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Metabolomic profiles of metformin in breast 
cancer survivors: a pooled analysis of plasmas 
from two randomized placebo-controlled trials
Federica Bellerba1†, Anastasia Chrysovalantou Chatziioannou2†, Paniz Jasbi3,4, Nivonirina Robinot2, 
Pekka Keski‑Rahkonen2, Amarine Trolat2, Béatrice Vozar2, Sheri J. Hartman5,6, Augustin Scalbert2, 
Bernardo Bonanni7, Harriet Johansson7*  , Dorothy D. Sears3,6,8† and Sara Gandini1† 

Abstract 

Background: Obesity is a major health concern for breast cancer survivors, being associated with high recurrence 
and reduced efficacy during cancer treatment. Metformin treatment is associated with reduced breast cancer inci‑
dence, recurrence and mortality. To better understand the underlying mechanisms through which metformin may 
reduce recurrence, we aimed to conduct metabolic profiling of overweight/obese breast cancer survivors before and 
after metformin treatment.

Methods: Fasting plasma samples from 373 overweight or obese breast cancer survivors randomly assigned to 
metformin (n = 194) or placebo (n = 179) administration were collected at baseline, after 6 months (Reach For Health 
trial), and after 12 months (MetBreCS trial). Archival samples were concurrently analyzed using three complementary 
methods: untargeted LC–QTOF‑MS metabolomics, targeted LC–MS metabolomics (AbsoluteIDQ p180, Biocrates), and 
gas chromatography phospholipid fatty acid assay. Multivariable linear regression models and family‑wise error cor‑
rection were used to identify metabolites that significantly changed after metformin treatment.

Results: Participants (n = 352) with both baseline and study end point samples available were included in the analy‑
sis. After adjusting for confounders such as study center, age, body mass index and false discovery rate, we found that 
metformin treatment was significantly associated with decreased levels of citrulline, arginine, tyrosine, caffeine, parax‑
anthine, and theophylline, and increased levels of leucine, isoleucine, proline, 3‑methyl‑2‑oxovalerate, 4‑methyl‑2‑ox‑
ovalerate, alanine and indoxyl‑sulphate. Long‑chain unsaturated phosphatidylcholines (PC ae C36:4, PC ae C38:5, PC 
ae C36:5 and PC ae C38:6) were significantly decreased with the metformin treatment, as were phospholipid‑derived 
long‑chain n‑6 fatty acids. The metabolomic profiles of metformin treatment suggest change in specific biochemi‑
cal pathways known to impair cancer cell growth including activation of CYP1A2, alterations in fatty acid desaturase 
activity, and altered metabolism of specific amino acids, including impaired branched chain amino acid catabolism.
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Conclusions: Our results in overweight breast cancer survivors identify new metabolic effects of metformin treat‑
ment that may mechanistically contribute to reduced risk of recurrence in this population and reduced obesity‑
related cancer risk reported in observational studies.

Trial registration: ClinicalTrials.gov identifier: NCT01302379 and EudraCT Protocol #: 2015‑001001‑14.

Keywords: Cancer, Recurrence, Metabolic syndrome, Prevention, Lipids, Weight loss

Background
Female breast cancer is currently the most diagnosed 
cancer in many countries worldwide [1]. Survivors of 
breast cancer are the largest population of cancer sur-
vivors, numbering more than 3.8 million women as of 
January 2019 in the United States alone [2] with > 90% 
survival after 5 years [3]. Cancer recurrence is a major 
health concern in this population, particularly in those 
with overweight or obesity [4]. Interventions that 
reduce recurrence risk are needed. In addition, analyses 
of underlying molecular mechanisms associated with 
recurrence-reducing interventions can provide insight 
into biochemical pathways that mediate cancer risk.

Metformin is the most widely prescribed medication 
to improve glycemic control in individuals with type 
2 diabetes. In addition to its glucose lowering effects, 
metformin use is associated with clinically significant 
weight loss and improved insulin sensitivity [5]. Epide-
miological studies show that metformin use diminishes 
cancer occurrence, suggesting that metformin inter-
vention may reduce risk of recurrence in survivors of 
obesity-related cancers, e.g., breast cancer [6].

Molecular mechanisms that mediate the metabolic 
benefits of metformin include inhibition of gluconeo-
genesis (hepatic and renal) [7], activation of AMP-
activated protein kinase (AMPK) [8], and inhibition of 
mitochondrial respiration and glycerophosphate dehy-
drogenase [9]. Recent studies demonstrate that addi-
tional metabolically beneficial effects of metformin are 
mediated by the gut, including alterations in entero-
cytes and microbiota [10]. However, the mechanisms 
by which metformin improves metabolic and cancer 
outcomes are not yet fully understood.

In this study, we employed targeted and untargeted 
metabolomics approaches to explore metabolites and 
metabolic pathways associated with metformin treat-
ment in breast cancer survivors. To enhance statistical 
power, we conducted metabolomic profiling of met-
formin treatment in plasma samples at baseline and fol-
low-up from two randomized controlled trials, testing 
the impact of metformin on body weight and the meta-
bolic profile among 373 breast cancer survivors, the 
Reach for Health Study (US-based) and the MetBreCS 
study (Italy-based).

Materials and methods
Study design
This pooled analysis includes participants (n = 373) 
from two different randomized, double-blind, placebo-
controlled trials enrolling overweight and obese breast 
cancer survivors with localized breast cancer disease at 
diagnosis.

The Reach for Health Study (RFH) was approved by the 
Human Research Protections Program at UC San Diego, 
and participants signed informed consent forms (Clini-
calTrials.gov identifier: NCT01302379; https:// clini caltr 
ials. gov/ ct2/ show/ NCT01 302379). Details regarding the 
study design, recruitment strategies, interventions and 
primary outcomes have been previously published [11, 
12]. Briefly, overweight/obese postmenopausal breast 
cancer survivors (n = 333, BMI ≥ 25.0  kg/m2) were ran-
domly assigned to a 6-month treatment with metformin 
versus placebo and, in addition, assigned to a weight loss 
intervention versus control in a 2 × 2 factorial fashion 
(Fig.  1a). Fasting blood specimens and relevant clinical 
data were collected at baseline and at the final 6-month 
visit, with the termination of the treatment. Participants 
with self-reported diabetes were excluded from the study 
unless it was controlled solely with diet and lifestyle. Par-
ticipants receiving hormone replacement therapy and/or 
having other serious medical conditions were ineligible.

The MetBreCS trial was a mono-institutional, rand-
omized placebo-controlled phase II study of metformin 
treatment in breast cancer survivors at higher risk of 
recurrence (TNBC, non-luminal HER2+, and Luminal 
B HER2+) with BMI ≥ 25.0  kg/m2. Participants were 
excluded if they had diabetes or were taking metformin. 
Information regarding concomitant medications was col-
lected, and none of the participants in the MetBreCS trial 
took insulin lowering drugs. MetBreCS was conducted at 
Milan-Italy, and included overweight/obese women hav-
ing completed their adjuvant therapy (EudraCT Num-
ber: 2015-001001-14; https:// www. clini caltr ialsr egist er. 
eu/ ctr- search/ search? query= 2015- 001001- 14) (n = 40, 
BMI ≥ 25.0  kg/m2). The trial was approved by the local 
IRB and participants signed informed consent. Fast-
ing blood specimens were collected at baseline and at 
12 months.

All participants were randomly assigned to the met-
formin or to the placebo group, and both participants and 

https://clinicaltrials.gov/ct2/show/NCT01302379
https://clinicaltrials.gov/ct2/show/NCT01302379
https://www.clinicaltrialsregister.eu/ctr-search/search?query=2015-001001-14
https://www.clinicaltrialsregister.eu/ctr-search/search?query=2015-001001-14
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study staff remained blinded to the medication group. 
Drug dose was gradually increased, to eliminate poten-
tial gastrointestinal side effects, starting from one 500 mg 
metformin (or placebo) tablet to 2 tablets/day after a 
week and 3 tablets/day after a month for the RFH cohort, 
and from a 850 mg tablet of metformin or placebo for the 
first 3 days to 2 tablets of 850 mg for the 1-year period for 
the MetBreCS study. By the end of the period of the trial, 
any unused medication was returned to the clinic, pro-
viding information on the medication adherence.

The pre-analytical process was optimized to avoid vari-
ability. Plasma EDTA morning fasting samples were sepa-
rated and stored at − 80 °C. No thaw and freezing cycles 
were performed before analyzing the samples. Paired 
baseline and endpoint samples were analyzed consecu-
tively and in random order, and the pairs were analyzed 
in randomized order across the batches. The batches 
included similar proportions of metformin and placebo 
group samples as well as RFH and MetBreCS samples in 
each batch.

Untargeted metabolomics analyses
Sample preparation
The 725 EDTA plasma samples (baseline n = 373, follow-
up n = 352) were prepared by mixing 30 μL of plasma 
with 200 μL of cold acetonitrile (CHROMASOLV LC–
MS Ultra, Honeywell) for protein precipitation. The 
mix was centrifuged at 500xg (10 min, at 4  °C), and the 

precipitate was filtered with 0.2  μm ND Captiva filter 
plates (Agilent Technologies). One hundred microliter of 
the filtrate was mixed with an equal volume of ultrapure 
water (18.2 MΩ  cm, 1  ppb, Thermo Scientific) in Agi-
lent 96-well plates, then sealed (BioChromato Rapid 
EPS, Fujisawa, Japan), and analyzed immediately. Qual-
ity control (QC) and blank samples were also prepared 
and analyzed along and in the same manner as the study 
samples. The former derived from 79 randomly selected 
and pooled study plasma samples, whereas the latter con-
sisted of only acetonitrile. Each well plate included four 
individually prepared QCs and two blanks.

Sample analysis
Sample extracts were split into two independent analyti-
cal batches of four 96-well plates each. Samples were kept 
at 4  °C and 2 µL was injected to a tandem ultra-high-
performance liquid chromatography–quadrupole time-
of-flight mass spectrometry system (UHPLC-QTOF-MS, 
Agilent 1290 Infinity Binary LC system and 6550 QTOF 
mass spectrometer with Jet Stream electrospray ioniza-
tion source, controlled by MassHunter Acquisition 10.1 
software of Agilent Technologies). The samples were 
separated through a reversed phase column (ACQUITY 
UHPLC HSS T3, 2.1 × 100  mm, 1.8  μm, Waters), set at 
45  °C, using two mobile phases: ultrapure water (as 
described earlier) and LC–MS grade methanol (CHRO-
MASOLV LC–MS Ultra, Honeywell), both containing 

Fig. 1 Flow diagram showing study design of the two trials and metformin main effect comparison groups for pooled metabolomic analysis
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0.05% (v/v) of formic acid. Additional method details 
have been described earlier [13].

Data processing
Pre-processing was performed using Profinder 10.0 
and Mass Profiler Professional B.14.9.1 software (Agi-
lent Technologies). A “Batch recursive feature extrac-
tion (small molecules)” process was employed to find 
[M +  H]+ ions. Height thresholds of 1500 and 8000 counts 
for mass and chromatographic peaks were used, respec-
tively, and a minimum quality score of 70. Feature align-
ment between samples was performed with retention 
time and mass windows of ± 0.05 min and ± (15 ppm + 2 
mDa), respectively. A target list for the recursive extrac-
tion was created by including features fulfilling the above 
criteria in at least 20 samples. Recursive feature extrac-
tion was then performed using ± 25  ppm  m/z width to 
draw chromatographic peaks, Agile 2 integrator without 
smoothing, and the mass was calculated as an average 
from spectra > 80% peak height. Matching tolerances for 
retention time and mass were ± 0.05 min and ± 10 ppm, 
respectively. The resulting data was exported as a.pfa file 
into Mass Profiler Professional and features present in 
every blank were excluded, unless fivefold greater in aver-
age intensity in samples within the same analytical batch. 
Peak areas were used as a measurement of intensity.

Statistical methods
Thirty-six negative intensities (0.002% of all features 
intensities) were found and replaced by “0” whenever 
they occurred. The filtration based on missing values 
was conducted per group (placebo and metformin) and 
features with less than 20% of missing values at both 
time points were retained, to avoid substantial imputa-
tion. A total of 777 and 778 features out of all 2069 were 
retained in the placebo and metformin arms respec-
tively, and a total of 755 features for the pooled analysis 
(RFH + MetBreCS).

The intensities of the retained features were log-
transformed and imputed using a quantile regression 
approach for left-censored missing data (‘imputeLCMD’ 
R package). After imputation, all features were brought 
back to the original scale. Principal component analysis 
(PCA) based on covariance matrix was performed on the 
pooled sample including the changes from baseline of 
the 755 features. The scaled scores of the first two com-
ponents were then plotted to graphically assess hetero-
geneity related to the study center, and to investigate the 
presence of batch effects.

The assumption of Gaussian distribution was 
assessed by Shapiro–Wilk test for the raw values of the 
intensities and for the log-transformed values, as well 

as for the changes from baseline. In univariate analysis, 
change in the intensity of each feature was examined 
within each treatment group (baseline vs. final value). 
As only about 20% of the feature changes were nor-
mally distributed, the non-parametric Wilcoxon rank-
sum test was used. All P-values were then adjusted for 
false discovery rate (FDR) estimation through the Ben-
jamini–Hochberg correction, and only FDR-corrected 
P-values < 0.05 were considered statistically significant.

Changes in the intensities of features were then com-
pared between treatment groups (metformin vs. pla-
cebo) by using multivariable linear regression models 
on the pooled sample. Models were fit on the scaled 
feature changes and adjusted for the scaled baseline 
feature evaluation, weight-loss intervention, study 
center, age, change in body mass index (BMI), ongo-
ing aromatase-inhibitor therapy and any tumor-related 
characteristics that were significantly unbalanced 
between the two study centers. The normal distribution 
of residuals from fully adjusted models was inspected 
visually. Results from these multivariate analyses were 
then graphically represented through a volcano plot, 
which included the beta regression coefficients of the 
treatment effect in the x-axis, and the −log10 (FDR-cor-
rected p) in the y-axis (Fig.  2a, c). Because the weight 
loss could also be a consequence of metformin treat-
ment, we performed sensitivity analyses controlling for 
baseline BMI rather than BMI change, to investigate 
if the change in weight confounded the associations 
between metformin and the feature changes found 
in the main analysis. We also carried out subgroup 
analyses in order to investigate the influence of study 
design/center. We evaluated whether the estimates of 
the effect of treatment on metabolites changes found in 
the pooled sample were consistent with the estimates 
found in the single studies. Bar plots of the estimates 
in each study are presented in Additional file 5: Fig. S5.

Heatmaps based on Spearman’s correlation were cre-
ated for the significant feature changes found in either 
univariate or multivariate analysis, to graphically assess 
their correlation structure and identify clusters (Fig. 2b, 
d). Correlations were also investigated by computing 
partial correlation networks with the graphical LASSO 
algorithm [14], which included the feature changes and 
BMI change and used the extended Bayesian informa-
tion criterion (EBIC) to select model complexity. This 
approach provided correlation estimates between each 
pair of feature changes, that were adjusted for all other 
remaining feature changes and BMI change.

All statistical analyses were performed using R Sta-
tistical Software, version 4.1.2. Additionally, pathway 
analysis was conducted using the MetaboAnalyst 5.0 
online tool (www. metab oanal yst. ca) and KEGG library.

http://www.metaboanalyst.ca
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Identification of metabolites
The features indicated by the statistical analysis as 
significantly deviating between the placebo and the 
metformin arm were grouped by retention time and 
intensity correlation (Spearman) across all samples. In 
this way, features that most likely correspond to the 
same metabolite were identified and the most abun-
dant features were selected to facilitate the annotation. 
Those features were first compared with the in-house 
database of analytical standards with 10  ppm molecu-
lar weight and 0.35 min retention time tolerance, con-
sidering [M +  H]+ and [M +  Na]+ adducts. A further 

search of the m/z values that did not match metabolites 
from the in-house library was conducted against the 
Human Metabolome Database (HMDB) [15] and using 
MyCompoundID [16].

The best matching identities were confirmed by re-
analysis of the sample with the highest intensity of 
the corresponding feature together with the analytical 
standard, allowing the confirmation of the exact reten-
tion time and shape of the peak. MS/MS spectra were 
also collected for the sample and the analytical stand-
ard, allowing the confirmation of the identification of 
the metabolite to confidence level 1 [17].

Fig. 2 Volcano plots of detected metabolomic features and relative Spearman‑based heatmap of the significant feature changes, applying 
untargeted and targeted metabolomics. a, c Volcano plots of detected features from untargeted (a) and targeted (c) metabolomics analyses. The 
beta regression coefficients of the treatment effect are plotted in the x‑axis, and the − 10log (FDR‑corrected P‑values) in the y‑axis. P‑values were 
corrected using the Benjamini–Hochberg FDR method, considering a threshold of 0.05 for statistical significance. b, d Spearman‑based heatmap of 
the significant feature changes detected from untargeted (b) and targeted (d) metabolomics analyses
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Targeted metabolomics analyses
Sample preparation and analysis
A standardized protocol for sample processing was fol-
lowed. All plasma samples were assayed at IARC, using 
the AbsoluteIDQ p180 Kit (Biocrates Life Sciences AG, 
Innsbruck, Austria). Same principles were applied for 
sample randomization as for untargeted metabolomics, 
and the 725 samples were analyzed in 10 individual 
batches along with quality control samples from pooled 
plasma. Laboratory personnel were blinded to sample 
categories, that is, before and after treatment or pla-
cebo and metformin groups. A triple quadrupole mass 
spectrometer (Triple Quad 4500, AB Sciex, Framing-
ham, MA) was used to quantify a total of 145 metabo-
lites. Details for the quantified targets/metabolites and 
their chemical classes are provided in Additional file  6: 
Table S1. Some metabolites were excluded due to missing 
data, i.e., values outside range for quantification or coef-
ficient of variation higher than 20% in the QC samples.

Statistical methods
For each metabolite, missing values were replaced with 
the limit of detection (LOD) or with the lower limit of 
quantification (LLOQ), depending on the availability 
of the limit per metabolite. Two metabolites, namely 
spermine and spermidine, were excluded from further 
analysis, as they were missing for more than 30% of the 
sample. Statistical analysis was the same as described in 
the Untargeted metabolomics section.

Fatty acid analyses
Sample preparation and analysis
Plasma samples were profiled for phospholipid fatty acid 
composition in batches of twenty. Samples were rand-
omized as explained above and two independent samples 
were used as quality controls. Total lipids were extracted 
from samples, phospholipids purified by adsorption 
chromatography, fatty acids trans-esterified and fatty 
acid methyl esters quantified by gas chromatography as 
previously described [18]. The relative amount of each 
fatty acid, expressed as a percentage of total fatty acids, 
was determined by integrating the area under the curve 
for each fatty acid and dividing by the total area.

Statistical methods
A total of 61 fatty acid categories were considered in the 
analysis: 40 individual fatty acids and 21 fatty acid groups 
calculated from the individual ones. Details for the quan-
tified fatty acids and the groups of fatty acids are pro-
vided in Additional file 7: Table S2. One participant had 
a missing value of the ratio 18:3n − 6/18:2n − 6 at follow-
up, which was imputed with the value of the same fatty 
acid at baseline. Percentage of 20:0 and percentage of 24:0 

over the total fatty acids content were zero for all partici-
pants at both time points, so they were excluded from the 
analysis. To take into account the compositional nature 
of the data, we evaluated the change in time of each fatty 
acid as following: if the fatty acid increased from baseline, 
considering as reference the median values, then it was 
classified as “increase”, if the fatty acid decreased from 
baseline then it was classified as “decrease”, it was classi-
fied as “stable” in all the other cases.

For the 40 individual fatty acids, the Least Absolute 
Shrinkage and Selection Operator (LASSO) [19] logis-
tic regression model was implemented to select the fatty 
acids associated with the treatment. The best lambda 
parameter was estimated using leave-one-out cross-vali-
dation, while the regularization strength was selected as 
the minimum value that maximized the deviance of the 
model.

All the selected fatty acids were eventually used as 
covariates in a multivariate logistic regression model 
to investigate the association between metformin and 
increasing/decreasing levels of fatty acids, considering 
the “stable” classification described above as reference. 
Estimates of the significant associations between fatty 
acids and study treatment were provided as Odds Ratios 
(ORs) and 95% confidence intervals (95%CI). The model 
was adjusted for the same factors described in the Untar-
geted metabolomics section.

The same approach was used separately for the 21 com-
posite fatty acid groups.

As for metabolomics analysis, sensitivity analyses con-
trolling for baseline BMI instead of BMI change were 
run to verify whether the effect of metformin on weight 
change confounded the strength of the associations 
between metformin and fatty acid increases/decreases 
identified in the main analysis.

Results
Participant demographics
A total of 373 breast cancer survivors were randomized 
in the two original studies. Of those, 352 participants had 
both baseline and follow-up plasma samples available. 
Participant allocations to study arms across studies and 
in the combined analysis are presented in Fig. 1. Partici-
pant characteristics for the MetBreCS and RFH studies 
are shown in Additional file 8: Table S3 and summarized 
by treatment group for the combined sample in Table 1.

The two cohorts had significantly different baseline 
characteristics, with the Italian cohort being younger and 
with a lower BMI. Differences in menopausal status were 
observed, as the US study only included post-menopau-
sal women and the Italian cohort included 11 pre-men-
opausal women. A great proportion of US study women 
(57%) were taking aromatase inhibitors. Differences in 
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tumor histology, grade and stage at diagnosis were also 
observed, as well as in the status of the estrogen recep-
tor, the progesterone receptor and HER2 (Additional 
file 8: Table S3). Thus, all these baseline imbalances were 
adjusted for in multivariate analyses. After pooling the 
two samples, no significant differences between pla-
cebo group and metformin group were found at base-
line, with the exception of age, as the women in placebo 

were slightly older than the women in metformin group 
(median age: 63 vs. 60 years, respectively; Table 1). At the 
end of the study, a significant difference between the met-
formin and the placebo group was observed in the weight 
loss achieved, with metformin group losing more weight 
than placebo [median BMI change (final-baseline): − 1.22 
vs. − 0.42 kg/m2 for Metformin group and Placebo group, 
respectively; Wilcoxon test, P-value < 0.0001].

Table 1 Participant baseline characteristics by treatment group in the pooled sample (ITA + USA)

a P-values derived from Wilcoxon rank-sum test for numerical variables and from Chi-square test (or Fisher exact test, where appropriate) for categorical variables

Placebo (N = 179) Metformin (N = 194) P-valuea

Weight loss intervention n (%)

 No 96 (53.6%) 111 (57.2%) 0.554

 Yes 83 (46.4%) 83 (42.8%)

Age, median (Q1, Q3) 63.0 (57.0, 67.0) 60.0 (56.0, 66.0) 0.031

BMI, median (Q1, Q3) 29.8 (27.5, 33.1) 30.0 (27.4, 33.4) 0.889

Menopausal status, n (%)

 Post‑menopausal 179 (100%) 183 (94.3%) 0.003

 Pre‑menopausal 0 (0%) 11 (5.7%)

Pathologic stage, n (%)

 Stage I 85 (47.5%) 92 (47.4%) 0.986

 Stage II 63 (35.2%) 68 (35.1%)

 Stage III 31 (17.3%) 32 (16.5%)

 Missing 0 (0%) 2 (1.0%)

Histology, n (%)

 Invasive ductal carcinoma 130 (72.6%) 154 (79.4%) 0.310

 Invasive lobular carcinoma 21 (11.7%) 17 (8.8%)

 Other/unknown 28 (15.6%) 23 (11.9%)

Tumor grade, n (%)

 Grade I 46 (25.7%) 49 (25.3%) 0.972

 Grade II 75 (41.9%) 78 (40.2%)

 Grade III 53 (29.6%) 62 (32.0%)

 Unknown 5 (2.8%) 5 (2.6%)

Estrogen receptor status, n (%)

 Negative 32 (17.9%) 51 (26.3%) 0.072

 Positive 146 (81.6%) 143 (73.7%)

 Missing 1 (0.6%) 0 (0%)

Progesterone receptor status, n (%)

 Negative 45 (25.1%) 67 (34.5%)

 Positive 126 (70.4%) 118 (60.8%)

 Borderline/not noted 7 (3.9%) 9(4.6%) 0.125

 Missing 1 (0.6%) 0 (0%)

HER2 status, n (%)

 Negative 143 (79.9%) 139 (71.6%) 0.341

 Positive 31 (17.3%) 44 (22.7%)

 Not noted/other 4 (2.2%) 5 (2.6%)

 Missing 1 (0.6%) 6 (3.1%)

Aromatase inhibitor therapy, n (%)

 No 84 (46.9%) 99 (51.0%) 0.491

 Yes 95 (53.1%) 95 (49.0%)
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Untargeted metabolomics analysis
In univariate analysis, MS feature intensities were com-
pared before and after treatment. After FDR multiple-
testing correction, a total of 165 features significantly 
changed in the metformin-treated arm whereas no sig-
nificant difference was found in the placebo arm.

Results from the PCA on the changes between baseline 
and end point are provided in Additional file  1: Fig.  S1 
(top). The scaled PCA scores of the first two components 
plotted indicate that the distribution of the samples is not 
affected by study center. Together, the first two compo-
nents explain 25% of the total variability in placebo group 
and 22% of the total variability in metformin group. It is 
worth noting that the distribution is not related to the 
batches into which the samples were organized during 
the analysis. Moreover, the PCA analysis confirms the 
lack of any variability due to the study site origin of the 
plasma samples (RFH or MetBreCS cohort).

The multivariate analysis comparing the feature 
changes between treatment arms and adjusted for con-
founders resulted in 20 features significantly differ-
ing between the two treatment arms (Additional file  9: 
Table  S4). Seven metabolites, corresponding to 18 of 
these features, were unambiguously identified (Level 1) 
using pure analytical standards (Table 2, and Additional 
file 2: Fig. S2).

Of the 7 metabolites, 3 decreased in the metformin arm 
compared to the placebo arm, namely caffeine, paraxan-
thine and theophylline, whereas 4 metabolites increased 
in the metformin arm compared to the placebo arm (iso-
leucine, 3-methyl-2-oxovalerate, 4-methyl-2-oxovalerate 
and indoxyl sulfate) (Additional file  3: Fig.  S3). These 
results were confirmed in sensitivity analysis, where 
the models were adjusted for baseline BMI instead of 

BMI change (data not shown). The subgroup analysis by 
study shows that treatment effects on the 20 untargeted 
features observed in the pooled sample are consistent, 
although some not statistically significant in the smaller 
Italian sample (Additional file 5: Fig. S5, panel b).

Targeted metabolomics analysis
In univariate analysis, after FDR correction, 6 metabo-
lites in the placebo group and 52 metabolites in the met-
formin group were found to significantly change between 
the two time points (end point—baseline). In Additional 
file  1: Fig.  S1 (bottom), the results from PCA on the 
metabolite changes between baseline and end point are 
provided. The scaled first two components of the subset 
of placebo (left), and metformin arm (right) are projected 
and colored by the study center (MetBreCS and RFH). 
Together, the first two components explained about 35% 
of total variance of data (33% in placebo group, 34% in 
metformin group). Overall, the PCA plots indicate that 
the distribution of the samples is not affected by the 
study center, with the first component explaining about 
25% of the total variance.

Considering the same confounders as for the statistical 
analysis performed with the untargeted data, and apply-
ing the same multivariate regression models as earlier, 11 
metabolite changes were found to be significantly differ-
ent between the two treatment arms after FDR multiple-
testing correction. Those metabolites are summarized in 
Table 3, providing the beta regression coefficients of the 
treatment covariate and the corrected P-values. The same 
significant metabolites changes between treatment arms 
were also observed in sensitivity analysis after controlling 
for baseline BMI, with similar regression coefficients and 
analogous interpretation (data not shown). The subgroup 

Table 2 Level 1 identified metabolites with metformin treatment‑associated changes over time that differ significantly from placebo

Compound identified at Level 1, using the corresponding analytical standard for confirmation of retention time and MS/MS fragmentation  spectra3

a Positive beta coefficient indicates a bigger increase in time of the metabolite in the metformin arm compared to placebo arm, whereas negative coefficient indicates 
a bigger decrease of the metabolite in the metformin arm
b P-value of the treatment covariate (Metformin vs. Placebo) derived from a multivariate linear model fit on scaled metabolite changes (final evaluation—baseline), 
adjusted for the scaled baseline value of the metabolite, study center, weight-loss intervention, age, change in BMI, ongoing aromatase-inhibitor therapy, histology, 
tumor grade, stage, HER2, progesterone receptor, estrogen receptor
c Compound identified by analyzing the sample on negative mode

Annotated compound Mass Retention 
time (min)

Beta regression 
 coefficienta

FDR-corrected 
P-valueb

Direction of change 
with treatment

Coefficient of variation in 
QC samples (n = 32, %)

Caffeine 194.0817 3.21  − 0.31 0.031 ↓ 6.27

Paraxanthine 180.0656 2.70  − 0.30 0.031 ↓ 5.44

Theophylline 180.065 2.82  − 0.33 0.029 ↓ 6.70

Isoleucine 131.0957 1.44 0.26 0.043 ↑ 17.77

3‑Methyl‑2‑oxovaleratec 230.0637 2.99 0.42 0.017 ↑ 7.02

4‑Methyl‑2‑oxovaleratec 232.0563 3.16 0.37 0.029 ↑ 8.77

Indoxyl sulphate c 131.0368 2.61 0.37 0.029 ↑ 24.14
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analysis by study shows that treatment effects on the 11 
targeted metabolite changes observed in the pooled sam-
ple are consistent, although some of not statistically sig-
nificant (Additional file 5: Fig. S5, panel a).

Fatty acids
In multivariate analysis of the fatty acids data, metformin 
treatment significantly blunted an increase in percent 
20:2n − 6 observed in the placebo group (Metformin vs. 

Placebo: OR = 0.31; 95% CI 0.15–0.65), shown in Fig.  3 
a-left. Regarding composite fatty acids, metformin sta-
bilized the Desaturation Index 18:1n − 9c/18:0, which 
decreased significantly more often in the placebo group 
(Metformin vs. Placebo: OR = 0.29; 95% CI 0.14–0.61; 
Fig.  3 a-middle) and decreased long chain n-6 PUFAs 
(sum of 20:4n − 6, 20:2n − 6, 20:3n − 6, 22:4n − 6, 
22:5n − 6) more often than was observed in the placebo 
group (Metformin vs. Placebo: OR = 1.88; 95% CI 1.07–
3.29; Fig. 3 a-right). These results were confirmed in sen-
sitivity analysis, after controlling for baseline BMI instead 
of BMI change (data not shown).

Network analysis
KEGG pathway analysis of the 7 annotated metabolites 
identified in the untargeted analysis pointed to three 
main pathways, namely caffeine metabolism pathway 
and valine, leucine and isoleucine biosynthesis and deg-
radation pathways. Leucine (targeted analysis), isoleu-
cine, 3-methyl-2-oxovalerate and 4-methyl-2-oxovalerate 
(untargeted analysis) are components of the valine, leu-
cine and isoleucine biosynthesis and degradation path-
ways, with leucine and isoleucine being the precursors 
of 4-methyl-2-oxovalerate and 3-methyl-2-oxovalerate, 
respectively in the degradation pathway. Additionally, six 
of the metabolites highlighted from the targeted analysis, 
namely arginine, proline, alanine, isoleucine, leucine, and 
tyrosine are part of the aminoacyl-tRNA biosynthesis 
pathway. The LASSO algorithm-based partial correla-
tion networks for the metabolites found significant dif-
ferences between the treatment groups in untargeted and 
targeted analyses, shown in Fig. 4a, b, respectively.

Caffeine, paraxanthine and theophylline are main com-
ponents of the caffeine metabolism pathway, with par-
axanthine and theophylline the two main metabolites of 

Table 3 Metformin treatment‑associated metabolite changes 
over time that differ significantly from placebo in targeted 
analysis

a Positive beta coefficient indicates a bigger increase in time of the metabolite 
in the metformin arm compared to placebo arm, whereas negative coefficient 
indicates a bigger decrease of the metabolite in the metformin arm
b P-value of the treatment covariate (Metformin vs. Placebo) derived from a 
multivariate linear model fit on scaled metabolite changes (final evaluation—
baseline), adjusted for the scaled baseline value of the metabolite, study center, 
weight-loss intervention, age, change in BMI, ongoing aromatase-inhibitor 
therapy, histology, tumor grade, stage, HER2, progesterone receptor, estrogen 
receptor

Metabolite (scaled) Beta 
regression 
 coefficienta

FDR-
corrected 
P-valueb

Direction of 
change with 
treatment

Citrulline  − 0.61  < 0.001 ↓
Arginine  − 0.47  < 0.001 ↓
PC ae C36:4  − 0.46  < 0.001 ↓
PC ae C38:5  − 0.42 0.001 ↓
PC ae C36:5  − 0.36 0.005 ↓
Tyrosine  − 0.34 0.008 ↓
PC ae C38:6  − 0.32 0.019 ↓
Leucine 0.30 0.040 ↑
Proline 0.37 0.011 ↑
Isoleucine 0.38 0.005 ↑
Alanine 0.42 0.003 ↑

Fig. 3 Percent stacked bar‑plots of participants with stable, increasing, or decreasing levels of metformin affected fatty acid data over time. Percent 
stacked bar‑plots showing the percentage of participants with stable, increasing or decreasing values over time by treatment group for Percent 
20:2n − 6 (left), Desaturation Index 18:1n − 9c/18:0 (center), and Long chain n‑6 PUFA (right). Increasing levels of Percent 20:2n − 6 (Metformin vs. 
Placebo: 8% vs. 15%, P = 0.002) and decreasing levels of Desaturation Index 18:1n − 9c/18:0 (Metformin vs. Placebo: 6% vs. 18%, P = 0.001) were 
significantly more frequent in the placebo group. Conversely, Long chain n‑6 PUFA decreased significantly more often in the metformin group 
(Metformin vs. Placebo: 11% vs. 5%, P = 0.03)
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caffeine formed in the liver. When comparing the ratios 
of caffeine over its metabolites paraxanthine and theo-
phylline, the ratios were significantly higher after the 
metformin intervention compared to the placebo condi-
tion (Paraxanthine/Caffeine beta = 0.09, P = 0.03, Theo-
phylline/Caffeine beta = 0.04, P = 0.002, Additional file 4: 
Fig. S4a), when including the same covariates used in the 
main analysis. These results were obtained after exclud-
ing 19 outliers in Paraxanthine/Caffeine analysis (11 in 
the metformin group and 8 in the placebo group) and 29 

outliers in Theophylline/Caffeine analysis (20 in the met-
formin group and 9 in the placebo group) that were iden-
tified after checking for the residuals of the models for 
normal distribution. No significant association between 
the outlier patients excluded from both analyses and the 
treatment group was observed. Of these outliers, 11/19 
from paraxanthine/caffeine analysis and 18/29 from the-
ophylline/caffeine analysis had originally undetected lev-
els of either the numerator or the denominator that were 
later imputed for the analysis. A detailed overview of the 

Fig. 4 Partial correlation networks of the discriminatory metabolites between treatment groups, applying untargeted and targeted metabolomics. 
Partial correlation networks including as independent variables the metabolite changes identified as significantly different between treatment 
groups in multivariate analysis and BMI change, using untargeted (a) and targeted metabolomics (b). The networks were generated for each 
treatment group and were estimated based on a graphical LASSO algorithm, with extended Bayesian information criterion (EBIC) to select the 
model complexity. Nodes are measured variables and edges (lines) are inferred associations (width: strength; color: sign). Green and red edges 
represent positive and negative correlation, respectively. In networks corresponding to untargeted metabolite changes (a), features corresponding 
to the same metabolite are clustered and encircled in colored spheres with metabolites named in matching color in the legend
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ratio of paraxanthine/caffeine by group and center is pro-
vided in Additional file 4: Fig. S4b.

Discussion
Our metabolomic analyses, using both targeted and 
untargeted approaches, revealed previously unreported 
metabolic pathway alterations as well as several previ-
ously reported in preclinical models and humans [20, 
21]. To the best of our knowledge, this study is the first 
to assess metabolic responses to metformin treatment via 
metabolomics in breast cancer survivors. Several classes 
of metabolites were altered following treatment with 
metformin, including amino acids such as branched-
chain amino acids (BCAAs) and their alpha-ketoacid 
breakdown products, indoles, xanthines, phosphatidyl-
cholines (PCs) and fatty acids.

Participants treated with metformin had signifi-
cantly higher levels of the BCAAs leucine and iso-
leucine and their alpha-keto acid derivatives (BCKAs; 
3- and 4-methyl-2-oxovalerate, PubChem CID 47 and 
70, respectively), which paradoxically are associated with 
type 2 diabetes risk and insulin resistance in most studies 
of metformin naïve subjects [22] but not all [23]. Possible 
mechanisms underlying our observation include known 
effects of metformin to decrease the overall activity of 
mitochondrial BCAA catabolic and oxidative phospho-
rylation pathways [24], enhance gene expression of sir-
tuin-1 (SIRT 1), and precipitate AMP-activated protein 
kinase (AMPK) signaling [23]. Metformin is known to 
decrease the expression of branched-chain amino acid 
transaminase (BCAT) 2 [25]. Metformin inhibition of 
the oxidative phosphorylation pathway complex I results 
in the accumulation of mitochondrial NADH, which 
together with elevated NADH generated from fatty acid 
oxidation in individuals with overweight obesity, nega-
tively feedback on BCAA catabolism at the irreversible, 
rate-limiting step of BCKA decarboxylation in the mito-
chondria catalyzed by branched-chain alpha-keto acid 
dehydrogenase complex (BCKDH) complex. BCKDH 
has been previously implicated in pro-inflammatory 
signaling via MAPK [26] as well as in the tumorigenesis 
of colorectal cancer [27]. Overall effects of metformin 
to decrease BCAT expression and BCKDH activity may 
explain the significantly elevated levels of leucine, iso-
leucine, and their BCKA derivatives. These results merit 
further investigation of the effects of increased BCAA on 
tumorigenesis and cancer recurrence.

Effects on metabolism of other amino acid (proline, 
tyrosine, alanine) were observed in the current study. 
We observe that proline was significantly increased 
with metformin treatment, which may be protective 
against cancer [20, 28]. Interestingly, increased proline 
dehydrogenase activity has been shown to fuel proline 

catabolism and consequently lead to increased growth 
of BC cells in 3D culture and in vivo metastasis forma-
tion [29]. We observe that tyrosine was significantly 
decreased with metformin treatment. Elevated levels 
of the aromatic amino acid tyrosine are strongly asso-
ciated with the risk of type 2 diabetes and mitochon-
drial disfunction [25], while reduced levels of tyrosine 
are a well-characterized effect of metformin treatment 
[22]. Higher levels of tyrosine are associated with poor 
prognosis and therapeutic response [30], and the suc-
cess of tyrosine kinase inhibitors in cancer treatment 
and management underscores the clinical relevance of 
high tyrosine levels [31]. Indeed, a recent randomized 
phase 2 clinical trial demonstrated that patients with 
advanced lung adenocarcinoma allocated to a combina-
tion tyrosine kinase inhibitor plus metformin treatment 
demonstrated significantly longer progression free sur-
vival as compared to the randomized group receiving 
only the tyrosine kinase inhibitor [32]. Our finding that 
tyrosine was significantly lower in participants receiv-
ing metformin suggests reduction of tyrosine levels may 
be one mechanism by which metformin synergistically 
contributes to tyrosine kinase cancer treatment. We 
observe that alanine was significantly increased with 
metformin treatment. Similarly, a recent comparative 
metabolomics study of circulating prognostic metabo-
lites found a significant inverse association between 
serum levels of alanine and the risk factor of high mam-
mographic breast cancer density [33], suggesting that 
elevation of alanine levels during metformin treatment 
may be a key contributor to its association with cancer 
risk. Cumulatively, our results commensurate with pre-
viously published reports and provide a strong basis for 
further investigation of metformin’s effects on tyrosine, 
alanine, and proline and associations with cancer risk 
reduction.

Previous studies have demonstrated an immediate and 
sustained decrease in citrulline levels following adminis-
tration of metformin in humans [34], similar to findings 
of the current study (FDR-corrected P < 0.001). Citrul-
line is primarily consumed in the kidney as a substrate 
for arginine synthesis [35], interestingly, arginine levels 
were also significantly reduced in participants assigned to 
the metformin arm of the current study (FDR-corrected 
P < 0.001). These changes upon metformin treatment may 
be explained by diminished citrulline synthesis in the 
gut [36], lowered hepatic production of citrulline [37], 
or increased renal uptake of citrulline [38]. Additionally, 
reduced citrulline levels are associated with increased 
intestinal permeability [39], which could potentially 
lead to the increased permeation of gut metabolites, 
e.g., indoxyl sulfate identified in our study, into the 
bloodstream.
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Significant differences in PC species were also observed 
in response to metformin treatment. A recent study 
noted significantly lower levels of the long-chain unsat-
urated PC ae C36:4 following 4–6  weeks of metformin 
treatment in individuals with type 2 diabetes (T2D) [34], 
while an earlier study reported the same finding for PC ae 
C36:4 in T2D patients under metformin [40]. These find-
ings were paralleled in participants receiving metformin 
in this study (FDR-corrected P < 0.001), thus showing 
similar metabolic effects of metformin in our population, 
although less strong. Reports suggest that reductions in 
PCs and aromatic amino acids (e.g., tyrosine) may not be 
due to metformin directly, but to the confounding effects 
of weight loss and subsequently improved metabolic sta-
tus of study participants [41, 42]. However, this effect 
would have been minimized in our analyses as BMI was 
controlled for as a confounding factor. A study investigat-
ing the mechanisms of metformin for cancer treatment 
found that metformin-treated cells exhibited decreased 
formation of PCs along with a decrease in PC-synthe-
sizing enzymes, and diminished 14C incorporation into 
fatty acids for membrane synthesis [43]. In our study, lev-
els of four acyl chain PCs were significantly reduced after 
metformin treatment.

Our fatty acids results suggest metformin treatment 
effects on several desaturase enzymes, including those 
encoded by the stearoyl-CoA 9-desaturase genes SCD1 
and 5 and the fatty acid desaturase genes FADS5 and 6. 
Metformin treatment profiles indicate an increase in 
SCD activity (18:1n9/18:0 desaturation index), however, 
we are unable to differentiate the enzymatic isoform ori-
gin of increased activity (i.e., SCD1 vs. SCD5). SCD activ-
ity and association with cancer risk factors in humans 
varies by cancer type and SCD isoform. Metformin sup-
presses SCD1 expression via AMPK modulation [44], 
so the apparent change in stearoyl-CoA 9-desaturase 
activity that we observe may in fact be due to increased 
SCD5 activity. A recent study in > 4900 breast cancer 
patients reports that relatively higher expression of SCD5 
improves relapse-free survival [45]. Also, via AMPK acti-
vation, metformin treatment reduces the activity index 
and gene expression of FADS2 [46–48], as observed in 
our data via greater proportion of metformin-treated 
participants with reduced percentage of long chain 
omega-6 fatty acids and stabilized percentage of 20:2n6 
compared to that in the placebo group. A more general-
ized downregulation of desaturase enzymes is observed 
in metformin-treated cells, with significant reductions 
both in activity and expression of FADS1-3 [49]. Met-
formin specifically reduces FADS1 activity [46] and indi-
viduals with FADS1 genetic variants with reduced activity 
have decreased breast cancer risk [50]. Less FADS1 and 2 
activity leads to a reduction in long chain omega-6 fatty 

acids and a less pro-inflammatory tissue milieu that may 
aid in reducing cancer risk and growth promotion [51]. 
Future studies should devote more investigational efforts 
to understanding this intricate relationship between met-
formin effects on various lipid species, desaturase activi-
ties and the consequences for cancer biology.

Metabolite signatures in our analyses indicate an effect 
of metformin on the gut microbiota. Prior research 
has shown that metformin influences the activity of 
gut bacteria and suggests that the metabolic benefit of 
metformin may in part be mediated by these effects. A 
recent randomized controlled trial found that germ-free 
mice which were inoculated with fecal microbiota from 
humans with type 2 diabetes and receiving metformin 
treatment, showed significantly improved glucose intol-
erance [52]. In humans, this association may be explained 
by the modulatory workings of the estrogen-gut micro-
biome axis, a bidirectional relationship mediated via the 
actions of estrogen and β—glucuronidase [53]. Addi-
tionally, a recent review noted that specific classes of 
microbiota-derived metabolites, most notably BCAAs 
and indole derivatives, have been previously implicated 
as potential biomarkers in metabolic disorders, such as 
cancer [54], a finding which was echoed in the current 
study as well (see significant changes in leucine, isoleu-
cine, tyrosine and indoxyl sulphate in Tables 2, 3). Nota-
bly, our results highlight probable perturbations in indole 
metabolism and aryl hydrocarbon signaling [54], as indi-
cated by significant changes observed in indoxyl sulphate. 
Future studies would do well to incorporate gut microbi-
ome sequencing to further test this possible association.

An interesting signature of increased caffeine metabo-
lism emerged in the metformin treatment profiles. Caf-
feine metabolites paraxanthine and theophylline are 
primarily formed by the enzyme CYP1A2 in the liver. 
Paraxanthine is the primary metabolite of caffeine 
(~ 80%) [55] with slower clearance than caffeine. The 
higher paraxanthine/caffeine and theophylline/caffeine 
ratios following metformin treatment suggest a higher 
metabolic activity of CYP1A2. To our knowledge, met-
formin has not previously been shown to impact the 
activity of CYP1A2. Metformin is not known to be a 
substrate of CYP1A2. Although we do not know coffee 
consumption details for our study participants, poten-
tial changes in the habitual consumption of coffee due to 
the metformin treatment may contribute to the observed 
changes. We could not find any literature evidence of 
coffee consumption changes with metformin use. A 
currently ongoing clinical trial aims to study a six-drug 
cocktail of probes for CYP enzymes and metformin inter-
actions, including caffeine [56]. The randomized con-
trolled design of our studies minimizes impact of other 
factors on our observations such as variation in coffee 
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consumption frequency or timing or CYP1A2-modifying 
drug use across participants.

Nevertheless, the significant association between met-
formin treatment and decreased levels of caffeine and 
its downstream metabolites warrants further investiga-
tion of CYP1A2 expression and activity given existing 
evidence supporting a role for CYP1A2 involvement 
in BC pathogenesis. Notably, CYP1A2 is known to be 
a key enzyme in BC etiology, contributing variably to 
carcinogen activation as well as estrogen synthesis and 
anti-inflammatory pathways [57]. Furthermore, specific 
isoforms of CYP1A2 have shown reduced activity and 
led to increased BC risk, whereas the − 3860A variant 
has consistently demonstrated increased metabolic clear-
ance of caffeine and concomitant reduction in BC risk 
[57, 58]. Moreover, CYP1A2 activity has also been linked 
to type 2 diabetes mellitus [59, 60] and has demonstrated 
interaction effects with coffee consumption and BRCA1 
mutation [61, 62]. In addition, CYP1A2 has monoxyge-
nase and epoxygenase activities which result in the gen-
eration of anti-inflammatory metabolites of omega-6 and 
-3 polyunsaturated fatty acids [63–65]. Epoxide metabo-
lites generated from docosapentaenoic acid (DPA) and 
eicosatetraenoic acid (ETA) have a variety of anti-cancer-
related activities in vivo including suppressing inflamma-
tion, angiogenesis, and growth and metastasis of human 
breast and prostate cancer cell lines. Thus, one mecha-
nism potentially underlying the protective effects of met-
formin may be modulation of CYP1A2.

Strengths of this study include the broad metabolomics 
approaches utilized, including both targeted and untar-
geted analyses as well as fatty acid analyses. The study 
included plasma samples from a large number of par-
ticipants (n = 373) enrolled in two different randomized 
controlled trials with sample collections at baseline and 
study end for 352 participants (paired samples). Limita-
tions of this study include the fact that the two pooled 
populations come from two different study designs and 
study centers, which resulted in several baseline differ-
ences between the two populations of women, includ-
ing age, baseline ΒΜΙ and menopausal status. Moreover, 
the US study also included a weight loss intervention 
for half the sample, which was not present in the Italian 
study. These differences lead to the necessity of control-
ling for several factors in multivariate analysis, reducing 
the parsimony of the models. However, a series of sen-
sitivity analyses performed in the study and the control 
for confounders validate the findings and allowed explo-
ration of the effects the BMI, the weight-loss interven-
tion and center adjustments had in the selected models. 
Furthermore, the pooled analysis including the two dif-
ferent cohorts allowed to generalize the results beyond 
the single trial, since the results were consistent when 

they were analyzed by study. Indeed, we observed equi-
directional changes in all 11 significant metabolites of the 
targeted analysis between Italian and USA cohorts, while 
five of these 11 metabolites retained significance in the 
Italian cohort. Among the 20 significant features identi-
fied by the pooled untargeted analysis, 19 features exhib-
ited changes in the same direction between study cohorts 
and eight out of 20 features were significant in the 
smaller Italian cohort. Cumulatively, results between the 
two study cohorts are well-aligned. Moreover, as in any 
untargeted metabolomics approach, the need for con-
trolling multiple testing might lead to over-penalization 
of P-values and loss of relevant metabolites [66]. How-
ever, the approach of performing targeted analysis in the 
same set of samples allowed the discovery of additional 
metabolites, which were not picked up by the untargeted 
approach. Finally, our methods did not enable identifica-
tion of the exact composition of the glycerophospholip-
ids detected restricting our ability to interpret the altered 
phosphatidylcholines’ role in our study.

Conclusions
In conclusion, our results identify new metabolic effects 
of metformin treatment that may reduce obesity-related 
cancer risk. The metformin treatment profiles reflect 
significant differences in branched chain amino acid 
catabolism, CYP1A2 activity, phosphatidylcholines and 
phospholipid metabolism, and lipid desaturase activity 
that are linked to cancer-promoting pathways. Overall, 
the metabolomic profiles suggest metformin-associated 
alterations in mitochondrial activity, liver, kidney, and 
gut environment (enterocytes, microbiota). This study 
expands current knowledge regarding potential molecu-
lar mechanisms underlying the therapeutic action of 
metformin in obesity-related metabolic disease and 
tertiary cancer prevention. Our findings should be vali-
dated in further studies on cancer survivors and other 
populations.
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