486  0.029 T 0.70  0.041 1.61 i
Malic acid 2296  0.017 T 047  0.022 1.60 I
Ureidopropionic acid 0.792 0.035 1

Glyceric acid 1.922  0.001 +

2-Ketobutyric acid 1.77 0.011 1.78 T
Orotic acid 0.47 0.015 2.12 3
Quinolinic acid 0.80  0.019 1.51 3
Succinic acid 0.72 0.043 1.55 J

Note: FC, fold change; “1”, up-regulated; “]”, down-regulated. The p-value was obtained by #-
test; VIP is obtained through OPLS-DA.

Succinic acid

Quinolinic acid

0.8

> . Quinolinic acid
»

Orotic acid
0.6

Glucose 6—phosphate

Maleic acid | 0.52| 0.69| 0.61

. . . . Maleic acid
.. . . . Malic acid
... . . . L-Lactic acid
00006060
.. . . . . . . 2-Ketobutyric acid
. . . . . . . . . Cyclic 3',5'-AMP
o'

Malic acid | 0.46| 0.88 | 0.67 | 0.82

L-Lactic acid| 0.47| 0.85 0.72 | 0.80 0.94

Succinic acid 0.80 0.56 | 0.67| 0.81| 0.78

2-Ketobutyric acid —0.65 -0.72 -0.45/-0.61 -0.65 —0.49|-0.67

Cyclic 3',5'-AMP | -0.37 —0.49 —0.58 —0.69 —0.52|—0.53 -0.48 | 0.49
1

Fig. 3. Thermal maps of differential metabolite correlation analysis in the MET vs. T2D. The horizontal and vertical coordinated in
the figure represented the metabolites in this group of comparison, and the color blocks at different positions represented the correlation
coefficients between metabolites at corresponding positions. Red represented the positive correlation, blue represented the negative
correlation, and the darker the color, the stronger the correlation. Significance correlations were marked with an * (p < 0.05).
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Table 3. Four pathways of significant enrichment.

Pathway Name Metabolites Rawp  FDR Impact
ko00020 citrate cycle (TCA cycle) succinic acid, malic acid 0.005  0.190 0.077
ko00620 pyruvate metabolism L-lactic acid, malic acid 0.007  0.190 0.031
ko00640 propanoate metabolism L-lactic, succinic acid 0.007  0.190 0.041
ko00010  glycolysis or gluconeogenesis  L-lactic acid, glucose-6-phosphate ~ 0.009  0.190 0.029

Note: Raw p represented the p-value obtained by enrichment analysis; FDR represented the p-value corrected by

multiple hypothesis tests using the false discovery rate method; impact indicated the impact factor obtained from

topology analysis.

Pyruvate metabolism
Citrate cycle (TCA cycle)

Propanoate metabolism

2
@ Glycolysis or Gluconeogenesis
aw
S~
2
T @
° ( ) Q
o |

310

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14
Pathway Impact

Fig. 4. Bubble maps of KEGG analysis in the MET vs.
T2D group. In the bubble diagram, each bubble represented a
metabolic pathway, and the horizontal coordinate where the bub-
ble was located. The size of the bubble represented the influence
factor of the pathway in topological analysis: The larger the bub-
ble, the larger the influence factor. The vertical coordinate of the
bubble and the color of the bubble represented the p-value of the
enrichment analysis (take the negative natural logarithm, that is,
—In(p)). The darker the color, the smaller the p-value and the more
significant the enrichment degree.

Raising the content of cyclic 3’,5-AMP in beta cells
may enhance insulin secretion. Our study revealed that met-
formin increased cyclic 3’,5-AMP levels in serum, though
whether it concurrently increased cyclic 3’,5’-AMP content
in (3 cells requires further investigation.

Maleic acid, a cis-trans isomer of fumaric acid, acts
differently from fumaric acid. Research indicates that
maleic acid can interfere with mitochondrial oxidative
metabolism in the kidney [56], potentially inducing prox-
imal tubule dysfunction and injury [57]. Therefore, pro-
longed accumulation of maleic acid in the body may lead
to significant kidney damage. Our study demonstrated that

metformin reduced maleic acid levels in T2D, suggesting a
potential reduction in the risk of kidney damage in individ-
uals with T2D.

Glucose 6-phosphate serves as an intermediate
metabolite in glycolysis/gluconeogenesis and the PPP.
It plays a role in regulating the activity of glycogen
synthase [58]. Hyperglycemia leads to elevated levels of
glucose 6-phosphate in liver cells, skeletal muscle, and
adipose tissue [59]. In our study, metformin reduced
increased levels of glucose 6-phosphate in T2D, implying
potential inhibition of CCM-related pathways such as
glycolysis/gluconeogenesis and the PPP.

L-lactic acid, a product of anaerobic glycolysis, has
been identified as an independent risk factor for T2D [60],
significantly associated with the risk of developing T2D
[61]. In our findings, L-lactic acid exhibited elevated lev-
els in patients with newly diagnosed T2D, but decreased
rather than increased, after treatment with metformin. This
suggests that metformin may not elevate the potential risk
of lactic acidosis in the early stages of T2D treatment (4—6
weeks) [62,63].

Malic acid and succinic acid, as intermediate metabo-
lites of the TCA. Energy excess in T2D patients [64] may be
related to TCA enhancement. Following metformin treat-
ment, levels of malic acid and succinic acid decreased, in-
dicating that metformin reduced the intermediates of the
TCA. This observation aligns with the findings of Hohn-
holt’s study [65]. In summary, we hypothesize that met-
formin weakens glycolysis and the TCA, leading to reduced
ATP production and diminished energy accumulation. This
effect may contribute to alleviating energy metabolism dis-
orders in T2D.

Numerous studies have identified the pleiotropic ef-
fects of metformin [66,67]. It actively contributes to anti-
aging [68], weight loss [69], cardiovascular protection [70],
improvement of polycystic ovary syndrome [71], inhibition
of tumors [72-74], anti-inflammatory properties [75], re-
versal of pulmonary fibrosis [76], reversal of cognitive dys-
function [77], and improvement of intestinal flora [78,79].
Virtually all of these effects are attributed to metformin’s
beneficial impact on metabolism. Therefore, metformin is
perceived to enhance metabolism through multiple path-
ways [52,80-83].
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The examination of clinical implications for the men-
tioned metabolites indicates that their levels largely de-
creased following metformin treatment. This observation
suggests the possibility of mutual regulation and synergis-
tic changes in different metabolic pathways involving these
compounds. The significantly enriched metabolic path-
ways identified hold promise as potential therapeutic targets
for metformin in T2D. However, further research is neces-
sary to delve deeper into these pathways and confirm their
therapeutic relevance.

Conclusions

In recent years, numerous publications have explored
the mechanisms of metformin using metabolomics meth-
ods, yet the conclusions remain controversial. This study
represents a novel application of HPIC-MS/MS targeted
metabolomics in the serum of patients with T2D treated
with metformin, offering valuable insights to elucidate the
new mechanism through which metformin improves en-
ergy metabolism in T2D. Our findings indicate significant
changes in the content of CCM in newly diagnosed T2D,
suggesting that the disturbance of CCM may contribute to
the development of T2D.

Metformin appears to primarily reduce CCM in-
termediates by influencing related metabolic pathways,
such as the TCA, glycolysis or gluconeogenesis, pyruvate
metabolism, and propanoate metabolism. Furthermore,
we provide a reasonable explanation for the alterations in
CCM metabolites, contributing to a deeper understanding
of the mechanisms by which metformin improves energy
metabolism. These insights may pave the way for more ef-
fective therapeutic applications of metformin.

Limitations

The small sample size and the limited number of
metabolites obtained in this experiment can be considered
as limitations. This study serves as a preliminary explo-
ration, and subsequent efforts will involve an increase in
sample size for validation purposes, as well as the inclu-
sion of cell and animal experiments. The molecular mech-
anism underlying metformin’s impact on CCM in newly di-
agnosed T2D patients will be further investigated through
additional experiments, shedding light on changes in the
glycolysis/gluconeogenesis, TCA and PPP. These endeav-
ors aim to provide a more comprehensive understanding of
the mechanism by which metformin negatively regulates
CCM.
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