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Abstract

Introduction Breast cancer is a heterogeneous disease with different prognoses and responses to systemic treatment depend-
ing on its molecular characteristics, which makes it imperative to develop new biomarkers for an individualized diagnosis
and personalized oncological treatment. Ex vivo high-resolution magic angle spinning proton magnetic resonance spectros-
copy (HRMAS 1H MRS) is the most common technique for metabolic quantification in human surgical and biopsy tissue
specimens.

Objective To perform a review of the current available literature on the clinical applications of HRMAS 1H MRS metabolic
analysis in tissue samples of breast cancer patients.

Methods This systematic scoping review included original research papers published in the English language in peer-
reviewed journals. Study selection was performed independently by two reviewers and preferred reporting items for system-
atic reviews and meta-analyses (PRISMA) guidelines were followed.

Results The literature search returned 159 studies and 26 papers were included as part of this systematic review. There was
considerable variation regarding tissue type, aims, and statistical analysis methods across the different studies. To facilitate
the interpretation of the results, the included studies were grouped according to their aims or main outcomes into: feasibility
and tumor diagnosis (n=6); tumor heterogeneity (n=2); correlation with proteomics/transcriptomics (n = 3); correlation
with prognostic factors (n=11); and response evaluation to NAC (n=4).

Conclusion There is a lot of potential in including metabolic information of breast cancer tissue obtained with HRMAS
1H MRS. To date, studies show that metabolic concentrations quantified by this technique can be related to the diagnosis,
prognosis, and treatment response in breast cancer patients.
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1 Introduction

Breast cancer is the most common type of cancer in women
worldwide (Ferlay et al. 2019). It is a heterogeneous disease,
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Breast Imaging Service, Department of Radiology,
Memorial Sloan Kettering Cancer Center, New York, NY,

USA negative), based on its expression of two hormone receptors
2 Department of Imaging, A.C.Camargo Cancer Center, (ER, estrogen recs:ptor; PR, progesterone receptor), expres-
Sdo Paulo, SP, Brazil sion of human epidermal growth factor receptor 2 (HER2),
3 MSK Library, Memorial Sloan Kettering Cancer Center, and proliferation rate (Ki-67 expression and nuclear grade).

New York, NY, USA The classification determines the neoadjuvant and adjuvant
Department of Medical Physics, Memorial Sloan Kettering therapeutic options for each patient (Waks and Winer 2019).

Cancer Center, 300 E 66th St, New York, NY 10065, USA

@ Springer


http://orcid.org/0000-0001-8090-3696
http://crossmark.crossref.org/dialog/?doi=10.1007/s11306-019-1611-5&domain=pdf

148 Page2of12

A.G.V.Bitencourt et al.

Because of the genetic heterogeneity of breast cancer and
the varied tumor response to treatment, it is imperative to
develop new biomarkers for an individualized diagnosis and
personalized cancer treatment. Metabolomics is the study
of metabolic components in a specific cell or tissue type,
reflecting the final product of the preceding gene expression
and protein activity as well as the surrounding environment.
The quantification of metabolites in a tissue sample can pro-
vide additional information to understand cancer biology
(Emwas et al. 2013; Kaushik and DeBerardinis 2018).

The two main metabolomics techniques are mass spec-
trometry (MS) and magnetic resonance spectroscopy (MRS).
MRS can be performed in vitro, in vivo or ex vivo. In vitro
MRS studies of biopsy breast tissues have been performed
using the perchloric acid (PCA) extraction procedure; how-
ever, these samples may not exactly reflect the in vivo tissue
concentrations of certain metabolites (Thomas et al. 2009).
In vivo MRS is non-invasive and has proven to be useful tool
for yielding supplemental diagnostic information for vari-
ous malignancies including breast cancer (Fardanesh et al.
2019); however, because of the lower magnetic field there is
spectral overlap between different small metabolite signals.
Ex vivo high-resolution magic angle spinning (HRMAS)
MRS is the most common technique for metabolic quan-
tification in human surgical and biopsy tissue specimens.
While it is less sensitive than MS, it requires minimal sam-
ple preparation and enables a high degree of reproducibility;
in addition, tissue architectures are preserved, allowing for
subsequent histopathology analysis, gene expression profil-
ing, or other investigative methods (Bathen et al. 2010; Fuss
and Cheng 2016; Glunde and Bhujwalla 2011).

HRMAS proton (1H) MRS of breast cancer tissue from
patients and xenografts has led to the identification of 46
different metabolites (Gogiashvili et al. 2019). Clinical
metabolic profiles have been studied for diagnostic and
prognostic purposes in breast cancer patients and assessed
for correlations with disease subtype, tumor stage/grade,
response to neoadjuvant chemotherapy (NAC), and patient
survival.(Gogiashvili et al. 2019; Giinther 2015; Haukaas
et al. 2017; McCartney et al. 2018) We performed a sys-
tematic scoping review of the current available literature
on the clinical applications of metabolic analysis performed
through HRMAS 1H MRS of breast cancer patient tissues.

2 Materials and methods

2.1 Search strategy

A librarian (J.G.) searched Medline (PubMed), Embase.
com, the Cochrane Library (Wiley), and the Web of Sci-

ence Core Collection (Clarivate Analytics) on June 19,
2019. The search strategy incorporated two main concepts.
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For the first concept, i.e., high resolution magic angle
spinning, we combined the keywords HR-MAS, HRMAS
and magic angle spinning with the Boolean operator OR.
In Embase, we also included the Emtree subject headers
“high resolution magic angle spinning nuclear magnetic
resonance spectroscopy’” and “high resolution magic angle
spinning proton nuclear magnetic resonance spectros-
copy.” For the second concept, i.e., breast, we included
the keyword breast with a truncation operator and subject
headers for breast cancer in PubMed and Embase (Higgins
and Green 2011). We used the Cochrane Handbook filter
for excluding animal-only studies in PubMed and Embase.
Results were limited to items in English. A second librar-
ian reviewed the search strategy using the Peer Review of
Electronic Search Strategies (PRESS) checklist (McGowan
et al. 2016). We saved the search results to the EndNote
citation management software and then used the Bramer
Method to remove duplicates (Bramer et al. 2016).

2.2 Selection criteria

Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines were followed (Moher et al.
2009; Tricco et al. 2018). Study selection was performed
independently by two reviewers (A.G.V.B. and S.B.T.) and
disagreements were resolved in consensus. The COVIDENCE
software (Veritas Health Innovation, Melbourne, Australia)
was used to manage articles while screening. COVIDENCE is a
web-based collaboration software platform that streamlines
the production of systematic reviews, supporting citation
screening, full text review of references, and a number of
other processes relevant to the systematic review of scientific
literature. First, all titles and abstracts were assessed for rel-
evancy. Then, full texts of potentially relevant articles were
reviewed to determine if they met the inclusion criteria for
the study. Studies selected for this systematic review com-
prised: (1) original research papers published in the English
language in peer-reviewed journals (conference abstracts and
review articles were excluded); and (2) studies with breast
cancer patients’ tissue specimen analysis (studies involving
only animals/xenograft models were excluded). A search
based on the lists of references from included studies was
also performed. After selecting the final list of articles to be
included in the review, the authors elaborated a classification
according to the aims and main outcomes of the studies to
facilitate the interpretation of the results. The recorded vari-
ables for each article included in the review were: authors
and year of publication, country where the study was per-
formed, number of patients or samples, type of tissue speci-
men, main measured metabolites, use of multivariate statisti-
cal analysis models, aims/outcomes, and main results.
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3 Results

The literature search returned 159 studies, of which 75
were excluded in the screening evaluation and 58 were
excluded in the eligibility assessment (Fig. 1). Thus, 26
papers were included as part of this review. Figure 1 shows
the PRISMA flow diagram of reviewed and included stud-
ies. Included studies were grouped according to their aims
or main outcomes into the following: feasibility and tumor
diagnosis (n=6); tumor heterogeneity (n=2); correla-
tion with proteomics/transcriptomics (n = 3); correlation
with prognostic factors (n=11); and response evaluation
to NAC (n=4). A summary of the included studies is
presented in Table 1. An overview of the most prevalent
metabolites identified in the included studies is presented
in Fig. 2.

Fig.1 Preferred reporting items

3.1 Feasibility and tumor diagnosis

The early studies performed by Cheng et al. (1998) and Sit-
ter et al. (2002) showed the feasibility of ex vivo HRMAS
1H MRS to measure tissue metabolism and identify tissue
biochemical changes (Cheng et al. 1998; Sitter et al. 2002).
Subsequently, these and other authors have compared the
metabolic profile between breast cancer and non-cancer tis-
sue (Table 2). In the first pilot study, Cheng et al. (1998)
also demonstrated that HRMAS 1H MRS metabolic profiles
in malignant tissue differed from benign tissue and that the
greatest difference was the absence of the phosphocholine
(PC) peak in the normal tissue (Cheng et al. 1998). Sitter
et al. (2006) then compared the metabolic spectra from
tumor and adjacent non-involved tissue and showed that PC
was the dominant choline in the tumor spectra, while glyc-
erophosphocholine (GPC) was the dominant choline in the

for systematic reviews and
meta-analyses (PRISMA) flow
diagram for study selection

Identification

276 records identified through database searching

MEDLINE (PubMed) - 56

Embase.com — 28

Cochrane Library (Wiley) - 2

Web of Science Core Collection (Clarivate) — 73
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159 records after duplicates removed
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Screening

159 records screened

75 records excluded

84 full text articles assessed
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58 of full text articles
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Review articles: 28
Meeting abstracts: 15
Animal studies: 11
Different technique: 4

v

26 of studies included in
qualitative synthesis
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Table 1 High-resolution magic angle spinning proton magnetic resonance spectroscopy (HRMAS 1H MRS) studies on tissue of breast cancer

patients
Study Year Country N Type of tissue Aims/outcomes Multivariate models
Cheng et al. (1998) 1998 USA 19  Surgical tissue specimens Feasibility and tumor diag- None
nosis
Sitter et al. (2002) 2002 Norway 10 Surgical tissue specimens Feasibility None
Sitter et al. (2006) 2006 Norway 85  Surgical tissue specimens Tumor diagnosis and prog- PCA
nostic factors
Bathen et al. (2007) 2007 Norway 77  Surgical tissue specimens Prognostic factors PCA, PLS-UVE, PNN,
CCNN
Borgan et al. (2010) 2010 Norway 46  Tissue bank Proteomics/transcriptomics MDS
Giskegdegard et al. (2010) 2010  Norway 160  Surgical tissue specimens Prognostic factors PLS-DA, PNN, BBN
Sitter et al. (2010) 2010 Norway 29  Tissue bank Prognostic factors PCA
Li and Deng (2017) 2011 Korea 31 CNB specimens Tumor diagnosis OPLS-DA
Cao et al. (2012a) 2012  Norway 19 Open biopsy tissue specimens Proteomics None
Cao et al. (2012b) 2012  Norway 89  Tissue bank Response to NAC and PLS-DA
survival
Cao et al. (2012c) 2012 Norway 33 Tissue bank Response to NAC and GA PLS-DA
survival
Choi et al. (2012) 2012  Korea 36 CNB specimens Prognostic factors OPLS-DA
Giskegdegard et al. (2012) 2012  Norway 98  Surgical tissue specimens Survival PCA, PLS-DA
Bathen et al. (2013) 2013  Norway 228 Tissue bank Tumor diagnosis PCA and PLS-DA
Choi et al. (2013) 2013 Korea 37 CNB specimens Response to NAC OPLS-DA
Cao et al. (2014) 2014 Norway 75  Surgical tissue specimens Prognostic factors PLS-DA
Haukaas et al. (2016) 2016  Norway 228 Tissue bank Proteomics/transcriptomics HCA and PLS-DA
Park et al. (2016) 2016  Korea 31 CNB and surgical tissue Tumor heterogeneity PLS-DA
specimens
Chae et al. (2016) 2016  Korea 60 CNB specimens Prognostic factors OPLS-DA
Shin et al. (2016) 2016  Korea 50 Tissue bank Prognostic factors and in vivo OPLS-DA
MRS
Yoon et al. (2016) 2016 Korea 53  CNB specimens Imaging (DCE-MRI, PLS-DA
DWI-MRI and 18F-FDG
PET-CT)
Euceda et al. (2017) 2017 Norway 122 CNB specimens Response to NAC PLS-DA
Choi et al. (2017) 2017 Korea 62 CNB specimens Prognostic factors OPLS-DA
Paul et al. (2018) 2018 India 67  Surgical tissue specimens Tumor diagnosis (focus on OPLS-DA
lipids)
Gogiashvili et al. (2018) 2018  Germany 3 Tumor multi-core sampling Tumor heterogeneity PCA
Tayyari et al. (2018) 2018 USA 82  Surgical tissue specimens Prognostic factors and race PLS-DA

N number of patients/samples. BBN Bayesian belief networks, CCNN cascade correlation neural network, CNB core needle biopsy, DCE
dynamic contrast-enhancement, DCIS ductal carcinoma in situ, DWI diffusion-weighted imaging, GA PLS-DA genetic algorithm partial least
squares discriminant analysis, HCA hierarchical cluster analysis, /DC invasive ductal carcinoma, MDS multidimensional scaling, MRI mag-
netic resonance imaging, MRS magnetic resonance spectroscopy, NAC neoadjuvant chemotherapy, OPLS-DA orthogonal projections to latent
structure-discriminant analysis, PET-CT positron emission tomography-computed tomography, PCA principal component analysis, PLS-DA par-
tial least square discriminant analysis, PLS-UVE partial least-squares regression-uninformative variable elimination, PNN probabilistic neural
network

non-involved breast tissue sample (Sitter et al. 2006). A few
years later, Bathen et al. (2013) analyzed 328 tissue samples
from 228 breast cancer patients to distinguish between tumor
and non-involved adjacent tissue and demonstrated that the
choline-containing metabolites were the main biomarkers
for tumor content, with PC being especially high in tumor
tissues (Bathen et al. 2013).

More recently, Paul et al. (2018) studied the variation
in metabolic profile focusing on lipids and showed that a
reduction in lipid content was also observed in malignant
breast tissue along with a higher fraction of fatty free acids
(Paul et al. 2018). They also showed that glycine, taurine,
and lactate metabolites exhibited higher signals in tumor
tissue.

@ Springer
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Table 2 High-resolution magic angle spinning proton magnetic resonance spectroscopy (HRMAS 1H MRS) studies on tissue of breast cancer

patients comparing cancer and non-cancer tissues

Study Comparison

Main results

Cheng et al. (1998)
tissue

Sitter et al. (2006)
tissue

Li and Deng (2017) 13 cancer biopsy samples versus 18 non-cancer biopsy

samples

Bathen et al. (2013) 263 tumor tissue samples versus 65 normal adjacent tissue

Paul et al. (2018)

19 ductal carcinomas versus 1 healthy non-fatty breast

85 breast cancer tissues versus 18 adjacent non-involved

65 malignant breast tissues versus 80 benign breast tissues

Carcinoma and carcinoma-free tissues were distinguishable
by alterations in the metabolites; the greatest difference was
the absence of the PC peak in the normal tissue

Tumor samples could be distinguished from non-involved
samples (82% sensitivity, 100% specificity) based on rela-
tive intensities of signals from GPC, PC and choline

Cancer and noncancer samples could be discriminated with
multivariate analysis. In cancer cells, taurine- and choline-
containing compounds were elevated

Multivariate analysis was able to discriminate between tumor
and non-involved adjacent tissue with sensitivity and speci-
ficity of 91% and 93%, respectively. Choline-containing
metabolites were the main biomarkers for tumor content,
with PC being especially high in tumor tissue. Other indica-
tive metabolites included glycine, taurine, and glucose

Reduction in lipid content were observed in malignant breast
tissues along with a higher fraction of FFA. Choline-con-
taining compounds, taurine, glycine, and glutamate were
identified as confounders

FFA free fatty acids, GPC glycerophosphocholine, PC phosphocholine

Different multivariate models on HRMAS 1H MRS spec-
tra have shown good accuracy for discriminating between
cancer and non-cancer samples, but in some cases, it was not
possible to identify which metabolites were responsible for
the discrimination (Bathen et al. 2013; Li and Deng 2017;
Paul et al. 2018; Tayyari et al. 2018).

3.2 Tumor heterogeneity
Because HRMAS 1H MRS includes only a small portion of

the tumor, to date, the metabolic heterogeneity of the sam-
ples has been assessed in only two papers. Park et al. (2016)

compared the metabolite concentrations in preoperative core
needle biopsy samples with those in central and peripheral
surgical tumor specimens. They demonstrated a moderate
or higher agreement between the relative concentrations of
94.3% of metabolites between the central and peripheral
specimens, 80.0% of metabolites between the preoperative
biopsy and central surgical specimens, and 82.9% of metab-
olites between all three specimen types. Most metabolites
showed no significant differences in concentrations between
the central and peripheral surgical specimens (97.1%) and
between the core needle biopsy and central surgical speci-
mens (Park et al. 2016).

@ Springer
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Gogiashvili et al. (2018) studied multi-core sampling
of tumor tissue and found that intertumoral differences for
many metabolites were larger than intratumoral differences,
suggesting that the analysis of a single tissue sample may
be acceptable for HRMAS 1H MRS studies (Gogiashvili
et al. 2018).

3.3 Correlation with proteomics/transcriptomics
profiles

A few studies have shown that the metabolic profile from
HRMAS 1H MRS can be correlated with the transcriptional
profile in breast cancer samples. Borgan et al. (2010) ana-
lyzed tissue samples from 46 patients using both HRMAS
1H MRS and gene expression microarrays, showing that it is
feasible to correlate metabolic and transcriptional data from
the same breast cancer sample. The majority of patients in
the study were classified as having Luminal A tumors and
multivariate analyses of HRMAS 1H MRS spectra found
three Luminal A subgroups. The correlation of metabolic
and transcriptional profiles showed that one of the subgroups
had metabolic and transcriptional features indicating more
proliferation than the other two subgroups (Borgan et al.
2010).

Haukaas et al. (2016) conducted HRMAS 1H MRS as
well as protein expression subtyping, mRNA expression pro-
filing, and gene expression subtyping in tumor samples from
228 non-treated breast cancer patients. Following hierarchi-
cal cluster analysis, three metabolic clusters were identified.
The three clusters were significantly different in the expres-
sion breast cancer-related proteins as well as the expression
of genes related to the extracellular matrix and metabolic
pathways known to be aberrant in cancer (Haukaas et al.
2016).

Cao et al. (2012a, b, c) studied the potential molecular
causes of increased choline-containing metabolites in breast
cancer and found that breast cancers with malignant choline
metabolite profiles (consisting of low GPC and high PC lev-
els) highly co-expressed glycerophosphodiester phosphodi-
esterase domain 5 (GDPDY), choline kinase alpha (CHKA),
and phosphatidylcholine-specific phospholipase D1 (PLD1)
(Cao et al. 2012a), suggesting that these genes are probably
involved in regulating choline phospholipid metabolism in
breast cancer.

3.4 Correlation with prognostic factors

Many of the HRMAS 1H MRS studies in breast cancer sam-
ples to date have focused on correlating the metabolic pro-
file from samples with prognostic factors including clinical,
histologic, and immunohistochemistry features, as well as
recurrence and survival rates (Table 3).
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Sitter et al. (2010) classified breast cancer samples into
good or poor prognosis groups (based on tumor size, spread
to axillary lymph nodes, and expression of ER and PR). At
univariate analysis, a trend toward lower concentrations of
glycine was found for the good prognosis group. In addition,
multivariate models versus single metabolite concentrations
showed a stronger correlation with prognosis (Sitter et al.
2010).

Choi et al. (2012) found that several metabolite markers
correlated with histopathologic prognostic factors at uni-
variate analysis: ER-negative cancers showed higher choline
concentrations than ER-positive cancers; PR-negative can-
cers showed higher choline, creatine, and taurine concen-
trations than PR-positive cancers; HER2-positive cancers
showed higher taurine, scyllo-inositol, and myo-inositol
concentrations than HER2-negative cancers; and triple nega-
tive cancers showed higher choline concentrations as well as
higher values of choline/creatine and total choline/creatine
ratios than non-triple negative cancers. Cancers strongly
positive for Ki-67 showed higher total choline and PC con-
centrations, and higher values of PC/creatine. However,
metabolite concentrations did not correlate with histologic
grade, tumor size, or lymph node metastasis. When tumors
were grouped by prognosis (good vs. poor), the poor progno-
sis group showed higher glycine and scyllo-inositol concen-
trations. Multivariate models showed a visible distinction of
spectral data by ER, PR, HER2, and Ki-67 status, as well as
a reasonable distinction of spectral data by prognosis groups
(Choi et al. 2012).

A multivariate model in Shin et al. (2016) predicted indo-
lent tumors, tumors with recurrence, and tumors with lymph
node metastases with sensitivities of 100%, 77%, and 82%,
and specificities of 68%, 100%, and 96%, respectively (Shin
et al. 2016).

Few studies have specifically evaluated the use of metab-
olite concentrations to discriminate molecular subtypes.
Cao et al. (2014) found that triple-negative breast cancers
contained a lower level of glutamine and a higher level of
glutamate and choline compared with triple-positive breast
cancer. High glycine levels were also found in overexpressed
HER? tumors (Cao et al. 2014).

Recently, Tayyari et al. (2018) reported different meta-
bolic profiles for triple-negative and luminal A breast can-
cers at multivariate analysis. They also found different met-
abolic profiles between African American and Caucasian
women as well as between postmenopausal (> 50 years) and
premenopausal (<50 years) women (Tayyari et al. 2018).

Choi et al. (2017) assessed correlations between meta-
bolic profiles and molecular markers currently used in
patients with ER-positive breast cancers. Tumors were
grouped by status of HER2, Ki-67, and molecular sub-
type (luminal A or luminal B). At univariate analysis, the
HER?2-enriched group showed higher levels of glycine and
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Table 3 High-resolution magic angle spinning proton magnetic resonance spectroscopy (HRMAS 1H MRS) studies on tissue of breast cancer
patients correlating metabolic profile and prognostic factors

Study

Prognostic factors

Main results

Bathen et al. (2007)

Cao et al. (2014)

Chae et al. (2016)

Choi et al. (2012)

Choi et al. (2017)

Giskegdegard et al. (2010)

Giskegdegard et al. (2012)

Shin et al. (2016)

Sitter et al. (2010)

Tayyari et al. (2018)

Yoon et al. (2016)

Histologic grade, lymph node status, hormone status
(ER and PR)

Molecular subtypes (TNBC and HER?2)

Progression from DCIS to IDC

Tumor size, lymph node status, histologic grade, ER,
PR, HER2, Ki-67, and triple negativity

Molecular markers in ER-positive breast cancers
(HER?2, Ki-67, and luminal type)

Histologic prognostic factors (lymph node status, ER,
PR)

Survival

Prognostic factors (histologic grade, ER and Ki-67),
recurrence and lymph node status

Good or poor prognosis (tumor size, spread to axillary
lymph nodes, ER and PR)

Molecular subtypes (TNBC and luminal A) and race

Imaging biomarkers (DCE-MRI, DWI-MRI and 18F-
FDG PET-CT)

Multivariate models could predict hormone status, lym-
phatic spread, and grade

TNBC tumors contain a lower level of glutamine, a higher
level of glutamate, and a higher level of choline. High
glycine levels were found in HER2-positive tumors

The GPC/PC ratio was higher in the pure DCIS group, as
well as the concentration of myo-inositol and succinate.
At multivariate analysis, the models could clearly dis-
criminate between pure DCIS and DCIS accompanying
invasive carcinoma

Several metabolite markers were found to correlate with
histologic prognostic factors. ER, PR, HER2, Ki-67 sta-
tus, and the prognosis group correlated with multivari-
ate models

At univariate analysis, the HER2-positive group was
shown to have higher levels of glycine and glutamate;
the high Ki-67 group showed higher levels of gluta-
mate; and luminal B cancers showed higher levels of
glycine. Multivariate models showed visible discrimina-
tion between the subgroups according to HER?2, Ki-67
status, and luminal type

Multivariate models were used to predict ER, PR, and
lymph node status

Higher levels of glycine and lactate were found to be
associated with lower survival rates in ER-positive
breast cancer

At univariate analysis, tumors without recurrence showed
significantly higher taurine and creatine values. At mul-
tivariate analysis, the models showed good prediction
of indolent tumors, tumors with recurrence, and tumors
with lymph node metastases

There was a trend toward lower concentrations of glycine
in patients with good prognosis. Multivariate models
also correlated with patient prognosis

TNBC and luminal A subtypes in African American
women exhibited different metabolic profiles. Metabolic
profiles of these subtypes were also distinct from those
revealed in Caucasian women

Higher levels of PC, choline, and glycine were noted in
the high SER group, and a higher level of leucine was
found in the low SER group. Higher levels of glycine
and PC were noted in the low ADC group. Higher levels
of PC, choline, and glycine were noted in the high SUV
group. Multivariate models showed visible discrimina-
tion between high and low SER, SUV, and ADC

ADC apparent diffusion coefficient, DCE dynamic contrast enhancement, DCIS ductal carcinoma in situ, DWI diffusion-weighted imaging, ER
estrogen receptor, GPC glycerophosphocholine, HER2 human epidermal growth factor receptor 2, IDC invasive ductal carcinoma, MRI magnetic
resonance imaging, PC phosphocholine, PET-CT positron emission tomography-computed tomography, PR progesterone receptor, TNBC triple-

negative breast cancer

glutamate, the high Ki-67 group showed higher levels of
glutamate, and the Luminal B group showed higher levels of
glycine. Multivariate models showed visible discrimination
between the groups (Choi et al. 2017).

Giskegdegard et al. (2012) demonstrated that higher lev-
els of glycine and lactate in biopsy samples analyzed using

HRMAS 1H MRS were associated with lower survival rates
in ER-positive breast cancer (Giskegdegard et al. 2012).
Chae et al. (2016) performed a study using HRMAS 1H
MRS to evaluate the differences in metabolic profile between
30 patients with pure ductal carcinoma in situ (DCIS) and
30 patients with DCIS accompanying invasive carcinoma.

@ Springer
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At univariate analysis, the pure DCIS group showed a higher
GPC/PC ratio as well as a higher concentration of myo-ino-
sitol and succinate. Multivariate models clearly discrimi-
nated between the two groups (Chae et al. 2016).

Yoon et al. (2016) compared metabolic profiles on
HRMAS 1H MRS with three prognostic imaging mark-
ers, namely signal enhancement ratio (SER) and apparent
diffusion coefficient (ADC) on magnetic resonance imag-
ing (MRI) as well as standard uptake value (SUV) on
18F-fluorodeoxiglucose positron emission tomography-
computed tomography (18F-FDG PET-CT). The rationale
was that high SER, low ADC, and high SUV are related to
worse prognosis in breast cancer patients. Multivariate meta-
bolic models showed visible discrimination of high and low
values of SER, ADC and SUV. Higher levels of PC, choline,
and glycine were found in the high SER group, and a higher
level of leucine was found in the low SER group. Higher
levels of glycine and PC were found in the low ADC group.
Higher levels of PC, choline, and glycine were found in the
high SUV group (Yoon et al. 2016).

3.5 Response evaluation to neoadjuvant
chemotherapy

Neoadjuvant chemotherapy (NAC) to treat breast cancer is
becoming increasingly common, which presents a valuable
opportunity for HRMAS 1H MRS (Selli and Sims 2019).
Table 4 summarizes the findings of the included studies on
this topic.

Choi et al. (2013) used HRMAS 1H MRS to evaluate
core needle biopsy specimens from 37 breast cancer patients
treated with NAC. The metabolite concentrations were not
significantly different between the complete pathologic
response group and non-pathologic complete response group
at univariate analysis, but multivariate models were able to
show visible discrimination between the two groups (Choi
et al. 2013).

Cao et al. published two studies in 2012 correlating the
metabolic profiles identified using HRMAS MRS with treat-
ment response and 5-year survival. One study evaluated 89
patients receiving either NAC as epirubicin or paclitaxel
monotherapy in a randomized open-label multicenter study.
They found that tumor metabolism changed significantly
in response to NAC treatment, but metabolic responses
were similar for the two chemotherapeutic agents. In addi-
tion, metabolic responses did not correlate with clinical

Table 4 High-resolution magic angle spinning proton magnetic resonance spectroscopy (HRMAS 1H MRS) studies on tissue of breast cancer
patients correlating with response evaluation after neoadjuvant chemotherapy (NAC)

Study NAC

Main results

Caoetal. (2012b)  Epirubicin or paclitaxel monotherapy

Cao et al. (2012c¢) Doxorubicin monotherapy

Choi et al. (2013) Anthracycline- and/or taxane-based

Long-term survivors had a decrease in the levels of glycine
and choline-containing compounds and an increase in glu-
cose levels after NAC, while non-survivors had increased
tumor levels of lactate after treatment

Pre-treatment higher levels of total choline and lower levels
of lactate as well as post-treatment decrease in GPC were
observed in patients with long-term survival. Multivariate
models successfully discriminated between survivors and
Non-survivors

In univariate analysis, there was a trend of lower levels
of PC/creatine ratio and choline-containing compounds
concentrations in the pathologic complete response group;
however, there were no statistically significant differ-
ences. Multivariate models showed visible discrimination
between the pathologic response groups

Euceda et al. (2017) 5-Fluorouracil, epirubicin and cyclophosphamide followed = Multivariate models revealed metabolic differences between

by taxane-based therapy; randomized to receive bevaci-

zumab or
not

pathological minimal residual disease patients and patho-
logical nonresponders after treatment, but not before or
during treatment. Lower glucose and higher lactate levels
were observed in patients exhibiting a good response
before treatment, while the opposite was observed after
treatment

ADC apparent diffusion coefficient, DCE dynamic contrast enhancement, DCIS ductal carcinoma in situ, DWI diffusion-weighted imaging, ER
estrogen receptor, GPC glycerophosphocholine, HER2 human epidermal growth factor receptor 2, IDC invasive ductal carcinoma, MRI magnetic
resonance imaging, NAC neoadjuvant chemotherapy, PC phosphocholine, PET-CT positron emission tomography-computed tomography, PR

progesterone receptor, TNBC triple-negative breast cancer
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response (partial response or stable disease) but correlated
with patient outcome. Specifically, non-survivors (<5 years)
had increased tumor levels of lactate after treatment, while
survivors (> 5 years) experienced a decrease in the levels of
glycine and choline-containing compounds and an increase
in glucose levels (Cao et al. 2012b).

In the other Cao et al. study, in 33 patients with locally
advanced breast cancer, there were no statistically significant
differences in metabolite concentrations between patients
with partial response and patients with stable disease after
NAC. Again, different pretreatment MR metabolic profiles
characterized by higher levels of total choline and lower
levels of lactate were observed in survivors. A significant
decrease in GPC post-treatment was associated with long-
term survival (> 5 years). Multivariate classification mod-
els successfully discriminated survivors from non-survivors
(Cao et al. 2012c¢).

Euceda et al. (2017) explored the effect of NAC com-
bined with bevacizumab on metabolic profiles of 122
patients before, during, and after treatment. Lower glucose
and higher lactate levels were observed in patients exhibit-
ing a good response (>90% tumor reduction) before treat-
ment, while the opposite was observed after treatment.
Multivariate analysis revealed metabolic differences after
treatment between pathological complete response and non-
pathological complete responders, as well as between patho-
logical minimal residual disease (residual tumor < 1 cm) and
pathological non-responders but did not showed differences
in samples acquired before or during treatment. It was not
possible to discriminate bevacizumab-treated from chemo-
therapy-only patients at any time point (Euceda et al. 2017).

4 Discussion

Our systematic scoping review shows that HRMAS 1H MRS
in the setting of breast cancer has been studied by only a few
groups. However, because HRMAS MRS does not damage
the tissue for subsequent histologic and immunohistochem-
istry studies, it could be used more frequently to provide
additional metabolic information to help understand breast
cancer behavior.

While HRMAS 1H MRS is a standardized technique, as
has been discussed extensively in prior reviews (Gogiashvili
et al. 2019; Jagannathan and Sharma 2017), there is substan-
tial variation regarding the tissue type and statistical analysis
methods used among previous studies.

Tissue types used in the studies ranged from tissues from
the tissue bank, surgically obtained tissues, and needle
biopsy specimens. Studies comparing tissue samples from
different sites of the tumor have demonstrated an acceptable
agreement between the intratumoral metabolites concentra-
tions (Gogiashvili et al. 2018; Park et al. 2016). Because

percutaneous image-guided needle biopsy is a minimally
invasive and widely used procedure for the diagnosis of
breast cancer prior to surgery, a promising area of research
is to use HRMAS 1H MRS in diagnostic biopsy samples
to provide early information of tumor metabolism that may
help in patient management.

In terms of statistical analysis, multivariate analysis has
become a commonly used strategy for the analysis of large
spectral datasets, including that of the metabolic profile,
which usually involves multiple metabolites (many of which
are correlated). The most commonly used multivariate statis-
tical analysis methods in the studies included in this review
were principal component analysis (PCA), partial least
square-discriminate analysis (PLS-DA), orthogonal projec-
tions to latent structure-discriminant analysis (OPLS-DA),
and neural networks. There has been no direct comparison
between these methods, but some authors have used more
than one type of multivariate modelling method and found
that different approaches can have different prediction suc-
cess (Bathen et al. 2007; Giskegdegard et al. 2010). One
problem with multivariate analysis methods is that some-
times it is not possible to identify the exact metabolites that
most strongly correlate with a particular clinical parameter,
which would be important to understand tumor metabolism
and develop targeted treatment.

As an ex vivo technique, HRMAS 1H MRS is more use-
ful than in vivo MRS in the setting of breast cancer. The first
studied clinical application of HRMAS 1H MRS metabolite
quantification in breast cancer tissue samples involved tumor
diagnosis. While in vivo techniques are available for various
tissue specimens, it is most difficult to obtain useful meta-
bolic data using conventional in vivo techniques in breast
cancer specimens due to the high content of adipose tissue in
the breast. In vivo MRS has demonstrated high levels of total
choline-containing compounds in malignant breast tissue
compared with benign and normal breast tissue (Jagannathan
and Sharma 2017). However, in vivo spectroscopy cannot
discriminate between individual choline metabolites due to
resolution limitations related to the relatively low magnetic
field strength used (1.5-3.0 T). In contrast, HRMAS 1H
MRS can quantify individual choline metabolites that are
involved in biological functions such as cell signaling, lipid
metabolism, and cell membrane integrity. Besides choline-
containing compounds, HRMAS 1H MRS also allows the
identification of other metabolites that have elevated concen-
trations in breast cancer tissue, such as glycine and taurine
(Bathen et al. 2013; Paul et al. 2018; Sitter et al. 2006).

Many studies identified in the present review assessed
the correlation between metabolic profiles and prognostic
factors in breast cancer patients. Despite the high number of
metabolites and different prognostic factors evaluated, some
results have been replicated. For example, higher choline
concentrations have been demonstrated in hormone-negative

@ Springer



148 Page 100f 12

A.G.V.Bitencourt et al.

and more aggressive tumors in two studies (Cao et al. 2014;
Choi et al. 2012). Glycine, which was suggested to be an
in vivo biomarker for brain tumor malignancy (Ganji et al.
2016) and was also described in a breast cancer patient
in vivo MRS (Bitencourt et al. 2019), has been associated
with poor prognostic factors in breast cancer in several
ex vivo studies (Cao et al. 2014; Choi et al. 2012, 2017,
Yoon et al. 2016). Glutamate levels have been shown be
higher in triple-negative and HER?2 overexpressed tumors in
two studies (Cao et al. 2014; Choi et al. 2017). These find-
ings have also been observed in prior studies in animal mod-
els using different techniques for metabolic quantification,
and all these metabolites have been shown to be involved
in cancer-relevant metabolism reprogramming pathways
(Giinther 2015; Haukaas et al. 2017; Kaushik and DeBerar-
dinis 2018). In addition to the findings whereby individual
metabolites have been correlated with prognostic factors,
multivariate modelling has yielded good correlation with
prognosis and clinicopathological prognostic factors such as
tumor grade, subtype, and lymph node status, across several
studies (Choi et al. 2012, 2017; Shin et al. 2016; Sitter et al.
2010; Tayyari et al. 2018).

The analysis of lipid metabolism using MRS has received
little attention in the literature until now. In this review, only
one article focused on lipids, showing that lipid metabolites
enables the discrimination between malignant breast tissue
and lymph nodes from adjacent benign breast tissue (Paul
et al. 2018). In vivo MRS has also shown that assessment
of lipid metabolism enables the differentiation of benign
and malignant breast tumors, classification of molecular
subtypes, and prediction of long-term survival outcomes
in breast cancer patients (Thakur et al. 2019). The correla-
tion between lipid metabolism using HRMAS 1H MRS and
in vivo MRS should be explored in future studies.

Using metabolomics techniques to predict and assess
treatment response to NAC is a promising area of research.
None of the currently published studies using HRMAS 1H
MRS have shown a clear correlation between metabolic pro-
files and pathological complete response after NAC, which
is the most relevant clinical outcome so far. However, mul-
tivariate and univariate analyses have demonstrated that
changes in the metabolic profile after NAC can be associated
with long-term survival (Cao et al. 2012b, ¢). At univariate
analysis, a decrease in the levels of glycine and choline-
containing compounds after treatment was associated with
better prognosis. Another interesting finding was the modi-
fication of cell energy metabolism after NAC, characterized
by the increase in glucose and decrease in lactate concentra-
tions in responders, which is the opposite of the Warburg
effect normally observed in most cancer cells (Euceda et al.
2017).

The combination of metabolomics with other—omics
fields is another promising area of research. Proteomics,
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transcriptomics, and genomics have yielded key contri-
butions in the understanding of breast cancer, including
the classification of breast cancer into clinically relevant
subtypes and the assessment of recurrence risk; these have
been incorporated into clinical practice. Combining tran-
scriptional and metabolic data using HRMAS 1H MRS
from the same breast carcinoma sample is feasible, can
contribute to a more refined subclassification of breast
cancers, and reveal relationships at the molecular level,
potentially leading to more patient specific treatments
(Borgan et al. 2010; Cao et al. 2012a; Haukaas et al. 2016).

Our systematic scoping review has some limitations.
We decided to include only studies on breast cancer tissue
from patients because our main objective was to evalu-
ate the clinical applications of this technique. However,
there are also papers using this technique on breast cancer
cell lines and xenograft models, which provide interesting
additional information on tumor metabolism but were not
included in this review. Lastly, because each study has
different outcomes, quantification and statistical analysis
methods, it was not possible to perform a quantitative data
extraction or meta-analysis of the results.

5 Overall conclusions

In summary, there is a lot of potential in including metabolic
information of breast cancer tissue obtained with HRMAS
1H MRS. To date, studies show that metabolic concentra-
tions quantified by this technique can be related to the diag-
nosis, prognosis, and treatment response in breast cancer
patients. However, further studies are needed to standardize
data analysis and identify the best scenarios in which this
technique can add relevant clinical information.
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