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Abstract: Triple negative breast cancer (TNBC) is a subtype of breast cancer with typically poorer
outcomes due to its aggressive clinical behavior and lack of targeted treatment options. Currently,
treatment is limited to the administration of high-dose chemotherapeutics, which results in significant
toxicities and drug resistance. As such, there is a need to de-escalate chemotherapeutic doses in
TNBC while also retaining/improving treatment efficacy. Dietary polyphenols and omega-3 polyun-
saturated fatty acids (PUFAs) have been demonstrated to have unique properties in experimental
models of TNBC, improving the efficacy of doxorubicin and reversing multi-drug resistance. How-
ever, the pleiotropic nature of these compounds has caused their mechanisms to remain elusive,
preventing the development of more potent mimetics to take advantage of their properties. Using
untargeted metabolomics, we identify a diverse set of metabolites/metabolic pathways that are
targeted by these compounds following treatment in MDA-MB-231 cells. Furthermore, we demon-
strate that these chemosensitizers do not all target the same metabolic processes, but rather organize
into distinct clusters based on similarities among metabolic targets. Common themes in metabolic
targets included amino acid metabolism (particularly one-carbon and glutamine metabolism) and
alterations in fatty acid oxidation. Moreover, doxorubicin treatment alone generally targeted dif-
ferent metabolites/pathways than chemosensitizers. This information provides novel insights into
chemosensitization mechanisms in TNBC.

Keywords: triple negative breast cancer; metabolomics; drug response; polyphenols; omega-3
polyunsaturated fatty acids

1. Introduction

Breast cancer is the most commonly diagnosed cancer in women and is the second
leading cause of cancer-related deaths in women [1]. Triple negative breast cancer (TNBC) is
a notoriously aggressive and highly metastatic classification of breast cancer characterized
by a lack of expression of estrogen receptor (ER), progesterone receptor (PR), and human
epidermal growth factor receptor 2 (HER2). TNBC accounts for approximately 15-20% of
all breast cancer cases and has lower survival rates compared to hormone receptor-positive
breast cancers due to a greater risk of recurrence and a more aggressive disease course [2,3].
Because TNBC does not respond to hormone therapy or HER2 directed therapeutics,
treatment is limited to an aggressive course of cytotoxic chemotherapeutic drugs, which
commonly includes high doses of anthracycline and taxane-based regimens [3]. This
therapeutic strategy has significant health impacts, including issues with future fertility,
premature menopause, cardiovascular toxicity, cognitive dysfunction, and poorer bone
health [4]. As opposed to ER/PR-positive and HER2-positive breast cancers, few new
treatment options have emerged for TNBC, resulting in little improvement in overall
survival rates over the past 20-30 years compared to other cancers [5]. Recently, a panel of
experts came up with a list of the top research needs in breast cancer, which was published
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in Annals of Oncology. This list included (1) improvement of care in young patients
with breast cancer (due to higher rates of TNBC), (2) identification/validation of targets
mediating chemotherapy resistance, and (3) identification of new targets in TNBC [6]. This
highlights the necessity to explore new treatment options and/or methods to de-escalate
chemotherapy in TNBC.

Certain dietary factors, such as polyphenols and omega-3 polyunsaturated fatty acids
(PUFAs), have been shown to enhance the efficacy of chemotherapeutics or reverse multi-
drug resistance (MDR) in vitro and in vivo against various cancers [7-9]. In particular,
tannic acid [10], resveratrol [11,12], genistein [13], quercetin [14,15], curcumin [16], do-
cosahexaenoic acid (DHA) [17], and eicosapentaenoic acid (EPA) [17] have been shown
to increase the efficacy of doxorubicin—a first-line drug for TNBC—in MDA-MB-231 and
MDA-MB-468 TNBC cell lines [10-16,18-20]. Moreover, these compounds have been shown
to reverse MDR in cell lines of TNBC or other cancers [21-28]. A limitation of these com-
pounds, particularly polyphenols, is their low bioavailability due to poor absorption or
metabolic degradation by host/microbial enzymes [7,29,30], although major advancements
have been made to overcome these issues using delivery systems such as nanoparticles
or liposomes [31,32]. Nonetheless, these compounds still provide an excellent model to
uncover novel therapeutic targets to enhance chemotherapeutic efficacy and/or reverse
MDR. These dietary compounds are well-tolerated in humans and, therefore, therapeu-
tics mimicking their actions (with improved pharmacokinetic properties) are likely to
have favorable toxicity profiles. However, the mechanisms by which these compounds
chemosensitize TNBC and reverse MDR remain unclear due to their pleiotropic nature.
Indeed, many targets have been identified for these compounds, and it is ambiguous which
targets are most crucial for their therapeutic effects [33-36].

Polyphenols and omega-3 PUFAs are highly studied molecules found in the diet, and
much research has investigated their effects on cancer cells, including TNBC cells. In partic-
ular, these compounds and other anticancer nutrients/nutraceuticals have been shown to
affect metabolic activity or processes regulating metabolism, which is associated with their
anticancer activity [29,33,37,38]. Cancer cell metabolism greatly influences the response of
cancer cells to therapeutics and the development of resistance, likely making metabolism
a key target of these chemosensiziting compounds [39-41]. Moreover, co-administration
of metabolic inhibitors has been shown to enhance the efficacy of chemotherapeutics [41],
further strengthening the rationale that the metabolic targets of polyphenols/omega-3
PUFAs are critical for their chemosensitizing/MDR reversal effects. Research over many
years has made it clear that these compounds affect multiple cellular targets, which has
made it extremely difficult to identify the exact mechanisms of these nutrients using tar-
geted methods. As a result, the literature is filled with various proposed mechanisms
without a clear consensus on the critical targets of these compounds. Additionally, it is
unknown whether the chemosensitizing effects of these compounds are due to targeting
the same metabolic pathways as, or different ones from, TNBC chemotherapeutics (e.g.,
doxorubicin). Due to their pleiotropic properties, these nutrients/dietary compounds are
well-positioned to be studied using omics techniques that can simultaneously measure
many molecular species in a biological sample. In the current investigation, we present the
use of metabolomics to elucidate metabolites/metabolic pathways targeted by a panel of
polyphenols and PUFAs in the MDA-MB-231 TNBC cell line, providing insight towards
the molecular mechanisms by which these compounds exert their chemosensitizing/MDR
reversal effects (Figure 1).
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Figure 1. Chemical structures of chemosensitizing nutrients/dietary compounds used in this study.
The goal of the current investigation is to use metabolomics to determine the metabolic targets of
this panel of compounds to uncover potential mechanisms by which these substances sensitize triple
negative breast cancer (TNBC) cells to chemotherapeutics.

2. Results

Following data preprocessing and filtering, 5097 peaks remained in the normalized
metabolomics dataset, which were used for multivariate analyses. Quality control study
pools (QCSPs) clustered tightly in the middle of the study samples, indicating the data
collected was of sufficient quality (Figure S1). Principal component analysis (PCA) of
all peaks showed moderate separation due to chemosensitizer treatment in MDA-MB-
231 cells, with the largest separations seen with tannic acid, genistein, and EPA treatment
compared to vehicle (Figure 2A). Orthogonal partial least squares-discriminant analysis
(OPLS-DA), a supervised multivariate technique that uses class information, was able to
produce very clear separation between treatment groups (Figure 2B). Importantly, this
analysis showed treatments with similar metabolic profiles. For example, quercetin was
closer in multivariate space to DHA compared to genistein, indicating that quercetin has a
more similar metabotype with DHA. To further analyze overall similarities /differences in
metabotypes between treatments, hierarchical clustering analysis (HCA) was performed
on the OPLS-DA model to identify how treatments organized into clusters, identifying
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which treatments produced similar metabolic perturbations (Figure 2C). This clustering
analysis revealed three distinct clusters: one cluster with resveratrol and curcumin, another
cluster with DHA and quercetin, and a third cluster with tannic acid, EPA, and genistein.
Notably, pairwise OPLS-DA comparisons between vehicle and each treatment group
showed good model statistics with R2X, R2Y, and Q2 > 0.5, indicating that each treatment
produced a robust effect on the metabolome of MDA-MB-231 cells, including treatment
with doxorubicin (Supplementary Materials Table S1). These pairwise OPLS-DA models
were used to calculate Variable Importance to Projection (VIP) scores for each peak, a
multivariate score that indicates the contribution of a peak to the model. A full list of
VIP scores, along with p-values and fold changes, for each vehicle-treatment combination
is listed in Supplementary Materials Table S2. Furthermore, PCA of samples and QCSP
replicates showed sufficient clustering and centering of QCSP samples, indicating good
data quality.
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Figure 2. Multivariate analysis of all metabolomics peaks following 24 h of exposure of MDA-MB-
231 cells to each treatment. (A) PCA and (B) OPLS-DA plots of cells treated with each chemosensitizer
or vehicle control (DMSO). (C) Hierarchical clustering analysis of (B) showing treatments that give
similar metabolic profiles. The X-axis represents the samples (colored by treatment) and the y-axis
shows the similarity index calculated using all seven principal components of the OPLS-DA model.
Distances between clusters calculated using the Ward method.
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To better understand the metabolic targets of each treatment compound, pairwise
pathway analyses were performed for each vehicle-treatment combination. For each
comparison, all peaks with their corresponding p-values and fold changes were input
into MetaboAnalyst 5.0 for pathway analysis. Significant pathways for each treatment are
listed in Table 1. This analysis showed that several pathways were found to be altered by
multiple treatments. Notably, C21-steroid hormone biosynthesis and metabolism, histidine
metabolism, aspartate and asparagine metabolism, linoleate metabolism, prostaglandin
formation from arachidonate, and urea cycle/amino group metabolism were found to
be perturbed by five out of the eight treatments. A graphical representation of these
results can be found in Figure 3, which plots the —log (p-value) for each pathway for
each treatment (only pathways significant in three or more treatments are displayed).
This analysis highlights that for most treatments, there are one or two pathways that are
noticeably more affected than the rest. For example, curcumin seems to primarily affect
aspartate and asparagine metabolism, genistein primarily affects the carnitine shuttle, and
resveratrol primarily affects histidine metabolism; however, each treatment has significant
activity in many other pathways, which is in agreement with the pleiotropic properties that
have been reported for these compounds.

Table 1. Significant pathways (p < 0.05) for each treatment calculated using MetaboAnalyst. Values re-
ported are combined p-values calculated with MetaboAnalyst 5.0 using both the mummichog and GSEA
pathway algorithms. The default top 10% of the p-values was selected for the mummichog algorithm.

Doxorubicin EPA DHA Quercetin Genistein  Resveratrol Tannic Acid Curcumin
C21-steroid hormone
biosynthesis and 47x1072  36x1072 24x1072 41x107  46x1072  13x1072 49 x 1072
metabolism
Histidine metabolism 14x10% 24x102%2 16x10%2 55x1073 6.0 x 1075 1.3 x 1072 1.5 x 1072
Aupriigifs sl ppeiegine g g g6 45 x 1072 48x1072 53x10% 30x102  <1.0x 1075
metabolism
Linoleate metabolism 3.9 x 1072 32 x 1074 1.6 x 1072 3.6 x 1072 5.0 x 1072 2.3 x 1072
Erostaglandim formation & 8g S8 1620 g 5 o=l g3 92x103 17x102  1.1x10°2
from arachidonate
Urea cycle/amino group (g 143 15x 1072 35x 1072 4.4 x 1072 79 x10~% 1.8 x 1072
metabolism
Carnitine shuttle 3.1 x 1072 20x107° 1.7 x1073 1.5 x 10~* 1.4 x 1072
Drug
metabolism—cytochrome 4.4 x 1072 3.0 x 1072 99x 1073  18x1072 3.0 x 1072
P450
Cliyasopiosgiolipd 82x1073 42x102 45x102 2.3 x 102 43 x 1074
metabolism
Pyrimidine metabolism 25%x 1072 37x1072 31x 1072 3.8 x 1072 3.7 x 1072
Bile acid biosynthesis 1.3x107* 1.5 x 1072 23x1072  30x107°
C5-Branched dibasicacid 5, 152 35, 992 35x1072 2.1 x 1072
metabolism
Fatty acid activation 40 x 1073 1.2 x 1072 2.6 x 1072 1.6 x 1073
Leukotriene metabolism 13x1072 50x1072 3.0 x 1072 1.2 x 1072
N-Glycan biosynthesis 33x107% 5.0 x 1072 3.5 x 1072 5.0 x 1072
Purine metabolism 33x1072 4.6 x 1072 3.3 x 1072 43 x 1072
WD £ (o) 11 x 1073 2.2 x 102 16x1073 2.8 x 102
metabolism
Arachidonic acid 13x1072 44 x 1072 1.2 x 1072
metabolism
DGO 7 E1EtE 11x102 29 x 102 1.6 x 10-3

biosynthesis
Glutathione metabolism 1.6 x 1072 8.7 x 1073 9.0 x 1073
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Table 1. Cont.

Doxorubicin

EPA

DHA

Quercetin

Genistein

Resveratrol Tannic Acid

Curcumin

Glycolysis and
gluconeogenesis

22 x 1072

47 % 1073

43 x 1072

Glycosphingolipid
metabolism

3.6 x 1072

3.0x 1073

53 x 1074

Prostaglandin formation
from dihomo
gama-linoleic acid

3.9 x 1072

4.0 x 1072 3.6 x 1072

Putative
anti-inflammatory
metabolites formation
from EPA

2.8 x 1072

2.9 x 1072

3.3 x 1072

Sphingolipid metabolism

2.8 x 1072

69 x 1073

5.0 x 1073

Tryptophan metabolism

43 x 1072

3.0 x 1072

43 x 1072

Tyrosine metabolism

43 x 1072

3.3 x 1072

45 x 1072

Alanine and aspartate
metabolism

4.7 x 1072

6.5 x 1073

Arginine and proline
metabolism

2.0 x 1072

7.7 x 1073

Beta-Alanine metabolism

1.9 x 1072

5.0 x 1072

Fatty acid metabolism

9.6 x 1073

8.6 x 1073

Fatty acid oxidation,
peroxisome

24 %1072

94 x 1073

Glutamate metabolism

1.6 x 1072

54 x 1074

Glycine, serine, alanine
and threonine metabolism

40 % 1073

24 %1073

Methionine and cysteine
metabolism

2.2 x 1072

43 % 1072

Nitrogen metabolism

2.8 x 1072

4.7 x 1072

Omega-3 fatty acid
metabolism

29 x 1072

2.6 x 1072

Pyruvate metabolism

46 %1073

50 x 1072

Saturated fatty acid
beta-oxidation

1.5 x 1072

4.4 x 1072

Sialic acid metabolism

32 x 1072

2.6 x 1072

Squalene and cholesterol
biosynthesis

3.6 x 1072

3.6 x 1072

TCA cycle

3.7 x 1072

3.7 x 1072

Vitamin E metabolism

4.3 x 1072

2.1 x 1072

3-o0x0-10R-
octadecatrienoate
beta-oxidation

3.6 x 1072

Aminosugars metabolism

43 % 1072

Blood group biosynthesis

2.3 x 1072

Carbon fixation

83 x 1073

Di-unsaturated fatty acid
beta-oxidation

48 x 1072

Dimethyl-branched-chain
fatty acid mitochondrial
beta-oxidation

3.1 x 1072

Fructose and mannose
metabolism

7.0 x 1073

Galactose metabolism

24 %1072

Glycosphingolipid
biosynthesis—
ganglioseries

2.6 x 1072
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Table 1. Cont.

Doxorubicin EPA DHA Quercetin Genistein  Resveratrol Tannic Acid Curcumin

Glycosphingolipid
biosynthesis—lactoseries

2.3 x 1072

Glycosphingolipid
biosynthesis—
neolactoseries

2.3 x 1072

Hexose phosphorylation

1.7 x 1072

Limonene and pinene
degradation

3.4 %1072

Lysine metabolism

3.0 x 1072

Omega-6 fatty acid
metabolism

2.1 x 1072

Pentose and glucuronate
interconversions

49 x 1072

Pentose phosphate
pathway

2.7 x 1072

Phytanic acid peroxisomal
oxidation

1.1 x 1072

Polyunsaturated fatty acid
biosynthesis

3.8 x 1072

Selenoamino acid
metabolism

2.1 x 1072

Valine, leucine and
isoleucine degradation

5.6 x 1073

Vitamin B3 (nicotinate and
nicotinamide) metabolism

2.4 x 1072

Vitamin B9 (folate)
metabolism

3.6 x 1072

Vitamin D3
(cholecalciferol)
metabolism

3.6 x 1072

Vitamin K metabolism

2.1 x 1072

While informative, MetaboAnalyst’s pathway analysis assigns metabolites to peaks
based on accurate mass (MS) matches, which may lead to erroneous assignments due to
lack of retention time (RT) and MS/MS matching. Because of this, we matched peaks to
an in-house library of chemical reference standards that were run under identical instru-
ment conditions, providing matches with increased evidence. From this, 169 peaks were
matched to the in-house library at a level of OL1 (MS, RT, and MS/MS match), OL2a (RT
and MS match), or OL2b (MS and MS/MS match). Displayed in Figure 4A is a heatmap
of the in-house matched metabolites showing differences in abundance profiles across the
different treatments. Clustering based on these metabolites leads to the similar grouping
shown in Figure 2C using all of the metabolomics peaks, although EPA was shown to
cluster with quercetin and DHA rather than tannic acid. ANOVA analysis of all in-house
matched metabolites across all treatments was performed to identify compounds driving
the observed clustering. Supplementary Materials Table S3 provides the p-values for all
in-house metabolites using this analysis, revealing 58 in-house matched metabolites with
an ANOVA of p < 0.05. Notable significant metabolites identified from this analysis were
creatine, glutamine, DHA, docosatetraenoic acid, sphinganine, spermine, and putrescine,
which all had p-values < 1 x 10~°. Pathway analysis was performed on all 58 of these signif-
icant metabolites, which identified glutathione metabolism, aminoacyl-tRNA biosynthesis,
and arginine and proline metabolism as major metabolic pathways driving the clustering
of treatments (Supplementary Materials Table S4).
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Figure 3. Significant pathways (p < 0.05) between vehicle and each treatment using all metabolomics
peaks. Only pathways that are significant in three or more treatments are displayed (full list of signif-
icant pathways can be found in Table 1). Pathway analysis was conducted using MetaboAnalyst 5.0.
CUR, curcumin; DOX, doxorubicin; GEN, genistein; Q, quercetin; RES, resveratrol; TA, tannic acid.

To gain a better understanding of each treatment on specific metabolite groups, metabo-
lites were subdivided into categories based on Refmet classifications [42] and heatmaps
were generated for each category, which included fatty acyls (Figure 4B), organic acids
(Figure 4C), carbohydrates (Figure 4D), nucleic acids (Figure 4E), organoheterocyclics
(Figure 4F), and acylcarnitines—a subgroup of fatty acyls (Figure 4G). Clustering of each
treatment in these category heatmaps provide more insight into the metabolic targets of
each chemosensitizer based on distance from the vehicle-treated MDA-MB-231 cells. EPA,
DHA, curcumin, and quercetin had the largest effect on fatty acyls, generally increasing
the long-chain forms and decreasing the short-chain forms (Figure 4B). Quercetin, DHA,
resveratrol, and tannic acid had the largest effect on organic acids, particularly quercetin,
which showed strong increases in glutamine, serine, asparagine, and betaine relative to
the vehicle. Other amino acids were generally decreased with treatment by these four
compounds; however, genistein, despite clustering closely with the vehicle, showed strong
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increases in some amino acids including histidine, methionine, isoleucine, phenylalanine,
tryptophan, and cystine (Figure 4C). For carbohydrates, quercetin, DHA, and EPA had
the largest effect, with increases in S-adenosylmethionine and decreases in mannose and
lactose (Figure 4D). Quercetin, DHA, EPA, and curcumin had the largest effect on nu-
cleic acids, with the former three decreasing and the latter increasing these metabolites
(Figure 4E). For organoheterocyclics (a class that includes many B vitamin forms), quercetin
and genistein had the largest effects, with the former leading to increases and the latter
leading to decreases in these metabolites (Figure 4F). Finally, acylcarnitines were strongly
increased in curcumin, resveratrol, genistein, and tannic acid, particularly medium- and
long-chain acylcarnitines (Figure 4G).
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Figure 4. (A) Heatmap of all in-house matched metabolites across each treatment generated by
MetaboAnalyst 5.0. Heatmaps were further subdivided based on Refmet categories: (B) fatty acyls,
(C) organic acids, (D) carbohydrates, (E) nucleic acids, (F) organoheterocyclics, and (G) acylcarnitines.
Hierarchical clustering was performed on samples using Euclidean distance measures. Heatmaps are
auto-scaled (mean-centered and divided by standard deviation) for each metabolite.
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To provide more robust pathway analysis, in-house matched metabolites with fold
changes for each treatment were input into GeneGo Metacore for pathway analysis. Metabo-
lites with a VIP > 1 for a given vehicle-treatment comparison were considered significant
and used for pathway mapping. Figure 5 displays the top five metabolic pathways identi-
fied by this analysis (Supplementary Materials Table S5 contains the full list of pathways).
This analysis identified several amino acid-related pathways as significantly altered by the
treatments, including pathways related to glycine, serine, arginine, cysteine, glutathione,
and aminoacyl tRNAs. This agrees with the MetaboAnalyst results in Figure 3, which also
identified glycine, serine, arginine, and glutathione pathways as significantly altered by
treatment. Notably, the GeneGo Metacore analysis identified fewer fatty acid/cholesterol-
related pathways compared to the MetaboAnalyst results, which may be due to the GeneGo
Metacore analysis only using the in-house matched metabolites, which had a higher repre-
sentation of amino acids and their metabolites.
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Figure 5. Top five most significant pathways calculated in GeneGo Metacore using all in-house
matched metabolites. Pathway p-values (nominal and FDR corrected) are provided for each treat-
ment. Pathways are ordered based on minimum p-value—the lowest p-value achieved by any of
the treatments.

3. Discussion

Metabolic reprogramming is a hallmark of cancer and leads to cancer cells having
distinct metabolic profiles compared to normal cells. This is due to cancer cells rewiring
metabolic processes to overcome regulatory systems that would otherwise limit their
growth and survival. This reprogramming also occurs in response to stressors, such as
chemotherapy treatment, to promote the survival of cancer cells. In this way, alterations in
cellular metabolism can modulate the response of cancer cells to drug treatment [43,44].
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Certain nutrients/phytochemicals such as omega-3 PUFAs (often found in fish, nuts, and
seeds) and polyphenols (commonly found in fruits, vegetables, nuts, and whole grains)
have received significant interest in the research community for their observed health effects,
such as their ability to prevent cancer and/or induce cancer cell death in experimental
systems [34,45]. Included in these observations is the ability of these compounds to enhance
the anticancer effect of chemotherapeutics. Because drug response is closely linked to
cancer cell metabolism, we hypothesize that this chemosensitization effect is due to these
compounds altering the metabotype of cancer cells, making them more responsive to
the cytotoxic effect of chemotherapeutics. In the current investigation, we investigated a
panel of polyphenols and omega-3 PUFAs that have previously been shown to increase the
anticancer effect of doxorubicin in triple negative breast cancer cells. Using an untargeted
metabolomics approach, we sought to identify the metabolites/metabolic pathways that
are targeted by these chemosensitizing compounds (Figure 6).

Chemosensitizers

(polyphenols/omega-3 PUFAs) Legend
j == Dysregulation
Inhibition/
_I depletion
Amino Acid
Metabolism

'4

One-Carbon Increased

Metabolism sensitivity to

Alterations . doxorubicin
Glutamine

Toxic elevation of Glutamine
acylcarnitines/

uncoupling of FAO
from OXPHOS

TNBC Cell

Figure 6. Proposed schema for chemosensitization of TNBC cells by polyphenols/omega-3 PUFAs.
Metabolic targets of chemosensitizers were primarily focused towards amino acid metabolism and
fatty acid oxidation. Chemosensitizers were observed to deplete glutamine levels, dysregulate amino
acids in one-carbon metabolism, and (particularly for curcumin, resveratrol, tannic acid, and genistein)
elevate acylcarnitines. These collective metabolic perturbations may underlie the chemosensitizing
properties of these nutrients/dietary compounds. FAO; fatty acid oxidation; OXPHOS, oxidative
phosphorylation. Figure created with BioRender.com.

Importantly, our findings indicated that the metabolic effects of these chemosensitizing
compounds were broad, and often distinct from one another. This is in agreement with
many studies that indicated that these compounds are pleiotropic. Additionally, this
also suggests that there are multiple mechanisms by which metabolism can be altered
to improve drug response. Even EPA and DHA, which are highly related metabolites
that belong to the same metabolic pathway, showed different metabolic effects, although
clustering analyses frequently placed these two treatments into the same cluster. This agrees
with previous studies that have shown that EPA and DHA can have different anticancer
effects, with DHA often shown to have greater anticancer effects than EPA [37]. Notably,
doxorubicin-treated MDA-MB-231 cells generally showed very different metabolic profiles
than chemosensitizer-treated cells. This suggests that these polyphenols and omega-3
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PUFAs sensitize TNBC cells by targeting different, complementary metabolites to increase
the drug’s cytotoxic effect.

Pathway analyses provide a means to more easily interpret overall biological effects
in metabolomics data. Herein, we provided two pathway analyses: one using all peaks
via MetaboAnalyst and another using only in-house matched metabolites via GeneGo.
Both analyses indicated amino acid metabolism as a major target, with the GeneGo results
(using only matches with the highest evidence basis) particularly identifying amino acids
involved in one-carbon metabolism (glycine, serine, cysteine, and cystine)—a pathway that
controls the flux of one-carbon units towards numerous pathways including nucleotide
and lipid metabolism [46]. Cancer cells are particularly sensitive to deprivation of one-
carbon units through nutrient restriction or pharmacological inhibition of the one-carbon
metabolic pathway, as seen with the clinical success of folate inhibitors such as methotrex-
ate and pemetrexed [47]. Indeed, cancer cells rely on this pathway to increase anabolic
pathways (nucleotide/lipid synthesis), produce NADPH to adapt to the high levels of
reactive oxygen species that are characteristic of cancer cells, produce energy in the form of
adenosine triphosphate (ATP), and alter DNA methylation patterns [46,47]. Interestingly,
the direction of change of metabolites in this pathway varied across treatments, suggesting
that dysregulation of this pathway—by either increasing or decreasing activity—can lead
to chemosensitization towards doxorubicin treatment.

Another amino acid that was heavily affected by chemosensitizer treatment was glu-
tamine, which was decreased in all chemosensitizer treatments. Conversely, glutamine
levels were strongly increased following doxorubicin treatment (VIP > 1, p = 8.61 x 1072,
fold change > 5) (Supplementary Materials Table S2). This was one of the few instances
where an OL1 metabolite was consistently changed in the same direction by all chemosen-
sitizers while also being significantly affected by doxorubicin treatment. Increases in
glutamine uptake are commonly seen in cancers to support biosynthetic reactions and
combat redox stress, and yield these results by replenishing TCA cycle intermediates, which
are then shuttled to anabolic reactions [48]. The observation that glutamine was increased
following doxorubicin treatment may be an indicator that increased glutamine uptake
is a stress response that TNBC cells undergo to survive the cytotoxic effects of this drug.
Consequently, this panel of polyphenols/omega-3 PUFAs may enhance doxorubicin’s cyto-
toxic effect by depleting glutamine levels, preventing this survival response. In addition to
glutamine, three other in-house matched metabolites were altered in all treatment groups
(VIP > 1): myristoylcarnitine, octadecanoylcarnitine, and 3-hydroxyhexadecanoylcarnitine
(Supplementary Materials Table S2). This indicates that these acylcarnitines and glutamine
are shared targets of doxorubicin and these chemosensitizers, and that the simultaneous
disruption of these metabolic pathways during doxorubicin treatment may lead to in-
creased drug efficacy. Future studies are needed to investigate the metabolic profiles of
cells co-treated with doxorubicin and these chemosensitizers to determine if these effects
are seen when both agents are administered simultaneously. In addition, while previous
studies have shown an increase in cytotoxicity from these co-treatments in TNBC cells, we
did not assess cell viability with these combinations, which should be confirmed in future
studies. Future studies should also investigate if these metabolic processes are targeted
by other polyphenols/PUFAs beyond those used in this study. Lastly, additional TNBC
models should be studied to confirm our results, as the current investigation only assessed
the effects of these chemosensitizers in the MDA-MB-231 cell line.

One of the observed effects of polyphenols on cancer cells is their ability to modulate
cellular energetics. Polyphenols have been shown to activate AMPK, which alters many
anabolic and catabolic processes, such as fatty acid oxidation, glycolysis, lipogenesis,
and autophagy [49]. Cancer cells carefully balance energy consumption and generating
pathways to sustain increased proliferation and manage reactive oxygen species (ROS)
levels [50]. Disrupting this balance may be a mechanism by which polyphenols cause
cancer cell death and/or increase chemotherapeutic efficacy. Our findings that a subset of
polyphenols (curcumin, genistein, tannic acid, and resveratrol) greatly alters acylcarnitine
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levels in TNBC cells, typically increasing their levels. Acylcarnitines are intermediates
in fatty acid oxidation that are formed from acyl-CoA and carnitine by the action of
carnitine palmitoyltransferase 1 (CPT-1). Once formed, acylcarnitines are able to pass
into the mitochondrial matrix, where they are re-converted into acyl-CoA by CPT-2 and
then oxidized via 3-oxidation to acetyl-CoA, which is then used in the TCA cycle for ATP
production [51]. In the context of diabetes, disturbances in the acylcarnitine pool have
been shown to be established markers of mitochondrial dysfunction and the uncoupling
of fatty acid oxidation (FAO) from oxidative phosphorylation [52]. Indeed, elevation of
acylcarnitines has been shown to occur when FAO activity outpaces the TCA cycle, leading
to increased lipolysis and incomplete mitochondrial substrate oxidation [53,54]. Under
these conditions, where substrate catabolism exceeds ATP demand, the increased reducing
pressure of the cell (NADH, FADH,) on the electron transport chain leads to the generation
of ROS (H,O,, #0O,) [53]. Excessive mitochondrial ROS and accumulation of acyls in the
mitochondria have been shown to open the mitochondrial permeability transition pore
(PTP), causing cell death [52,55-58]. Our data suggest that a similar mechanism may
occur in cancer cells following treatment with these polyphenols. Although polyphenols
have historically been recognized as antioxidants, they are now recognized to have pro-
oxidant effects in cancer cell environments [59-62], which may be due to the accumulation
of acylcarnitines. Interestingly, the breast cancer cell response to doxorubicin is heavily
influenced by mitochondrial activity, with factors such as mitochondrial oxidation state,
depolarization, matrix calcium levels, and ROS production mediating its activity [63,64].
Although the exact mechanism of action of doxorubicin remains unclear, it has been well
observed to lead to mitochondrial dysfunction, which is thought to play a critical role in
the cardiotoxicity seen with this drug in in vitro, in vivo, and clinical studies [65]. Our
observation that a subset of chemosensitizers heavily affects acylcarnitine levels suggests
that these compounds increase doxorubicin efficacy in breast cancer cells by shifting the
equilibrium of mitochondrial activity. In turn, this shifting of mitochondrial activity may
lead to a cytoprotective effect of these compounds in cardiomyocytes against doxorubicin-
mediated toxicity [66-68]. More research is needed to better understand if the metabolic
effects of these compounds are also seen in cardiomyocytes and if they contribute to this
observation of selective toxicity (cytotoxic in cancer cells, cytoprotective in healthy cells).
The generally higher levels of ROS seen in cancer cells versus normal cells may play a role
in determining this selective toxicity, making cancer cells more sensitive to imbalances in
mitochondrial metabolism/ROS production [69]. Of note, acylcarnitine treatment has been
shown to slow the development of certain cancers, such as colon cancer in vivo [70].
Additionally, polyphenols/omega-3 PUFAs have been shown to alter the activity
of the PI3K-Akt/mTOR/AMPK signaling axis, which is well known to modulate amino
acid metabolism and mitochondrial activity/fatty acid oxidation, providing a possible
mechanism for how these chemosensitizing compounds affect the pathways seen in this
study [37,71,72]. Indeed, the mTOR signaling pathway is a central metabolic regulator
in the cell that senses the nutritional status of the cell, controlling growth and metabolic
activity [73]. Previous studies have shown that modulation of mTOR activity in combina-
tion with doxorubicin shows synergistic activity in in vitro and in vivo models of various
cancers [74,74-76]. This combination treatment has also been shown to be effective in a
Phase I trial for the treatment of mesenchymal TNBC [77]. mTOR inhibition has also been
shown to be effective in combination with other anticancer therapeutics, indicating that
targeting of this pathway is a promising avenue for chemosensitization [78]. Because our
panel of chemosensitizers shows different profiles of metabolic perturbations, it is possible
that they target different locations on the mTOR pathway and/or have different off-target
effects, which may contribute to their anticancer effects and/or favorable toxicity profiles.
Previous metabolic effects of these compounds in other disease contexts are in agree-
ment with our results. Resveratrol, curcumin, genistein, and tannic acid have been shown
to increase acylcarnitine profiles systemically and/or in skeletal muscle, alter the expression
of mitochondrial 3-oxidation enzymes, affect mitochondrial biogenesis, and change mito-
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chondrial bioenergetics, which has been linked to the anti-obesogenic and anti-aging effects
of these compounds [79-85]. Additionally, resveratrol, curcumin, genistein, quercetin,
DHA, and EPA have all been shown to modulate glutaminolysis/glutamine levels in vitro
or in vivo [86-90]. While these previous studies give additional validity to our results, this
study was a screening approach to identify a list of metabolic targets of these compounds,
and will need to be validated using targeted methods in additional model systems.

The pleiotropic effects of these polyphenols/omega-3 PUFAs highlight the promise of
multi-targeted therapy in cancer. Indeed, the anticancer effect of these compounds may
be attributed to a combination of effects on multiple metabolites/pathways rather than a
single primary target. Our study uncovers novel metabolic targets of these compounds that
aid in explaining their chemosensitizing effects, and these metabolic targets may provide
an explanation for the health benefits of these compounds in other disease areas (aging,
cardiovascular disease, neurodegeneration, etc). However, it should be noted that the
concentrations, dose times, and cell model used in this study were specifically designed
in the context of enhancing the effect of doxorubicin in TNBC, and therefore may not
necessarily reflect the metabolic effects seen in these other contexts. Furthermore, our
observation that each treatment generally produced unique metabolic profiles indicates
that different polyphenols/omega-3 PUFAs target different sets of metabolites /metabolic
pathways. This may provide a rationale for combining polyphenols/omega-3 PUFAs based
on their targeting of similar/complementary metabolites to obtain an additive/synergistic
effect—for example, resveratrol and genistein may be combined as a co-treatment since
both increase acylcarnitines. Conversely, this may also be a way to predict compounds that
could antagonize each other’s effects, leading to diminished therapeutic effects. Indeed,
combinations of these compounds have been shown to be a promising area for improving
their effects [7,30]; therefore, using omics technologies to make rationalized combinations
is an area worthy of future study.

In conclusion, our study uncovered novel mechanisms by which polyphenols/omega-
3 PUFAs target metabolism under doxorubicin-chemosensitizing conditions. While bioavail-
ability issues continue to be a challenge in using these compounds clinically, mechanistic
information, such as the data presented herein, may form a basis for developing mimet-
ics with more favorable pharmacokinetic profiles. For TNBC specifically, understanding
these chemosensitization mechanisms is clinically very valuable, as there is a great need
to improve treatment outcomes and de-escalate drug doses to mitigate side effects. It is
important to note that more information is needed concerning the mechanism of action of
these polyphenols and omega-3 PUFAs, as well as more testing in experimental and clinical
settings. These needs must be met to fully understand their anticancer properties and to
use this information to improve outcomes for TNBC patients.

4. Materials and Methods
4.1. Chemical Reagents

Optima grade solvents (water with 0.1% formic acid and methanol with 0.1% formic
acid) and fetal bovine serum (FBS) were purchased from Fisher Scientific (Waltham, MA,
USA). Dubelcco’s Modified Eagle Medium (DMEM) with high glucose and phosphate
buffered saline (PBS) was purchased from Gibco (Grand Island, NY, USA). Resveratrol,
curcumin, quercetin, genistein, tannic acid, DHA, and EPA were purchased from Cayman
Chemical (Ann Arbor, MI, USA). The MDA-MB-231 cell line was purchased from the
American Type Culture Collection (ATCC) (Manassas, VA, USA).

4.2. Cell Culture

MDA-MB-231 cells were cultured according to manufacturer guidelines. Cells were
cultured in DMEM supplemented with 10% FBS, 2 mM glutamine, 50 U/mL penicillin,
and 50 pg/mL streptomycin. Cells were plated in 10 cm culture dishes and grown to ~70%
confluency. Cells were treated with individual test compounds at concentrations previously
shown to chemosensitize cells to doxorubicin (resveratrol—50 uM, curcumin—40 pM,
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tannic acid—25 pM, genistein—50 uM, DHA—29 uM, EPA—32uM) [10-17]. Concentration
of the vehicle (dimethyl sulfoxide, DMSO) was kept at 0.01% for all treatments. Additional
dishes were treated with vehicle alone and doxorubicin (0.2 uM). All treatments were
performed in triplicate for 24 h.

4.3. Metabolite Extraction

After treatment, metabolites were extracted from cell samples as described previ-
ously [91-93]. Briefly, treatment media were aspirated, and cells were washed with 5 mL
of ice-cold PBS. After aspirating off PBS, 2 mL of ice-cold 80% methanol was added to
culture dishes, and cells were detached using cell scrapers. Cell suspensions were added
to MagINA lyser homogenization tubes with ceramic beads inside and were lysed using
an Omni Bead Ruptor Elite (OMNI International) at 6.00 m/s for two cycles at 45 s each
with 30 s dwell time between each cycle. Additional 80% methanol was added to each
tube to normalize for protein concentration. Samples were centrifuged at 16,000x g at 4 °C
for 10 min and supernatants were transferred to autosampler vials for analysis by ultra-
high-pressure liquid chromatography-high-resolution mass spectrometry (UHPLC-HRMS).
Quality control study pools (QCSP) were created by combining 10 uL of each sample into a
single mixture. Method blanks were created by adding 500 uL of 80% methanol to empty
MagNA lyser tubes and were processed in an identical manner as the study samples.

4.4. UHPLC-HRMS Metabolomics Data Acquisition, Preprocessing, and Multivariate Analysis

Metabolomics data were acquired via previously published UHPLC-HRMS methods
using a Vanquish UHPLC system coupled to a Q Exactive™ HEF-X Hybrid Quadrupole-
Orbitrap Mass Spectrometer (Thermo Fisher Scientific, San Jose, CA, USA) equipped with
an HSS T3 C18 column (2.1 x 100 mm, 1.7 pm, Waters Corporation) held at 50 °C [91-98].
A binary pump was used with water + 0.1% formic acid (A) and methanol + 0.1% formic
acid (B) as mobile phases. The mobile phase gradient started from 2% B, increased to
100% B in 16 min, and was then held for 4 min with a flow rate of 400 uL/min. Mass
spectral data were collected using a data-dependent acquisition mode in positive polarity
at 70-1050 m/z. QCSP and blank injections were placed at a rate of 10% throughout the
study samples. An injection volume of 5 uL. was used for analysis of each sample. Raw
UHPLC-HRMS data were imported into Progenesis QI (version 2.1, Waters Corporation,
MA, USA) for alignment, peak picking, and deconvolution. Background signals were
removed by filtering out peaks with a higher average abundance in the blank injections as
compared to the QCSP injections. Data were normalized using a QCSP reference sample
using the “normalize to all” function in progenesis [99].

4.5. Multivariate and Univariate Statistical Analysis

The normalized, filtered data were imported into SIMCA 16 (Sartorius Stedim Data
Analytics AB, Umed, Sweden), scaled using Unit Variance (UV) scaling, and then used
to generate principal component analysis (PCA) and orthogonal partial least squares-
discriminant analysis (OPLS-DA). PCA plots were used to assess data quality and clustering
of QCSP samples, and OPLS-DA plots were used to assess the separation of metabolomes
between vehicle and treated cells as well as to calculate variable importance to projection
(VIP) scores for each peak. Heatmaps were generated using MetaboAnalyst 5.0. Fold
changes and p-values were calculated for each peak for each treatment as compared to the
vehicle control. p-values were calculated using Student’s ¢-test. p-values were not adjusted
for multiple testing due to the small sample size of this study and the exploratory, rather
than confirmatory, nature of this study [100].

4.6. Compound Identification/Annotation

Peaks were matched to an in-house library of reference standards or public mass
spectral databases from the National Institute of Standards and Technology (NIST) and
METLIN. Peaks were matched to metabolites by retention time (RT, £0.5 min, in-house
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library only), exact mass (MS, <5 ppm), and fragmentation pattern (MS/MS, similarity
score > 30). An ontology system was given to denote the evidence basis for each metabolite
assignment. OL1 refers to a match to the in-house library for RT, MS, and MS/MS; OL2a
refers to an in-house match to the in-house library for RT and MS; OL2b refers to a match
to the in-house library for MS and MS/MS; PDa refers to a match to public databases for
MS and MS/MS; PDb refers to a public database match for MS and theoretical MS/MS
(HMDB); PDc refers to a public database match for MS and isotopic similarity; PDd refers
to a public database match for MS only.

4.7. Pathway Analysis

For each treatment—vehicle comparison, all untargeted peaks, along with their calcu-
lated p-values and fold changes, were imported into the “Functional Analysis” module in
MetaboAnalyst 5.0 to identify significantly perturbed metabolic pathways. Both mummi-
chog and gene set enrichment analysis (GSEA) algorithms were chosen for analysis. The
default top 10% of peaks by p-value was chosen for the mummichog algorithm. For more
robust pathway analysis, only metabolites that matched to levels of OL1, OL2a, and OL2b
along with their fold changes were imported into GeneGo Metacore (Clarivate Analytics,
London, UK), and pathway analysis was performed for metabolites that had a VIP > 1 in
the pairwise OPLS-DA comparisons between vehicle and each treatment.

Supplementary Materials: The supporting information can be downloaded at: https:/ /www.mdpi.
com/article/10.3390/ijms24054406/s1.

Author Contributions: B.R.R.: Conceptualization, Data curation, Formal analysis, Methodology,
Visualization, Writing—original draft, Writing—review and editing, Funding acquisition; A.W.:
Formal analysis, Writing—review and editing; S.M.: Formal analysis, Validation, Writing—review
and editing; M.S.: Data curation, Validation, Writing—review and editing; S.S. Writing—review and
editing, Funding acquisition, Supervision. All authors have read and agreed to the published version
of the manuscript.

Funding: This project was funded by the Sumner lab and the pilot program of the University of
North Carolina’s Nutrition Research Institute. Additionally, this publication was supported by the
National Institute of Diabetes and Digestive and Kidney Diseases of the National Institutes of Health
under Award Number P30DK056350. The content is solely the responsibility of the authors and does
not necessarily represent the official views of the National Institutes of Health.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: All preprocessed data are available in the Supplementary Materials.
Raw data are available upon request.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Siegel, R.L.; Miller, K.D,; Jemal, A. Cancer statistics, 2019. CA Cancer J. Clin. 2019, 69, 7-34. [CrossRef] [PubMed]

2. Dent, R.; Trudeau, M.; Pritchard, K.I.; Hanna, WM.; Kahn, H.K; Sawka, C.A ; Lickley, L.A.; Rawlinson, E.; Sun, P; Narod, S.A.
Triple-Negative Breast Cancer: Clinical Features and Patterns of Recurrence. Clin. Cancer Res. 2007, 13, 4429-4434. [CrossRef]
[PubMed]

3. Waks, A.G.; Winer, E.P. Breast Cancer Treatment: A Review. JAMA 2019, 321, 288-300. [CrossRef] [PubMed]

4. Runowicz, C.D,; Leach, C.R,; Henry, N.L.; Henry, K.S.; Mackey, H.T.; Cowens-Alvarado, R.L.; Cannady, R.S.; Pratt-Chapman, M.;
Edge, S.B.; Jacobs, L.A.; et al. American Cancer Society/ American Society of Clinical Oncology Breast Cancer Survivorship Care
Guideline. CA Cancer ]. Clin. 2015, 66, 43-73. [CrossRef]

5. Zeichner, S.B.; Terawaki, H.; Gogineni, K. A Review of Systemic Treatment in Metastatic Triple-Negative Breast Cancer. Breast
Cancer: Basic Clin. Res. 2016, 10, 25-36. [CrossRef]

6.  Cardoso, F.; Harbeck, N.; Barrios, C.H.; Bergh, J.; Cortes, J.; El Saghir, N.; Francis, P.A.; Hudis, C.A.; Ohno, S.; Partridge, A.H.; et al.
Research needs in breast cancer. Ann. Oncol. 2016, 28, 208-217. [CrossRef]


https://www.mdpi.com/article/10.3390/ijms24054406/s1
https://www.mdpi.com/article/10.3390/ijms24054406/s1
http://doi.org/10.3322/caac.21551
http://www.ncbi.nlm.nih.gov/pubmed/30620402
http://doi.org/10.1158/1078-0432.CCR-06-3045
http://www.ncbi.nlm.nih.gov/pubmed/17671126
http://doi.org/10.1001/jama.2018.19323
http://www.ncbi.nlm.nih.gov/pubmed/30667505
http://doi.org/10.3322/caac.21319
http://doi.org/10.4137/BCBCR.S32783
http://doi.org/10.1093/annonc/mdw571

Int. . Mol. Sci. 2023, 24, 4406 17 of 20

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Fantini, M.; Benvenuto, M.; Masuelli, L.; Frajese, G.V,; Tresoldi, I; Modesti, A.; Bei, R. In Vitro and in Vivo Antitumoral Effects of
Combinations of Polyphenols, or Polyphenols and Anticancer Drugs: Perspectives on Cancer Treatment. Int. J. Mol. Sci. 2015, 16, 9236-9282.
[CrossRef]

Lewandowska, U.; Gorlach, S.; Owczarek, K.; Hrabec, E.; Szewczyk, K. Synergistic interactions between anticancer chemo-
therapeutics and phenolic compounds and anticancer synergy between polyphenols. Adv. Hyg. Exp. Med. 2014, 68, 528-540.
Sarkar, EH.; Li, Y. Using Chemopreventive Agents to Enhance the Efficacy of Cancer Therapy. Cancer Res. 2006, 66, 3347-3350.
[CrossRef]

Tikoo, K.; Sane, M.S.; Gupta, C. Tannic acid ameliorates doxorubicin-induced cardiotoxicity and potentiates its anti-cancer activity:
Potential role of tannins in cancer chemotherapy. Toxicol. Appl. Pharmacol. 2011, 251, 191-200. [CrossRef]

Kim, T.H.; Shin, Y.J.; Won, A.].; Lee, BM.; Choi, W.S,; Jung, ]. H.; Chung, H.Y.; Kim, H.S. Resveratrol enhances chemosensitivity of
doxorubicin in multidrug-resistant human breast cancer cells via increased cellular influx of doxorubicin. Biochim. Biophys. Acta
(BBA)-Gen. Subj. 2014, 1840, 615-625. [CrossRef] [PubMed]

Rai, G.; Mishra, S.; Suman, S.; Shukla, Y. Resveratrol improves the anticancer effects of doxorubicin in vitro and in vivo models:
A mechanistic insight. Phytomedicine 2016, 23, 233-242. [CrossRef] [PubMed]

Lim, H.A.; Kim, ].H.; Kim, J.H.; Sung, M.-K_; Kim, M.K; Park, ].H.Y.; Kim, J.-S. Genistein Induces Glucose-Regulated Protein 78 in
Mammary Tumor Cells. J. Med. Food 2006, 9, 28-32. [CrossRef] [PubMed]

Staedler, D.; Idrizi, E.; Kenzaoui, B.H; Juillerat-Jeanneret, L. Drug combinations with quercetin: Doxorubicin plus quercetin in
human breast cancer cells. Cancer Chemother. Pharmacol. 2011, 68, 1161-1172. [CrossRef]

Li, S.; Yuan, S.; Zhao, Q.; Wang, B.; Wang, X.; Li, K. Quercetin enhances chemotherapeutic effect of doxorubicin against human
breast cancer cells while reducing toxic side effects of it. Biomed. Pharmacother. 2018, 100, 441-447. [CrossRef]

Zhou, Q.; Ye, M; Lu, Y.; Zhang, H.; Chen, Q.; Huang, S.; Su, S. Curcumin Improves the Tumoricidal Effect of Mitomycin C by
Suppressing ABCG2 Expression in Stem Cell-Like Breast Cancer Cells. PLoS ONE 2015, 10, e0136694. [CrossRef]

Germain, E.; Chajes, V.; Cognault, S.; Lhcillery, C.; Bougnoux, P. Enhancement of doxorubicin cytotoxicity by polyun-saturated
fatty acids in the human breast tumor cell line MDA-MB-231: Relationship to lipid peroxidation. Int. J. Cancer 1998, 75, 578-583.
[CrossRef]

Qian, J.; Xia, M,; Liu, W,; Li, L.; Yang, J.; Mei, Y.; Meng, Q.; Xie, Y. Glabridin resensitizes p-glycoprotein-overexpressing
multidrug-resistant cancer cells to conventional chemo-therapeutic agents. Eur. J. Pharmacol. 2019, 852, 231-243. [CrossRef]
Tyagi, AK.; Agarwal, C.; Chan, D.C.; Agarwal, R. Synergistic anti-cancer effects of silibinin with conventional cytotoxic agents
doxorubicin, cisplatin and carboplatin against human breast carcinoma MCF-7 and MDA-MB468 cells. Oncol. Rep. 2004, 11, 493-499.
[CrossRef]

Kalyani, C.; Narasu, M.L.; Devi, Y.P. Synergistic growth inhibitory effect of flavonol-kaempferol and conventional chemothera-
peutic drugs on cancer cells. Int. . Pharm. Pharm. Sci. 2017, 9, 123. [CrossRef]

Nabekura, T.; Yamaki, T.; Ueno, K.; Kitagawa, S. Inhibition of P-glycoprotein and multidrug resistance protein 1 by dietary
phytochemicals. Cancer Chemother. Pharmacol. 2008, 62, 867-873. [CrossRef] [PubMed]

Huang, F; Wu, X.-N.; Chen, J.; Wang, W.-X,; Lu, Z.-FE. Resveratrol reverses multidrug resistance in human breast cancer
doxorubicin-resistant cells. Exp. Ther. Med. 2014, 7, 1611-1616. [CrossRef] [PubMed]

Ye, Q.; Liu, K,; Shen, Q.; Li, Q.; Hao, J.; Han, F; Jiang, R.-W. Reversal of Multidrug Resistance in Cancer by Multi-Functional
Flavonoids. Front. Oncol. 2019, 9, 487. [CrossRef] [PubMed]

Imai, Y.; Tsukahara, S.; Asada, S.; Sugimoto, Y. Phytoestrogens/flavonoids reverse breast cancer resistance pro-tein/ABCG2-
mediated multidrug resistance. Cancer Res. 2004, 64, 4346-4352. [CrossRef] [PubMed]

Li, H.; Krstin, S.; Wink, M. Modulation of multidrug resistant in cancer cells by EGCG, tannic acid and curcumin. Phytomedicine
2018, 50, 213-222. [CrossRef]

Sen, G.S.; Mohanty, S.; Hossain, D.M.S.; Bhattacharyya, S.; Banerjee, S.; Chakraborty, J.; Saha, S.; Ray, P.; Bhattacharjee, P;
Mandal, D.; et al. Curcumin enhances the efficacy of chemotherapy by tailoring p65NF«B-p300 cross-talk in favor of p53-p300 in
breast cancer. J. Biol. Chem. 2011, 286, 42232-42247. [CrossRef]

Chen, C.; Zhou, J.; Ji, C. Quercetin: A potential drug to reverse multidrug resistance. Life Sci. 2010, 87, 333-338. [CrossRef]

Wen, C.; Fu, L.; Huang, J.; Dai, Y.; Wang, B.; Xu, G.; Wu, L.; Zhou, H. Curcumin reverses doxorubicin resistance via inhibition the
efflux function of ABCB4 in doxorubicin-resistant breast cancer cells. Mol. Med. Rep. 2019, 19, 5162-5168. [CrossRef]

Zhou, Y.; Zheng, J.; Li, Y.; Xu, D.-P;; Li, S.; Chen, Y.-M.; Li, H.-B. Natural Polyphenols for Prevention and Treatment of Cancer.
Nutrients 2016, 8, 515. [CrossRef]

Niedzwiecki, A.; Roomi, M.W.; Kalinovsky, T.; Rath, M. Anticancer Efficacy of Polyphenols and Their Combinations. Nutrients
2016, 8, 552. [CrossRef]

Li, Z,; Jiang, H.; Xu, C.; Gu, L. A review: Using nanoparticles to enhance absorption and bioavailability of phenolic phytochemicals.
Food Hydrocoll. 2015, 43, 153-164. [CrossRef]

Mignet, N.; Seguin, J.; Chabot, G.G. Bioavailability of Polyphenol Liposomes: A Challenge Ahead. Pharmaceutics 2013, 5, 457—471.
[CrossRef] [PubMed]

Kim, H.-S.; Quon, M.].; Kim, J.-A. New insights into the mechanisms of polyphenols beyond antioxidant properties; lessons from
the green tea polyphenol, epigallocatechin 3-gallate. Redox Biol. 2014, 2, 187-195. [CrossRef] [PubMed]


http://doi.org/10.3390/ijms16059236
http://doi.org/10.1158/0008-5472.CAN-05-4526
http://doi.org/10.1016/j.taap.2010.12.012
http://doi.org/10.1016/j.bbagen.2013.10.023
http://www.ncbi.nlm.nih.gov/pubmed/24161697
http://doi.org/10.1016/j.phymed.2015.12.020
http://www.ncbi.nlm.nih.gov/pubmed/26969377
http://doi.org/10.1089/jmf.2006.9.28
http://www.ncbi.nlm.nih.gov/pubmed/16579725
http://doi.org/10.1007/s00280-011-1596-x
http://doi.org/10.1016/j.biopha.2018.02.055
http://doi.org/10.1371/journal.pone.0136694
http://doi.org/10.1002/(SICI)1097-0215(19980209)75:4&lt;578::AID-IJC14&gt;3.0.CO;2-5
http://doi.org/10.1016/j.ejphar.2019.04.002
http://doi.org/10.3892/or.11.2.493
http://doi.org/10.22159/ijpps.2017v9i2.16021
http://doi.org/10.1007/s00280-007-0676-4
http://www.ncbi.nlm.nih.gov/pubmed/18204840
http://doi.org/10.3892/etm.2014.1662
http://www.ncbi.nlm.nih.gov/pubmed/24926353
http://doi.org/10.3389/fonc.2019.00487
http://www.ncbi.nlm.nih.gov/pubmed/31245292
http://doi.org/10.1158/0008-5472.CAN-04-0078
http://www.ncbi.nlm.nih.gov/pubmed/15205350
http://doi.org/10.1016/j.phymed.2018.09.169
http://doi.org/10.1074/jbc.M111.262295
http://doi.org/10.1016/j.lfs.2010.07.004
http://doi.org/10.3892/mmr.2019.10180
http://doi.org/10.3390/nu8080515
http://doi.org/10.3390/nu8090552
http://doi.org/10.1016/j.foodhyd.2014.05.010
http://doi.org/10.3390/pharmaceutics5030457
http://www.ncbi.nlm.nih.gov/pubmed/24300518
http://doi.org/10.1016/j.redox.2013.12.022
http://www.ncbi.nlm.nih.gov/pubmed/24494192

Int. . Mol. Sci. 2023, 24, 4406 18 of 20

34.

35.

36.

37.

38.

39.
40.

41.

42.

43.

44.
45.

46.
47.
48.
49.

50.
51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Yashodhara, B.M.; Umakanth, S.; Pappachan, ].M.; Bhat, S.K.; Kamath, R.; Choo, B.H. Omega-3 fatty acids: A comprehensive
review of their role in health and disease. Postgrad. Med. ]. 2009, 85, 84-90. [CrossRef] [PubMed]

Jing, K.; Wu, T.; Lim, K. Omega-3 polyunsaturated fatty acids and cancer. Anti-Cancer Agents Med. Chem. 2013, 13, 1162-1177.
[CrossRef] [PubMed]

Kampa, M.; Nifli, A.-P.; Notas, G.; Castanas, E. Polyphenols and cancer cell growth. In Reviews of Physiology, Biochemistry and
Pharmacology; Springer: Berlin/Heidelberg, Germany, 2007; Volume 159, pp. 79-113. [CrossRef]

D’Eliseo, D.; Velotti, F. Omega-3 Fatty Acids and Cancer Cell Cytotoxicity: Implications for Multi-Targeted Cancer Therapy. J.
Clin. Med. 2016, 5, 15. [CrossRef]

Wiggs, A.; Molina, S.; Sumner, S.J.; Rushing, B.R. A Review of Metabolic Targets of Anticancer Nutrients and Nutraceuticals in
Pre-Clinical Models of Triple-Negative Breast Cancer. Nutrients 2022, 14, 1990. [CrossRef]

Zaal, E.A.; Berkers, C.R. The influence of metabolism on drug response in cancer. Front. Oncol. 2018, 8, 500. [CrossRef]
Morandi, A.; Indraccolo, S. Linking metabolic reprogramming to therapy resistance in cancer. Biochim. Biophys. Acta (BBA)-Rev.
Cancer 2017, 1868, 1-6. [CrossRef]

Zhao, Y.; Butler, E.B.; Tan, M. Targeting cellular metabolism to improve cancer therapeutics. Cell Death Dis. 2013, 4, e532.
[CrossRef]

Fahy, E.; Subramaniam, S. RefMet: A reference nomenclature for metabolomics. Nat. Methods 2020, 17, 1173-1174. [CrossRef]
[PubMed]

Boroughs, L.K.; DeBerardinis, R.]. Metabolic pathways promoting cancer cell survival and growth. Nat. Cell Biol. 2015, 17, 351-359.
[CrossRef] [PubMed]

Rahman, M.; Hasan, M.R. Cancer Metabolism and Drug Resistance. Metabolites 2015, 5, 571-600. [CrossRef]

Cory, H.; Passarelli, S.; Szeto, J.; Tamez, M.; Mattei, ]. The Role of Polyphenols in Human Health and Food Systems: A Mini-Review.
Front. Nutr. 2018, 5, 87. [CrossRef] [PubMed]

Pan, S.; Fan, M; Liu, Z,; Li, X.; Wang, H. Serine, glycine and one-carbon metabolism in cancer (Review). Int. J. Oncol. 2021, 58, 158-170.
[CrossRef] [PubMed]

Newman, A.C.; Maddocks, O.D.K. One-carbon metabolism in cancer. Br. J. Cancer 2017, 116, 1499-1504. [CrossRef]

Yoo, H.C.; Yu, Y.C,; Sung, Y.; Han, ] M. Glutamine reliance in cell metabolism. Exp. Mol. Med. 2020, 52, 1496-1516. [CrossRef]
Kim, J.; Yang, G.; Kim, Y.; Kim, J.; Ha, ]. AMPK activators: Mechanisms of action and physiological activities. Exp. Mol. Med.
2016, 48, €224. [CrossRef]

DeBerardinis, R.J.; Chandel, N.S. Fundamentals of cancer metabolism. Sci. Adv. 2016, 2, €1600200. [CrossRef]

Houten, S.M.; Wanders, R.J.A. A general introduction to the biochemistry of mitochondrial fatty acid 3-oxidation. . Inherit.
Metab. Dis. 2010, 33, 469-477. [CrossRef]

Wajner, M.; Amaral, A.U. Mitochondrial dysfunction in fatty acid oxidation disorders: Insights from human and animal studies.
Biosci. Rep. 2016, 36, €00281. [CrossRef] [PubMed]

Muoio, D.M.; Neufer, P.D. Lipid-Induced Mitochondrial Stress and Insulin Action in Muscle. Cell Metab. 2012, 15, 595-605.
[CrossRef] [PubMed]

Koves, T.R.; Ussher, J.R; Noland, R.C.; Slentz, D.; Mosedale, M.; Ilkayeva, O.; Bain, J.; Stevens, R, Dyck, JRB,;
Newgard, C.B.; et al. Mitochondrial Overload and Incomplete Fatty Acid Oxidation Contribute to Skeletal Muscle Insulin
Re-sistance. Cell Metab. 2008, 7, 45-56. [CrossRef] [PubMed]

Wieckowski, M.; Wojtczak, L. Fatty acid-induced uncoupling of oxidative phosphorylation is partly due to opening of the
mitochondrial permeability transition pore. FEBS Lett. 1998, 423, 339-342. [CrossRef] [PubMed]

Rottenberg, H.; Hoek, J.B. The path from mitochondrial ROS to aging runs through the mitochondrial permeability tran-sition
pore. Aging Cell 2017, 16, 943-955. [CrossRef] [PubMed]

Furuno, T.; Kanno, T.; Arita, K.; Asami, M.; Utsumi, T.; Doi, Y.; Inoue, M.; Utsumi, K. Roles of long chain fatty acids and carnitine
in mitochondrial membrane permeability transition. Biochem. Pharmacol. 2001, 62, 1037-1046. [CrossRef] [PubMed]

Berezhnov, A.V.; Fedotova, E.I.; Nenov, M.N.; Kasymov, V.A.; Pimenov, O.Y.; Dynnik, V.V. Dissecting Cellular Mechanisms
of Long-Chain Acylcarnitines-Driven Cardiotoxicity: Disturbance of Calcium Homeostasis, Activation of Ca2+—Dependent
Phospholipases, and Mitochondrial Energetics Collapse. Int. ]. Mol. Sci. 2020, 21, 7461. [CrossRef]

D'Angelo, S.; Martino, E.; Ilisso, C.P; Bagarolo, M.L.; Porcelli, M.; Cacciapuoti, G. Pro-oxidant and pro-apoptotic activity of polyphenol
extract from Annurca apple and its underlying mechanisms in human breast cancer cells. Int. J. Oncol. 2017, 51, 939-948. [CrossRef]
Babich, H.; Schuck, A.G.; Weisburg, ].H.; Zuckerbraun, H.L. Research Strategies in the Study of the Pro-Oxidant Nature of
Polyphenol Nutraceuticals. J. Toxicol. 2011, 2011, 467305. [CrossRef]

Mileo, A.M.; Miccadei, S. Polyphenols as Modulator of Oxidative Stress in Cancer Disease: New Therapeutic Strategies. Oxidative
Med. Cell. Longev. 2015, 2016, 1-17. [CrossRef]

Leén-Gonzaélez, A.J.; Auger, C.; Schini-Kerth, V.B. Pro-oxidant activity of polyphenols and its implication on cancer chemopreven-
tion and chemotherapy. Biochem. Pharmacol. 2015, 98, 371-380. [CrossRef] [PubMed]

Kuznetsov, A.V.; Margreiter, R.; Amberger, A.; Saks, V.; Grimm, M. Changes in mitochondrial redox state, membrane potential
and calcium precede mitochondrial dysfunction in doxorubicin-induced cell death. Biochim. Biophys. Acta (BBA)-Mol. Cell Res.
2011, 1813, 1144-1152. [CrossRef]


http://doi.org/10.1136/pgmj.2008.073338
http://www.ncbi.nlm.nih.gov/pubmed/19329703
http://doi.org/10.2174/18715206113139990319
http://www.ncbi.nlm.nih.gov/pubmed/23919748
http://doi.org/10.1007/112_2006_0702
http://doi.org/10.3390/jcm5020015
http://doi.org/10.3390/nu14101990
http://doi.org/10.3389/fonc.2018.00500
http://doi.org/10.1016/j.bbcan.2016.12.004
http://doi.org/10.1038/cddis.2013.60
http://doi.org/10.1038/s41592-020-01009-y
http://www.ncbi.nlm.nih.gov/pubmed/33199890
http://doi.org/10.1038/ncb3124
http://www.ncbi.nlm.nih.gov/pubmed/25774832
http://doi.org/10.3390/metabo5040571
http://doi.org/10.3389/fnut.2018.00087
http://www.ncbi.nlm.nih.gov/pubmed/30298133
http://doi.org/10.3892/ijo.2020.5158
http://www.ncbi.nlm.nih.gov/pubmed/33491748
http://doi.org/10.1038/bjc.2017.118
http://doi.org/10.1038/s12276-020-00504-8
http://doi.org/10.1038/emm.2016.16
http://doi.org/10.1126/sciadv.1600200
http://doi.org/10.1007/s10545-010-9061-2
http://doi.org/10.1042/BSR20150240
http://www.ncbi.nlm.nih.gov/pubmed/26589966
http://doi.org/10.1016/j.cmet.2012.04.010
http://www.ncbi.nlm.nih.gov/pubmed/22560212
http://doi.org/10.1016/j.cmet.2007.10.013
http://www.ncbi.nlm.nih.gov/pubmed/18177724
http://doi.org/10.1016/S0014-5793(98)00118-5
http://www.ncbi.nlm.nih.gov/pubmed/9515735
http://doi.org/10.1111/acel.12650
http://www.ncbi.nlm.nih.gov/pubmed/28758328
http://doi.org/10.1016/S0006-2952(01)00745-6
http://www.ncbi.nlm.nih.gov/pubmed/11597572
http://doi.org/10.3390/ijms21207461
http://doi.org/10.3892/ijo.2017.4088
http://doi.org/10.1155/2011/467305
http://doi.org/10.1155/2016/6475624
http://doi.org/10.1016/j.bcp.2015.07.017
http://www.ncbi.nlm.nih.gov/pubmed/26206193
http://doi.org/10.1016/j.bbamcr.2011.03.002

Int. . Mol. Sci. 2023, 24, 4406 19 of 20

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

Dornfeld, K.; Bjork, J.; Folkert, G.; Skildum, A.; Wallace, K.B. Mitochondrial activities play a pivotal role in regulating cell cycle in
response to doxorubicin. Cell Cycle 2021, 20, 1067-1079. [CrossRef] [PubMed]

Gorini, S.; De Angelis, A.; Berrino, L.; Malara, N.; Rosano, G.; Ferraro, E. Chemotherapeutic Drugs and Mitochondrial Dysfunction:
Focus on Doxorubicin, Trastuzumab, and Sunitinib. Oxidative Med. Cell. Longev. 2018, 2018, 1-15. [CrossRef] [PubMed]

Uygur, R.; Aktas, C.; Tulubas, F; Alpsoy, S.; Topcu, B.; Ozen, O.A. Cardioprotective effects of fish omega-3 fatty acids on
doxorubicin-induced cardiotoxicity in rats. Hum. Exp. Toxicol. 2013, 33, 435-445. [CrossRef] [PubMed]

El Amrousy, D.; El-Afify, D.; Khedr, R.; Ibrahim, A.M. Omega 3 fatty acids can reduce early doxorubicin-induced cardio-toxicity
in children with acute lymphoblastic leukemia. Pediatr. Blood Cancer 2022, 69, 1-8. [CrossRef]

Razavi-Azarkhiavi, K.; Iranshahy, M.; Sahebkar, A.; Shirani, K.; Karimi, G. The Protective Role of Phenolic Compounds Against
Doxorubicin-induced Cardiotoxicity: A Comprehensive Review. Nutr. Cancer 2016, 68, 892-917. [CrossRef]

Nakamura, H.; Takada, K. Reactive oxygen species in cancer: Current findings and future directions. Cancer Sci. 2021, 112, 3945-3952.
[CrossRef]

Roscilli, G.; Marra, E.; Mori, E; Di Napoli, A.; Mancini, R.; Serlupi-Crescenzi, O.; Virmani, A.; Aurisicchio, L.; Ciliberto, G.
Carnitines slow down tumor development of colon cancer in the DMH-chemical carcinogenesis mouse model. J. Cell. Biochem.
2013, 114, 1665-1673. [CrossRef]

Szwed, A.; Kim, E.; Jacinto, E. Regulation and metabolic functions of mMTORC1 and mTORC2. Physiol. Rev. 2021, 101, 1371-1426.
[CrossRef]

Mirza-Aghazadeh-Attari, M.; Ekrami, E.M.; Aghdas, S.A.M.; Mihanfar, A.; Hallaj, S.; Yousefi, B.; Safa, A.; Majidinia, M. Targeting
PI3K/Akt/mTOR signaling pathway by polyphenols: Implication for cancer therapy. Life Sci. 2020, 255, 117481. [CrossRef]
[PubMed]

Saxton, R.A.; Sabatini, D.M. mTOR Signaling in Growth, Metabolism, and Disease. Cell 2017, 169, 361-371. [CrossRef] [PubMed]
Babichev, Y.; Kabaroff, L.; Datti, A.; Uehling, D.; Isaac, M.; Al-Awar, R.; Prakesch, M.; Sun, R.X.; Boutros, P.C.; Venier, R.; et al.
PI3K/AKT/mTOR inhibition in combination with doxorubicin is an effective therapy for leiomyosarcoma. J. Transl. Med.
2016, 14, 67. [CrossRef] [PubMed]

Iorio, A.L.; Da Ros, M.; Pisano, C.; de Martino, M.; Genitori, L.; Sardi, I. Combined Treatment with Doxorubicin and Rapamycin
Is Effective against In Vitro and In Vivo Models of Human Glioblastoma. J. Clin. Med. 2019, 8, 331. [CrossRef] [PubMed]

Li, J.; Liu, W,; Hao, H.; Wang, Q.; Xue, L. Rapamycin enhanced the antitumor effects of doxorubicin in myelogenous leukemia
K562 cells by downregulating the mTOR/p70S6K pathway. Oncol. Lett. 2019, 18, 2694-2703. [CrossRef]

Basho, R K,; Gilcrease, M.; Murthy, R K.; Helgason, T.; Karp, D.D.; Meric-Bernstam, F.; Hess, K.R.; Herbrich, S.M.; Valero, V.;
Albarracin, C.; et al. Targeting the PI3K/AKT/mTOR pathway for the treatment of mesenchymal triple-negative breast cancer:
Evidence from a phase 1 trial of mTOR inhibition in combination with liposomal doxorubicin and bevacizumab. JAMA Oncol.
2017, 3, 509-515. [CrossRef]

Magaway, C.; Kim, E.; Jacinto, E. Targeting mTOR and Metabolism in Cancer: Lessons and Innovations. Cells 2019, 8, 1584.
[CrossRef]

Peron, G.; Sut, S.; Ben, S.D.; Voinovich, D.; Dall'Acqua, S. Untargeted UPLC-MS metabolomics reveals multiple changes of
urine composition in healthy adult volunteers after consumption of curcuma longa L. extract. Food Res. Int. 2019, 127, 108730.
[CrossRef]

Gimeno-Mallench, L.; Mas-Bargues, C.; Inglés, M.; Olaso, G.; Borras, C.; Gambini, J.; Vina, J. Resveratrol shifts energy metabolism
to increase lipid oxidation in healthy old mice. Biomed. Pharmacother. 2019, 118, 109130. [CrossRef]

Guevara-Cruz, M.; Godinez-Salas, E.T.; Sanchez-Tapia, M.; Torres-Villalobos, G.; Pichardo-Ontiveros, E.; Guizar-Heredia, R.;
Arteaga-Sanchez, L.; Gamba, G.; Mojica-Espinosa, R.; Schcolnik-Cabrera, A.; et al. Genistein stimulates insulin sensitivity through
gut microbiota reshaping and skeletal muscle AMPK activation in obese subjects. BM] Open Diabetes Res. Care 2020, 8, €000948.
[CrossRef]

De Oliveira, M.R.; Nabavi, S.F.; Manayi, A.; Daglia, M.; Hajheydari, Z.; Nabavi, S.M. Resveratrol and the mitochondria: From
triggering the intrinsic apoptotic pathway to inducing mi-tochondrial biogenesis, a mechanistic view. Biochim. Biophys. Acta.-Gen.
Subj. 2016, 1860, 727-745. [CrossRef] [PubMed]

De Oliveira, M.R,; Jardim, ER.; Setzer, W.N.; Nabavi, S.M.; Nabavi, S.F. Curcumin, mitochondrial biogenesis, and mitophagy:
Exploring recent data and indicating future needs. Biotechnol. Adv. 2016, 34, 813-826. [CrossRef] [PubMed]

Do, G.-M.; Kwon, E.-Y.; Ha, T.-Y.; Park, Y.B.; Kim, H.-].; Jeon, S.-M.; Lee, M.-K.; Choi, M.-S. Tannic acid is more effective than
clofibrate for the elevation of hepatic 3-oxidation and the inhibition of 3-hydroxy-3-methyl-glutaryl-CoA reductase and aortic
lesion formation in apo E-deficient mice. Br. J. Nutr. 2011, 106, 1855-1863. [CrossRef] [PubMed]

De Oliveira, M.R. Evidence for genistein as a mitochondriotropic molecule. Mitochondrion 2016, 29, 35—44. [CrossRef] [PubMed]
Zhuang, P; Li, H.; Jia, W.; Shou, Q.; Zhu, Y.; Mao, L.; Wang, W.; Wu, F; Chen, X.; Wan, X. Eicosapentaenoic and docosahexaenoic
acids attenuate hyperglycemia through the microbiome-gut-organs axis in db/db mice. Microbiome 2021, 9, 185. [CrossRef]
Fan, W.-H.; Wang, F-C.; Jin, Z.; Zhu, L.; Zhang, ].-X. Curcumin Synergizes with Cisplatin to Inhibit Colon Cancer through
Targeting the MicroRNA-137-Glutaminase Axis. Curr. Med Sci. 2021, 42, 108-117. [CrossRef]

Uifalean, A.; Schneider, S.; Gierok, P; Ionescu, C.; Iuga, C.A.; Lalk, M. The Impact of Soy Isoflavones on MCF-7 and MDA-MB-231
Breast Cancer Cells Using a Global Metabolomic Approach. Int. J. Mol. Sci. 2016, 17, 1443. [CrossRef]


http://doi.org/10.1080/15384101.2021.1919839
http://www.ncbi.nlm.nih.gov/pubmed/33978554
http://doi.org/10.1155/2018/7582730
http://www.ncbi.nlm.nih.gov/pubmed/29743983
http://doi.org/10.1177/0960327113493304
http://www.ncbi.nlm.nih.gov/pubmed/24064909
http://doi.org/10.1002/pbc.29496
http://doi.org/10.1080/01635581.2016.1187280
http://doi.org/10.1111/cas.15068
http://doi.org/10.1002/jcb.24508
http://doi.org/10.1152/physrev.00026.2020
http://doi.org/10.1016/j.lfs.2020.117481
http://www.ncbi.nlm.nih.gov/pubmed/32135183
http://doi.org/10.1016/j.cell.2017.03.035
http://www.ncbi.nlm.nih.gov/pubmed/28388417
http://doi.org/10.1186/s12967-016-0814-z
http://www.ncbi.nlm.nih.gov/pubmed/26952093
http://doi.org/10.3390/jcm8030331
http://www.ncbi.nlm.nih.gov/pubmed/30857276
http://doi.org/10.3892/ol.2019.10589
http://doi.org/10.1001/jamaoncol.2016.5281
http://doi.org/10.3390/cells8121584
http://doi.org/10.1016/j.foodres.2019.108730
http://doi.org/10.1016/j.biopha.2019.109130
http://doi.org/10.1136/bmjdrc-2019-000948
http://doi.org/10.1016/j.bbagen.2016.01.017
http://www.ncbi.nlm.nih.gov/pubmed/26802309
http://doi.org/10.1016/j.biotechadv.2016.04.004
http://www.ncbi.nlm.nih.gov/pubmed/27143655
http://doi.org/10.1017/S000711451100256X
http://www.ncbi.nlm.nih.gov/pubmed/21736774
http://doi.org/10.1016/j.mito.2016.05.005
http://www.ncbi.nlm.nih.gov/pubmed/27223841
http://doi.org/10.1186/s40168-021-01126-6
http://doi.org/10.1007/s11596-021-2469-0
http://doi.org/10.3390/ijms17091443

Int. . Mol. Sci. 2023, 24, 4406 20 0f 20

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

Freeman, M.R,; Kim, J.; Lisanti, M.P; Di Vizio, D. A metabolic perturbation by U0126 identifies a role for glutamine in resveratrol-
induced cell death. Cancer Biol. Ther. 2011, 12, 966-977. [CrossRef]

Zhou, Y,; Zhang, J.; Wang, K.; Han, W.; Wang, X.; Gao, M.; Wang, Z; Sun, Y.; Yan, H.; Zhang, H.; et al. Quercetin overcomes colon
cancer cells resistance to chemotherapy by inhibiting solute carrier family 1, member 5 transporter. Eur. J. Pharmacol. 2020, 881, 173185.
[CrossRef]

Rushing, B.R; Tilley, S.; Molina, S.; Schroder, M.; Sumner, S. Commonalities in Metabolic Reprogramming between Tobacco Use
and Oral Cancer. Int. J. Environ. Res. Public Health 2022, 19, 10261. [CrossRef]

Rushing, B.R.; Schroder, M.; Sumner, S.C.]. Comparison of Lysis and Detachment Sample Preparation Methods for Cultured
Triple-Negative Breast Cancer Cells Using UHPLC-HRMS-Based Metabolomics. Metabolites 2022, 12, 168. [CrossRef] [PubMed]
Rushing, B.R.; Fogle, HM.; Sharma, J.; You, M.; McCormac, J.P.; Molina, S.; Sumner, S.; Krupenko, N.I,; Krupenko, S.A.
Exploratory Metabolomics Underscores the Folate Enzyme ALDHIL1 as a Regulator of Glycine and Methylation Reactions.
Molecules 2022, 27, 8394. [CrossRef] [PubMed]

Sharma, J.; Rushing, B.R.; Hall, M.S.; Helke, K.L.; McRitchie, S.L.; Krupenko, N.I.; Sumner, S.J.; Krupenko, S.A. Sex-Specific
Metabolic Effects of Dietary Folate Withdrawal in Wild-Type and Aldh1l1 Knockout Mice. Metabolites 2022, 12, 454. [CrossRef]
[PubMed]

Li, Y.; Rushing, B.; Schroder, M.; Sumner, S.; Kay, C.D. Exploring the Contribution of (Poly)phenols to the Dietary Exposome Using
High Resolution Mass Spectrometry Untargeted Metabolomics. Mol. Nutr. Food Res. 2022, 66, 2100922. [CrossRef] [PubMed]

Li, S.; Li, Y;; Rushing, B.R; Harris, S.E.; McRitchie, S.L.; Dominguez, D.; Sumner, S.J.; Dohlman, H.G. Multi-Omics Analysis of
Multiple Glucose-Sensing Receptor Systems in Yeast. Biomolecules 2022, 12, 175. [CrossRef]

Li, S; Li, Y.; Rushing, B.R.; Harris, S.E.; McRitchie, S.L.; Jones, J.C.; Dominguez, D.; Sumner, S.J.; Dohlman, H.G. Multi-omics
analysis of glucose-mediated signaling by a moonlighting G protein Asc1/RACKI. PLoS Genet. 2021, 17, 1-30. [CrossRef]
Rushing, B.R.; McRitchie, S.; Arbeeva, L.; Nelson, A .E.; Azcarate-Peril, M.A.; Li, Y.-Y,; Qian, Y.; Pathmasiri, W.; Sumner, S.C;
Loeser, R.F. Fecal metabolomics reveals products of dysregulated proteolysis and altered microbial metabolism in obesity-related
osteoarthritis. Osteoarthr. Cartil. 2021, 30, 81-91. [CrossRef]

Vilikangas, T.; Suomi, T.; Elo, L.L. A systematic evaluation of normalization methods in quantitative label-free proteomics. Brief.
Bioinform. 2016, 19, 1-11. [CrossRef]

100. Bender, R.; Lange, S. Adjusting for multiple testing—When and how? |. Clin. Epidemiol. 2001, 54, 343-349. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.4161/cbt.12.11.18136
http://doi.org/10.1016/j.ejphar.2020.173185
http://doi.org/10.3390/ijerph191610261
http://doi.org/10.3390/metabo12020168
http://www.ncbi.nlm.nih.gov/pubmed/35208242
http://doi.org/10.3390/molecules27238394
http://www.ncbi.nlm.nih.gov/pubmed/36500483
http://doi.org/10.3390/metabo12050454
http://www.ncbi.nlm.nih.gov/pubmed/35629957
http://doi.org/10.1002/mnfr.202100922
http://www.ncbi.nlm.nih.gov/pubmed/35106906
http://doi.org/10.3390/biom12020175
http://doi.org/10.1371/journal.pgen.1009640
http://doi.org/10.1016/j.joca.2021.10.006
http://doi.org/10.1093/bib/bbw095
http://doi.org/10.1016/S0895-4356(00)00314-0

	Introduction 
	Results 
	Discussion 
	Materials and Methods 
	Chemical Reagents 
	Cell Culture 
	Metabolite Extraction 
	UHPLC-HRMS Metabolomics Data Acquisition, Preprocessing, and Multivariate Analysis 
	Multivariate and Univariate Statistical Analysis 
	Compound Identification/Annotation 
	Pathway Analysis 

	References

