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Abstract: Cancer is a devastating disease that alters the metabolism of a cell and the 

surrounding milieu. Metabolomics is a growing and powerful technology capable of detecting 

hundreds to thousands of metabolites in tissues and biofluids. The recent advances in 

metabolomics technologies have enabled a deeper investigation into the metabolism of cancer 

and a better understanding of how cancer cells use glycolysis, known as the “Warburg effect,” 

advantageously to produce the amino acids, nucleotides and lipids necessary for tumor 

proliferation and vascularization. Currently, metabolomics research is being used to discover 

diagnostic cancer biomarkers in the clinic, to better understand its complex heterogeneous 

nature, to discover pathways involved in cancer that could be used for new targets and to 

monitor metabolic biomarkers during therapeutic intervention. These metabolomics approaches 

may also provide clues to personalized cancer treatments by providing useful information to 

the clinician about the cancer patient’s response to medical interventions. 
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1. Introduction 

Metabolomics is the latest of the omics technologies that employs state of the art analytical 

instrumentation in conjunction with pattern recognition techniques to monitor and discover metabolic 

changes in subjects related to disease status or in response to a medical or external intervention. Global 

metabolomics alterations reflect changes due to environmental factors, genetic variation and 

regulation, changes in gut microflora, and altered kinetic activity or levels of enzymes. Therefore, 

metabolomics alterations represent changes in the phenotype and molecular physiology [1–3]. 

Metabolomics, like the other omic technologies, is currently being used for the identification of 
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biomarkers and metabolic pathways altered in cancer [4–6] and being used to evaluate the efficacy of 

medical interventions to cancer [7–9]. Cancer is a disease that is known to alter cellular metabolism; 

therefore, metabolomics can play a major role in early detection and diagnosis of cancer and in the 

evaluation of medical interventions and therapies to cancer [10]. It has been established that aerobic 

glycolysis increases in cancer and this is known as the “Warburg effect” [11]. Recent advances in 

analytical technologies and statistical capabilities have provided metabolomics the ability to probe 

much further into the metabolism of cancer and provide an understanding of how cancer cells use 

glycolysis advantageously to produce amino acids, nucleotides and lipids necessary for tumor 

proliferation and vascularization [9,12–16]. 

Of the omics platforms, metabolomics has great potential to impact clinical health practices due to 

its ability to rapidly analyze tissue or biofluid samples with little sample preparation; metabolomics 

provides information that complements the genomic and proteomic profile of a patient. Global 

metabolic profiling has been referred to as either metabolomics or metabonomics where metabolomics 

refers to the measurable metabolite pool that exists within a cell or tissue under a particular set of 

environmental conditions [17] and metabonomics refers to the “quantitative measurement of the 

dynamic multiparametric metabolic response of living systems to pathophysiological stimuli or genetic 

modification” [18]. The pool of metabolites detected in biofluids and tissues at a given time will be 

affected not only by genetic factors but also by lifestyle factors including diet, drugs, exercise, gut 

microbiota, health-to-disease status, hormonal homeostasis, and age [19,20]. Metabolic profiling is 

usually referred to as the quantitative study of a group of metabolites that is associated with a 

particular pathway [21]. Lipidomics is a specialized subset of metabolomics that evaluates lipid 

profiles [22,23]. Lipids play many important roles in cancer processes including invasion, migration, 

and proliferation [24]. 

Another subset of the metabolomics field focuses on using labeled substrates (e.g., 13C labeled 

glucose) to define metabolic fluxes or biomarkers in disease states. This approach enables us to further 

our understanding of the metabolism in disease or drug responses by following the metabolism of 

labeled substrates into their pathway products within specific times. For example, glucose can undergo 

glycolysis to lactate or be shunted through the pentose phosphate pathway to form ribose, and the 13C 

labeled carbons in glucose can reveal how much goes into each pathway. This information provides a 

better understanding of the pathways that are upregulated or downregulated and can define metabolic 

phenotypes in disease states [25–28] or drug response [29,30]. Since glycolysis plays such a major role 

in cancer, glucose flux technology is ideally suited for understanding cancer and patient response to 

drug therapy [31]. 

The ultimate goal of most metabolomics cancer studies is to discover cancer-specific diagnostic, 

prognostic or predictive biomarkers for a patient. The Food and Drug Administration (FDA). defines a 

biomarker as a “characteristic that is objectively measured and evaluated as an indicator of normal 

biological processes, pathogenic processes, or biological responses to a therapeutic intervention” [32]. 

A diagnostic biomarker is  something that can be measured (gene, protein, metabolite, heart rate, tumor 

size) that indicates patients have a certain disease, while a prognostic biomarker is a measurement that 

defines the risk for disease occurrence or progression for a patient and a predictive biomarker is a 

measured characteristic that gives the likelihood that a patient will respond to a particular medical 

treatment [33]. This review focuses on metabolomics technologies and associated pattern recognition 
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tools that are used to evaluate the metabolome and the metabolomics processes used in biomarker 

discovery in cancer studies, and the future of metabolomics in cancer research. 

2. Metabolomics Procedures 

Figure 1 shows a general flow chart of the logistical steps necessary for conducting cancer 

metabolomics studies. There are four general steps in planning the metabolomics study: these are 

sample collection or generation, data acquisition, bioinformatics and interpretation. Once these four 

steps are completed it is best to form a hypothesis based on the results or test the newly discovered 

biomarkers in additional studies. Adding quality control during data acquisition is an important step for 

obtaining reproducible results to assure generation of meaningful metabolomics data. The goal of 

quality control and standardization is to optimize the reproducibility of the data generated in 

metabolomics experiments. Inter-laboratory quality standardization of metabolomics approaches will 

provide additional data for lab-to-lab comparisons. The metabolomics standards initiative (MSI) 

published minimum reporting standards for metabolomics studies involving in vivo samples [34], 

chemical analysis [35], NMR-based metabolomics [36], and data analysis [37]. 

Figure 1. General flow chart of a typical metabolomics experiment in a cancer study. 

 

2.1. Sample Collection 

The first step in a planning a metabolomics study involves sample collection, sample storage and 

sample preparation [38,39]. Urine and blood are typically the samples collected in clinical 
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metabolomics studies but tissue, saliva, breath condensate, cerebral spinal fluid, and pancreatic juices 

are sample types that have been used in metabolomics studies [6]. A well-designed cancer metabolomics 

study with multiple time points for sample collection is very important. If the samples are not collected 

properly or the samples are not stored or processed uniformly, the metabolomics data generated from 

these samples could be invalid. Therefore sample collection, storage and processing procedures are extremely 

critical for conducting successful metabolomic studies. There are several steps in sample processing 

like extractions, use of buffers, and time to processing that need to be planned and followed [40]. 

Metabolomics studies need to be carefully designed to minimize and account for effects from factors 

such as gender, age, diet, fasting state, exercise, physical activity, and time of day of sample collection. 

Capturing patient metadata during sample collection may aid in the interpretation of the results from a 

metabolomics experiment. Prior to the start of definitive studies, pilot studies from healthy groups 

should be conducted and documented as part of the study file to demonstrate reproducibility of collection. 

When possible (such as typical for urine, sera, and plasma), samples should be stored in multiple 

aliquots right after collection. The use of multiple aliquots is preferred to prevent artifacts generated 

from multiple freeze/thaw cycles for multiple metabolomics analyses [41]. Tissue samples require snap 

freezing in liquid nitrogen. Biofluid and tissue samples should be stored at or below −70 °C. Sample 

processing factors like extraction and pH buffering must be consistent and follow standard operating 

procedures. For best results during biomarker discovery studies, the dietary diversity in the human 

population must be minimized which may not be feasible in many clinical studies. If possible, subjects 

should fast overnight or refrain from food for at least an hour or two before collection of urine or blood 

samples. In order to account for dietary effects in metabolomics data, a brief description of food 

consumption over the previous 12–24 h should be included in any clinical or preclinical study. The 

presence of starvation components increases greatly if subjects are not fed for more than 12 hours. For 

clinical trials using healthy populations, it is reasonable to request dietary restriction depending on the 

design and objective of the clinical trial. However, recruitment of best matched controls is still 

desirable in order to minimize the possibility of variations that arise from gender, age, ethnic origin, 

and life-style factors like drug and alcohol use. For clinical studies that involve patients with the 

misfortune of having a severe disease like cancer, it may be considered an undue burden, or unhealthy, to 

request dietary restriction for minimization of potential diet-related influences on metabolomic profiles. For 

all clinical studies, independent of dietary restriction, it is desirable to recruit control populations that 

provide the best controls based on gender, age, and ethnic origin. 

2.2. Data Acquisition 

2.2.1. Sample Analysis 

Metabolomics is a sensitive technology capable of detecting metabolic changes due to environmental or 

physiological stimuli that can occur during a study whether or not they were part of the experimental 

design. The second step of the metabolomics procedure is the analysis of the biofluid or tissue samples 

from healthy and cancer patients. If cancer tissue or imaging is obtained and evaluated by metabolomics 

procedures, it is normally compared to “healthy” tissue adjacent to cancer tissue. Nuclear magnetic 

resonance (NMR) and mass spectrometric (MS) are often used in combination to evaluate the metabolome 
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by either or both focused or open profiling methods. The advantages and limitations of both NMR and MS 

techniques have been discussed previously and it has been shown that the two analytical methodologies can 

provide overlapping yet complementary data [42–44]. The combination of multiple techniques on a 

sample set provides the most powerful method of revealing changes in the metabolome [45]. These 

changes can be assessed in terms of the molecular pathways being perturbed and allow for the 

elucidation of the mechanism(s) of disease or toxicity induced by drugs or other agents under a 

particular set of conditions. In addition, the ability to link metabolites and pathways using these 

different analytical techniques increases confidence in the identification of potential biomarkers. In 

addition to analysis of samples, imaging techniques can provide a non-invasive view of the metabolism 

of cancer and will be discussed later. 

2.2.2. Quality Control 

During metabolomics data acquisition, quality control is needed to ensure that the data are captured 

in a reproducible manner and provide meaningful results [41,46,47]. The goal of quality control and 

standardization is to optimize the reproducibility of the data generated in metabolomics experiments.  

Inter-laboratory quality standardization of metabolomics approaches will provide additional data for lab-to-

lab comparisons. A proper metabolomics study design should include enough samples from each 

population so that adequate validation and cross-validation can be done, which should reduce the 

possibilities of false discoveries [48]. Many types of quality control are needed for a successful 

metabolomics study. For analytical quality control it is optimal to use: (1) 4,4-dimethyl-4-silapentane-1-

sulfonic acid (DSS) or 3-(trimethylsilyl)propionic acid (TSP) as a chemical shift standard and a pH 

standard such as imidazole or difluorotrimethylsilanylphosphonic acid (DFTMP) [49] for NMR.; 

leucine-enkephalin to ensure the mass accuracy of the mass spectrometer and labeled reference 

chemical standards for quantitative MS analyses; (2) a synthetic sample of 30–40 representative 

chemicals for intra-lab quality control during focused and unfocused metabolomics analyses of 

biofluid and tissue samples; (3) pooled samples from the study that can be used to correct for batch 

effects in large studies; and (4) pooled human blood standard reference materials (SRM) from NIST 

that can be used by all metabolomics labs worldwide for inter-lab quality control. In addition, there is a 

need to determine biomarkers or patterns that are related to the quality of the sample; for example, a 

sample that is left at room temperature for a long period before analysis, or an urine sample that has 

bacterial contamination will affect the metabolic profile [50]. 

2.3. Data Processing and Bioinformatics 

Once the metabolomics data are collected with quality control measures in place, the third step as 

shown in Figure 1 is bioinformatics and data analysis. First, the data is processed using vendor 

software or specialized bioinformatics software for analyzing metabolomics data [51–53]. After the 

metabolomics data are processed and normalized, they can be statistically analyzed. Principal 

component analysis (PCA) is usually the first type of statistical approach used. PCA is usually applied 

to the metabolomics data initially to look for patterns related to the end point being studied or to 

determine if there are any outliers or easily discernible biomarkers. After PCA, many other types of 

supervised data analysis methods like partial least squares-discriminate analysis (PLS-DA), artificial 
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neural networks (ANN) and other statistical methods can be employed for further data mining in the 

search for biomarkers [54,55]. The supervised models can be connected to cancer histopathology 

scores, clinical outcomes, or other omics data to drive the biomarker discovery process. It is essential 

that the supervised models be tested with external test sets or rigorous internal cross-validated tests 

using accepted bioinformatics modeling practices so that models and associated biomarkers can be 

trusted and to limit over fitting of the data [48]. Once models from open profiling data are made and 

potential spectral features identified as biomarkers, positive identification of the unknown spectral 

biomarkers is attempted. Identifying the unknown biomarkers in open profiling metabolomics is the 

most challenging part of metabolomics because the identity of many spectral peaks is unknown. In-

house spectral databases and public metabolomics databases like the human metabolome database 

(HMDB) [56,57], Golm database [58], METLIN database [59], LIPID MAPS [60] and other spectral 

databases can be used to help identify peaks. Many times a MS or NMR peak will not be identified in 

the private or public databases and then the peak may be reported as an unknown or determined with 

the use of standards and additional analytical analyses. Once the metabolomics biomarkers are 

determined, additional experiments should be done to test or validate the biomarkers. This was just a 

brief bioinformatics overview and a full review of chemometrics and bioinformatics for cancer 

metabolomics have been published [55,61]. 

2.4. Interpretation and Validation 

The analysis of metabolomics data has provided potential diagnostic or prognostic biomarkers that, 

in some cases, have been mapped to specific metabolic pathways, processes or transporters. In general, 

metabolomics open profiling provides a means that can lead to the discovery of new and better 

biomarkers of cancer and personalized response to cancer therapies. Once potential diagnostic or 

prognostic cancer biomarkers are found, it is important to follow up these discovery studies with 

hypothesis driven studies or verification studies of the potential biomarkers. Often times, these 

hypothesis and validation studies use labeled metabolites, such as 13C labeled glucose, to verify that the 

flux through specific metabolic pathways has occurred in a specified amount of time. Fluxes from 13C 

labeled glucose have been evaluated in pancreatic cancer [26], breast cancer [62] and lung cancer [63] 

and also to monitor glucose pathways during medical intervention to cancer [14]. If the biomarkers are 

reproducible, evaluation should then be done at separate metabolomics labs to further evaluate inter-lab 

variance of the potential biomarker [64]. In follow-up studies it is important to focus on the “context of 

use” in which the metabolomics biomarker will be evaluated [33,65]. This process is known as 

biomarker qualification and is intended to establish the utility of a biomarker within a “context of use” 

such as how sensitive and specific cancer diagnostic or prognostic biomarkers are during drug therapy 

to cancer. The biomarker or biomarkers under consideration for qualification are expected to be 

independent of the metabolomics analytical platform used to perform the measurement. 

2.5. Challenges 

The full implementation of metabolomics in the clinic has several challenges. At this time, most 

clinical metabolomics cancer diagnostic studies have been done on a small population size. Moving 

from a small population size to a large clinical study will require accepted quality control standards 
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during metabolomics data acquisition and the ability to process and integrate data from multiple 

instruments at different labs or clinics [41]. The data need to be deposited in large databases where 

large scale statistical analyses can be done to discover and validate metabolomics biomarkers for 

cancer. These models and biomarkers may be used to determine whether a cancer patient is responding 

positively to cancer therapy or if the drug is having little effect or adverse effects. It would be 

beneficial if the biomarkers for adverse effects of cancer drugs were different than the biomarkers 

related to radiation poisoning [66,67] and with biomarkers for patients with cachexia [68] or other 

confounding diseases such as metabolic syndrome. 

3. Applications of Metabolomics in Cancer Studies 

3.1. Biomarkers of Cancer 

Metabolomics of cancer tissue samples have shown that altered cellular metabolism is a 

characteristic of almost all cancer types [13,69]. This happens regardless of the organ-specific location 

of the tumor. Cancer is a complex disease state that changes normal healthy cells into tumor cells 

primarily using glucose and glutamate to produce energy for cancer cells and to synthesize 

carbohydrates, fatty acids, amino acids, and nucleotides that are needed for protein synthesis and 

cellular proliferation [9,70]. These altered metabolic pathways in cancer have been the primary targets 

for many of the drugs developed for cancer chemotherapy [9]. Therefore, metabolomics can be used to 

detect altered metabolic pathways in cancer and also could be useful for monitoring cancer drug 

therapy that targets the altered metabolic pathways. Metabolomics has been evaluated along with 

standard histopathological analyses of biopsies and many metabolites have been shown to correlate 

with cancer disease aggressiveness [71]. 

One of the biggest areas of metabolomics research has been in discovering metabolic biomarkers or 

patterns of cancer. Cancer has been a fertile ground for metabolomics studies because it is routine to 

obtain a biopsy of cancer tissue and biofluids from cancer patients while surrounding non-cancerous 

tissue is sometimes collected. Many different types of samples besides tissue have been used in 

metabolomics studies of cancer; serum [72–77], plasma [78], saliva [79], urine [80–82], and breath [83,84] 

have been used to discover biomarkers of cancer. Serum metabolomics has also been used to assess the 

stage of pancreatic cancer in a small pilot study [85]. If cancer tissue samples are obtained, they can be 

evaluated using “high resolution magic angle spinning” (HR MAS) NMR techniques [4] or the 

aqueous or polar extracts of the cancer tissue and tissue surrounding the cancer tissue can be evaluated 

by NMR-based and MS-based metabolomics procedures. Both NMR-based and MS-based metabolomics 

approaches have been used to study cancer. 

Figure 2 shows the altered metabolic energy pathways associated with cancer. In general, glycolysis 

is increased in cancer and is known as the “Warburg” effect [11]. The “Warburg effect” causes tumor 

cells to import glucose for glycolysis [86]. The main objective of glycolysis is to provide energy for 

the cancer cell [69], but there is increasing evidence that glycolysis is likely an adaptation to hypoxic 

conditions of the tumor cell and that glycolysis confers a significant growth advantage by producing 

the metabolites needed for cancer cells to grow [9,12,15]. 
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Figure 2. Energy and metabolic pathways and associated protein enzymes and transporters 

active in cancer. Metabolite abbreviations: KG, -ketoglutarate; FBP, fructose  

1,6-diphosphate; NADP, nicotinamide adenine dinucleotide phosphate; NADPH, reduced 

form of nicotinamide adenine dinucleotide phosphate; OAA, oxaloacetate; PEP, 

phosphoenol pyruvate; PYR, pyruvate. Protein abbreviations: ATPCL, ATP citrate lyase; 

CA, carbonic anhydrase; FASN, fatty acid synthase; GLUT, glucose transporter; GLNT, 

glutamine transporter; G6PD, glucose-6-phosphate dehydrogenase; HK, hexokinase; LDH, 

lactate dehydrogenase; MCT, monocarboxylate transporter; NHE1, Na+/H+ exchanger; PC, 

pyruvate carboxylase; PDH, pyruvate dehydrogenase; PK, pyruvate kinase; SDH, succinate 

dehydrogenase; TK/TA, transketolase/transaldolase. 

 

Glycolysis is a biochemical process that breaks down glucose and produces two ATP, two NADH 

and two pyruvate compounds. The fate of pyruvate in cancer cells depends on many factors including 

oxygen supply and the stage of the cancer tumor growth. Tumor glycolysis metabolism results in an 

increased acidic environment from the production of lactic acid that is toxic to most cell types but is 

tolerated by the tumor cell [87]. As lactic acid is released by the tumor, the acidic environment 

promotes tumor proliferation and invasion to healthy cells through degradation of the extracellular 

matrix and promotion of angiogenesis [12]. Glucose metabolism through glycolysis also generates the 

precursors for amino acids, nucleotides, and lipids that are needed for proliferating tumor cells. 

Glycolysis creates a continuous pool of pyruvate that can be converted to acetyl CoA by pyruvate 

dehydrogenase (PDH) and acetyl CoA can be used for de novo fatty acid synthesis [88]. Increased 

levels of fatty acids have been observed early in cancer progression, increased in breast cancer [89] and 

during carcinogenesis [90]. The NADPH that is required for fatty acid synthesis is produced by increased 
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glutaminolysis and up-regulation of the pentose phosphate pathway (PPP) in cancer cells [91,92]. Recent 

studies have shown that the PPP is up-regulated during glycolysis to produce nucleotides for RNA 

synthesis [26]. Increased glutaminolysis occurs in proliferating cells like tumor cells [93,94]. 

Glutamine is an abundant amino acid and glutaminolysis provides tumor cells with another source of 

energy when glycolysis energy production is not sufficient. In addition, glutamine degradation 

products are used for anabolic processes. Glucose and glutamine can both be metabolized to nucleic 

acids, amino acids and lipids that are needed for cell proliferation.  

Besides increased synthesis of amino acids, nucleotides and lipids that are needed for tumor 

proliferation, other metabolites have been reported as tumor biomarkers in the literature. Alanine is 

produced by transamination of pyruvate during hypoxic conditions found in liver and brain tumors [95]. 

Glycine is an essential precursor for purine synthesis that is decreased following hypoxia-inducible 

factor 1 (HIF-1) signaling [96]. Many metabolic profiling studies have focused on urinary levels of 

nucleosides as biomarkers of cancer [97] including leukemia [98], breast cancer [99–101], colorectal 

cancer [102], and hepatocellular carcinoma [103] and are detected independent of age or gender of the 

patient. Modified nucleosides are produced by methylation and oxidative damage to the DNA and both 

of these processes are known to be related to developing cancer. Modified nucleosides are not reused 

by cells and ultimately are excreted in the urine. Even though increased urinary levels of modified 

nucleosides have been detected in numerous cancer studies, the levels detected by different analytical 

techniques are not consistent from one lab to another. Therefore, there is a need to optimize the 

analytical techniques to detect nucleosides [97]; the use of widely accepted standardized quality 

control samples and procedures may help decrease inter-lab variability. During DNA methylation the 

methyl group on S-adenosyl-L-methionine (SAMe) is transferred to DNA by a family of DNA 

methyltransferase enzyme; in a similar process a methyl group is transferred from SAMe to glycine by 

glycine N-methyl transferase to produce sacrosine. Increased levels of urinary sarcosine has been 

observed in prostate cancer patients and were shown to be increased during prostate cancer progression 

and metastasis [104]. The prostate cancer study also showed that introduction of sarcosine induced a 

malignant phenotype [104]. 

Since 1951, fatty acid synthesis has been known to be increased in tumors [105]. Lipids are 

involved in many tumor processes including cell dislodgement, invasion, migration, and proliferation [24]. 

Choline, phosphocholine, phosphatidylcholine, and glycerophosphocholine are needed for cell  

wall synthesis and are increased in brain, breast, prostate and liver cancers [6,106–108]. 

Lysophosphatidylcholines (lysoPCs) are lipid intermediates that can used to form PCs or are the 

products of phospholipases acting on PCs. Decreased blood levels of lysoPCs have been observed in 

lung [109] and liver cancer [110] while lysophosphatic acid has been reported as increased in ovarian 

cancer [111]. Tissue levels of phosphoinositides have been increased in several tumors [112,113] while 

three phosphatidylinositols in plasma were found to be reduced in pancreatic cancer [78]. 

Phosphatidylinositols have been reported to be involved with signaling for cancer cell growth motility 

and proliferation [114]. Sphingolipids have been reported as tissue biomarkers of cancer for their role 

in cancer growth and proliferation and they have been used in anti-cancer therapy [115]. Sphingosine-1-

phosphate is released from cancer and is involved with tumorigenic and angiogenic properties of t 

umors [114,116,117]. The analyses of lipids have shown that they play a significant role in tumor 

metabolism, growth, and signaling and will be important components of cancer lipidomics studies. 
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High resolution magic angle spinning nuclear magnetic spectroscopy (HR-MAS-NMR) 

spectroscopy has been used to detect metabolic changes in cancer tissue samples [4,118,119].  

HR-MAS-NMR it is non-destructive to the tissue and has well-resolved spectra compared to in vivo 

MRS imaging. The spectral resolution quality in MAS-NMR has improved in recent years to the point 

where HR-MAS-NMR spectra of breast cancer tissues were comparable in quality to the spectra of 

perchloric acid extracts of cancer tissue [120]. HR-MAS-NMR has been used in open profiling with 

pattern recognition of spectra and by identifying specific metabolites as diagnostic biomarkers of 

cancer. An HR-MAS-NMR spectral library was used to find metabolic differences between glial and 

neural ectodermal tumors in children [121]. In another cancer study, HR-MAS-NMR was used to 

profile head and neck squamous cell carcinoma (HNSCC) tissue, matched normal adjacent tissue and 

lymph-node metastatic (LN-Met) tissue [122]. Higher levels of lactate, amino acids, choline and lower 

levels of triglyceride were found in the HNSCC and LN-MET tissues than adjacent normal tissue. 

These metabolites are associated with increased glycolysis, anaplerosis, membrane choline 

metabolism, and altered energy metabolism that are needed by cancer cells to deliver energy and 

substrates required for rapid cell proliferation. HR-MAS-NMR was used to obtain metabolic profiles 

of human malignant and non-malignant prostate tissue samples [123]. Metabolic ratios of 

(glycerophosphocholine and phosphocholine)/creatine, myo-inositol/scyllo-inositol, choline/creatine 

and other ratios were found to correlate with the number of tumor cells, tumor cell proliferation, and 

for non-malignant tissue the distance to the nearest tumor and its Gleason score. Gleason scores are 

determined on two tissue scores assigned by a pathologist to a biopsy or surgical tissue and provide 

some prognostic value. The first score is based on the tissue pattern it most likely resembles and the 

second score is the next tissue pattern it most likely resembles. The two pathology scores are added to 

determine the final Gleason score. The higher the Gleason score (ranges 2–10) the worse the 

prognosis. In a separate prostate cancer study, MRS was able to differentiate between Gleason scores 

of 6 and 7 and predict tumor perineural invasion [124]. In colorectal cancer, HR-MAS-NMR and 

GC/MS were used to determine that metabolites involved with glycolysis, hypoxia, lipid metabolism 

and inflammation were altered [125]. One advantage of HR-MAS-NMR approaches is that the results 

can be directly translated to MRS imaging studies. Furthermore, HR-MAS-NMR has been used to aid 

interpretation of proton MRS imaging of tumors. The translation of ex vivo MAS to in vivo MRS is a 

feature that should benefit the clinical use of MRS for cancer diagnosis. 

3.2. Imaging Metabolic Biomarkers 

X-ray, positron-emission tomography (PET), single photon-emission computed tomography 

(SPECT), magnetic resonance imaging (MRI), magnetic resonance spectroscopy imaging (MRSI), and 

ultrasound are in vivo imaging techniques that have been used to help diagnose cancer [126]. PET is a 

functional image of tumors that relies on the fact that tumors have increased glucose uptake compared 

to normal cells. PET uses a radiolabeled glucose analogue, 2-[18F]fluoro-2-deoxy-D-glucose (FDG), to 

detect glucose uptake by the tumor cells [127,128]. MRI and MRSI have been used to non-invasively 

diagnose and evaluate treatment to many types of cancer [129–134]. Dynamic contrast enhanced (DCE) 

MRI is often done with contrast agents to enhance the image quality for diagnostic purposes [133,135]. 

Diffusion weighted MRI measures the motion of water in tissue and provides information that is 
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complementary to standard MRI for the detection of oncology-related issues [134]. MRI is often used 

in combination with mammography to diagnose breast cancer and is much more accurate and sensitive 

than a mammogram alone [136,137]. MRSI is a technique that collects an NMR spectrum from a small 

three-dimensional voxel in the tissue. MRSI has advantages over standard MRI in that it can detect 

many of the metabolic changes in tumors besides glucose uptake and is better than MRI which only 

detects water density or water movement. MRSI has a disadvantage over MRI in that it has much longer 

acquisition times, harder to process the data, and lack of familiarity with clinicians. MRSI detection of 

choline has been used to diagnose and monitor breast [138], brain [139] and prostate cancers [140]. 

MRSI detection of choline has been reported to be 100% sensitive for detection of malignant versus 

benign breast tumors and could be used to reduce the need of unnecessary breast biopsies [138]. The 

ability to use single voxel MRSI data to classify nine different types of brain cancer has been 

successful [141]. Alusta and coworkers used four steps to process the MRSI data before building a 

classification modeling that included data normalization, re-calibration of the spectra to specific peaks, 

weighting of the data, and re-normalization of the MRSI spectral data. The four step data processing 

increased the accuracy of predicting nine different brain cancer categories from 31% to 95% [141]. 

3.3 Metabolomics and Cancer Drug Therapy 

The first medical therapies for cancer used chemicals that were called “antimetabolites” [142]. They 

were named antimetabolites because they were chemically similar to endogenous metabolites in select 

pathways and interfered with the normal metabolism in the pathway. Cytarabine, 5-fluorouracil, and 

methotrexate are antimetabolites that targeted late stage DNA synthesis. There is a lot of interest in 

targeting altered cancer metabolism as a therapeutic strategy during treatment [9,143,144]. De novo 

fatty acid synthesis is a cancer therapy target and the drug Orlistat and several other drugs target the 

fatty acid synthase (FASN) enzyme while other cancer drugs target ATP citrate lyase (ACLY). 

Lonidamine, 2-deoxyglucose, and 3-bromopyruvate are drugs being developed that target the 

glycolysis enzyme, hexokinase (HK), while another drug under development targets pyruvate kinase 

(PK). Each of these drugs should inhibit glycolysis, which is known to be upregulated in cancer. It is 

anticipated that cancer drugs that inhibit upregulated enzymes in cancer cells should reduce 

endogenous metabolites essential for cancer growth thus reducing cancer cell proliferation and may 

reduce transformation in pre-cancer cells. The levels of endogenous metabolites should start changing 

before the tumor reduces size, which is a common clinical end point for cancer therapy. Transporters 

are another cancer therapy target, where the drug phloretin targets the glucose transporter (GLUT) and 

the monocarboxylate transporter (MCT). There are several other drugs in clinical development that 

target MCT and cariporide is a drug in preclinical development that targets the Na+/H+ exchanger 

(NHE1). Compared with other omics, metabolomics is best suited to evaluate whether these cancer 

therapies ultimately cause changes to metabolic pathways while at the same time it can detect drug 

pharmacokinetics. Weiss [145] described a hypothetical pharmacometabolomics study that showed 

healthy patients responded in a way that was different from cancer treatment patients. Furthermore, 

there were metabolic differences in cancer patients that were taking endothelial growth factor inhibitors 

and those taking Raf inhibitors. Pharmacometabolomics was used to evaluate docetaxel-treated human 

breast cells and showed a dose-dependent and time-dependent response in phospholipid and 
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glutathione metabolism [146]. In the clinic, pharmacometabonomics has been used to show that the 

levels of lipids in patients taking capecitabine for inoperable colorectal cancer correlated with the 

severity of the toxicity; the higher the levels, the greater the severity [147]. In the future, it will be 

important to couple these pharmacometabolomics clinical cancer studies with other systems biology 

information, like genetics, miRNA, mRNA and imaging to determine whether the metabolic response 

can be correlated with cancer grade, adverse events, and whether the cancer is growing or receding. 

Because pharmacometabolomics has the capability to monitor how patients metabolically respond to 

drugs, there is a lot of interest in using metabolomics in cancer detection, cancer prognosis and cancer 

therapy management [148]. 

4. Conclusions 

Cancer is a disease that alters the metabolism of a cell and metabolomics approaches are being 

employed to better understand these changes in cancer metabolism. Both open and focused 

metabolomics approaches along with imaging techniques can be used to monitor metabolism in cancer 

for both diagnostic and prognostic biomarkers. The metabolomics biomarkers of cancer listed in the 

manuscript are just experimental and have not been validated. Some of these metabolomics biomarkers 

could be submitted to the FDA or Biomarker Consortium [149,150]. Metabolomics has shown a lot of 

promise for personalized medicine and cancer diagnostics; however, initial results are still 

experimental and it has to overcome many challenges in order to be fully implemented and reach its 

full potential. The challenges include globally accepted quality control standards, identification of 

unknown peaks, validation studies, the ability to differentiate between radiation damage and drug 

adverse events, addition of clinical metadata to metabolomics, sharing of clinical metabolomics data in 

the clinic with regulatory agencies, storing and interpreting the clinical metabolomics data, and 

implementing NMR spectrometers and MS in the clinical environment. Nevertheless, Nicholson and 

others have shown how metabolomics can be implemented in hospitals to phenotype patients during 

surgery and critical care [151,152]. Some of the metabolomics analyses need to be done rapidly, in real 

time for patients undergoing surgery. Recently, real time tissue analysis during surgery has been 

realized using evaporative ionization MS from the thermal degradation of tissue during electrosurgery 

that informs the surgeon whether the tumor being cut is malignant tissue [153]. The future of 

personalized medicine in cancer will use metabolomics to evaluate many parts of cancer patient care 

including diagnostic biomarkers, metabolic responses from patients taking drugs in terms of efficacy, 

informing the doctor about gut microbiome changes before, during and after surgery, adverse events, 

pharmaceutical kinetics and evaluation of prognostic markers to determine risks during surgery and cancer 

therapy. Metabolomics cancer studies are now being conducted with information about tumor genetics [154], 

and other systems biology information about the patient such as levels of miRNAs [155,156]  

proteins [154,157,158], and transcripts [81,154,159] and these combined approaches will become 

much more common in the future because the information metabolomics provides is downstream and 

complimentary to the other omics technologies. Metabolomics combined with other systems biology 

datasets will further our understanding of the complexity of cancer and detect personalized responses 

to cancer therapy [160]. The altered metabolism in tumors is leading to the development of many 

cancer drug therapies that target the altered metabolic pathways and associated enzymes or transporters 
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involved in cancer. Therefore, metabolomics analyses of tissue biopsies and biofluids from cancer 

patients and medical interventions to cancer will continue to be useful in providing a better 

understanding of the complex nature of cancer and for providing information to the clinician about the 

patient’s response to medical interventions to cancer. Standardized and accepted quality controls and 

metabolomics databases to help clinicians understand metabolomics results are still needed for 

metabolomics to be successful and broadly applied in the clinic setting. 
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