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ABSTRACT 

Breast cancer is an uncontrolled cell proliferation in the breast tissue causing alterations in 

cellular homeostasis, including cycle regulation, redox balance, cell signaling and energy 

storage. As lipids are biochemical intermediates in these processes, an untargeted lipidomic 

approach is proposed in order to study if there are significant differences in plasma lipid 

profiles between breast cancer subjects and healthy controls. In the present study, an 

untargeted lipidomic analysis was performed using plasma samples from a cohort 

consisting of 29 breast cancer subjects and 29 healthy controls. Lipids were extracted 

vortexing 20 μL of plasma with an MTBE/methanol/water (2:1:1,25) mixture during an 

hour at room temperature. Subsequently, the mixture was centrifuged at 3.000×g for 10 

min at 20°C. The upper organic layer was recovered and injected onto a C8 column (Luna 

3u C8 150 x 2.0 mm from Phenomenex) for lipid separation and further analysis by high 

resolution mass spectrometry (HRMS) under ESI+ and ESI- mode. The raw mass data 

were handled and processed to achieve peak detection, deconvolution, alignment, 

integration and filtering. Chemometrics of data consisted in univariate (t-test) and 

multivariate data analysis (PCA and OPLS-DA) to find statistically relevant differences 

between both study groups. Lipid putative identification was first established, by matching 

accurate m/z values and retention times with databases, and subsequently verified with 

MS/MS analysis with the most representative species. The results indicate that several 

triacylgliceride (TG), diacylglyceride (DG) and phosphatidylcholine (PC) species are 

significantly increased in breast cancer plasma samples, predominantly with 

polyunsaturated long carbon acyl chains. These results are consistent with the high demand 

of membrane structural components, cellular messengers and energy storage to hold the 

uncontrolled proliferation of breast cancer cells. Therefore, despite of the limitations of 

case-control studies, such changes could be involved in the characteristic lipid profile of 

breast cancer and they have the potential to discriminate breast cancer plasma samples 

from healthy control ones. 

 

Keywords: lipidomics, breast cancer, chemometrics. 

 

 

 

 



10 

 

CHAPTER 1. INTRODUCTION 

Breast cancer is becoming a public health problem for both industrialized and developing 

countries, due to its higher incidence, mortality and prevalence in women [1]. According to 

an estimation of the International Agency for Research on Cancer a quarter of all cancer 

types in women around the world were breast cancer type in 2012 [2]. In Colombia around 

8.600 new breast cancer cases are diagnosed annually [3]. The problem has been faced 

employing three different approaches: screening to detect breast cancer at early stages in 

routine examination; diagnosis to confirm breast cancer presence and possible spread; and 

monitoring during and after treatment to follow up the therapy effectiveness and signs of 

recurrence. Current methodologies for these approaches involve physical examination 

methods including, clinical examination, mammogram, ultrasound, magnetic resonance 

imaging (MRI) and biopsy [4]. However, a routine examination is still required to allow a 

diagnosis in early stages, in order to decrease the medical expenditures associated for 

treatment and monitoring, as well as increase survival rate [5]. 

Biological fluids provide an accessible good source of information for screening and 

monitoring analysis, because they reflect the changes in the body to maintain homeostasis 

under internal and external stimulus, such as cancer progression. Alterations in lipid 

expression have been identified in breast cancer, and also in other common cancer types, as 

a response to metabolic changes related to cancer transformation. Cancer cells have a 

characteristic lipogenic phenotype  [1], because lipids mediate many biological processes, 

which comprise signaling, growth, proliferation, motility and invasion capacity[6, 7]. In 

recent years, the lipogenic phenotype of cancer has been proposed for the development of 

a cancer-screening test employing biological fluids.  

Serum, plasma and urine have been studied in lipid profiling and lipid biomarker discovery 

applying breast cancer samples. Hammad et al. reported statistically significant changes in 

phosphatidylcholine concentrations in serum patient samples compared to controls [8]. 

Kim et al. also reported an increase in total concentration of phosphatidylcholine, 

phosphatidylethanolamine, and phosphatidylserine, compared to control urine samples [9, 

10]. Qiu et al. discovered significantly lower levels of lysophosphatidylcholine and higher 

levels of spingomiline in plasma samples from breast cancer patients. They also reported a 

statistical method with three metabolites (lysoPC a C16:0, PC ae C42:5 and PC aa C34:2) to 

differentiate breast cancer patients from healthy controls, with high sensitivity and 

specificity [11]. However, the breast cancer lipid profile has not been completely 

characterized and therefore different approaches contribute to understand the alterations 

and the mechanisms responsible for the abnormal lipid metabolism in breast cancer. 

Considering the key role of lipids in breast cancer progress and the evidence found in 

literature, significant differences between both breast cancer (BCP) and healthy controls 

(CP) lipid plasma profiles are expected to show up. Therefore, the aim of this study is to 

determine the existence of lipid plasma species, capable to discriminate between both 

groups, using chemometric statistical analysis. For this purpose, lipids were extracted using 

an MTBE method, followed by a separation of lipid classes by RPLC, and subsequent 

analysis by high resolution mass spectrometry. Then, raw data were handled and processed 

for chemometrics, employing univariate and multivariate data analysis. Significant variables 
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were selected and putatively identified, giving a biological interpretation of the results. As a 

result, biologically meaningful lipids for breast cancer in plasma arise from the study, which 

could be probably helpful in the development of breast cancer screening, diagnosis or 

monitoring tests. This work is also part of a current multiplatform project in metabolomics 

titled “Metabolomic profiling of breast cancer patients” as the doctorate thesis of Mónica 

Cala M. using the same plasma samples, for further data correlations under other analytical 

platforms, as GC and NMR. 

In this thesis, a theoretical framework is presented in chapter 2, beginning with lipid 

definition, properties and classification, followed by its metabolism and link with breast 

cancer, as well as lipid analysis techniques under a lipidomic approach, ending with 

chemometric analysis applied to lipidomic data. Chapter 3 describes methods and 

considerations used for lipid sampling, analysis and data treatment. Results and discussion 

are presented in chapter 4, including the biological interpretation and chapter 5 shows 

conclusions and further recommendations of the work. Appendix A provides the ethical 

definitions to fulfill the ethical considerations and the informed written consent of 

participants in this study. 
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  CHAPTER 2: THEORETICAL FRAMEWORK 

2.1. LIPIDS 

 

Lipids have been broadly defined as amphiphilic organic molecules, poorly soluble in water 

but miscible in organic solvents [12, 13]. Since that definition was ambiguous and 

nonspecific, new definitions arose trying to describe its large diversity. Nowadays, the most 

accepted lipid definition is based on its origin, as “hydrophobic or amphipathic small 

molecules that originate entirely or in part by carbanion-based condensations of thioesters 

and/or by carbocation-based condensations of isoprene units” [14], which are shown in 

figure 1. 

 

 

 

 

 

 

Adapted from (http://www.lipidmaps.org/resources/tutorials/lipid_tutorial.html) 

The relevance of lipids lies in being essential cellular constituents, playing a critical role in 

cell functions. First, the majority of cellular lipids form a membrane bilayer, whose 

integrity, maintenance and physiochemical properties are vital for life processes [13]. 

Second, lipids provide an appropriate hydrophobic environment for regulation of cell 

permeability, membrane protein functions and modulates interactions with internal and 

external stimulus [15]. Third, cellular lipids serve as reservoirs for energy storage, which can 

be rapidly accessed at times of demand [16]. Finally, membrane lipids are the source of 

second messengers generated by the actions of a variety of intracellular enzymes, regulating 

such processes as cell growth, apoptosis, reproduction, inflammation, immunity and blood 

pressure [14, 17]. For this reason, thousands of individual lipid molecular species are 

present just in a single cell, interacting with each other inside its different compartments. 

The complete lipid profile within a cell, tissue, or organism is described by the lipidome, 

which actually is a subset of the metabolome that also includes the three other major classes 

of biological molecules, namely amino acids, sugars, and nucleic acids [18, 19], as is 

summarized in figure 2.  

Lipid molecules are classified by the International Committee for the Classification and 

Nomenclature of Lipids (ICCNL) in eight categories, based on their chemical 

functionalities [14], see figure 3. The fatty acyls (FA) structure is based on a hydrocarbon 

chain with a carboxylic acid group at the end, and it is synthesized by chain elongation of 

an acetyl coenzyme A (acetyl-CoA) primer, with malonyl-CoA or methylmalonyl-CoA 

groups. This category includes various classes of fatty acids and conjugates, eicosanoids, 

and hydrocarbons.  

Ketoacyl units Isoprene 
unit

Figure 1. Lipid biochemical building blocks. 
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Figure 2. Metabolome, lipidome and biological functions of lipids 

Structures with a glycerol group in the backbone are represented by two distinct categories: 

the glycerolipids (GL), and the glycerophospholipids (GP). Glycerolipids are made of 

mono-, di- or tri-substituted glycerol with fatty acids or sugar residues, including the species 

of mono-, di-, triacylglycerol and glycolipids respectively. Glycerophospholipids also have a 

mono- or di- substitution in the positions sn-1 and sn-2 of glycerol, but it is esterified to a 

phosphate, or phosphonate group in the position sn-3. This group could be further 

classified into subclasses and individual molecular species according to the polar headgroup 

at the sn-3 position of the glycerol backbone in eukaryotes, comprising 

phosphatidylcholine (PC), phosphatidylethanolamine (PE),phosphatidylinositol (PI) and 

phosphatidylserine (PS). 

The sterol lipids (ST) and prenol lipids (PR) share a common biosynthetic pathway via 

the polymerization of dimethylallyl pyrophosphate/isopentenyl pyrophosphate but have 

differences in terms of their structure and function. Sterol lipids have a core signature of 

four fused rings, and includes the cholesterol and derivatives, steroids, bile acids and their 

derivatives. Prenol lipids are built by the successive addition of C5 units and classified as 

isoprenoids, quinones, hydroquinones, polprenoils, and others. 

Sphingolipid (SP) structures contain a long chain base as their core structure, which is 

synthesized de novo from serine and a long-chain fatty acyl-CoA. It can be subdivided into: 

the sphingoid bases and their simple derivatives, the sphingoid bases with an amide-linked 

fatty acid (e.g., ceramides), and more complex sphingolipids with head groups that are 

attached via phosphodiester linkages, via glycosidic bonds, and other groups. 

Saccharolipid (SL) cover lipids in which fatty acyl groups are linked directly to a sugar 

backbone, and its classification is difficult due to its diverse and complex structures. Finally 

polyketides (PK) are another varied group of metabolites from plant and microbial 

sources, which are synthesized by polymerization of acetyl and propionyl subunits. Their 

great structural diversity is cataloged depending on its function as secondary metabolites 

and natural products. [14, 20]. 

Lipid diversity is not limited only to its biosynthetic pathway or function, but also to the 

hydrocarbon chain length, cyclization, heteroatoms, multiple carbon-carbon bonds (type, 

number, position and stereoisomerism), linkages, polar groups, as is exemplified in figure 4. 
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Figure 3. Lipid categories, structure, and examples 

Adapted from Blanksby & Mitchell (2010) 
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Therefore, the possible number of individual molecular species in each category is very 

extensive, even without considering the possible isobars and isomers species, see figure 5 

[19, 21, 22].   

 

Figure 4. The lipid diversity within the same species. Phosphatidylcholine 20:1/14:0 as 
example shows the diversity in polar head, hydrocarbon chain length, number and position 

of double bounds and type of bounds between the glycerol backbone and acyl groups. 
Adapted from Shevchenko & Simons (2010) 

Despite of the challenges in lipid nomenclature and study, there are general accepted 

guidelines for lipid systematic names, which are defined by the International Union of Pure 

and Applied Chemists and the International Union of Biochemistry and Molecular Biology 

(IUPAC-IUBMB). Taking into account the dimension of these guidelines, here only the 

following consensus about its nomenclature, necessary to understand this document is 

presented below. 

 

 

 

 

 

 

 

 

 

 

 Figure 5. The lipid diversity between the same species. Phosphatidylcholine 20:1/14:0 as 
example shows the possible isobars and isomers. Taken from Shevchenko & Simons 

(2010) 
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■ For fatty acids and acyl-chains, carboxyl carbon is C-1, and carbon farthest from 

carboxyl is ω.  

■ The stereospecific numbering (sn) is used to localize the substitution at the 3 hydroxyl 

groups of the glycerol-based lipids. Acyl or alkyl chains are typically linked to the sn-1 

and/or sn-2 positions of glycerol, and the polar groups at sn-3. See figure 6. 

 

 

Figure 6. Example of stereospecific numbering for a triacylglyceride.                             
Taken from http://lipidlibrary.aocs.org/Primer/content.cfm?ItemNumber=39366 

■ There are three different linkage types between glycerol an acyl or alkyl chains: ester, 

alkyl ether, and vinyl ether linkages, which are called phosphatidyl-, plasmanyl- and 

plasmenyl- respectively. 

■ The prefix “lyso”, denoting the position lacking an acyl group in glycerolipids and 

glycerophospholipids. 

■ Glycerolipid abbreviations (MG, DG ,TG for mono-, di- and triacylglycerols 

respectively) are used to refer to species with one to three acyl side-chains where the 

structures of the side chains are indicated within parentheses in the 

'Headgroup(sn1/sn2/sn3)' format, for instance TG(16:1/18:1/16:0) or TG (50:2) in case 

the acyl groups are not known. 

■ Glycerophospholipid abbreviations are used to refer to species with one or two radyl 

side-chains where the structures of the side chains are indicated within parentheses in the 

'Headgroup(sn1/sn2)' format, for example PC(16:0/18:1) or PC(34:1) in case the acyl 

groups are not known. 

 

2.2. LIPID METABOLISM AND BREAST CANCER 

 

In adult normal cells, lipid acquisition comes from two bloodstream sources, including 1) 

free fatty acids and 2) fatty acids complexed to proteins such as high-density lipoproteins 

(HDL). These lipids arise from exogenous dietary sources and through de novo 

endogenous synthesis, which take place mostly in the liver, adipose tissue and the lactating 

breast. Then, fatty acids could be stored as triglycerides in intracellular structures called 

lipid droplets [1, 23]. When cells require energy generation from reserved lipid stores, fatty 

acids can be released through lipolysis, regulated by adipose triglyceride lipase (ATGL) and 

the PAT protein perilipin (PLIN) [23, 24]. 
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Adapted from Li & Cheng (2004). 

The acetyl groups required for fatty acid synthesis are provided mainly by citrate, which is 

produced in the tricarboxylic acid cycle. Subsequent conversion of citrate into acetyl-

coenzyme A and oxaloacetate is catalyzed by adenosine triphosphate-citrate lyase (ACL). 

Then, oxaloacetate can be converted into pyruvate by malic enzyme. This reaction pathway 

generates NADPH, which along with the NADPH-producing reactions in the pentose 

phosphate pathway, provides the reducing power for lipid synthesis from carbohydrates 

[23]. 

Acetyl-coenzyme A is then activated through a carboxylation by acetyl-CoA carboxylase 

enzyme (ACC) to produce malonyl-CoA, which requires ATP and biotine. Later, acetyl and 

malonyl groups are coupled to the acyl-carrier protein domain of the multifunctional 

enzyme fatty-acid synthase (FASN), and repeated condensations of acetyl groups generate 

basic 16-carbon saturated fatty acids (palmitic acid), as is shown in figure 7 [25].  

Chain elongation and desaturation take place at the cytoplasmic face of the endoplasmic 

reticulum membrane in order to obtain a variety of chain lengths and saturations of fatty 

acids. On the one hand, elongation is produced by the activity of a family of enzymes called 

elongation of very-long-chain fatty-acid proteins (ELOVL), which add two carbons to the 

end of the chain in each cycle of reactions. On the other hand, desaturation is catalyzed by 

fatty acyl-CoA desaturases, which includes the stearoyl-CoA desaturases (SCDs)[1, 23]. 

 

 

 

 

 

 

 

 

 

 

 

 

Significant changes between cancer and non-cancer lipid phenotype have been detected 

since 1960s, employing mainly TLC and GC, which only gives information about the 

general lipid content, like amounts and proportions of triglycerides, cholesterol or fatty 

acids, in animal and human models [26-29]. In 1966, Rees et al. studied lipid composition 

of mammary glands and mammary carcinomas from rats in various hormonal states, the 

differences between tissues were in amounts of triglyceride present and proportions of 

fatty acids in the triglyceride fraction [28]. Hilf et al. in 1970 compared lipids in human 

breast cancer and normal breast tissue, finding differences in cholesterol, FFA, 

triglycerides, and cholesterol esters in infiltrating ductal carcinomas [26]. Sakai et al. had 

 

 

      

ACC 

ACL 

Figure 7. Overview of cellular fatty acid metabolism. 
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similar conclusions, with additional data on the fatty acid composition of phospholipids 

and triglycerides [29]. And in 1996, Kuhajda et al. found OA-519 as prognostic molecule in 

tumor cells from breast cancer patients, which corresponds to FASN [27]. Since then, 

several studies have shown that tumor cells undergo exacerbated de novo lipid biosynthesis 

of fatty acids to supply their metabolomic requirements [30]. An increased expression of 

FASN, ACL and ACC have been reported for cell transformation in breast and prostate 

cancers suggesting that FFA synthesis plays an important role in development of cancer 

phenotype [31-34].  

However, only when mass spectrometry was used for lipid identification, specific 

information about lipid structure and conformation was acquired. In the last decade, many 

studies with human breast cancer samples have been carried out under the lipidomic 

approach, which allows a simultaneous analysis of all lipids in a given sample through high 

resolution mass spectrometry [1]. Principal studies are summarized in table 1, including 

different samples sources as cell cultures, serum, plasma and urine under different analysis 

approaches. Significant differences between breast cancer samples and non-disease ones 

involves species of PC, PE, PI and SM, both in type and relative concentrations. Moreover, 

differences have been found in the number of insaturations in fatty acids, usually higher in 

breast cancer as a response of the oxidative stress [35, 36].  

Table 2 summarizes the lipid species found altered in several of the studies reviewed. LPC, 

PC, PE and PI species are significantly altered in breast cancer along the studies and 

correlations could be done between them even with samples with different origins, 

reflecting the importance of glycerophospholipids in the characteristic lipid phenotype of 

breast cancer. 

In breast cancer cells around 95% of fatty acids are synthesized endogenously regardless 

the abundance of extracellular fatty acids available from exogenous dietary sources. 

Therefore, cancer cells are highly dependent on de novo lipogenesis for their proliferation, 

motility and invasion, and is for this reason that lipogenesis is activated at a relatively early 

stage in various types of tumors [2, 28]. The principal destination of fatty acids in cancer 

cells is to form phospholipids, which will be incorporated within cell membranes, to 

provide increased quantity of cellular membranes necessary for rapid proliferation. It has 

been suggested that saturated fatty acids in cell membrane protect cells from both 

endogenous and exogenous damage [42], and unsaturated FAs generates changes in 

permeability, mobility and uptake of nutrients and drugs [43]. 

 

2.3. LIPID ANALYSIS TECHNIQUES 

 

Since 2003 [37], lipid analysis is included under the term lipidomics, as “the full 

characterization of lipid molecular species and of their biological roles with respect to 

expression of proteins involved in lipid metabolism and function, including gene 

regulation” [18] and comprise all the analytical techniques available for lipid 

characterization. Lipid analysis is performed using several analytical approaches that include 

gas chromatography (GC), thin-layer chromatography (TLC), liquid chromatography (LC), 

mass spectrometry (MS), nuclear magnetic resonance (NMR), and fluorescence
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Table 1. Literature review of lipid analysis in human breast cancer samples through mass spectrometry. 

AUTHOR SAMPLE TECHNIQUES 
DATA 

ANALYSIS 
TYPE OF STUDY 

NUMBER OF 
SAMPLES 

RESULTS 

Hammad et 
al., 2009 

[8] 
Human serum ESI-microTOF 

PCA, ANOVA 
and ROC analysis 

Differences in serum PC 
content between stage-IV 
breast cancer patients and 
disease-free individuals 

25 disease-free 
individuals and 50 
patients diagnosed 
with stage-IV breast 
cancer 

PC lipids displayed a statistically significant change as a 
consequence of cancer progression. 

Kim et al.,  
2009  
[9] 

Human urine 
nLC-ESI-MS-
MS 

None 
Qualitatively and 
quantitatively study of PCs 
and PEs  

Urine of 5 non-cancer 
controls and 5 breast 
cancer patients before 
and after surgery 

Total concentration of PCs and PEs of patient sample 
increased to (144±9)% and (171±11)%, respectively, 
compared to control sample but they decreased 
significantly following surgery. 

Hilvo et al., 
2011 
[38] 

Human breast tissues 
UPLC-ESI-
QTOF 

Wilcoxon rank-
sum test 
Kernel-based 
Orthogonal 
Projections 

Analysis of global lipid 
profiles 

267 human breast 
tissues 

The overall amount of saturated fatty acids known to 
make the cell membrane less fluid increases in the most 
aggressive tumors. One of the consistently implicated 
lipids was PC(14:0/16:0) which was the most 
significantly changed lipid. The membrane 
phospholipids including PC, PEs, and PIs, as well as 
SM and Cer, were the most increased lipids in tumors 
(comparition ER- y ER+) 

Dória et al., 
2013 
[39] 

Human mammary 
epithelial and breast 
cancer cell lines 
(MCF10A, T47-D, 
and MDA-MB-231). 

TLC 
IT-ESI-MS 
QQQ-ESI-
MS/MS 
 
 

ANOVA and 
Tukey´s multiple 
post-test. 

Establish PL profiles 
Human mammary 
epithelial cells and 
breast cancer cell lines. 

Differences in PL profiles between non-malignant and 
cancer cells as a decrease in PC (14:0/18:1 and 
16:0/16:1) and PI (16:0/18:1 and 16:1/18:0) and PI 
(18:0/18:1); metastatic potential was associated to PC 
(O-16:0/18:1) and PC (O-16:0/20:1) and PI (22:5/18:0) 
which were highest in MDA-MD-231 cells. Alterations 
between epithelial and spindle-shaped morphology 
(migratory potential) were associated to a decrease in 
epithelial PCs and SMs. 

Ide et al., 
2013 
[40] 

Human breast cancer 
tissues 

MALDI-IMS 
Pearson’s chi-
square test 

Visualize PCs and LysoPCs  
29 patients had been 
diagnosed with breast 
cancer 

The relative amounts of PC(36:1) compared to 
PC(36:0) and that of PC(36:1) to LPC(18:0) were 
significantly higher in the cancerous areas. The ratios of 
the signal intensity of PC(36:1) to that of PC(36:0) was 
higher in the lesions with positive ER expression. 

Kawashima 
et al., 2013 

[41] 

Human breast cancer 
tissues 

High-resolution 
MALDI IMS 

Welch’s t-test Distribution of PI 

10 malignant breast 
cancer tissues from 
primary tumor sites 
and benign mammary 
gland tissues 

Revealed the accumulation of PI(18:0/20:3) as a 
phenotype of cancer cells that might be associated with 
their invasion capacity. 
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Table 1. Cont’d. 

AUTHOR SAMPLE TECHNIQUES 
DATA 

ANALYSIS 
TYPE OF STUDY 

NUMBER OF 
SAMPLES 

RESULTS 

Qiu et al., 
2013 
[11] 

Human plasma 
samples 

ESI-MS/MS 
HPLC- QTRAP 

OPLS-DA Establish PL profiles 
55 breast cancer 
patients and 25 healthy 
controls 

39 differentiating metabolites were identified, including 
significantly lower levels of LPC and higher levels of 
SM in plasma samples obtained from breast cancer 
patients compared with healthy controls. Using logical 
regression, a diagnostic equation based on three 
metabolites (lysoPC a C16:0, PC ae C42:5 and PC aa 
C34:2) successfully differentiated breast cancer patients 
from healthy controls, with a sensitivity of 98.1% and a 
specificity of 96.0%. 

Cifkova et 
al., 2015 

[42] 

Human breast cancer 
and surrounding 
normal tissues 

HILIC-
HPLC/ESI-MS 

PCA and OPLS 
Quantitation of PL using a 
nontargeted lipidomic 
analysis 

10 human breast 
cancer tumors 
classified as luminal A 
or luminal B 
 

A large increase of total concentrations for several lipid 
classes, including PIs, PEs, PCs, and LPCs. A decrease 
of relative abundances for pPE and ePE (but not for 
pPC and ePC). The presence of phospholipids with the 
general formula C34:1 (mainly combination of C16:0 
and C18:1) 

He et al., 
2015 
[6] 

Human mammary 
epithelial cells (MCF-
10 A) and six 
different breast 
cancer cell lines (i.e., 
BT-20, MCF-7, SK-
BR-3, MDA-MB-231, 
MDA-MB-157, and 
MDA-MB-361) 

MALDI-FTICR 
MS 

PLS-DA. 
 

Untargeted membrane lipid 
profiling 

7 human mammary 
epithelial cell lines 

Elevated levels of polyunsaturated lipids. 8 lipids could 
differentiate non-malignant MCF-10A cells from six 
different breast cancer cell lines and that a combination 
of 15 lipids could differentiate six different breast 
cancer cells, including several PEs, PCs and SM species. 

Yang et al., 
2015 
[43] 

Human benign breast 
tumor 

NP/RP 2D LC-
MS 

PCA and 
Mann– Whitney U 
test. 

Quantitative analysis 

Six benign breast 
tumor patients and five 
breast cancer patients. 
As well nine healthy 
controls 

Two PI species, including PI (16:0/16:1) and PI 
(18:0/20:4), could differentiate between benign and 
malignant breast tumors, as well as breast cancer 
patients and healthy controls. In addition, PI 
(16:0/18:1), PG (36:3), and GluCer (d18:1/ 15:1) were 
demonstrated to be potential biomarkers to evaluate 
the level of malignancy of breast tumor. 
 

You et al., 
2015 
[44] 

Human breast cancer 
cell cultures 

RPLC-ESI-QqQ 
 

t-student 
Profiles of 
phosphatidylcholines and 
lysophosphatidylcholines 

Breast cancer cells. 
MCF-7 and LM-MCF-
7 

Levels of 10 species of LPCs and 6 species of PCs were 
lower in LM-MCF-7 cells than that in MCF-7 cells. 
 

  

1 

2 
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Table 2. Lipid species found altered in more than one breast cancer study. 

LIPID 
SPECIE 

COMPOUND 
MOLECULAR 

FORMULA 
MASS 

 (g/mol) 
AUTORS 

LysoPC 

LPC(16:0) C24H50NO7P 495,6 Dória et al., 2013; Ide et al., 2013; Qiu et al., 2013 

LPC(18:1) C26H52NO7P 521,7 Dória et al., 2013; Qiu et al., 2013; You et al., 2015 

LPC(18:0) C26H54NO7P 523,7 
Dória et al., 2013; Ide et al., 2013; Qiu et al., 2013;  

You et al., 2015 

PC 

PC(30:0) C38H76NO8P 706,0 
Hilvo et al., 2011; He et al., 2015 

PC(33:2) C41H78NO8P 744,0 

PC(34:1) C42H82NO8P 760,1 
Hilvo et al., 2011; Ide et al., 2013; He et al., 2015 

PC(36:1) C44H86NO8P 788,1 

PC(18:1/20:4) C46H82NO8P 808,1 Hilvo et al., 2011; Cifkova et al., 2015 

PC(18:0/20:4) C46H84NO8P 810,1 Hilvo et al., 2011; Cifkova et al., 2015; He et al., 2015 

PC(34:2) C42H80NO8P 758,1 Hammad et al., 2009; Kim et al., 2009; Qiu et al., 2013 

PC(38:6) C46H80NO8P 806,1 Qiu et al., 2013; Cifkova et al., 2015 

PC(40:6) C48H84NO8P 834,2 Hilvo et al., 2011; Qiu et al., 2013; You et al., 2015 

PC(O-42:4) C50H94NO7P 852,3 

Qiu et al., 2013; You et al., 2015 PC(C42:5) C50H90NO8P 864,2 

PC(42:4) C50H92NO8P 866,2 

PC(16:1/16:0) C40H78NO8P 732,0 Kim et al., 2009; Hilvo et al., 2011; Ide et al., 2013 

PC(16:0/16:0) C40H80NO8P 734,0 Kim et al., 2009; Hilvo et al., 2011; He et al., 2015 

PC(16:0/20:4) C44H80NO8P 782,1 Hammad et al., 2009; Hilvo et al., 2011; Cifkova et al., 2015 

PE 

PE(34:1) C39H76NO7P 702,0 Hilvo et al., 2011; Cifkova et al., 2015 

PE(18:1/18:0) C41H80NO7P 730,1 Hilvo et al., 2011; Dória et al., 2013; Cifkova et al., 2015 

PE(18:2/18:2) C41H74NO8P 740,0 Kim et al., 2009; Cifkova et al., 2015; He et al., 2015 

PE(P-
16:0/20:4) 

C41H74NO8P 740,0 Hilvo et al., 2011; Cifkova et al., 2015; He et al., 2015 

PE(P-38:5;O-
38:6) 

C43H76NO7P 750,0 
Cifkova et al., 2015; He et al., 2015 

PE(P-38:4;O-
38:5) 

C43H78NO7P 752,1 

PE(38:3) C43H80NO8P 770,1 Hilvo et al., 2011; He et al., 2015 

PI 

PI (16:0/18:1) C43H81O13P 837,1 Kawashima et al., 2013; He et al., 2015; Yang et al., 2015 

PI(36:1) C45H85O13P 865,1 He et al., 2015; Dória et al., 2013 

PI(20:4/18:0) C47H83O13P 887,1 
Kawashima et al., 2013; Dória et al., 2013; Hilvo et al., 2011; 

He et al., 2015; Yang et al., 2015 

PI(20:3/18:0) C47H85O13P 889,1 Kawashima et al., 2013; Dória et al., 2013 

 

spectroscopy; each of which cover the analysis of certain subset of lipids, with their 

advantages and disadvantages [45]. Moreover, mass spectrometry, LC-MS and LC-MS/MS 

methods are the most reported ones for lipid analysis in the scientific literature, followed by 

GC-MS, NMR, and TLC respectively [46]. 

The extensive use of MS and LC-MS techniques for lipid analysis is due to several reasons. 

First, MS provides a higher sensitivity and molecular specificity, comparing with other 

experimental approaches; while it has the ability to resolve a large compositional and 

structural diversity of lipids in biological systems, including several ion sources available, 

with a rapid data acquisition and accuracy. Nevertheless, in order to achieve a lipid 
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distinction and further characterization, a prior separation is needed. As a result, LC is 

widely used as a miscellaneous and simple lipid separation method, which do not require 

pre- or post-column derivation (as in GC or TLC) in order to increase the instrument 

response for detection. Meanwhile, it is also suitable for covering the analysis for most of 

the lipid species, with the ability to separate complicated lipid mixtures with high selectivity 

and resolution [47, 48]. Therefore, the development of LC-MS methods has been relevant 

in identifying and characterizing lipid structures from diverse biological samples over the 

last few decades [48].   

Generally, the LC-MS methodology for lipid studies involves: (1) lipid extraction to 

remove interfering agents and increase the analyte relative concentration. It is mainly based 

on liquid−liquid extraction (LLE) or solid phase extraction (SPE). (2) Lipid 

chromatographic separation, in order to reduce sample complexity by separating lipid 

molecules into classes and/or species. In addition, it enhances the detection of isobars and 

isomers, and decreases the ion-suppression effects in the further ionization process. The 

analysis are typically performed employing reversed-phase (RP), normal-phase (NP) and 

hydrophilic interaction liquid chromatography (HILIC). 3) Lipid mass spectra 

acquisition includes ionization, analysis, detection and data storage for obtaining the 

accurate mass of individual lipid species and its fragmentation pattern. Electrospray 

ionization (ESI) and matrix-assisted laser desorption ionization (MALDI) are commonly 

used as ion sources for ionization. 4) Data handling and analysis allow the interpretation 

of the chromatograms and mass spectra for lipid identification, employing mass spectral 

libraries either experimental or in silico. Each of these steps are discussed in detail below.  

 

2.3.1. Lipid extraction 

 

For lipid analysis the extraction methods often are fast, reproducible, and able to extract a 

wide range of analytes with different polarities. However, the choice of a particular method 

depends on the compatibility with the instrumental technique and the amount of sample 

available. Several sample preparation methods have been applied for lipid extraction of 

biological samples with the goal of improving overall lipid coverage, including LLE, 

organic solvent precipitation, and SPE [46]. However, the most common extraction 

procedures for lipids involve LLE because of its simplicity, efficiency and wide coverage 

over all lipid classes [49]. 

The two conventional LLE methods for lipid extraction in biological matrices are: 1) Folch 

method, which employs roughly a 20-fold excess of a mixture of chloroform/ MeOH (2:1, 

v/v) for the extraction [50] and 2) Bligh– Dyer method, that also is based on a mixture of 

chloroform/MeOH (1:2, v/v), but uses a subsequent addition of 1 volume of chloroform 

and 1 volume of water [51]. Moreover, these methods are usually modified in order to 

obtain a better efficiency or to reduce their toxicity replacing chloroform by other solvents, 

as dichloromethane. In all cases, after phase separation, the organic phase remains at the 

bottom, followed by a proteinic interphase and the aqueous phase at the top, as in shown 

in figure 8.   

However, the above-described methods use toxic solvents and make difficult the collection 

of the  organic  bottom-phase, because it is necessary to cut across  the  protein  interphase. 
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Figure 8. Comparison of organic-aqueous layer distribution between the three main 
methods for lipid extraction. 

Therefore, new extraction methods have did emerge, such as: 3) methyl tert-butyl ether 

(MTBE) method, which involves addition of MeOH and MTBE (1.5:5, v/v) to the sample 

and phase separation induced by adding water. Its principal advantage come from the low 

density of the MTBE (0.7404 g/mL), that generates a system where the protein layer is at 

the bottom of the lower aqueous phase, while the organic phase remains at the top, see 

figure 8. Thus, the collection of the organic phase is improved, minimizing dripping losses, 

and also decreasing toxicity because of the lack of chlorinated solvents [52]. Besides, the 

extraction efficiency of the MTBE method is quite comparable with the 

chloroform/MeOH ones, as is show in figure 9, where recovery using MTBE extraction is 

very similar for the main lipid species. 4) Lofgren method employs a BuOH/MeOH 

mixture (3:1, v/v) followed by two-phase extraction into heptane/EtOAc (3:1, v/v) using 

1% acetic acid as buffer. As a simple procedure, organic solvent precipitation with MeOH 

or ACN can be used, decreasing required time and toxicity, but the extraction efficiency for 

certain lipid classes is lower than that of chloroform/MeOH or MTBE extraction 

protocols [53]. 

Figure 9. Comparison of recovery between the three main methods for lipid extraction. 

Adapted from Matyash et al. (2008) 
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2.3.2. Lipid chromatographic separation  

 

TLC, GC and LC have been used for lipid research for many years. In the beginning, TLC 

was the most widely and accepted method for lipid analysis, as it provides a fast, simple, 

and inexpensive technique to achieve separation for all kind of lipids. However, TLC has a 

restricted resolution and does not provide further structural information, which 

significantly limits its application. Then, GC-MS techniques were implemented taking into 

account that usually lipids are not volatile and some lipids are easily degraded under high 

temperature, making necessary complex derivatization steps before separation. The 

derivatization may eliminate structural information about lipid molecular species, and there 

does not exist a derivatization process for all lipid classes in a sample. Therefore, when 

using GC to analyze lipids, is necessary to define a subset of lipids for a complex pre-

separation. These problems result in the much less frequent application of GC comparing 

to LC for lipid analysis. Besides, LC is characterized by a good reproducibility, selectivity 

and resolution that can separate complex mixtures in almost all lipid molecular species 

without prior derivatization, improving separation and reducing analysis time [1]. 

Considering lipid structure, the expected interactions between lipids and the phases in LC 

are mainly hydrophobic, followed by polar and ionic interactions. For that reason, several 

LC set-ups has been described for the analysis of complex lipid mixtures under two main 

approaches: 1) separation of lipid species using RPLC, where separation is achieved by the 

hydrophobicity of the fatty acyl chains, which depends on the alkyl-chain length and its 

saturation. Hence, lipid species containing longer acyl chains will elute from the LC column 

later than shorter chain lipids, and saturated acyl structures will elute later than 

polyunsaturated ones. 2) separation of lipid classes employing NPLC and HILIC, which can 

separate lipid classes according to their polar functionalities, and lipids are eluted according 

to their representative polar head-group classes. Other LC techniques used for lipid 

separation include non-aqueous RPLC, silver-ion RPLC, chiral LC, and supercritical fluid 

chromatography (SFC) for the analysis of specific lipids [46, 47, 54, 55].  These approaches 

could be performed in one dimension or their combination for two dimensions either in an 

off-line or on-line mode, and each chromatographic method is established for a particular 

set of solutes within a matrix, and includes the selection of a column (stationary phase), 

solvents and modifiers for the mobile phase [55].  

According to the methods above, lipid separation will be performed depending on the 

focus of the analysis. However, RPLC is widely applied in lipidomics considering the 

hydrophobic character of lipids and the compatibility of the solvent used for the extraction 

with the mobile phase [46]. Regarding analyte detection in the column eluent, the lack of 

easily detectable functional groups on most lipids structures makes them difficult to qualify 

and quantify using the more common types of detectors, such as UV, fluorescence and IR. 

Therefore, LC is applied mostly coupled with MS detectors, which allow a second 

separation according to the m/z ratio and gives the unique fragmentation pattern(s) of each 

lipid class. 
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2.3.3. Lipid mass spectra acquisition 

The use of mass spectrometry (MS) based methods has become popular for lipid analysis 

because it allows mass detection with high sensitivity and specificity, either with or without 

prior chromatographic separation, and permits quantification using synthetic lipid 

standards [46, 54]. Its use has facilitated the detailed molecular analysis of a wide diversity 

of lipids, ranging from phospholipids to sterols and glycolipids. MS analyzes the mass-to-

charge(m/z) ratio of individual compounds for structural elucidation and quantification, 

using an arrangement consisting in a 1) ionization source, 2) mass analyzer, 3) ion detector 

and 4) data processing system as show in figure 10. 

 

 

Figure 10. General workflow for lipidomics based on mass spectrometry 

 

2.3.3.1. Ionization method and source 

 

The first step after sample injection is its ionization in the gas phase. This process involves 

the ionization method (mechanism of ionization), and the ionization source (where 

compounds are ionized). In several ionization methods are employed to achieve the 

conversion of neutral compounds into ions. For lipid ionization it is common to use soft 

ionization methods to get more structural information, including protonation and 

cationization (with Li+, Na+ and NH+
4 ions), in order to produce cations from PC, lysoPC, 

TG, SM and acyl carnitines, meanwhile deprotonation is employed to generate anions from 

PE, lysoPE, PI, PS, PG, PA and ceramides [54, 56].  

On other hand, as a lipid ionization source, only one technique is not applicable for all type 

of lipids, because of their structure diversity leads to different ionization efficiency. Current 

lipidomics strategies mainly use two ion sources: 1) electrospray ionization (ESI) for lipid 

analysis in liquid biological extracts and 2) matrix-assisted laser desorption/ionization 

(MALDI) for MS imaging, in order to visualize the distribution and quantitation of lipids in 

cells and tissues directly [46, 54]. 

The lipid analysis using ESI-MS employs two different approaches, depending on whether 

the sample is injected directly to the MS without prior separation or it undergoes a 

separation before the injection. 

1) Direct injection/shotgun approach consists on inject a sample extract without prior 

separation. Using this method, lipid class identification is performed using tandem MS/MS 

under precursor ion scans (PIS) and neutral loss scans (NLS) in positive-ion modes and/or 

negative ion modes. Principal advantages are simplicity of operation, fast analysis, and the 
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possibility to detect various lipid classes within a single run. However, detection and 

identification of unknowns lipids is very difficult and time demanding. Also, is prone to ion 

suppression of detection of components in the lowest relative concentration by molecules 

that become preferentially ionized [57].    

2) Coupling with chromatography approach is characterized by an additional layer of separation 

preceding mass analysis. A chromatographic separation step increases the number of 

detectable lipids due to reduced suppression effects in the ion source, could concentrate 

different classes of compounds according to their physicochemical properties, leading to 

separation of isomers and isobars. However, LC-MS requires extensive analysis times, and 

different periods of gradient elution will have different ionization capacity, and multiple 

standards are also required for accurate quantification [46]. 

 

2.3.3.2. Mass analyzer 

 

Once the analyte molecules are ionized, they pass to a mass analyzer for separation based 

on their mass/charge ratio. Each ion describes a different trajectory when crosses through 

a combination of electric and/or magnetic fields in vacuum, allowing the selective 

detection of the ions. In the analysis of complex and diverse structures in a sample, such as 

lipids in biological fluids, mass accuracy is crucial to achieve a compound identification. 

For that reason, the common mass analyzers for lipid analysis are based on electrical fields 

such as, orbitrap, time-of-flight (TOF) and Fourier transform ion cyclotron resonance (FT-

ICR) are most common ones in lipidomics studies, in which a mass accuracy of 1 – 5 ppm 

can be achieved with a scan speed of the order of miliseconds. 

 

2.3.4. Data handling 

 

Regardless of the approach used, large sets of data are generated in ESI-MS lipid analysis 

after ion detection. The mass spectrometry data have to be processed, in order to obtain 

meaningful information for further lipid identification and quantification, and thereby 

probe a biological hypothesis. Despite of that is a time consuming process, and there is no 

consensus for data analysis treatment [46], data handling usually proceeds through multiple 

stages in order to process the three dimensional data acquired in LC-MS: retention time, 

m/z ion value, and signal intensity. Each stage is described below.  

 (1) Filtering to remove or reduce background signals (noise or baseline) in the 

chromatograms, in order to facilitate the peak detection and reduce the detection of false 

positive signals [58, 59]. Background signals are caused by chemical or instrumental 

interferences during the LC-MS run, which are filtered using algorithms with user-defined 

thresholds to a) remove noise as a function of mass and time, b) eliminate saturation 

effects and define peak and non-peak regions. Common algorithms include: moving 

window filtering [60], Savitzky–Golay filters [61] or wavelet transforms [62]. The final 

results of the filtering strongly depend on the thresholds used, hence adequate threshold 

values should be employed to minimize the loss of truly positives signals [63].   
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(2) Peak detection to identify all signals caused by true ions, avoiding the detection of false 

positives [59]. LC-MS analysis produces a large set of complex signals with several sources 

of background signals, therefore automatic identification is required to achieve peak 

detection. The signal intensity is not enough to distinguish a true signal, because some 

sources of noise can also produce high signals, and some true signals may have low 

intensity [58]. Thus, parameters such as: peak shape, minimal intensity, area and signal-to-

noise ratio are widely applied to identify true signals. For this purpose, peak detection 

algorithms are commonly used under two approaches i) derivative techniques, where the 

first derivative of a peak has a positive-to-negative zero-crossing at the local maxima of a 

peak, enabling better detection, and a slope threshold is user-fixed to avoid false positives. 

ii) Matched filter response, where a Gaussian peak shape is correlated with an unknown 

signal to detect its presence [64, 65]. Moreover, this process could also include a 

deconvolution method and isotope-pattern detection, taking into account that an analyte 

can generate a pattern of several peaks in the spectra due to the existence of differing 

isotopic elemental composition. Then, deisotoping algorithms are used to group the 

isotopic peaks to a corresponding monoisotopic peak [63].   

(3) Alignment for correcting m/z and retention time differences between runs and 

combining data from different samples [58, 64]. This process enable the comparison 

between sample peak areas in order to accurately ascertain its differences. Mass/charge 

shifts are mainly caused by variations in the instrument calibration over analysis time and 

they are usually corrected using continuous mass calibration [59]. The changes in retention 

times could be due to multiple factors in the LC instrument, including temperature 

changes, pH, pump pressure fluctuations or column clogging. Retention time correction is 

faced under three main approaches:  i) summing or binning ii) iterative alignment or iii) 

curve resolution [59, 63]. 

(4) Normalization (where only the metabolomic pattern but not absolute concentrations are 

considered), to remove factors causing unwanted systematic variations in ion intensities 

between mass measurements or during sample-preparation steps, due to differences in the 

ionization or extraction efficiencies [64, 66]. This process is carried out under two main 

approaches: sample normalization, to remove systematic variation between experimental 

conditions unrelated to the biological differences [63], employing i) unit norm [67], ii) 

median intensities [61] iii) internal standards [68] or iv) Quality control (QC) samples [59]. 

Signal normalization, in order to bring variances of all signals close to equal, by data i) 

centering ii) scaling and iii) transformation [69]. The selection of a particular normalization 

approach is somehow arbitrary, but usually is based on the size sample and the number of 

variables. For metabolomics studies, centering, Paretto scaling and logarithmic 

transformation are commonly used [70]. Data normalization could be achieved through 

peak-processing software. The specific software selection can have a significant effect on 

the results, because of the differences in algorithms and parameters employed.  

(5) Identification of the compounds based on its retention time, m/z values and 

fragmentation pattern. This process is analytically and computationally challenging, due to 

the biochemical diversity of lipids, the time consumed in the process and the experience 

required to unravel rare data [65]. For LC–MS data the identification is even more 

complicated due to the lack of standardized instrumental conditions and different 

ionization energies, what limits the use of databases [59]. However, these issues could be 

faced employing several tools for lipid identification using MS data, such as: improvements 
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in computational processing and algorithm development, along with the advanced in mass 

spectrometry instrumentation, and well-established databases and libraries of fragmentation 

patterns of thousands of lipids, allowing lipid identification with reasonable accuracy and 

possibilities for systematization [64]. 

Two main strategies are employed for lipid identification: i) Putative identification, based 

on accurate masses from high-resolution instruments such as Q-TOF, Orbitrap and 

Fourier transform ion cyclotron resonance (FT-ICR) [58], for further match the exact 

masses with probable chemical formulae within a database. ii) MS tandem identification, 

based on sequential ion fragmentation patterns under several screening methods including 

product ion, neutral loss and precursor ion scanning, for later interpretation of the tandem 

mass spectra compared with MS/MS libraries [59, 65, 68].  

 

2.3.5. Data analysis 

 

After data processing, a matrix is generated containing the three dimensional data: 

retention time, m/z ion value, and the area of the signal peak for each sample. 

Chemometric analysis is then performed over the data matrix in order to identify the 

variables (signal peaks) causing most of the variation between group samples (e.g. treated 

samples vs untreated ones), which may represent candidates for biologically meaningful 

metabolites for group discrimination [64]. Generally, chemometric analysis in lipidomics 

consist of two phases: i) multivariate analysis to visualize the overall structure of a dataset, 

establishing possible trends and clusters, followed by ii) univariate analysis for individual 

examination of each variable and its relevance for group differentiation [59, 71]. 

Fundamentals, main characteristics and applications of these analysis methods are 

described down below. 

 

2.3.5.1. Multivariate methods 

 

Data analysis in lipidomics usually starts with unsupervised multivariate analysis, where the 

analysis is performed without any input regarding of group classification, in order to 

summarize, explore and mining the datasets without bias [71, 72]. The most frequently 

used unsupervised methods in lipidomics data are principal component analysis (PCA), 

hierarchical cluster analysis (HCA), and self-organization mapping (SOM), where the 

samples are clustered according to the similarity of analysis signals as variables [58]. Once 

an overall data exploration has taken place a supervised multivariate analysis is performed, 

providing a known group classification prior to the analysis. Then, the principal purpose of 

supervised methods is find patterns and guidelines to predict and classify new data [68]. 

Commonly, partial least squares discriminant analysis (PLS-DA), linear discriminant 

analysis (LDA) and orthogonal projections to latent structures discriminant analysis 

(OPLS-DA) are used as supervised methods [58]. Results of the analysis are displayed in: 1) 

Score plots, which display two score vectors plotted against each other for the visualization 

of objects, for instance a particular sample; and 2) Loading plots, that is constructed using 

two loading vectors plotted against each other to visualize characteristic variables, such as 

lipid species [73, 74]. 
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Despite of the method used for analyzing the data, a model validation is required to verify 

if it fits existing data and can predict new ones. There are four common approaches to 

validate models: i) independent test set, ii) single or double cross validation (CV) iii) 

permutation test and iv) ranked products, where cross validation is mainly used in 

metabolomics studies, because it selects a model based on its prediction ability [58, 72]. CV 

takes into account several criteria to validate the model such as: sensitivity, specificity, 

accuracy, the receiver operating characteristic (ROC) curve, the cross-validated coefficient 

of determination (Q2), the predicted Residual Sum of Squares (PRESS) and correlation 

coefficient (R2) [64, 71]. R2 and Q2 assessments are often employed for PLS-DA models 

because R2 explains data set variance and represents the goodness of sample classification, 

while Q2 predicts their variance and how well it can be predicted by the model. These two 

quality descriptors (R2 and Q2) should be higher than 0.5 and not vary more than 0.2–0.3 

between them, in order to cross validate the model.  

In last years, CV has faced up some criticisms since supervised analysis methods, such as 

PLS-DA, show a high tendency for over-fitting, especially in high dimensional data [59]. 

Consequently, CV is accompanied by bias assessment and reduction of an estimate, 

employing resampling methods like jackknife (leave out one observation at a time) and 

bootstrap (sampling with replacement), in order to determine the optimal number of 

components in regression models [72]. 

Finally, a variable selection is performed using the validated models by finding the 

uncertainty associated with individual variables and choosing the relevant ones, which can 

be helpful to answer biological questions. Some of these variable selection methods include 

ANOVA-simultaneous component analysis (ASCA) [75], linear logistic regression (LLR) 

[76], classification and regression trees (CART) [77], selectivity ratio (SR) [78], JackKnife 

intervals (JK) and variable importance on projection (VIP) [79], where the last two are the 

most generally used in metabolomics studies [59, 72]. 

 

2.3.5.2. Univariate methods 

 

Univariate methods can also be used for variable selection, since it complements the results 

obtained by multivariate analysis. The main advantage is that raw data are used to perform 

the analysis without any data transformation or scaling. Univariate methods comprise 1) 

descriptive statistics, to describe basic properties of the dataset in a study, through e.g. 

coefficient of variation and percentage change; 2) inferential methods, to infer properties 

from a sample dataset to a population, based on data distribution and numbers of groups 

to compare (e.g. paired t-test, Wilcoxon signed-rank test or ANOVA) [63]. Therefore, 

inferential methods test a hypothesis H0 against an alternative H1. P-values probability of 

the null-hypothesis being true are used at a certain level α (probability of rejecting the null 

hypothesis when it is true, also known as false positives).  An level α of 0.05 is often set as 

significant level, which indicates a 5% risk of false positives, and then a p-value lower than 

0.05 are required to reject null hypothesis.  

However, taking into account the large number of variables and the implications of 

research using human samples, special care is needed to avoid false positives due to 

experimental bias, inadequate sample size, inappropriate choice of numerical methods, and 
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overfitting [59, 64]. Therefore, the common variable selection based on p-values (p < 0.05) 

has been replaced with adjustment methods such as proposed by Benjamini and Hochberg, in 

which independent p-values are selected using a threshold for the false discovery rate 

(FDR), which is the expected proportion of false positives among the rejected hypotheses  

[80], or that proposed by Bonferroni, in which the p-values are multiplied by the number of 

comparisons in order to remove the Family-wise error rate (FEWR), which is the 

probability of at least one false positive [81].  
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OBJECTIVES 

General objective  

Elucidate whether there are significant differences in the plasma lipid profile of breast 

cancer and healthy control samples, employing liquid chromatography coupled to mass 

spectrometry, and chemometric analysis. 

  

Specific objectives  

Implement a method for lipids analysis in biological samples by HPLC-ESI-QTOF. 

Establish by statistical methods whether there are significantly differing features between 

the evaluated samples. 

Identify such differing features, if existent, using isotopic distribution and MS/MS 

spectrometry compared to databases. 
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CHAPTER 3: MATERIALS AND METHODS 

Reagents and materials  

Milli Q water was obtained from a Direct-Q® 3 UV Water Purification System (Millipore 

SAS - 67120 Molsheim - FRANCE). HPLC grade methanol and MTBE were purchased 

from Panreac Quimica SA (Barcelona, Spain). HPLC grade ammonium formate were 

purchased from Fluka Analytical (Sigma-Aldrich Chemie GmbH, Steinheim, Germany). JG 

Finneran vials with fixed 300 uL clear glass inserts (J.G Finneran Associates, Reilly Court, 

USA) were chosen.  

Characterization of studied subjects 

Fifty-eight women between 35 and 65 years were selected for the study with the following 

characterization of individual groups: group 1 (CP): 29 healthy subjects with average age of 

45,9 years and body mass index (BMI) with mean value of 25.1 kg/m2; group 2 (BCP): 29 

subjects with breast cancer diagnosis, mostly invasive ductal carcinoma from all grades and 

stages were included, with an average of 53,7 years and BMI mean value of 27.2 kg/m2. 

None of the two groups had special diet requirements.  

Sample Collection 

Blood samples were collected from 29 healthy female volunteers and 29 breast cancer 

patients. All study participants read, understood and signed the informed consent approved 

by the Ethical Committee of the Liga contra el cancer – seccional Bogotá, and by the Universidad 

de los Andes. Sampling was performed by qualified personnel from Andreas Rothstein 

laboratory in medical locations at Liga contra el cancer - seccional Bogotá and centro medico Country 

(Cra. 16A No. 80-94 Consultorio 302). Venous blood samples were taken during the 

morning fasting state and collected using K3EDTA Vacuette 4 mL blood collection tubes. 

Once collected, the whole blood was centrifuged at room temperature (19°C) for 15 min at 

3000g, and the plasma supernatant was collected, fractionated and stored frozen in 

eppendorf cups at -80°C. The processing and analysis of the patient samples were carried 

out in the laboratory of the GABIO Research Group, Chemistry department, Universidad de 

los Andes. This study was approved by the Institutional Review Board of Universidad de los 

Andes and Liga contra el cancer – seccional Bogotá, act 396 of 2014. 

Sample extraction 

Lipids were extracted from each sample using the MTBE protocol according to Whiley et 

al. 20 µL of plasma was mixed for 2 min with 10 μL of Milli-Q water and 40 μL of 

methanol using a vortex (Cole Parmer vortex system, S0100A-CP). Then 200 μL of MTBE 

were added and the whole mixture was vortexed well during 60 min at room temperature 

(19°C). Subsequently, 250 µL of deionized water were added, vortex mixed for 2 min and 

centrifuged at room temperature for 10 min at 3000g employing a microcentrifuge 

(Thermo Scientific, Heraeus Fresco 17). Following this protocol, a two-phase system 

(MTBE top, water/MeOH-mixture bottom) was achieved. The top phase containing lipids 

was recovered, transferred to a vial with fixed clear glass insert and finally stored at 5°C. 
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Figure 11. Chromatographic eluent gradient used for lipid separation 

Sample analysis 

The analysis was performed employing an HPLC system (1200 series, Agilent 

Technologies, Waldbronn, Germany) coupled to an Agilent QTOF (6520) with 

electrospray ionization. The HPLC system consisted of a degasser, two binary pumps, 

temperature controlled autosampler, and column oven. Chromatographic Analysis was 

carried out at 60 °C using a C8 column (Phenomenex - Luna 3u C8 150 x 2.0 mm) and a 

gradient elution composed of: 10 mM ammonium formate in Milli-Q water  (Phase A) and 

10 mM ammonium formate in methanol (Phase B), pumped at 0.5 mL/min. The eluent 

gradient consisted in 75%B at time 0 min, increasing to 96% B in 23 min, which was held 

until 45 min. The gradient then increased to 100% B by 46 min and held until 50 min. 

Starting conditions were returned by 51 min and held during 14 min for re-equilibration, 

summing a total run time of 65 min. The chromatograpic eluent gradient is shown in figure 

11, which was adapted from Whiley et al. During all analysis, two reference masses were 

used: m/z 121.0509 (C5H4N4) and m/z 922.0098 (C18H18O6N3P3F24) for positive ionization 

mode and m/z 112.9856 (C2O2F3(NH4)) and m/z 1033.9881 (C18H18O6N3P3F24) for 

negative ionization mode . These masses were continuously infused into the system to 

allow constant mass correction during the whole analysis. Mass spectrometry detection was 

performed in both positive and negative ESI mode in full scan from 100 to 1200 m/z. The 

mass spectrometer source conditions consisted of a capillary voltage of 3500 V (positive 

mode) or 4500 V (negative mode), while both ionization modes used a scan rate of 1.02 

scans per second, a nebulizer gas flow rate of 13.0 L/min, a source temperature of 350 °C, 

and a source pressure of 40 psig. Data generated from each sample were stored for further 

processing. 

 

 

 
 

 

 

 

 

 

 

Quality controls 

The reproducibility of the plasma sample extraction and the stability of the LC-MS 

response between runs was checked using quality controls (QC), which were prepared by 

mixing an aliquot of each plasma sample, in order to prepare a sample pool. Subsequently, 

lipids were extracted from the pooled plasma QC following the same procedure used for 

the rest of samples. Several injections of the QC extract were performed at the beginning 

of the worklist run for column conditioning and after every 5 samples [82]. 
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Data handling 

The raw data collected by the analytical instrumentation were extracted from background 

noise, and unrelated ions by the Molecular Feature Extraction (MFE) tool in the 

MassProfinder software (B.06.00_SP1, Agilent). For data extraction the pre-set “small 

molecules (chromatographic)” algorithm was applied, with 1000 counts as limit for the 

background noise. In addition, the algorithm was set to find co-eluting adducts of the same 

feature, with a mass error of ± 20 ppm, considering the adducts +H, +Na, +NH4 and -

H2O for positive ionization and -H, +Cl and +HCOO for negative ionization. A list with 

all possible compounds described by mass, retention time and abundance was generated 

and pretreated by the Recursive Feature Extraction (RFE), for peak detection and 

subsequent deconvolution, alignment and integration (with manual review) under the 

described parameters. At the end, data were exported in MS Excel (Microsoft Office 2013) 

and filtered, in order to keep only the ones that fulfill two criteria: “filter by presence” are 

signals present in at least 80% of all samples, and “filter by sample variability” are signals with 

a coefficient of variation (CV %) above 30% across the QCs. 

Chemometrics 

Unsupervised multivariate data analyses were performed using PCA and supervised 

analyses using OPLS method in the Simca-P+ (12.0.1, Umetrics) for data modelling. The 

Pareto scaling and logarithmic transformation were used before the statistical analysis as a 

normalization method. Multivariate models were described using R2 and Q2 parameters, 

cross validated by permutation test and Jack-knife confidence interval (JK) and variable 

importance in the projection (VIP) were calculated [83]. Univariate statistical analysis was 

performed employing MatLab (7.10.0 Mathworks, Inc., Natick) for Student’s t-test (p ≤ 

0.05), with Bonferroni and Benjamini/Hochberg corrections.  The variable selection of the 

most significant compounds that allow the differentiation between groups was done taking 

into account a VIP > 1, and p ≤ 0.05 (corrected p-value). 

Compound identification 

Lipids were putatively identified by matching the accurate mass of each compound with the 

masses available online in the lipid databases: METLIN (http://metlin.scripps.edu), 

KEGG (http://genome.jp/kegg), lipid MAPS (http://lipidMAPS.org), and HMDB 

(http://hmdb.ca). The search was completed using an error mass of ±20 ppm, considering 

the adducts +H, +Na, +NH4 and -H2O for positive ionization and -H, +Cl and +HCOO 

for negative ionization. In addition, lipids were identified based on retention time 

prediction, considering the prior knowledge of the order of elution for each particular class 

of lipids, confirming or rejecting the results obtained from databases search. Finally, a small 

set of the most statistically significant lipid species were further analyzed through MS/MS, 

in order to confirm its identity. The general scheme of the experimental methodology is 

presented in figure 12. 

 

 

 

http://lipidmaps.org/
http://hmdb.ca/
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Ethical considerations 

At present, a current project of metabolomics is being perfomed in the Grupo de Investigación 

en Química Analítica y Bionalítica, called “Metabolomic profiling of breast cancer patients” as 

the doctorate thesis of Mónica Cala M.Sc. The study was approved in the acta 396 de 2014 

by the comité de ética de investigación of Universidad de los Andes, and by the Institutional Review 

Board of Liga contra el cancer, seccional Bogotá.  This project used the same plasma samples, 

and therefore the same ethical commitments.  

The study was carried out with informed consent of the participants as stipulated in Article 

14 and 15 of Resolution 008 430 1993 from the Ministry of Health (1993). The research 

involved the collection of blood from the voluntary participants. The collection of venous 

blood samples via venipuncture was applied. All collected personal data from the 

participants, as well the respective questionnaire was codified in order to protect their 

privacy and identity. All participants were free to withdraw from the study at any moment 

and the participants may receive under request a copy of the results once the study is 

finalized. 

According to Article 11 of resolution 8430 of 1993 of the Ministry of Health for clinical 

research in Colombia, valid in Colombia for human research, this study carries more than 

minimal risk; therefore, to participate in the study, written consent was requested from the 

potential participant and informed consent form that included information concerning the 

rationale and objectives of the study, the procedures to be performed, the discomfort and 

possible risks and benefits to be derived from the results of the investigation. Explicitly, an 

explanation about that participation in the study did not involve changes in the standard 

care and treatment of these patients. Appropriate confidentiality was applied to protect 

privacy and identity of the participant. Before performing any procedure related to the 

study, a written description of the study to each participant was provided in combination 

with a detailed explanation of the used protocols and if the participant then authorize her 

participation, she was asked to sign informed consent. 

The informed consent document to be signed by the participant was written in Spanish and 

in terms that the potential participant can understand. The informed consent was signed 

and dated by the participant and the informed consent document was administrated and 

stored by the principal investigator with the records of this study, as is shown in appendix 

1. 
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CHAPTER 4: RESULTS AND DISCUSSION 

4.1. Lipid extraction 

 

The method selected for lipid extraction employed MTBE as extraction solvent, despite of 

other common solvents as chloroform, dicloromethane or hexane due to the following 

considerations:  i) Density. MTBE has a lower density as compared to water and its mix 

forms a bilayer system, where the organic phase (MTBE/methanol) is the upper layer and 

the aqueous phase is the bottom one containing a protein pellet. This arrangement allows 

an easy collection of the organic phase with the lipids dissolved in it, and decreases the 

dripping losses and possibilities of cross contaminations with proteins. Therefore, the 

collection procedure represent the mayor advantage of this method compared to Folch or 

Brayer, where the high density of the organic solvents employed generates bilayer systems, 

with the organic phase as the bottom layer, covered with a floating protein precipitate, 

making the collection challenging as is necessary to remove both the upper aqueous and 

proteinacious layers. The importance of the collection method becomes even higher when 

small volumes of samples are taken, like the 20μL used in this work. ii) Mobile phase 

compatibility. MTBE is suitable for direct injection into the LC-MS instrument under the 

mobile phase composition used. In that way, common procedures as organic phase 

transference, evaporation to dryness, and resuspension in compatible solvents (e.g. 

isopropanol, methanol) were avoided, simplifying the pre-injection process and subsequent 

reduction of drying losses, lipid oxidation and analytical variation. This is important when 

comparing lipid profiles, because the mayor variation should be caused by biological 

variations and not analytical ones. In the case of MTBE method, Whiley at al. reported a 

higher recovery and reproducibility as compared with typical lipid extraction methods with 

and without evaporation steps [84].  

However, the use of MTBE also generated some challenges, mostly for its high volatility. 

Special precaution was taken to avoid solvent evaporation through the extraction and 

injection procedures, by keeping eppendorfs well capped, sealed with parafilm during each 

vortex-mixing step and using vials with glass fixed insert for storage prior injection. Hence, 

the experimental conditions were adjusted to use this solvent.  

Another relevant issue was the vortex-mixing step, because it allows the transition of the 

lipids into the ether phase. For that reason, the vortex time was selected as 60 min to 

ensure precise and complete lipid extraction. Moreover, considering the large number of 

samples, this procedure had to be performed in multiple batches employing a multisample 

head for the vortex, always making the inter-batch vortex conditions (e.g. speed, time) as 

reproducible as possible. 

 

 4.2. Lipid separation  

 

For the LC-MS analysis, an optimized gradient for the total plasma lipid analysis by 

reversed-phase chromatography was employed, in accordance to Whiley et al. [84]. The 
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chromatograms expected for plasma analysis in positive and negative mode are shown in 

figure 13, where in certain range of retention times a known group of lipid species elute. 

Since the stationary phase  is a C8 column, polar compounds (e.g. carboxylic acids) are 

expected to elute first, followed by less polar compounds (e.g. glycerophospholipids), 

ending with non-polar compounds as triacylglycerols. Also, it is worthy to notice the 

differences in peak number and intensity comparing positive and negative ionization 

modes. The chromatogram in ESI+ mode is rich in signals with high intensity (107 order), 

because many lipid species are readily and efficiently ionized by formation of [M+H]+, 

[M+Na]+, [M+NH4]
+ and [M-H2O]+ adducts. Meanwhile, in ESI- mode the 

chromatograms have less peaks with low intensity (103 order), due to the fewer species that 

are ionized in this mode to form [M-H]-, [M+Cl]- and [M+HCOO]- adducts.    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13.  ECC for optimized conditions in (A) positive mode and (B) negative mode. 
Taken from Whiley et al. [84]  

In order to use these optimized conditions two parameters were establish: i) repeatability, 

which is the closeness of agreement between independent results obtained with the same 

method on identical test material, under the same conditions [85]. It was tested performing 

five injections of the same extraction batch, see figure 14a. ii) reproducibility, defined as the 

closeness of agreement between independent results obtained with the same method on 

identical test materials, but under different conditions [85]. It was tested performing five 

injections of different extraction batches (see figure 14b). Both parameters were evaluated 

in ESI+ to check the intra-batch and inter-batch measurement precision, respectively. The 

generated chromatograms were compared by (i) Visual inspection looking at the 

superposition of the peaks, (ii) total number of features obtained after Molecular Feature 

Extraction (iii) number of features detected in every sample of quintuplicate injections, and 

A 

B 
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coefficient of variation (CV%) of the peak areas. Table 3 summarizes the results for the 

repeatability test, showing 1074 total features with more than 74% of the data with a CV of 

the peak area lower than 30%, which is acceptable for LC-MS methods (without internal 

standard). For the reproducibility test, table 4 presents a total of 1034 features in all QC 

samples, with more than 68% of the data with CV<30% in peak area, less than that 

obtained for reproducibility, but still acceptable. Precision can also be appreciated looking 

at the overlap of the five runs signals in the chromatogram (figure 14), where most of the 

signals have similar shape and intensities, with a low RT drifts, and the highest changes in 

both tests can be seen in the triacylglycerol region (26 – 45 min). In this way, the 

repeatability and reproducibility of the LC-MS conditions were ensured to run the entire 

set of samples under the same set up.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14. Chromatograms for (A) repeatability test and (B) reproducibility test. 

Table 3. Comparison for repeatability test between peak areas of 5 QC samples. 

Parameter Value Percentage 

Number of features present in all samples 1074 100% 
CV < 30% 798 74% 
CV < 20% 704 65% 
CV < 10% 334 31% 

A 

B 
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Table 4. Comparison for reproducibility test between peak areas of 5 QC samples. 

Parameter Value Percentage 

Number of features present in all samples 1034 100% 
CV < 30% 733 68% 
CV < 20% 518 50% 
CV < 10% 178 17% 

 

4.3 Plasma lipid profiling 

 

Lipid extracts from human plasma samples were analyzed by the RPLC-HRMS method 

described in chapter 3, under both ESI+ and ESI- ion modes for the identification of 

significant lipid species that allow the discrimination between two groups, breast cancer 

plasma samples (BCP) and healthy plasma samples (CP). A comparison of the total 

compound chromatograms in positive mode obtained from BCP (magenta line) and CP 

(blue line) are shown in Fig. 15a, indicating the range in retention times where certain lipid 

are expected to elute.  Even at a glance, it is possible to notice differences in the 

chromatograms obtained. Most significant differences in positive mode comprise a higher 

intensity on BCP chromatogram of the glicerophospolipids, sphingomyelins and ceramides 

(between RT: 18-25 min), and triacylglicerides/cholesterol esters (between RT: 28-40 min). 

In figure 15b, the same comparison is made in negative mode, and visual differences can 

also be appreciated between the groups. However, different lipid species either appear only 

or generate a higher response in negative ionization. Most significant differences comprise 

an increase in intensity on BCP chromatogram of the carboxylic acid/fatty acids (between 

RT: 6-10 min) and glicerophospolipids/ceramides (between RT: 18-25 min).    

 

4.4. Data handling 

 

Giving the number and complexity of the signals in the chromatograms, computerized 

methods were employed to data mining. Starting from raw data files, batch MFE and RFE 

algorithms were employed sequentially to establish the true variables across the LC-MS 

data sets to generate an organized data matrix. First, the batch MFE algorithm performs a 

peak detection, alignment, deconvolution and integration of all the signals across the 

chromatograms, to generate a matrix of chemical entities called “features” that brings 

together all the tridimensional data of a single compound (e.g. a feature of TG(50:2) 

comprises their retention time, mass spectra and area). In this way, MFE allows the 

reduction of data size and complexity because redundant and non-specific data is removed 

by locating ions that are covariant in the three-dimensional LC/MS data set and that are 

logically related by charge-state envelope, isotopic distribution, the presence of adducts and 

dimers, and/or and potential loss of neutral molecules, enabling the differentiation of 

multiple co-eluting compounds that would appear as a single peak in the chromatogram 

(deconvolution), taken advantage of accurate mass measurements.  Once these features are 

created, they are aligned across all of the selected sample files using mass and retention 

time. Finally, the results are visually overviewed to identify possible false positives features 

(e.g. instrumental noise that is detected by the software as a signal generated by a 

compound) and/or false negative features (e.g. signals  generated  by  a  compound that are 
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Figure 15. Comparison of total compound chromatogram between breast cancer (magenta) 

and healthy plasma sample (blue) in both A) positive and B) negative mode. 

not detected by the software). In case false positives and/or false negative features are 

detected, the algorithm parameters (e.g. threshold) have to be adjusted in order to reduce 

their occurrence.      

Secondly, once the algorithms parameters are optimized, a Batch RFE is performed, which 

involves the same data handling used in MFE, with a further targeted feature extraction 

(referred to as Find by Ion) to improve the reliability in finding the features across the data 

samples. Basically, it works with aligned features across all sample files, creating a 

consensus spectrum which is employed to re-extract the features into the batch files. In 

addition, each feature chromatogram was inspected and reviewed across the sample files, in 

order to check manually the alignment and the integration performed by the algorithm. 

This step is important because RT drifts are common in LC separation because of (i) 

variation in the temperature, pressure and mobile phase during the run, (ii) changes in the 

chromatographic column, or (iii) sample matrix effects [86]. In this way, the feature 

extraction approach creates a smaller data set, with a significant noise reduction, 

deconvoluted, aligned and integrated, with a decrease of false positive and false negative 

signals, facilitating chemometrics with minimum compromise in the data content and 

quality. 

A 

B 
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At the end, the data was exported into a CSV file and visualized in Microsoft MS Excel to 

carry out two sequential filtering steps i) filter by presence, keeping only the features present in 

at least 80% of the samples. Its purpose is to check out the reproducibility between the 

detected features in the samples, considering that the same features must be present in all 

samples to perform further comparisons; ii) filter by quality control variability, keeping only the 

features with a coefficient of variation (CV %) in peak areas below 30% on quality samples 

(QCs). This filter is based on the assumption that QCs across the entire analysis should 

have similar feature values, and its variance is due to experimental variations. Therefore, 

this filter ensures the reproducibility of the analysis between the samples, avoiding 

experimental bias as the principal source of variability. After these filters, the data matrix is 

prepared for the statistical analysis of the data. In table 5, the number of features after each 

data handling step is shown. In the end, 532 features were detected in positive mode and 

143 in negative mode.       

Table 5. Comparison in number of features after data handling and filtering 

Parameter 
Positive 
mode 

Negative 
mode 

Batch Molecular Feature Extraction 1534 758 
Batch Recursive Feature Extraction 1142 476 

Total number of features after manual 
inspection 

726 238 

Filtering by presence  726 238 
Filtering by CV < 30% in QCs 532 143 

 

4.5 Chemometrics 

4.5.1 Multivariate analysis 

4.5.1.1 Unsupervised method 

 

Principal components analysis (PCA) was chosen as the unsupervised method for the 

dataset, because its use is common in metabolomics studies as it provides an overview of 

all samples in the study and creates groups of samples according to their similarities 

without any a priori information. Therefore, PCA is generally useful to evaluate the quality 

of the data collected, ensuring that variabilities between runs are mostly due to biological 

differences and not by experimental bias. In that way, further statistical comparisons across 

the samples are allowed. In figure 16, the score plot of the PCA model for the entire 

dataset in positive and negative mode is displayed, which is described by two principal 

components (PC) that explain the major covariance between the samples and QCs. Both 

models show the natural clustering of the QC samples (green dots) that were injected each 

5 samples in order to check the quality and the stability of the instrument performance 

during the experiment. That clustering demonstrates that the variance among the QCs is 

similar, despite of the possible experimental drifts caused by several factors, including LC 

conditions (e.g. temperature, mobile phase composition and flow rate) and MS ionization. 

Nonetheless, the visual inspection of the model cannot show a clear clusters of BCPs 

(magenta dots) and CPs (blue dots) samples in neither of them, because each group of 

samples do not show up significant different values under the principal components used 

in this models, in fact figure 16a shows how the BCPs and CPs looks distributed along a 

diagonal axis that should explain better the variance between groups. Consequently, the 
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PCA model is not suitable for selecting relevant variables, because the two first 

components do not necessarily contain the most relevant variations between the groups. 

Although, it is possible to assess a low variation due to experimental sources in the QCs 

and therefore in the BCPs and CPs sample data by looking at the QCs clustering and by 

checking the quality descriptors R2 and Q2. For these models the parameters were: R2 = 

0.36, Q2 = 0.33 for positive mode and R2 = 0.40, Q2 = 0.37 for negative mode in the first 

principal component. 

 

 

Figure 16.  Principle component analysis (PCA) scores plot discriminating the lipid profiles 
in plasma of breast cancer subjects (magenta dots), healthy controls (blue dots) and quality 

controls (green dots) in the dataset for a) positive mode and b) negative mode. 

  

A) 

B) 
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4.5.1.2 Supervised methods 

 

Orthogonal partial least squares-discriminant analysis (OPLS-DA) was the supervised 

method used for dataset modelling, because it is easy to interpret and is widely used for 

biomarker screening. Basically, it separates the variation in the data matrix (X) into two 

parts: one part correlated to the known group classification matrix (Y) and one part 

orthogonal and irrelevant (not related) to Y. Therefore, all the information relevant for the 

explanation of the class is summarized and used as a predictor in one component, which 

corresponds to the class [87]. Figure 17 shows the score plots of the OPLS-DA models for 

positive and negative mode, in which the Pareto scaling and logarithmic transformation 

was used for data normalization because the conventional unit variance (UV) scaling does 

not provide the best results for the metabolomic data [70], which is relevant taking into 

account that OPLS-DA model is used for the selection of significant variables that can 

distinguish between groups. The model was established with one predictive component 

and one orthogonal component for either positive (R2X = 0.78, Q2 = 0.54) and negative 

mode (R2X = 0.83, Q2 = 0.50). As can be seen, a clear separation was obtained in the 

scores plot, with all the breast cancer subjects (magenta dots) in the right half and healthy 

controls (blue dots) in the left half, where the vertical axis corresponds to the variability 

between classes and the horizontal axis to the variability within classes. OPLS-DA model 

was further cross-validated using a scheme where the data were randomly partitioned into 

training and test data sets encompassing 2/3 and 1/3 of all samples, respectively. Then, the 

training set was used to build the model and test set to be predicted by the model. The 

result showed that 83.3% of the test set in positive mode and 84.8% in negative mode were 

correctly predicted, validating the current supervised model. 

 

4.5.2 Univariate analysis 

 

A two–sample groups t–test was selected for the univariate analysis to compare BCPs and 

CPs sample groups assuming the normal distribution of the data set, according to the 

central limit theorem. The number of performed tests was as the number of variables, 

rejecting or not the null hypothesis at a significance level of α= 0.05 

 

Null hypothesis  

Alternative hypothesis       

 

Moreover, in order to avoid the increasing number of false positives caused by the number 

of test performed, two corrections to the p-value were applied i) False Discovery Rate 

(FDR) using the Bonferroni correction and ii) the family wise error rate (FWER) procedure 

employing the Benjamini Hochberg (BH) correction. Table 6 shows the number of features 

with p-value < 0.05 with and without corrections, where cone can see a significant decrease 

in the number of features that reject the null hypothesis, because the corrections are stricter 

parameters.  

𝐻0: 𝜇1 = 𝜇2  

𝐻1: 𝜇1 ≠ 𝜇2  
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Figure 17. Orthogonal partial least squares-discriminant analysis (OPLS-DA) scores plot and 
permutation test for the model discriminating plasma samples from breast cancer subjects 
(magenta dots) and healthy controls (blue dots) in the training dataset for A) positive and      

B) negative mode. 

A) 

B) 



46 

 

This approach offers the advantage of establishing simple relationships between variables 

and study groups, uses low computational demand and is easy to interpret. However, as 

univariate methods consider each variable independently, they are unable to identify 

correlation between the variables, leading to redundancy. Therefore this result 

complements those obtained using multivariate methods. 

Table 6. Number of features with p-values lower than 0.05 after corrections 

p-values Positive mode Negative mode 

Without correction 248 41 
Benjamini Hochberg correction 226 1 

Bonferroni correction 72 1 

 

4.5.3 Variable selection 

 

Various chemometrics approaches were performed to the dataset in order to establish the 

most relevant variables useful to discriminate BCP and CP plasma samples. The most 

interesting results are presented in table 7, where the selected features fulfill criteria for 

descriptive (percentage change > 30%) and inferential (t-test, p-value < 0.05) univariate 

data analysis, and also for multivariate data analysis (VIP>1 and Jack-Knife). In this way, it 

is possible to avoid false positives. i) The percentage change is computed using the raw 

data and therefore, it is an intuitive descriptor of how big is the difference between the 

means of both groups. A significant percentage change should be higher than 30%, 

because it is the maximum value expected for data variation due to experimental bias;   ii) 

In the two–sample groups t-test the parameter is the p-value, which is the probability of 

the null-hypothesis ( the two populations are not different) being true at a significance level 

of α= 0.05. In that way, only the features with a p-value < 0.05 were selected as significant 

because it rejects the null hypothesis. Moreover, the reliability of differences between 

groups under comparison was estimated with both the Bonferroni and Benjamini-

Hochberg method; iii) For the OPLS-DA model, the variable importance in the projection 

(VIP) is used as a weighted measure of the contribution of each metabolite to discriminate 

the classification groups (BCPs vs. CPs). An adequate threshold to determine discriminant 

variables in the model has been set at VIP score above of 1. For that reason, it was used as 

a criteria to assess which metabolites provide discriminate information in the model; iv) 

Finally, also from the OPLS-DA model it is possible to establish relevant metabolites 

through the loading column plot, which shows the covariance for the discriminant 

variables with an error bar (jack-knife) at certain confidence level. Variables with a 95% 

jack-knife confidence level that do not include 0 were selected as important to 

differentiating both study groups, because its covariance is significant. 

 

4.6 Lipid identification 

 

Two different approaches were used to confirm the identity of the significant features 

found: i) Putative identification, using the accurate mass/charge ratio and retention time 

provided by the high resolution mass spectrometer employed. Each feature was search into 

several lipid data-bases, looking  for  compounds with  [M+H]+,  [M+Na]+, [M+NH4]
+ and 
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Table 7. Differentiating metabolites between breast cancer subjects and healthy controls 
identified from the handled dataset by univariate and multivariate methods. Metabolites are 

sorted in descending order of percentage change. 

Compound 
name 

Molecular 
formula 

Mass 
(DB) 

RT 
(min) 

Mass 
error 

(ppm) 

corrected
p -value 

VIPc 
%PCd 

 
Confirmation 

Triacylglycerides 

TG(56:8) C59H98O6 902,7363 31,73 3 0,00012a 2,7 115 MS/MS 

TG(55:1) C58H110O6 902,8302 34,79 13 0,000033a 2,7 103 PUT 

TG(50:4) C53H94O6 826,7050 30,38 0 0,0088a 2,4 99 MS/MS 

TG(56:6) C59H102O6 906,7676 34,79 1 0,000021a 2,6 96 MS/MS 

TG(54:3) C57H104O6 884,7833 37,07 -1 0,00077b 2,1 90 MS/MS 

TG(50:3) C53H96O6 828,7207 31,69 1 0,032a 2,3 89 MS/MS 

TG(50:2) C53H98O6 830,7363 31,7 15 0,022a 2,3 87 PUT 

TG(56:7) C59H100O6 904,7520 33,3 0 0,00055a 2,4 87 MS/MS 

TG(51:2) C54H100O6 844,7520 34,56 0 0,0044b 1,9 82 MS/MS 

TG(52:5) C55H96O6 852,7207 30,99 0 0,022a 2,2 79 MS/MS 

TG(54:6) C57H98O6 878,7363 31,59 2 0,00064b 2,1 77 MS/MS 

TG(56:5) C59H104O6 908,7833 36,1 0 0,010a 2,2 77 MS/MS 

TG(51:3) C54H98O6 842,7363 32,81 2 0,00035b 2,0 72 MS/MS 

TG(58:9) C61H100O6 928,7520 32,45 0 0,00016a 2,2 72 MS/MS 

Diacylglycerides 

DG(34:2) C37H68O5 592,5067 21,08 1 0,0015a 2,3 84 MS/MS 

DG(34:1) C37H70O5 594,5223 22,98 1 0,0020b 1,9 77 PUT 

DG(34:4) 
DG(32:1) 

C37H64O5 
C35H66O5 

588,4754 
566,4910 

21,55 
7 
3 

0,013b 1,6 77 PUT 

DG(40:4) 
DG(34:1) 

C39H68O5 

C37H60O5 
616,5067
594,5223 

21,6 
2 
1 

0,022a 2,1 75 PUT 

DG(36:3)  
DG(34:0) 

C39H70O5 

C37H72O5 
618,5223 
596,5380 

22,53 
0 
4 

0,0053a 2,1 68 PUT 

DG(36:2) C37H72O5 620,5380 23,42 0 0,00035b 1,9 68 PUT 

Monoacylglycerides 

MG(18:1) C21H40O4 356,2927 22,94 2 0,0027b 2,0 95 PUT 

MG(18:2) C21H38O4 354,2770 22,52 3 0,0082a 2,2 80 MS/MS 

a p value corrected by Benjamini Hochberg (FDR correction).  b p value corrected by Bonferroni. c 

VIP, variable of importance in projection with Jack-Knife confidence intervals estimative, 95 % 

confidence level.   d PC%,  percentage change in the comparison, the sign indicates the direction of 

change in BCP group 
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Table 7. Cont’d. 

Compound 
name 

Molecular 
formula 

Mass 
RT 

(min) 

Mass 
error 

(ppm) 

Corrected 
p -value 

VIPc %PCd Confirmation 

Phosphatidylcholines 

PC(36:1) C44H86NO8P 787,6091 21,79 0 0,0018b 1,7 49 MS/MS 

PC(35:6) C43H74NO8P 763,5152 19,61 4 0,016a 1,7 44 MS/MS 

PC(40:5) C48H86NO8P 835,6091 21,98 0 0,030a 1,7 43 MS/MS 

PC(40:6) C48H84NO8P 833,5935 21,12 0 0,00064a 1,8 43 MS/MS 

PC(O-36:5) 
PC(P-36:4) 

C44H80NO7P 765,5672 21,34 -1 0,0077a 1,7 42 MS/MS 

PC(38:4) C46H84NO8P 809,5935 21,81 10 0,0021b 1,5 41 MS/MS 

PC(32:1) C40H78NO8P 731,5465 19,07 0 0,014b 1,4 41 MS/MS 

PC(O-36:4) 

PC(P-36:3) 
C44H82NO7P 767,5829 21,33 1 0,00060a 1,8 40 MS/MS 

PC(38:6) C46H80NO8P 805,5622 19,52 0 0,00095a 1,7 36 MS/MS 

PC(38:7) C46H78NO8P 803,5465 19,54 0 0,00016a 1,7 35 MS/MS 

PC(O-38:5) 
PC(P-38:4) 

C46H84NO7P 793,5985 22,13 2 0,0067b 1,4 34 MS/MS 

a p value corrected by Benjamini Hochberg (FDR correction).  b p value corrected by Bonferroni. c 

VIP, variable of importance in projection with Jack-Knife confidence intervals estimative, 95 % 

confidence level.   d %PC,  percentage change in the comparison, the sign indicates the direction of 

change in BCP group. 

 

[M-H2O]+ adducts for positive mode and [M-H]-, [M+Cl]- and [M+HCOO]- adducts for 

negative mode. The maximum mass error was 20 ppm and each chemical formula was 

compared with the experimental isotopic pattern distribution. Most of the significant 

compounds putatively identified fall into one of four types, triacylglycerides, 

diaclyglycerides, monoacylglycerides and phosphatidylcholines. ii) For tandem mass 

spectrometry (MS/MS) identification, the most significant compounds of each type were 

selected to perform a further mass fragmentation under the same analytical conditions to 

confirm the identity of lipids. The fragmentation pattern was correlated with a MS/MS 

spectra library in order to find characteristic fragments helpful to establish the formed 

adduct, headgroup, and fatty acyl composition. The results are summarized in table 7.  

Since available methods did not allow to determine the double-bond position, the 

stereochemistry or even not the backbone substitution (sn position), the structure of the 

lipids could not be completely elucidated. 

 

4.7 Biological interpretation 

 

Lipids play a critical role in sustain the uncontrolled proliferation of cells as they are 

necessary to provide membrane constituents for a rapid cell growth/division and also for 

the constant generation of signals that drive these processes. However, the specific 

components and molecular species involved in the development of breast cancer still 
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remain unclear. In this study, four main groups of lipids were established as significant to 

differentiate between BCPs and CPs groups, and each one is discussed down below.    

Phosphatidylcholines 

Alterations in the content of glycerophospholipids have been widely reported in several 

cancer types since the 90’s, but the identification of specific compounds and its correlations 

remained elusive until 2000’s [88], when high resolution mass spectrometers became 

available and methods for lipid structural elucidation were developed. As the most 

abundant glycerophospholipid in eukaryotic cells are the phosphatidylcholines, it is not 

surprisingly a significant change in PCs in order to support the membrane demands 

involved in cellular proliferation [88-90]. According to the results, a total of 11 PCs are 

significantly increased in the plasma of breast cancer subjects. PC(36:1) was the most 

statistically significant increased phosphatidylcholine (Bonferroni p-value corrected of 

0.0018). The increase of PCs in the plasma samples of breast cancer patients has been 

suggested to be caused by a balance between a high activity of the enzyme choline kinase 

(the initial enzyme of the anabolic pathway) and the enzyme phospholipase-C (a catabolic 

enzyme that removes the phosphocholine head of PC, generating second messengers as 

DG) which favorite PC accumulation.  [91]. The figure 18 shows the PC biosynthesis and 

catabolic pathways.  

Five of the significant PCs have been previously reported in breast cancer samples: 

PC(32:1) [6, 9, 38, 92], PC(36:1) [6, 38, 92], PC(38:4) [6, 38], PC(40:5) [44], and PC(40:6) 

[38, 44]. The increase of PC(32:1) and PC(36:1) has been attributed to a high activity of  

Stearoyl-CoA desaturase-1 (SCD1), which is a microsomal enzyme that regulates the 

conversion of saturated fatty acids (palmitic [16:0] and stearic acid [18:0]) into mono-

unsaturated fatty acids (palmitoleic [16:1] and oleic acid [18:1], respectively) [93]. The 

activity of the SCD1 is suggested to play an important role in cancer progression [94], 

because it allows the rapid incorporation into membrane of fatty acids synthetized de novo 

by the fatty acid synthase (FASN) and acetyl-CoA carboxylase (ACACA) as was show in 

figure 7. 

Also it is worthy to notice PCs with a long carbon chains and a high unsaturation degree 

like PC(38:4), PC(38:6), PC(40:5) and PC(40:6), since polyunsaturated fatty acids have been 

shown to be characteristic in cancer, because they maintain/disrupt membrane 

microstructures and can be tuning into signal transductions [95]. However, it is still 

required an in depth identification of PC species to enhance understanding the connection 

between fatty acids and the function of phospholipids in breast cancer development. 

Tryacilglycerides 

High levels of TG have been widely reported in plasma, serum and mammary tissue 

samples, which is expected since that TG/FFA cycling is central to energy storage, and 

signaling [35, 36, 96-98]. In this study 14 TG species were found as significant to 

differentiate between BCP and CP groups, being TG the lipid class with the highest 

percentage change. The upregulation of TG in breast cancer cells can be explained 

considering: i) the increase rate of de novo synthesis can result in a high FFA concentration 

that leads to cytotoxicity, in consequence the TG/FFA cycle goes until the TG as 

endproduct. 
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Figure 18. Biosynthetic (solid lines) and catabolic (dashed lines) pathways of 
phosphatidylcholine (PtdCho) metabolism. Metabolites are given in bold letters and 

enzymes of PtdCho metabolism with their EC numbers are given in boxes. Taken from 
Akerstaff (2012) 

ii) Once the TGs are synthetized they are located predominantly in intracellular lipid 

droplets as source of energy and multiple signals for controlling various metabolic, 

physiological and signaling pathways in the cell; iii) polyunsaturated TG can act like an 

antioxidant, protecting intracellular structures from oxidative stress [99, 100]. 

Although several studies have investigated the TG alterations in breast cancer, they have 

not been individually characterized. For that reason, these results provide an insight 

showing the significant increase of polyunsaturated long carbon acyl chains as TG(56:8), 

TG(58:9), TG(56:7) and TG(56:6) in plasma from breast cancer subjects as compared with 

controls. Moreover, the role of dietary fat has been associated with TG upregulation, but it 

remains controversial [101, 102]. Based on the results presented here we  propose that 

higher concentrations of TG may really play a role in breast cancer development. 

Diacylglycerides 

DGs are important intermediates of lipid metabolism and cellular signaling. Several 

researches have found alterations in DG concentrations in diseases like diabetes and 

various cancer types [103]. In this study 6 DG species were establish as significantly 

different, where DG(34:2) shows the largest increase in BCPs compared to CPs. 

In addition, DG(34:0) and DG(34:4) have been also reported by Yang et al. [43] using six 

benign breast tumor against nine healthy controls mamarian tissue. 

According to literature, DG act like intracellular messengers, playing an important role in 

cancer progression affecting the protein kinase C (PKC) [104]. The generation of DG is 

mainly caused by the hydrolysis of PCs by the phospholipase C. Once the DGs are 
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liberated, it can influence PKC activation and consequently the regulation of cell 

proliferation [105, 106].  

Monoacilglycerides 

With respect to monoacylglycerols in breast cancer, MG(18:1) and MG(18:2) species were 

found as significantly increased in this study. These species can be used by 

monoacylglycerol lipase (MAGL) to generate FFA, which would expand the source of free 

fatty acids in cancer cells, besides of the generally attributed de novo fatty acid synthesis 

pathway [107]. Moreover, elevated MAGL activity has been suggested as responsible for 

the increased production of specific lipid messengers, such as lysophosphatidic acid and 

prostaglandin E, which promote migration, survival and tumour growth, supporting cancer 

malignancy [108, 109]. The results presented here, also suggest a rol of MG in the 

characteristic lipid phenotype of breast cancer. 
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CHAPTER 5:  CONCLUSIONS AND RECOMMENDATIONS 

In this study, plasma samples from 29 breast cancer subjects and 29 healthy controls were 

analyzed under an untargeted lipidomic approach. The MTBE method was successfully 

employed to extract the lipids from plasma, which is characterized by its simplicity, 

efficiency and low toxicity, as compared to common lipid extraction methods using 

chloroform or dichloromethane. Lipid separation was achieve using a standardized LC 

condition which was satisfactorily tested to be repeatable and reproducible, in order to 

achieve a chromatogram with well-defined RT ranges for lipid classes in both positive and 

negative modes. The use of an HRMS equipment allowed the accurate detection of m/z 

ratios in the low ppm regime. Data handling was a hardware demanding and time 

consuming process for normalization, peak detection, alignment, integration and filtering. 

Chemometrics were applied to the final data matrix, using univariate and multivariate data 

analysis. On one side, PCA was helpful for general visualization, checking the data quality 

by the clustering of the QCs that were injected between every 5 samples. This clustering 

ensured the instrument stability during the total analysis time (around 76 hours per mode), 

which is necessary to compare samples, keep at minimum the experimental bias and 

maintain the biological variation as the major source. On the other side, the OPLS-DA 

model showed a distinct separation in lipid profiles between breast cancer subjects and 

healthy controls in positive and negative mode, that were successfully validated (R2X = 

0.78, Q2 = 0.54; R2X = 0.83, Q2 = 0.50, respectively). Variables were established as 

significant if they fulfilled the following criteria: percentage change > 30%, corrected p-

value < 0.05 and VIP > 1 with a Jack-knife confidence interval. In that way, false positives 

are avoided due to the strict parameters chosen for variable selection. The statistically 

significant variables were 33 lipids in total, including triacylglycerides (14), diacylglycerides 

(6), monoacylglycerides (2) and phosphatidylcholines (11). All these variables showed 

significantly higher levels in breast cancer plasma samples. These results were explained 

considering the needs of cancer cells to sustain its uncontrolled proliferation. TGs are 

produced as energy storage, avoiding citotoxicity of free FA and providing oxidation 

resistance by a large number of unsaturations. DGs act like cellular messengers to maintain 

the growth and division. PCs as major components of cellular membranes are crucial to 

generate new membranes and also messengers like DGs. Also, taking into account that the 

TG/FFA cycle is correlated with the PC biosynthesis and catabolism, relationships 

between both pathways are expected.  

Regarding the role of diet on plasma lipid levels: its significance has remained controversial 

because it is not clear if hyperlipidemia is a cause or an effect of breast cancer and other 

diseases. However, considering: i) plasma samples were taken under fasting ii) PCs and 

TGs are mainly produced by de novo pathway in cancer cells iii) FA with high carbon chains 

or with high unsaturation degree are not of common intake from animal or plant sources; 

we assume low correlation with dietary fat. For that reason, despite of the relatively small 

sample size of the current study, such changes could be involved in the characteristic 

phenotype of breast cancer. Moreover, this study provides a guideline for future screening 

of biologically meaningful lipids for group discrimination by performing targeted 

lipidomics to a more profound characterization of these statistically significant variables, 

discriminating conformational and structural isomers, which could be used as target 
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molecules for high-speed breast cancer scanning and/or monitoring of a large number of 

samples. 

The challenges faced with this study were several: first, the high volatility of MTBE caused 

loss of the lipid extract from the mobile insert to the vial, even when the cap was well 

sealed. For that reason vials with fixed insert were required during the procedure and low 

temperatures (5°C) for its storage. Second, relatively long conditioning times were 

necessary to achieve stable and reproducible conditions. Third, the data handling was 

hardware demanding due to the large number of variables (features) and samples, requiring 

a virtual machine with 64 GB of RAM and 2 processors of 2.40 GHz. Fourth, the manual 

review of the automatic peak integration required long time, because it is a crucial step to 

avoid missing values or bad integrations mostly caused by retention time drifts during the 

analysis. Fifth, two different electrospray ionization modes were used, ESI+ gave many 

signals with high intensity, while ESI- generated signals with relatively low intensity, 

hindering the data mining of lipid species that can be readily ionized only in negative mode. 

Sixth, during the whole experimental procedure the biological variability was retained over 

other variation sources, filtering by presence and coefficient of variation, with the aim to 

minimize the number of false positives, at the expense of increasing the number of false 

negatives. This is because in diagnosis models, false negatives are preferred rather than 

false positives, since their presence in the results has lower implications. Seventh, taking 

into account that breast cancer is a multifactorial type of disease, it is necessary to get a 

holistic view, applying other approaches to correlate findings. For that reasons the results 

presented here are part of a multiplatform study that involves the analysis of the same 

samples by NMR and GC-MS. These complementary results will provide a better 

understanding of the human breast cancer phenotype.  
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INFORMED CONSENT FORM 

 

“Estudio de los perfiles metabolómicos de pacientes con cáncer de mama” 

 

Por medio de este documento deseamos pedir su colaboración y participación en una 

investigación que espera encontrar las diferencias entre los perfiles metabolómicos 

(composición de sustancias químicas o metabolitos en los fluidos biológicos: sangre y 

orina) de mujeres que tengan cáncer de seno y mujeres sanas. Con esto queremos 

contribuir con información que permita aportar conocimiento para el futuro desarrollo de 

biomarcadores (Sustancias cuyos niveles en los fluidos biológicos se pueden alterar en 

presencia de la enfermedad);  estos permitirán diagnosticar a tiempo y pronosticar la 

enfermedad, de esta forma, mejorar la supervivencia y calidad de vida de las mujeres que 

padecen de esta enfermedad. 

 

Para llevar a cabo esta investigación, autorizo la toma de una (1) muestra de sangre y una 

(1) muestra de orina. La cita y el lugar para tomar estas muestras se acordarán al momento 

de firmar el consentimiento con los investigadores. Las muestras de sangre se tomarán por 

personal calificado en las instalaciones médicas adecuadas,  vía venosa (6 mL) en los 

participantes; esta cantidad de sangre no afectará a la salud del paciente. La muestra de 

orina se debe tomar en la mañana, al despertarse, la primera vez que desee ir al baño a 

orinar.  

 

Los riesgos esperados con la toma de muestra son los mismos que se pueden presentar con 

la toma de exámenes de sangre u otra índole, es decir, dolor o hematomas en el sitio de la 

toma de la muestra de sangre, que se presentan en un porcentaje muy pequeño de los 

pacientes y que en todo caso se resuelven espontáneamente y no acarrean riesgos o 

consecuencias futuras para la salud. 

 

Después de tomar y recibir las muestras de cada participante, serán trasladadas al 

Laboratorio de Química Analítica y Bioanalítica del departamento de Química de la 

Universidad de Los Andes, donde se realizarán los estudios pertinentes. Las muestras se 

conservarán almacenadas en las instalaciones de la Universidad de Los Andes hasta 

finalizar la investigación, luego todas las muestras colectadas durante el estudio serán 

desechadas siguiendo los protocolos del Programa de Manejo de Residuos Biológicos de la 

Universidad de Los Andes. 

 

Se garantiza la absoluta confidencialidad de estos resultados y en ningún momento se 

revelará la identidad de los participantes. Los datos del estudio podrán divulgarse en 

reuniones, publicaciones científicas o académicas respetando la privacidad de cada 

participante.    Mi participación en este estudio no tiene ningún costo y soy libre de 

retirarme de esta investigación en cualquier momento, sin dar alguna explicación. También 

tengo derecho a conocer los resultados obtenidos durante el estudio. 
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Es importante aclarar que el tratamiento de la enfermedad de base o las complicaciones no 

se verá afectado de ninguna manera por la aceptación o rechazo a participar en el estudio. 

En caso de dudas podré consultar al doctor Roland Meesters del Grupo de Investigación 

en Química Analítica y Bioanalítica de la Universidad de Los Andes en el Bloque Q octavo 

piso, teléfono  3394949 Ext. 1479, a la investigadora Mónica Cala Molina (Número de 

celular: 3002105152).   En caso de presentarse algún problema asociado a la investigación, 

usted también puede contactar al Comité de Ética de la Universidad de los Andes. 

Teléfono 3394949 Ext. 3867 o al correo electrónico comite-etica-

investigaciones@uniandes.edu.co  

 

Después de haber leído este documento, confirmo que me han explicado y he entendido 

suficientemente lo anterior, he tenido la oportunidad de hacer preguntas y me las han 

solucionado.  Acepto voluntariamente participar en este estudio firmando este formulario 

de consentimiento. 

 

PARTICIPANTE 

Nombre completo: 

____________________________________________________________________________ 

Documento de identidad: ___________________________________ Firma:   

____________________________ 

Fecha: Día ________ Mes ____________ Año: ___________  Hora: _____________ 

 

INVESTIGADOR PRINCIPAL  

Nombre completo: 

____________________________________________________________________________ 

Documento de identidad: ________________________________________ Firma:   

________________________ 

Fecha: Día ________ Mes ____________ Año: ___________  Hora: _____________ 

          

TESTIGO 1 

Nombre completo: ______________________ 

______________________________________________________ 

Documento de identidad: ____________________________________ Firma:   

____________________________ 

Fecha: Día ________ Mes ____________ Año: ___________  Hora: _____________ 

 

 

 

 

 

mailto:comite-etica-investigaciones@uniandes.edu.co
mailto:comite-etica-investigaciones@uniandes.edu.co
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TESTIGO 2 

Nombre completo: ______________________ 

______________________________________________________ 

Documento de identidad: ____________________________________ Firma:   

____________________________ 

Fecha: Día ________ Mes ____________ Año: ___________  Hora: _____________ 

 

COMPLETE LA SIGUIENTE INFORMACIÓN SI DESEA RECIBIR UNA COPIA DE 

LOS RESULTADOS DEL ESTUDIO: 

 

Nombre: 

_____________________________________________________________________________ 

Dirección y ciudad: 

_____________________________________________________________________ 

Número de teléfono fijo: 

_________________________________________________________________ 

Número de  teléfono celular: 

____________________________________________________________::: 

Correo electrónico: 

_____________________________________________________________________ 

 

 

 


