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Abstract

Introduction: Breast cancer constitutes the most common invasive neoplasm
among women, with triple-negative breast cancer (TNBC) representing 10-20% of
all cases and lacking a standardized therapeutic approach. Chemotherapy remains
the cornerstone of treatment for TNBC patients.

Objective: Our research aimed to identify urinary metabolomic biomarkers capable
of discerning chemotherapeutic response variability.

Methods: In this study, we utilized a nuclear magnetic resonance (NMR)-based
urinary metabolomics technique to evaluate the metabolic profiles of TNBC patients
exhibiting diverse chemotherapeutic responses.

Results: We found that the relative abundance of urinary metabolites effectively
differentiated TNBC patients based on chemosensitivity. Multivariate receiver
operating characteristic curve analysis indicated potential biomarkers indicative
of chemotherapy responsiveness across three patient cohorts. Pathway analysis
suggested perturbations in aminoacyl-tRNA biosynthesis; arginine, aspartate, and
glutamate metabolism; and valine, leucine, and isoleucine biosynthesis in the pCR
subgroup, and in arginine and proline metabolism, aminoacyl-tRNA biosynthesis,
and histidine metabolism in the pathological partial response subgroup.
Conclusion: Our NMR metabolomic data suggest that urinary metabolites hold
potential as predictors of chemotherapy sensitivity in TNBC patients.

Keywords: Triple-negative breast cancer; Nuclear magnetic resonance; Neoadjuvant
chemotherapy; Metabolic phenotype; Metabolomics

1. Introduction

According to the American Cancer Society, breast cancer (BC) represents the most
prevalent malignancy among newly diagnosed invasive cancers in the United States as
of 2022, accounting for approximately 31% of all cases in females.! Triple-negative BC
(TNBC) constitutes 10-20% of all BCs and lacks standardized treatment strategies due
to the absence of estrogen receptor, progesterone receptor, and human epidermal growth
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factor receptor-2 expression.? Chemotherapy remains a
primary treatment for TNBC,? encompassing preoperative
neoadjuvant  chemotherapy (NAC), postoperative
adjuvant chemotherapy, and salvage therapy for advanced
stages. NAC is a standard regimen for advanced TNBC;
however, patient responses to chemotherapeutic agents
vary.*® Approximately 30-40% of TNBC patients achieve
a pathological complete response (pCR), while others
exhibit no change in pathology, termed pathological stable
disease (pSD). The remaining patients experience some
improvement, described as pathological partial response
(pPR).** Therefore, it is critically important to accurately
describe the varying responses to chemotherapy in TNBC
patients. Previously, we used nuclear magnetic resonance
(NMR)-based serum metabolomics to predict response
to NAC in TNBC.S In this study, we utilized NMR-based
urine metabolomics to differentiate between TNBC
patients with varying chemosensitivity.

Precision medicine for cancer hinges on stratifying
patients into groups based on their likely response to
treatment.” Advances in omics technologies have enabled
such precision medicine.® Metabolomics, being closer to
the phenotypic manifestation of disease than genomics,
transcriptomics, or proteomics, offers valuable insights
into metabolic alterations during treatment.”'® For
instance, TNBC cells exhibit lower glutathione levels
than normal cells," and compared to Luminal BC, show
elevated levels of amino acids, nucleotides, nucleotide
sugars, and proliferation-associated metabolites like
choline.”»”® Our team has been dedicated to applying
NMR-based metabolomics to precision medicine, having
previously used it to differentiate metabolic phenotypes
between colorectal cancer and polyps.* In TNBC, we
have leveraged this technique to discern variations in
chemotherapy sensitivity among patients.®

Therefore, based on the different chemosensitivity
outcomes of TNBC in clinical practice and the background
of tumor metabolic characteristics in the host, our study
aims to establish NMR-based metabolomics combined
with self-organizing maps (SOMs) to analyze the urinary
metabolic phenotypes in TNBC patients. The objective
was to identify robust urinary metabolic biomarkers
capable of distinguishing patient cohorts according to
chemosensitivity, thereby providing a basis for the early
prediction of NAC sensitivity.

2. Materials and methods

2.1. Chemicals and reagents

Deuterated reagents, including deuterium oxide and
sodium 3-(trimethylsilyl) propionate-2,2,3,3-d4 (TMSP),
were sourced from Cambridge Isotope Laboratories, Inc.

(Tewksbury, United States). Other common reagents
(NaH,PO,-2H,0 and K HPO,:3H,0) were purchased
from J&K Scientific Ltd. (China). Ultrapure water for the
experiments was produced using our laboratory’s Milli-Q
IQ 7000 system (Merck KGaA, Germany).

2.2, Sample preparation and nuclear magnetic
resonance data acquisition

Patients with TNBC who underwent NAC at Zhejiang
Cancer Hospital from 2019 to 2020 were included in this
study. The research adhered to the protocols approved by
the Zhejiang Cancer Hospital Ethics Committee, in line
with the Declaration of Helsinki principles. Patients were
evaluated for efficacy after NAC, of which 8 patients had
PCR, 28 patients had pPR, and 16 patients had pSD. Patient
cases were statistically analyzed for age, body mass index,
Ki-67, menstrual status, and tumor stage, and there were
no statistically significant differences; the details of which
were published in our previous study.® Urine samples
were stored at —80 °C. Prior to data acquisition, samples
were thawed at 4 °C. A 400 pL aliquot of each sample
was mixed with 200 pL of phosphate buffer in deuterated
water (pH 7.4). After centrifugation (4 °C, 12,000 x g,
15 min), 550 pL from each sample was transferred to an
NMR tube (5 mm x 7 inches). Spectra were acquired on a
BRUKER 600MHz NMR spectrometer (AVANCE III HD,
BRUKER BioSpin, Germany) with a TXI probe at 300 K.
The NOESY pulse sequence (NOESYPRID [RD-90°-t -
90°-t_-90°-ACQ]) with water irradiation was employed,
featuring a 3 s relaxation delay and 120 ms mixing time.
The acquisition parameters are detailed in the referenced
literature.”>!” Subsequently, metabolite identification and
relative concentration calculations based on NMR spectra
were conducted using Signature Mapping (SigMa)."®
Additionally, the Human Metabolome Database (https://
hmdb.ca/) served as a reference to corroborate metabolite
identification."

2.3. Data processing and multivariate statistical
analysis

Nuclear magnetic resonance spectra preprocessing,
including phase and baseline corrections, was accomplished
with Topspin 3.5.7 (BRUKER, BioSpin, Germany). The
spectra were then referenced to the TMSP methyl signal (-
CH,) at 0 ppm using the same software. To align peaks across
various samples, minor adjustments were made utilizing the
icoshift algorithm in MATLAB 2019B (MathWorks, United
States).”® To improve comparability among urine samples,
the metabolite data were normalized to creatinine.”’ SOMs
are systems employed in unsupervised learning for cluster
analysis and data structure exploration.” When integrated
with artificial neural networks, SOMs are capable of

Volume 10 Issue 3 (2026)

doi: 10.36922/EJM0O025480497


https://doi.org/10.36922/EJMO025480497
https://hmdb.ca/
https://hmdb.ca/

Eurasian Journal of
Medicine and Oncology

Predicting NAC response in TNBC

addressing both supervised and unsupervised learning
challenges.”*** SOMs and their associated algorithms have
been extensively applied in metabolomics research.>?%
In this study, we implemented the Kohonen and CPANN
toolbox for classifying and discriminating differential
metabolites using MATLAB (http://www.michem.unimib.
it/download/matlab-toolboxes/kohonen-and-cpann-
toolbox-for-matlab/).2*?*° To assess the discriminative
potential of differential metabolites, multi-receiver-
operating characteristic (multi-ROC) curve analysis
was employed,** utilizing logistic regression for patient
classification and the area under the ROC curve (AUC) for
evaluating metabolite prediction performance in disturbed
metabolic pathways, considering an AUC exceeding 0.70
as significant.”

2.4. Identifying the disturbed metabolic pathways

According to the relative concentration of differential
metabolites in the urine samples, the MetaboAnalyst 5.0
web server (www.metaboanalyst.ca/) was used for analysis
of the disturbed metabolic pathways.”? The pathway
analysis incorporated two evaluative parameters: (i) a
hypergeometric test-derived p-value, which matched
differential metabolites with those in related pathways,*
and (ii) a pathway impact value determined by a topological
analysis utilizing the out-degree centrality algorithm.**

3. Results

A total of 52 patients were included in this study. In the
present study, the characteristics of recruited TNBC
patients were homogeneous, as detailed in our preceding
publication.®

3.1. Metabolic profiles of urine samples

The NMR spectra of urine samples revealed 89 metabolites,
whose relative concentrations were quantified using
SigMa. The metabolite signals in NMR spectra, along with
their functional groups and relative concentrations, are
detailed in Table S1. The quantitative metabolite data were
analyzed with the Kohonen and CPANN Toolbox. The
genetic algorithm refined the SOM architecture, with the
bubble plot indicating the optimal configuration (Figure
1). This plot highlighted two indicators of superior SOMs
architecture: relative selection frequency in the genetic
algorithm and the optimization criterion mean value.”®
After evaluating model performance and structural
complexity, an optimized architecture of 10 x 10 neurons
with 250 epochs was chosen (Figure 1A). Supervised
Kohonen maps with montecarlo cross-validation (20%
out) were then executed in MATLAB. The Kohonen layer
analysis of the SOM model distinctly differentiated three
patient groups based on chemosensitivity (Figure 1B),

demonstrating distinguishable metabolic phenotypes
among the pSD, pPR, and pCR groups. The pPR patients
clustered in the left region, pCR in the lower right, and
pSD in the upper right.

3.2. Analysis of differential metabolites among
triple-negative breast cancer patients

In the SOMs model, the class profiles plot (Figure 2) and
corresponding weight maps were utilized to examine
differential metabolites across various TNBC patient
subsets. The class profiles plot revealed 10 metabolites
with higher average weights, suggesting their potential as
biomarkers for identifying the pCR group. These include
alanine, asparagine, citrate, glutamine, isobutyrate,
isoleucine, leucine, succinate, valine, and anserine. The
weight maps (Figure 2A-K) of these metabolites presented
a pattern analogous to the clustering of three groups in the
SOMs depicted in Figure 1B. Furthermore, four metabolites
(creatine phosphate, glucose, hippurate, and trans-ferulate)
emerged as potential biomarkers for the pSD group, as
illustrated in Figure 3A-E. Clustering within the pPR
group revealed eight additional differential metabolites,
namely creatinine, guanidoacetate, isovalerate, lactate,
serine, methionine, proline, and histamine (Figure 4A-I).

3.3. Potential discriminant analysis of differential
metabolites

Multivariate ROC curve analysis was employed to assess
the capacity of differential metabolites to act as potential
biomarkers. Within the pCR group, all differential
metabolites demonstrated strong discriminative abilities,
as evidenced by large AUC values (Figure 5A). Notably,
metabolites such as alanine, glutamine, leucine, and
succinate achieved high AUC values of 0.9375, 0.9773,
0.9886, and 0.9972, respectively. Asparagine, citrate,
isoleucine, valine, and anserine also exhibited substantial
AUC values of 0.8295, 0.8551, 0.8636, 0.8636, and 0.8892.
Isobutyrate, with an AUC value of 0.7898, displayed
a discernible capacity. Moreover, eight differential
metabolites in the pPR group were identified as potential
biomarkers, characterized by large AUC values (Figure
5C), with creatinine, guanidoacetate, isovalerate, lactate,
serine, methionine, proline, and histamine demonstrating
significant values (0.9628, 0.9985, 0.9568, 0.9509, 0.9524,
0.9539, 0.9390, and 0.9003). Although the AUC values
for the differential metabolites in the pSD group were
not as elevated as those in the pCR and pPR groups, they
still exhibited discriminative potential. The metabolites
creatine phosphate, glucose, hippurate, and trans-ferulate
exceeded the threshold AUC wvalues (0.7917, 0.7743,
0.7639, and 0.7622; Figure 5B). Multi-ROC curve analysis
of differential metabolites suggests that each patient
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Figure 1. Development of the self-organizing map (SOM) model. (A) The bubble plot demonstrates the optimization of the SOM architecture via genetic
algorithms. Each bubble represents a variant of the SOM architecture; bubble size and color correspond to the number of neurons and the quantity of
epochs within the SOM, respectively. (B) Utilization of the SOM model, grounded on all 89 metabolites from the nuclear magnetic resonance-based urine
metabolome, for classifying and predicting triple-negative breast cancer patients with divergent chemotherapy sensitivities: the left region is indicative of

pathological partial response (pPR) patients, the upper right region is indicative of pathological stable disease (pSD) patients, and the lower right region is
indicative of pathological complete response (pCR) patients.

Figure 2. Weight maps for 10 metabolites in the self-organizing map (SOM) model, delineating differentiation of the pathological complete response

(pCR) group. (A) SOM classification for the pCR group; weight maps for alanine (B), asparagine (C), citrate (D), glutamine (E), isobutyrate (F), isoleucine
(G), leucine (H), succinate (I), valine (J), and anserine (K).
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Figure 3. Weight maps for four metabolites in the self-organizing map (SOM) model, delineating differentiation of the pathological stable disease (pSD)
group. (A) SOM classification for the pSD group; weight maps for creatine phosphate (B), glucose (C), hippurate (D), and trans-ferulate (E).

SOM classification of pPR weight map for creatinine weight map for guanidoacetate

weight map for lactate weight map for serine

weight map for methionine weight map for proline

mE

Figure 4. Weight maps for eight metabolites in the self-organizing map (SOM) model, delineating differentiation of the pathological partial response (pPR)
group. (A) SOM classification for the pPR group; weight maps for creatine (B), guanidoacetate (C), isovalerate (D), lactate (E), serine (F), methionine (G),

proline (H), and histamine (I).
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subgroup (pCR, pPR, and pSD) could be distinguished
by specific urinary biomarkers. At the same time, we also
calculated the relative concentrations of metabolites in
urine, and the t-test results of two-by-two comparisons
between the three groups, and the results were corrected
by false discovery rate adjustments (Table S2).

3.4. Disturbed metabolic pathway analysis

Disrupted metabolic pathways were identified for different
patient groups (pCR, pSD, and pPR) using MetaboAnalyst
5.0. In the pCR group, three pathways were affected:
aminoacyl-tRNA biosynthesis; alanine, aspartate, and
glutamate metabolism; and valine, leucine, and isoleucine
biosynthesis (Figure 6A). The pSD group did not exhibit
any disrupted pathways (Figure 6B). The pPR group was

associated with disturbances in arginine and proline
metabolism, aminoacyl-tRNA biosynthesis, and histidine
metabolism (Figure 6C). A comparative analysis revealed
that aminoacyl-tRNA biosynthesis was disrupted in both
the pCR and pPR groups. It is important to note that these
pathway analyses are exploratory and enrichment-based;
variations in urinary amino acid levels suggest metabolic
shifts rather than definitively proving the disruption of
aminoacyl-tRNA biosynthesis.

4, Discussion

Triple-negative breast cancer is a highly heterogeneous
breast malignancy’ that, unlike other molecular subtypes
of BC, lacks common receptor-based therapeutic targets,
is prone to recurrence and metastasis, and is typically

Figure 5. Multi-receiver-operating characteristic curves assessing the discriminant capabilities of significantly altered metabolites. (A) Differential
metabolites in the pathological complete response group, used for distinction from other groups; (B) Differential metabolites in the pathological stable
disease group, used for distinction from other groups; (C) Differential metabolites in the pathological partial response group, used for distinction from

other groups.
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Figure 6. Analysis of significantly perturbed metabolic pathways among the three triple-negative breast cancer patient groups. (A) Metabolic pathway
perturbations in pathological complete response patients versus others; (B) Perturbations in pathological stable disease patients versus others; (C)

Perturbations in pathological partial response patients versus others.

associated with a poor prognosis. Chemotherapy remains
a principal treatment, particularly NAC, with current
guidelines recommending various intensive treatments
based on NAC efficacy. Early prediction of tumor response
to chemotherapy, to tailor individualized treatment, is a
current research challenge. Therefore, our study sought
metabolic markers for predicting TNBC NAC sensitivity
via NMR-based urinary metabolomics profiles. Although
the clinicopathological characteristics did not differ
significantly among the three patient groups (p > 0.05),
these indices appeared limited in their ability to distinguish
chemotherapy sensitivity in this cohort. Our analysis
identified distinct urinary metabolic phenotypes across the
three response groups, based on NMR metabolomics of 52
TNBC patient urine samples with varying chemotherapy

sensitivities.

Based on the relative concentration of 89 urinary
metabolites, the SOM map successfully differentiated the
three patient groups. Subsequent analysis with the SOMs
model’s weight maps identified 10 differential metabolites
in the pCR group, 4 in the pSD group, and 8 in the pPR
group. The multivariate ROC curve analysis revealed
that the differential metabolites in the three groups could
serve as potential biomarkers for assessing chemotherapy
sensitivity among diverse patients.

The potential biomarkers in the pCR group, including
alanine, asparagine, isoleucine, leucine, and valine, are
implicated in this pathway. Our study suggests that these
metabolic processes and metabolites could also serve as
indicators for NAC sensitivity in patients with TNBC in
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the pCR and pPR groups. Moreover, disruptions were
observed in the metabolic pathways involving alanine,
aspartate, glutamate metabolism, and the biosynthesis
of valine, leucine, and isoleucine in pCR patients. These
differential metabolites are also associated with the latter
two pathways. Abnormalities in amino acid metabolism
are well-documented across various tumor types,”*
and our findings corroborate the link between amino
acid metabolism and chemosensitivity. Specifically, the
enrichment of branched-chain amino acids (BCAAs) such
as valine, leucine, and isoleucine may be linked to tumor
proliferation and redox balance. BCAAs are known to
activate mTOR signaling, driving cancer cell growth,* and
their catabolism can contribute to the maintenance of the
cellular antioxidant pool, potentially conferring resistance
to chemotherapeutic agents.

In addition to the aforementioned metabolic
aberrations, our study identified disturbances in the
metabolic pathways of arginine and proline, as well as
histidine, in the pPR group. This observation suggests
that these pathways are also modulated in patients who
exhibit partial responses to chemotherapy. Jasbi et al.*
reported alterations in arginine and proline metabolism
in the plasma of patients with early BC. Willmann et al.*!
discovered that histidine metabolism could influence
cellular turnover and DNA/RNA modifications, leading
to increased excretion of modified nucleosides in BC cells.
Our findings reveal that histidine metabolism is altered in
the urine samples of pPR patients.

The convenience of using urine samples for
metabolomics analysis is well-recognized. Lo et al.*? found
that levels of acetylspermine, spermidine, norepinephrine,
and dopamine in urine were significantly higher in patients
with favorable chemotherapy outcomes compared to non-
responders, as determined by untargeted metabolomics in
the urine samples of BC patients. Although urine samples
can be calibrated, their accuracy can be compromised due
to the variability in urine concentration among individuals,
which can be influenced by factors such as diet, fluid intake,
and time of collection. Moreover, signal fluctuations in
urine samples can arise from matrix effects.*® Since urine
undergoes glomerular filtration, there is a risk that many
significant metabolites may be filtered out, potentially
leading to the non-detection of meaningful data.

In our study, pre-chemotherapy first morning urine
samples were utilized, and patients with metabolic
diseases were excluded to minimize confounding effects
on urinary metabolite profiles. While the results of
this study can predict NAC sensitivity through urine
modeling and differential metabolites, the applicability of
these findings warrants further validation. The study has

limitations, including its reliance on NMR metabolomics
to analyze the relative concentration of urinary metabolites
associated with varying chemotherapy sensitivities without
quantifying their absolute concentrations in urine. Such a
limitation presents challenges in standardizing data for
broader clinical application. Furthermore, the clinical
patient samples collected for this project were limited in
number, underscoring the need for more extensive clinical
urine sample collections in future research. In summary,
NMR metabolomic profiling of urinary metabolites
suggests distinct metabolic phenotypes in TNBC with
varying chemosensitivities, and specific metabolic panels,
prominently including succinate, guanidoacetate, leucine,
and glutamine, may serve as potential biomarkers to
differentiate these phenotypes. This provides a foundation
for the early prediction of chemosensitivity in TNBC.

While these findings are promising, this exploratory
study has several critical limitations. First, the cohort size
is small (n = 52), particularly the pCR subgroup (n = 8).
Consequently, the high AUC values observed in our multi-
ROC analysis may be subject to overfitting, necessitating
future validation utilizing permutation testing and
independent external cohorts. Second, the study relies on
relative metabolite concentrations; absolute quantification
with internal standards is required to establish clinical
thresholds. Third, only baseline, pre-chemotherapy first-
morning urine samples were collected, precluding the
assessment of dynamic metabolic adaptations during
treatment. Finally, while creatinine normalization is
standard for mitigating hydration variability, future studies
should consider comparing this with probabilistic quotient
normalization (PQN) and strictly controlling dietary
intake.

5. Conclusion

This study used NMR-based urine metabolomics
combined with self-organizing maps to distinguish
distinct metabolic phenotypes among patients with triple-
negative breast cancer according to their response to
neoadjuvant chemotherapy. Specific panels of differential
urinary metabolites, including succinate, guanidoacetate,
leucine, and glutamine, showed potential as biomarkers for
differentiating between pCR, pPR, and pSD. Perturbations
in amino acid metabolism were associated with treatment
response, including alanine, aspartate, glutamate, and
branched-chain amino acid metabolism in the pCR group,
and arginine, proline, and histidine metabolism in the pPR

group.
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