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Abstract 

 

Metabolomics is one of the “omics” technologies dealing with the characterization of 

all metabolites in a biological sample. In this dissertation, metabolomics was applied to hair 

samples to build its metabolome (set of metabolites present in hair). 

The aim of this study was to evaluate if a metabolomics approach could differentiate 

sex through hair analysis. To that intent, 86 hair samples from donors (43 males and 43 

females) were collected and analysed by GC-MS after derivatization. Through chemometric 

analysis, a set of 34 metabolites were defined as being able to provide a sex differentiation 

outcome. While males showed an increase in the levels of lactic, malonic, succinic and stearic 

acids, 2-methylalanine, L-valine, L-isoleucine, L-serine, L-threonine, L-phenylalanine, 

pyroglutamic acid, cholestidiene and glycerol, females showed an increase in the levels of 

squalene, and capric, lauric, myristoleic, myristic, pentadecanoic, palmitoleic and oleic acids. 

The most important metabolic pathways altered by sex were protein biosynthesis; β-

oxidation of very long chain fatty acids; glycine, serine and threonine metabolism and valine, 

leucine and isoleucine degradation. 

In future, more studies must be made to find other metabolites with potential for sex 

differentiation through other analytical techniques such as LC-MS or NMR spectroscopy. Hair 

metabolomics can help with the understanding of sexual dimorphism which can be essential 

for other areas ranging from forensic science to clinical and biomedical research. 

 

 

 

Keywords: hair, metabolomics, gas chromatography coupled to mass spectrometry 
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Resumo 

 

 A metabolómica é uma área crescente das "ómicas" que aborda a caracterização e 

identificação dos metabolitos em amostras biológicas. Nesta dissertação, a metabolómica foi 

utilizada em amostras de cabelo para construir o seu metaboloma (conjunto de metabolitos 

presentes no cabelo). 

O objetivo deste estudo foi avaliar através de uma abordagem metabolómica a 

diferenciação de géneros através de análise de cabelo. Para tal, foram colhidas 86 amostras de 

cabelo de dadores (43 mulheres e 43 homens) e analisadas por cromatografia gasosa acoplada 

a espetrometria de massa, após derivatização. Após quimiometria, um conjunto de 34 

metabolitos foram definidos como sendo capazes de fornecer um resultado de diferenciação 

de género. Enquanto os homens apresentaram um aumento dos níveis de ácidos lático, 

malónico, succínico e esteárico, 2-metilalanina, L-valina, L-isoleucina, L-serina, L-treonina, 

L-fenilalanina, ácido piroglutâmico, colestedieno e glicerol; as mulheres apresentaram um 

aumento dos níveis de esqualeno, ácidos cáprico, láurico, miristoleico, mirístico, 

pentadecanóico, palmitoleico e oleico. 

As vias metabólicas mais importantes afetadas pelo género foram a biossíntese 

proteica; β-oxidação de ácidos gordos de cadeias muito longas; metabolismo da glicina, serina 

e treonina; degradação da valina, leucina e isoleucina. 

Mais estudos devem ser feitos para estabelecer via metabólicas concretas e 

biomarcadores para o género recorrendo a outras técnicas como cromatografia líquida 

acoplada a espetrometria de massas ou ressonância magnética nuclear. A metabolómica do 

cabelo pode ajudar na compreensão do dimorfismo sexual que pode ser essencial para outras 

áreas que vão desde a ciência forense até testes clínicos e biomédicos. 

 

 

 

Palavras-chave: cabelo; metabolómica; forense; diferenciação de género 
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1.1 | Hair Structure and Composition 

 

The first histological cuts scalp sections were documented by John Headington 

[1] and brought a strong motivation towards the morphometric study of hair. Human hair 

(Figure 1) is a complex tissue whose biology and physiology are not yet fully understood. 

Hair is a mixture of proteins (~90%), lipids (~9%), carbohydrates, water and other trace 

elements [2].  

 

Figure 1 – Hair schematic representation 

 

The hair fiber is a product of the hair follicle and is morphologically divided into 

four structures: cuticle; cortex, medulla and cell membrane. The cuticle is the protective 

envelope made from layers of high sulfur hair keratin-associated proteins (KAPs) and 

lipids which provide structure. Morphologically this structure resembles with scales 

placed over one another which enhances the protection against mechanic aggressions [3]. 

Inside, the cortex is the main contributor for hair mass because it is the place with the 

highest amount of fibrous proteins like Type I and Type II keratins. Melanin is also found 

in the cortical cells. Hair fibers that are bigger in diameter can also display medulla, a 

sponge like region in the middle of the cortex which can be complete (rare in humans), 

incomplete or absent. Cell membrane unites all these structures and is a laminar structure 

with lipids and proteins [2].  

All hair is associated to sebaceous glands and, in certain areas like armpits and 

pubic area there are also eccrine sweat glands [4]. Cells proliferate continuously in the 

root, but their metabolism towards the end of the hair becomes irrelevant [5].  
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Hair growth comprises three stages: anagen, catagen and telogen. Anagen is the 

active period of growth and usually takes from 3 to 6 years (around 85% of hair is in this 

phase). Catagen is when the cells replication stops, keratinization begins and blood supply 

ends. This stage is shorter, around 3 weeks. From this point, hair falls pushed by a new 

hair in the anagen stage taking up to 3 months [4].  

The growing understanding of the chemical composition of the hair is of major 

importance since it can serve as a reference guide in different fields both in forensic as 

health sciences. 

 

1.2. | Hair as a relevant matrix – advantages and disadvantages 

 

Hair is one of the most important samples in Forensic Sciences.  Indeed, hair can 

provide valuable clues about a crime scene due to its highly stable structure and ability to 

retain endogenous metabolites during months [6, 7].  With the advances in all the “omics” 

technologies more studies are being increasingly applied to both classic, like blood or 

urine, as well as to unorthodox matrixes such as hair or nails. This is quite well explained 

by Rendle [8] who said that in the absence of trace elements that allow genetic analysis, 

the scientist should rely on the chemical analysis of hair, for example, to establish bonds 

or connections in between the suspect, the victim and/or the crime scene. Indeed, this will 

be the starting point for this dissertation: the importance of hair as a biological matrix as 

well as its utility for the new era of the omics. 

Hair analysis offers several advantages over other biological samples (e.g., blood, 

urine). Collection is non-invasive, cleaner and with no need of security protocols and 

technical expertise, as in the case of blood collection, and causes fewer constraints than 

urine collection. Also the collection can be made by anyone who knows the technique, 

even without advanced scientific expertise [5]. It is broadly accepted that the hair grows 

on average 1 cm per month excluding the growth to reach the epithelial layer which takes 

from 7 to 10 days; this constant growth helps to create a timeline of metabolite 

incorporation [9]. In fact, it is the knowledge of this constant growth that allows 

conducting retrospective analysis, which constitutes itself as a great advantage when it 

comes to tests related to drug abuse and of other xeno and/or endobiotics. It can help us 

establish a temporal pattern of consumption or exposure to substances and distinguish 

between acute or chronic exposure. This distinction can be very important when we have 

no prior history, for example [10]. Due to the this hair pattern of growth, this retrospective 
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analysis also allows to establish a temporal monitoring of exposure, periods of withdrawal 

or even adherence to therapy [4]. Although some concerns were raised about the 

interference of hair cosmetic, studies have been performed and seems  that the use of 

shampoos do not remove any substances from the interior of the hair shaft [11]. Another 

major advantage is the possibility to repeat a test because you can collect more hair 

samples and they will be equivalent as the ones prior with the only concern being the 

timelapse between collections [10]. Additionally, hair samples collected at different times 

maintain high reliability of results and do not require special storage conditions such as 

temperature or time set for analysis. Also, this matrix does not represent an increase of 

difficulty in terms of chemical analysis [5]. Apart from all these factors, there are two 

additional technical advantages: both the tampering and the effective contamination of 

this matrix are made difficult by its high resistance resulting sometimes as the last 

available and workable matrix to analyse in bodies with prolonged decomposition when 

other matrices are no longer available [12-15]. For example, in the case of benzodiazepines 

intoxication in putrefied corpses, hair is the recommended sample [16]. 

Sometimes it is difficult (or in some cases impossible) to determine the source of 

the analyte, i.e., whether the compound is endogenous or exogenous and routes of 

incorporation or administration [11, 17, 18]. Additionally, there are difficulties associated 

with the method that may influence the whole analysis, especially with external 

contaminants that are not removed by washing and could lead to false positives [19]. 

Lastly, it is also important to evaluate the relevance of possible confounding factors such 

as sex, age and ethnicity, as well as reckon that this matrix is not suitable for detection of 

xenobiotics recently consumed [4]. Table 1 summarizes all the advantages and limitations 

presented in this subchapter. 

Table 1 – Advantages and limitations of using hair as a matrix 

Advantages Limitations 

Non-invasive collection Difficult to determine the origin of the substance 

Clean sample False positives are more frequent 

No need for security protocols Not suitable for recent consumptions 

No need for technical expertise  

No constraints in collection  
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Table 1 – Advantages and limitations of using hair as a matrix 

Advantages Limitations 

Highly stable structure allowing the retention of 

endogenous metabolites for months increasing the 

detection time 

 

Allows to establish a timeline of metabolite 

incorporation 
 

Allows to repeat a test by providing equivalent 

samples over time 
 

No specific storage conditions  

Difficult to tamper  

 

1.3 | Metabolomics strategy: analytical and statistical methods 

 

The era of the omics is redefining biological sciences with all the new data 

obtained. High-throughput techniques such as nuclear magnetic resonance (NMR) and 

mass spectrometry (MS) gave us a huge amount of data to interpret which can also 

constitute a challenge. Moreover, in order to obtain a complete picture of a living 

organism or process we need to integrate data from all the omics technologies (genomics, 

transcriptomics, proteomics, metabolomics and other emergent ones) [20, 21] (Figure 2).  

 

Figure 2 - The omics cascade from genomics to metabolomics with arrows representing the transfer 

processes of biochemical information from one level to the next [adapted from [22]]. 

 

1.3.1 | Definition of Metabolomics 

 

Metabolomics is an analytical strategy that entails the comprehensive analysis of 

all metabolites involved in the metabolic networks of living organisms and their response 

to pathophysiological or other stimuli [23]. Metabolites comprise metabolism’s 
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intermediates, hormones or other signalling molecules or secondary metabolites [24]. 

Hence metabolomics can elucidate the role of significant metabolites in biological 

pathways and correlate them with phenotypical manifestations [24]. This is a great 

advantage when comparing with other “omics” fields (e.g., genomics, transcriptomics) as 

their subject is located upstream in the gene expression pathway [25]. 

The first study considered to be related with metabolomics was performed by 

Pauling and associates in 1970 [26], but it was not defined until 1999 by Nicholson et al. 

[23]. The main aim of Metabolomics is the study of molecules that are closer to the 

phenotype comprising both fingerprint (set of known or unknown intracellular 

metabolites) and footprint (set of known or unknown extracellular metabolites) [27]. The 

metabolomics workflow (Figure 3) includes several steps from sampling to biological 

interpretation and each one presents different challenges. 

 

 

1.3.2 | Experimental design of Metabolomics 

 

In Metabolomic studies, the first great challenge is the choice of sample (either 

cell, tissue or organ) since it should reflect the metabolic alterations occurring in the target 

organism [28, 29]. Additionally, the sample size should be carefully thought to not 

Figure 3 – Metabolomics Workflow (NMR – nuclear magnetic ressonance; GC-MS – gas chromatography 

coupled with mass spectometry; LC-MS – liquid chromatography coupled with mass spectometry; PCA – 

principle components analysis; PLS-DA – partial least squares discriminant analysis) 



 
8 

 

compromise the statistical analysis. Statistical studies suggest that the sample number 

should equal the metabolites observed experimentally so that significant statistic can be 

achieved [30]. Lastly, the sample preparation and extraction should be carefully optimized 

to ensure which steps are appropriated for the wanted outcome. The representativeness of 

the metabolome is directly correlated to the yield of the extraction method so it has to be 

assured that the extraction guarantees the extraction  of as many metabolites as possible 

so it leads to an holistic study [28].  

The second great challenge is the choice of analytical technique. NMR and MS 

have been the golden standard of metabolomics [31]. NMR is a technique that explores the 

magnetic properties of some atomic nucleus to determine physical and/or chemical 

properties of atoms (1H usually) present in molecules [31]. Also, NMR is a fast and 

reproducible technique, both being requirements for a metabolomics study. This 

technique can also provide information on chemical structures based on the obtained 

spectral data [31] though its spectra data is highly difficult to depict [32]. On the other 

hand, MS can be used as a single technique or coupled with separation techniques such as 

liquid chromatography (LC-MS) or gas chromatography (GC-MS) as hyphenated 

techniques. This previous separation step diminishes the complexity of the biological 

sample and grants the mass spectrometer the opportunity to analyse different set of 

molecules at different retention times. MS data is shown in a mass-to-charge ratio (m/z) 

over a relative intensity of the substances analysed. To this end, the compounds require an 

ionized state which is ultimately responsible for the peak patterns that establish the 

fingerprint for the original molecule [31]. 

Both approaches have benefits and drawbacks (summarized in Figure 4). On one 

hand, NMR needs little to no sample preparation, it’s not destructive, enables analysis of 

liquid and solid samples and has high accuracy and repeatability [32]. On the other hand, 

this technique needs very skilled technicians and has limitations in sensitivity (mM 

range). 

MS coupled to chromatography techniques require extensive sample preparation 

but only small amounts of sample are needed, enables discrimination of molecules with a 

similar structure and has very high sensitivity (<M).  

The use of both NMR and MS is often necessary for full molecular 

characterization of a sample [33].  
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In high-throughput techniques, analytical variability should be reduced to a 

minimum. However, this variability can be introduced during sample collection, storage, 

preparation and acquisition [32]. A common approach to monitor the analytical variability 

in metabolomics studies is to use quality control (QC) samples and/or internal standards 

(IS). QC samples are usually preferred [34].  These samples can be prepared as a pool of 

the same set of samples to be analysed and should be divided accordingly to the number of 

days of analysis (one QC after every 4 to 15 samples [35]).  Since these samples are 

representative of the batch, the relative standard deviation (RSD) of each compound 

across the QC can then be used as an indicator of the reproducibility and repeatability of 

the analysis [32].  IS can be useful to correct the intra-batch fluctuation of the retention 

time of the metabolites, since it is a stable compound, with reproducible and repeatable 

RT. However, suitability of IS as a method for monitoring analytical variability must be 

considered because it can interfere with the physicochemical characteristics of the sample, 

coelute with a compound and may not be representative of the abundance of different 

classes of metabolites in the matrix  [32, 34]. The decision of which approach(es) to use 

should be thought out considering all the factors above. 

Figure 4 – Advantages and limitations of the analytical techniques most commonly applied to metabolomics 

and presentation of typical result spectrum and equipment. NMR – Nuclear Magnetic Ressonance; GC-MS – 

Gas Chromatography coupled with Mass Spectometry; LC-MS – Liquid Chromatography coupled with Mass 

Spectrometry 
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Besides the risk of analytical variability, both NMR and MS datasets are usually 

vast and complex requiring the use of processing and data mining methods based on 

statistics. 

In MS studies, the goal of the data processing is to achieve a feature matrix where 

data is presented in the form of m/z - RT pair and the relative amount of each compound 

in each sample [32]. Data processing usually involves the following steps: crop filter, 

baseline correction, peak detection, chromatogram deconvolution and alignment. Crop 

filter is the first step in which the range of m/z and minutes is established and will serve as 

reference for the software from this point on, after the data is cropped according to our 

demands. The next step is to perform a baseline correction which tries to keep all signals 

that are not due to the sample, but caused by noise or other factors, as close to zero as 

possible [22]. Peak detection is related to the baseline correction and it is responsible for 

determining which peaks will remain and which will be rejected lowering the false-

positives [22]. When the baseline is established and the peaks identified, follows the 

chromatogram builder and the deconvolution step. Chromatogram deconvolution avoids 

peaks coeluting by using the mass spectra data to separate the chromatogram coeluted 

peaks [31]. Finally, comparing different samples RT for the same identified peaks shifts in 

time will be detected and discrepancies corrected [22]. 

Once the data and feature matrix is built after pre-processing and aligning the 

raw data, statistical approaches are used to discover significant features to discriminate 

groups of interest. Multivariate and univariate analysis (MVA and UVA respectively) are 

then called upon to filter relevant information to give a biological understanding to the 

problem placed iniatially [36].  

There can be unsupervised and supervised methods for multivariate analysis [37]. 

Unsupervised method means that no information on class is given for the statistical 

operations hence only the features are considered for the separation. The most used is 

principal component analysis (PCA) as unsupervised method [38]. PCA is a statistical 

approach the variables that are more correlated are joined together. The main problem 

with this method is accuracy hence it is mostly used to find strong outliers and/or clusters 

providing an early evaluation of the data [37]. When proceeding to PCA, the scaling type 

must be set. There are different types of scaling which use a different dispersion measure. 

Unit Variance (UV) scaling is the scaling type that uses only standard deviation as a factor 

and is the selected scaling type originally used by the software [39]. Pareto scaling, while 

similar since it also uses standard deviations, differs from UV scaling by using the square 

root of standard deviation. This leads to a decreased relative importance of the higher 



 
11 

 

values, being closer to the original value than other scaling types such as UV (which 

considers all metabolites in equal importance) [38]. 

After PCA, MVA continues with a supervised method approach where the 

information on which classes are in the dataset is given meaning that the separation will 

be based on which features are useful to separate both classes [37]. PLS-DA, the most used 

method, serves to enhance the separation obtained via PCA and works by splitting classes 

as much as possible making possible to see which variables are responsible for that 

separation. This model groups samples together when the intra-group variation is lower 

enough compared to inter-group variation [38]. The loadings scatter plot of the PLS-DA 

shows the features that contributes the most for the separation [38]. 

The significant features are then individually evaluated using independent 

dataset to test for statistical significance (p-value). Distribution is also tested and, if the 

significant feature has a normal distribution, then the method applied is parametric; if 

not, a nonparametric method is used [40]. 

Once MVA and UVA are completed, the performance of the model created can be 

validated by cross validation. Using this statistical method, the predictive model will be 

tested in two separate data segments where both segments cross-over repeatedly until all 

data points are validated across.  

After the metabolites of interest are known, the next step is their identification 

which is trying to correspond a chemical structure to the mass feature [36]. Compound 

identification in MS-based approaches is usually achieved using different methods. The 

first approach is to compare with spectral databases as NIST Standard Reference Database 

where Kovats retention index are provided to confirm RT and pure standards are injected 

to confirm both RT and mass spectrometer spectrum [31]. This method is not faultless and 

in recent years several metabolite spectral databases have been created that can help with 

the identification [31] such as the Human Metabolome Database (HMDB) [41] or Kyoto 

Encyclopedia of Genes and Genomes (KEGG) [42, 43]. 

Once the set of metabolites is found, it will enable the discrimination between 

sample groups (e.g., disease vs control in clinical context). The following step is to 

investigate in which metabolic pathways they are involved in so their relevance in the 

metabolism can be established [44]. Alternatively, correlation network analysis can help to 

find biological networks based on pairwise correlations between metabolites [45].  
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1.4 | Hair Metabolomics – Previous Studies and Main Conclusions 

 

To the best of our knowledge, there is a limited number of articles regarding hair 

metabolomics. Non-metabolomics hair analysis has targeted mostly heavy metals, drugs 

or poisons [46, 47] which translates in little expertise on common chemicals and/or 

metabolites that are stored inside the hair that can translate into valuable insights on 

other themes like diseases, dietary intake or environmental exposures[48]. After a 

research on Pubmed database with the expression “hair metabolomics” it became obvious 

that the combination of metabolomics and hair is even more recent since there are only 18 

studies to date that match both criteria starting only after 2008 [49] and not all  related 

with practical hair analysis, being just literature reviews. Table 1 shows a compilation of all 

the studies that concerns this subject: 
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Table 2 – Literature regarding hair metabolomics 

Author, Year Title Aims Technique(s) Ref. 

Scheepers, 

2008 

The use of biomarkers for improved retrospective 

exposure assessment in epidemiological studies: 

summary of an ECETOC workshop. 

Workshop taken to try to establish a relationship 

between the omics and biomarkers for disease to 

show evidence of retrospective exposure 

Theoretical; review [49] 

Llyod, Ahmad 

et al., 2009 

Pattern recognition of inductively coupled plasma 

atomic emission spectroscopy of human scalp hair 

for discriminating between healthy and hepatitis C 

patients. 

Measurement of trace elements in hair to separate 

two groups of individuals: Controls vs humans 

with diagnosed Hepatitis C 

Inductively coupled 

plasma atomic emission 

spectroscopy (ICP-AES) 

[50] 

Dragsted, 

2010 

Biomarkers of meat intake and the application of 

nutrigenomics 

Establish biomarkers of meat intake in different 

matrixes to test compliance in dietary intervention 
Theoretical; review [51] 

Tsutsui, 

Maeda et al., 

2011 

Biomarker discovery in biological specimens 

(plasma, hair, liver and kidney) of diabetic mice 

based upon metabolite profiling using ultra-

performance liquid chromatography with 

electrospray ionization time-of-flight mass 

spectrometry 

Establish biomarkers for diabetes in different 

matrixes to separate two groups of individuals: 

Controls vs mice with diabetes 

Ultra-performance liquid 

chromatography with 

electrospray ionization 

time-of-flight mass 

spectrometry (UPLC-EI-

TOF-MS) 

[52] 

Sulek, Han et 

al., 2015 

Hair metabolomics: identification of fetal 

compromise provides proof of concept for 

biomarker discovery 

Find fetal growth restriction biomarkers GC-MS [48] 

Lee, Kim et 

al., 2015 

Technical and clinical aspects of cortisol as a 

biochemical marker of chronic stress 

Find correlation between cortisol level and chronic 

stress 
Theoretical; review [53] 

Toyo’oka, 

2010 

Diagnostic Approach to Disease Using Non-invasive 

Samples Based on 

Derivatization and LC-ESI-MS/MS 

To establish biomarkers candidates which can be 

associated with different diseases using non-

invasive samples. The approach that mentioned 

hair, aims to find biomarkers for diabetes disease 

in mice-population to extrapolate to humans 

Theoretical; review [54] 

Joo, Kim et 

al., 2016 

Metabolomic analysis of amino acids and lipids in 

human hair altered by dyeing, perming and 

bleaching 

Biomarkers of hair damage UPLC-MS/MS [55] 

Cecatti, Souza 

et al., 2016 

Use of metabolomics for the identification 

and validation of clinical biomarkers for 

preterm birth: Preterm SAMBA 

Find biomarkers to anticipate premature birth so 

that it can be avoided 

At this stage the program 

is theoretical, but they 

foresee that they’ll use a 

triple quadrupole mass 

spectrometer 

[56] 
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Table 2 – Literature regarding hair metabolomics 

Author, Year Title Aims Technique(s) Ref. 

Moon, Choi et 

al., 2016 

Metabolic profiling of cholesterol and sex steroid 

hormones to monitor urological diseases 

Evaluate cholesterol and sex hormones as 

biomarkers for prostate cancer 
Theoretical/review [57] 

Cornellison, 

Dyer et al., 

2011 

MALDI-MS Redox Lipidomics Applied to Human 

Hair: A First Look 

Assess lipids and their oxidation products to 

evaluate damage to the hair lipids 
MALDI-MS [58] 
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As said before, hair metabolomics is a recent field of investigation and, to the best 

of our knowledge, not many studies have been made that fulfil all the specifications for a 

untargeted hair metabolomics approach except for Sulek and associates [48] as well as Joo 

and associates [55]. They used different techniques, but both achieved good results that 

lead to interesting conclusions. Sulek and associates [48] used a GC-MS to analyse 83 

pregnant women hair samples and found a set of over 100 peaks in the chromatogram 

from which 32 were statistically significant. The compound classes found to be more 

important for separation are amino acids and fatty acids which are the ones that 

contribute the most for the biological interpretation. Joo and associates [55] used an ultra-

performance liquid chromatography coupled with a photodiode-array (UPLC-PDA) and an 

ultra-performance liquid chromatography coupled with a mass spectrometer in tandem 

(UPLC-MS/MS) and found that healthy hair had higher amounts of the amino acids 

tryptophan and methionine, and higher ratio cysteine/cysteic acid when comparing to 

damaged hair. Damaged hair had low quantities of fatty acids, namely, erucic, behenic, 

lignoceric, nervonic and cerotic acid as well as the 18-methyl eicosanoic acid (18-MEA). 

The metabolites decreased implies higher severity of the damaged condition. The outcome 

for both studies suggests that a hair metabolomics approach can be very useful and should 

be evaluated as an alternative to other matrices. Cornellison and associates [58] tried a 

more limited approach by performing hair lipidomics and found out that cholesterol and 

derivatives were the most affected compounds in hair damage which is concordant with 

what Joo and associates [55] found. This difference in results somehow shows that an 

embracing metabolomics research can bring advantages and more robust results with 

more significant metabolites leading to a better physiological and biological 

interpretation. 

Several studies although related to hair metabolomics, are only theoretical or 

review articles where different protocols and predicted outcomes are discussed. Cecatti 

and associates [56] have outlined in detail an untargeted metabolomics approach to create 

a predictive model for preterm birth to be implemented soon both on blood and hair 

samples. The article by Dragsted [51] aims to correlate meat intake with nutrigenomics 

and defended that, according to a study in Japan [59], the level of 2-amino-1-methyl-6-

phenylimidazo[4.5-b]pyridine (PhIP), a substance with elevated cancer risk related to 

preparation of meat, can be accessed through hair. In the same line of thought, Toyo’oka 

[54] reviews hair analysis for determination of acetyl-leucine (NAc-Leu) and N-acetyl-

isoleucine (NAc-Ile) as biomarkers for diabetes using chiral metabolomics without being 

able to successfully assess their utility. Lee and associates [53] tried to establish a 

relationship between chronic stress and cortisol levels. They defend that hair analysis 
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would be suitable to this purpose since hair would allow to surpass other matrices 

limitations regarding cortisol assessment like time of the day or acute stress induced by a 

more intrusive collection of sample like blood. Moon and associates [57] defend that a 

targeted hair metabolomics approach would be useful to unravel biomarkers to prostate 

cancer by measuring cholesterol and sex steroid hormones levels. Scheepers [49] defended 

that hair analysis can be useful for identifying metals chronic exposure, as methylmercury. 

This approach has already been discussed and there are many reports in the literature 

with real cases of dosing metals in hair analysis. However, hair analysis for metals 

detection does not take part in clinical activity since validation procedures and setting 

reference values are still needed [60]. Laboratory analysis of hair was also made by Lloyd 

and associates [50]. This group implemented a targeted metabolomics approach using an 

unusual technique - inductively coupled plasma atomic spectroscopy (ICP-AS). With this 

work, they could do the same statistical treatment of metabolomics (MVA and UVA) 

meaning that more techniques can benefit from this approach hence helping the 

understanding and diagnosis of hepatitis in clinical context. The trace elements evaluated 

and that successfully could predict the correct diagnosis, were calcium, copper, iron, 

magnesium, manganese and zinc. Tsutsui and associates [52] performed laboratory work 

related to the theoretical approach later reviewed by Toyo’oka and associates [54] since 

their work using UPLC could distinguish between controls and mice with diabetes and 51 

significant metabolites from which N-acetyl-L-leucine stood out because it was detected in 

all matrices analysed.  

From all these studies, only two tried to access if sex was a factor for 

differentiation. While Toyo’oka and associates [54] didn’t find any relevance regarding 

sex, Dragsted [51] couldn’t understand if the differences in creatine was related to 

difference in sex, meat intake or muscle mass. 

Males and females are different biologically and that should translate to chemical 

analysis. Metabolomic variations per sex should be better understood. Statistics show that 

there is a discrepancy in women to men ration with only 37% of the participants of studies 

conducted in 2004 being women and only 13% of the studies analysed data per sex [61]. 

With the advances in technologies, it is known that different sexes have different 

physiological functions and different susceptibility to pathologies which translates, for 

example, into different incidences rates by sex [62, 63]. The sex effect on metabolomics 

must be studied: a study using blood samples could already differentiate sexes [64] so hair 

is a good alternative matrix for this purpose based on all the reasons discussed previously. 
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  2 | Aims and Scope 
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The comprehensive analysis of metabolite alterations related with sex is a step 

forward in forensic sciences because sometimes hair is the only evidence.  

It is also very important in other fields, like medical research, since sex is usually 

a confounding factor that can lead to bias in results.  

This differentiation can be useful in pharmacokinetics and pharmacodynamics 

studies where sex effect exists because it may lead us to better understand why men and 

women have different susceptibilities.  

To the best of our knowledge, no other study has tried to distinguish hair samples 

by sex using metabolomics. Hence, the main goal of this dissertation is to discriminate 

between female and male based on the metabolic profiling of hair by GC-MS with 

advanced statistical analysis.  

With this work, our goal is to achieve a broad database of metabolites that can be 

joined with the data from other platforms to help the creation of a hair metabolome 

database. 
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  3 | Material and Methods 
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  3.1 | Chemicals 

 

Arginine (≥98%), asparagine (≥98%), aspartic acid (≥98%), cysteine (≥98%), 

glutamic acid (≥98%), glutamine (≥98%), histidine (≥98%), lysine (≥98%), methionine 

(≥98%), tryptophan (≥98%), tyrosine (≥98%), alanine (≥98%), glycine (≥99%), valine 

(≥98%), leucine (≥98%), isoleucine (≥98%), proline (≥99%), serine (≥99%), threonine 

(≥98%), trans-4-hydroxyproline (≥98%), phenylalanine (≥98%), cholesterol (≥95%), 

desmosterol(≥85%), nonanoic acid (≥99%), decanoic acid (≥99%), capric acid (≥99%), 

lauric acid (≥95%), myristic acid (≥99%), pentadecanoic acid (≥99%), palmitic acid 

(≥99%), Triton X-100 (laboratory grade), acetone (≥99%)  and N-methyl-N-

(trimethylsilyl)trifluoroacetamide (MSTFA) were purchased from Sigma (Saint-Louis, 

MO, USA). Chloroform and methanol were purchased from Panreac Quimica SA 

(Barcelona, Spain). Ultra-pure water was purchased from Milli-Q system (Millipore, 

Bedford, MA, USA). 

 

  3.2 | Sample Population, Collection and Storage 

 

The population used in this work consisted in 86 individuals, 43 females and 43 

males with ages varying from 18 to 31 years, as detailed in Table 2. To prevent 

confounding factors which can bring systematic variance [65] the exclusion criteria used 

were: different geographical location, diet options, great age span and chemical treatments 

to the hair from the last 6 months prior to the collection. Before the collection, all the 

individuals read and signed an informed consent (Appendix 1) and provided relevant 

personal information (Appendix 2). This study was approved by the ethics committee of 

Faculty of Pharmacy of the University of Porto. 

Hair was collected from the posterior region of the head where the growth is 

constant. Clean scissors and cotton thread were used and hair was stored in foil inside 

paper envelopes, as advised in literature [66]. The timepoint for collection was carefully 

thought in this study due to possible photodegradation of the hair by the sun. Hence, the 

collection was made in April which ensures that the 6 centimetres initially defined for 

analysis grew from November, which in Portugal (Porto) ensures little to no sun exposure 

until the collection date. The first centimetre was discarded to remove any exogenous 

incorporation from sweat or sebum [67, 68]. 
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1:200 (v/v) Triton 
X-100 (prepared 
with ultra pure 

water) for 10’ with 
agitation

Ultra-pure water 
for 10’

Acetone for 10’
Drying oven until 
hair completely 

dries down

Table 3 – Characteristics of the study population 

Characteristic 
Female 

(n=43) 

Male 

(n=43) 

Age 

(years) 
20.77±2.52  21.51±2.53  

Smoking 

status 

37.21% 

smoke 

41.86% 

smoke 

 

3.3 | Sample preparation for GC-MS analysis 

 

  3.3.1 | Sample Pre-Preparation 

 

Whenever hair was longer than 6 centimetres, only the first 6 centimetres were 

cut and used for the rest of the analytical steps. Each sample was then weighed in. Hair 

washing procedures should enclose 3 washing steps prior to drying down. The chemicals 

used can vary, but, usually, a diluted surfactant (e.g. sodium dodecyl sulfate (SDS) [19], 

extran [69] or triton X-100 [70]) is followed by a water rinse and an organic compound 

(e.g. acetone [71] or n-hexane [72]). All hair samples were washed accordingly to the steps 

shown in Figure 5. 

The first centimetre for each sample was not considered to avoid external 

contaminations. The next 5 centimetres (when possible) were used.  

Figure 5 – Sample pre-preparation steps. 

Hair samples were then grinded with no buffer in the Omni’s Bead Ruptor 24 Mill 

Homogenizer to maximize the extraction area resorting to the following setup which was 

repeated until all the sample was reduced to powder. The conditions applied are 

summarized in Table 3.  
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Table 4 – Bead Ruptor 24 Mill Homogenizer operational conditions 

Cycle 
Time (min) 0:30 

Speed (ms-1) 5.80 

Number of cycles 10 

Time between cycles 0:10 
 

 

  3.3.2 | Sample extraction and quality control 

 

Extraction is one of the most sensitive steps of metabolomics. The procedure has 

the purpose of obtaining as many metabolites as possible so it can lead to the broadest 

understanding of the metabolome [28]. In this study, this step was made with a mix of 

organic solvents which enabled the extraction of a larger number of metabolites. A 

methanol:chloroform (2:1) was used as a two-solvent combination extraction method 

which allows the extraction of glycerol, esters and phospholipids [73] as well as amino 

acids and free fatty acids [74]. Around thirty milligrams of each sample were weighted and 

added to 7mL plastic tubes with screw caps filled with 2mL of methanol and 1mL of 

chloroform (adjustments were made to ensure 10mg/mL concentration on each vial). All 

samples were then submitted to an ultrasonication bath for 1h. This step was tested using 

1h, 2h and overnight (18h) incubations. No significant improvements were observed for 

the 2h and 18h incubation times so the shortest time tested was used. After extraction, all 

samples were individually centrifuged (4000rpm, 5’) and then divided into 3 glass vials 

with screw caps lined with PTFE. 10µL of the IS ([desmosterol]=10µg/mL) were added 

and then dried under a nitrogen stream. For the QCs preparation, an aliquot of 10µL was 

taken from all the samples and vortexed.  

Considering stability purposes, a control sample was analysed prior to storage at 

4ºC and after all the GC-MS analysis were performed. To ensure there was no 

contamination from plastic, a control sample was also used to determine any interfering 

peaks. 

 

  3.3.3 | Sample derivatization 

 

50 µL of the derivatization reagent (MSTFA) were added to the dried extracts, 

together with 50 µL of dichloromethane to dilute the solution. This dilution was done to 
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lower the damage to the GC column. The 100 µL solution was then heated at 80 ºC for 30 

minutes. After cooling, the maximum amount recoverable was transferred into 2 mL glass 

vials with black screw caps with holes and a PTFE septum suited for the gas 

chromatographer. 

 

  3.4 | Gas chromatography coupled with mass spectometry analysis of the 

trimethylsilyl derivatives 

 

All the hair samples analysis were performed using a EVOQ 436 GC-TQ (triple 

quadrupole) MS/MS (Mass Spectrometer in Tandem) (Bruker Daltonics, Fremont, CA) 

and chromatograms analysis by Mass Spectometre Workstation Software (MSWS) (Bruker 

Daltonics, Freemont, CA) version 8.2. All the injections were made using a Combi-PAL 

autosampler (Varian Pal Autosampler, Switzerland) and all samples were injected in 

triplicates with blanc samples between each triplicate and QCs after 5 using the same 

conditions as the hair samples. For the chromatographic separation, a GC capillary fused 

silica column BR-5ms column (5% phenyl, 95% dimethyl polysiloxane and 30 m x 0.25 

mm x 0.25 µm) (Bruker Daltonics, Freemont, CA) was used. The carrier gas was Helium 

C-60 (Gasin, Portugal) at a constant flow rate of 1.0 mLmin-1. The injections were made in 

split mode with a 1/5 ratio and the injector temperature was 250 ºC held by 20 minutes. 

The ramp of temperatures of the oven was as follow: 70 ºC held for 2 minutes, 15 ºC/min 

increase until 250 ºC and held for 2 minutes and 10 ºC/min increase until 300 ºC held for 

5 minutes. 

The MS detector was operated in electron impact (EI) mode. Data acquisition was 

made after 3.60 minutes of injecting and a full scan mode was used detecting masses 

ranging from 50 to 1000 m/z. The identification was made using standards to know both 

the RT as the characteristic m/z pairs. When standards were not available, we used NIST 

Standard Reference Database (data version NIST14 and software version 2.2g) to compare 

spectra and RMATCH. 

Method validation was performed previously to this study by our laboratory 

group [75]. 
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 3.5 | Data Analysis 

 

Before multivariate analysis,  is important to perform the pre-treatment of the 

data  in order to eliminate undesirable variations and make all the data comparable [76]. 

Nowadays, several software are available to this purpose and the chosen ones are 

highlighted in Figure 6.  

Figure 6 – Metabolomics Partial Workflow emphasizing the computer programs and software used in this 

study 

The first step in data pre-treatment is to upload the initial data to MZmine2. After 

importing, several steps were followed to obtain the final feature matrix (conditions 

described in Table 4). 

 

Table 5 – Conditions used in MZmine version 2.2.1 to transform the raw chromatographic data to a matrix 

Crop filter – m/z: 50-600; Retention Time (RT): 4.55-29.00 minutes 

Baseline correction – m/z bin with: 1.0; smoothing: 108; asymmetry: 0.001 

Peak detection – noise level: 2.5E04 

Chromatogram builder – minimum time span: 0.04; minimum height: 1.0E02; m/z tolerance: 0.5 m/z 

or 10 ppm 
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Chromatogram deconvolution – baseline cut-off – minimum peak height: 1.0E04; peak range: 0.02-

0.3; baseline level: 2.0E04 

Alignment –m/z tolerance: 0.5 m/z or 10 ppm; weight for m/z: 20; retention time tolerance: 0.05 min; 

weight for retention time: 10 

Gap filling – Same retention time and m/z – m/z tolerance 0.2 m/z or 10 ppm 

 

The final matrix consists of m/z–RT pairs (features) and the corresponding peak 

areas for each sample. To filter peaks with low analytical reproducibility, the relative 

standard deviation (RSD) of QCs was computed and all the m/z-RT pairs for which 

RSD>30% were removed from the data set.  Filtered data was normalised by total area to 

account for possible concentration differences between samples and to reduce variation 

that depends on the analysis. Normalised data was imported to SIMCA 14.1 (MKS, 

Umetrics AB) and the pareto scaling was used before multivariate analysis.  

Multivariate analysis was then used to interpret the high spectral complexity of 

data and find the list of metabolites that discriminates between female and male. In this 

dissertation, principal component analysis (PCA) and partial least squares discriminant 

analysis (PLS-DA) were used. PCA and PLS-DA were interpreted through the scores 

scatter plot. From PLS-DA, a list of variable importance to the projection (VIP) was 

obtained and the metabolites with VIP>1 where selected for confirmation through 

univariate analysis. The validity of the model was evaluated by cross-validation giving the 

following parameters: R2X - the explained variance of X matrix (GC-MS data); R2Y - the 

explained variance of Y matrix (sample group); Q2 - the prediction power which are 

usually associated with best discrimination between groups. Multivariate models were 

further validated through Monte-Carlo cross-validation (7-blocks, 500 runs) using a 

software developed in the University of Aveiro [77]. Briefly, the Q2 and confusion matrices 

were computed for original and permuted models (randomly splitting sample group), and 

classification rates (CR), specificity (spec.) and sensitivity (sens.) were recovered through 

a receiver operating characteristic (ROC) map [78, 79]. 

Univariate analysis was performed using GraphPad Prism version 7.0 where the 

statistical significance of each metabolite individually was computed. The first step was to 

verify the parametric distribution: if the metabolite areas passed the normality test then 

the parametric Welch’s test was applied; if not, the non-parametric Mann-Whitney test 

was chosen. The null hypothesis was “average differences of a metabolite in female and 

male groups are equal to zero”. Hence for p-values<0.05 (95% confidence interval), the 
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alternative hypothesis was confirmed which means that the metabolites were significantly 

different between the two groups (female vs. male).  

Bonferroni correction was used to adjust p-values for multiple comparisons by 

setting the significant cut-off to /n, where = 0.05 (95% confidence interval) and n is the 

number of metabolites simultaneously tested.   The effect size (ES) [80] and percentage of 

variation (% variation) were determined for each metabolite. 

 

  3.6 | Biological interpretation 

 

After all the significant metabolites were found, the crucial step of metabolomics 

is the biological interpretation since the whole purpose of metabolomics is to integrate and 

correlate data to living systems. To this end, we used MetaboAnalyst [81] which helped to 

understand all  the data gathered by metabolomics approaches. Enrichment analysis [82] 

was used.  
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  4 | Results 





Hair Metabolomics Applied to Sex Differentiation 
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  4.1 | GC-MS metabolic profiling of hair  

 

The GC-MS metabolic profile of hair unveiled 100 chromatographic peaks. From 

those, 51 peaks were identified as metabolites by either NIST 14 and/or by standard 

compounds, whereas 49 remain as unknown. Figure 7 shows the representative 

chromatograms of sexes (a – female, b – male).and Table 5 lists all the peaks accounted 

for. 

 

Figure 7 – Representative chromatogram for both female (a) and male (b) sexs hair samples GC-MS analysis. 
Identification of the peaks with higher intensities. (1 – glycerol; 2 – Pyroglutamic acid; 3 – myristoleic acid; 4 
– palmitoleic acid; 5 – palmitic acid; 6 – oleic acid; 7 – stearic acid; 8 – squalene; 9 – cholestediene; 10 – 
cholesterol 11 – desmosterol - IS) 

a) 

b) 
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Table 6 – List of all identified peaks from GC-MS analysis of hair samples (RT – retention time; RI – retention 
index; NIST – National Institute of Standards and Technology) 

RT 
(min) 

Compound Characteristic m/z Rmatch RINIST 

4.771 Propylene Glycol, 2TMS 73 + 117 + 147 913 1007 

5.454 Lactic Acid, 2TMS 73 + 117 + 147 + 191 + 148 949 1066 

5.751 2-Methylalanine, 2TMS 130 + 73 + 147 + 131 + 146 869 1082 

5.947 Ethanimidic Acid, 2TMS 147 + 73 + 204 + 148 + 116 799 1108 

6.161 Ethanolamine, 2TMS 102 + 73 + 147 + 103 + 75 826 1121 

6.294 Unknown 73 + 116 + 134 + 77 + 184 
  

6.403 2-Hydroxybutyric acid, 2TMS 73 + 131 + 147 + 75 + 143 847 1136 

6.475 Unknown 73 + 131 + 57 + 75 + 133 
  

6.568 Benzyl alcohol, TMS 86 + 91 + 165 + 135 + 73 882 1152 

7.167 L-Valine, 2TMS 144 + 73 + 212 + 147 + 218 856 1224 

7.349 Ethanolamine, 3TMS 174 + 73 + 147 + 86 + 75 854 1266 

7.411 Propanedioic acid, 2TMS 147 + 189 + 73 + 148 + 190 843 1216 

7.54 Benzoic Acid, TMS 179 + 105 + 135 + 77 + 51 952 1249 

7.736 Glycerol, 3TMS 73 + 147 + 117 + 205 + 133 945 1289 

7.942 L-Isoleucine, 2TMS 158 + 73 + 218 + 159 + 147 931 1301 

8.012 L-Proline, 2TMS 142 + 73 + 143 + 147 + 75 847 1305 

8.089 Unknown 69 + 57 + 55 + 83 + 70 
  

8.136 Butanedioic acid, 2TMS 147 + 73 + 75 + 148 + 149 936 1321 

8.251 Unknown 69 + 57 + 55 + 85 + 83 
  

8.548 Serine, 3TMS 73 + 204 + 218 + 147 + 100 932 1368 

8.593 Nonanoic acid, TMS 73 + 75 + 117 + 215 + 129 863 1355 

8.662 Toluic acid, TMS 193 + 149 + 119 + 91 + 73 876 1354 

8.788 L-Threonine, 3TMS 73 + 239 + 218 + 147 + 117 917 1367 

8.856 Unknown 73 + 114 + 257 + 142 + 131 
  

8.933 Unknown 187 + 73 + 55 + 97 + 69 
  

9.451 Decanoic acid, TMS 73 + 117 + 75 + 229 + 129 951 1450 

9.499 Unknown 71 + 57 + 85 + 55 + 70 
  

9.568 Unknown 57 + 71 + 85 + 69 + 70 
  

9.644 Unknown 57 + 71 + 55 + 91 + 69 
  

9.813 4-(Methoxycarbonyl)phenol, TMS 209 + 73 + 224 + 135 + 177 856 1504 

9.899 Salicylic acid, 2TMS 73 + 267 + 268 + 135 + 58 900 1522 

9.985 Pyroglutamic acid, 2TMS 156 + 73 + 147 + 157 + 230 956 1522 

10.085 Unknown 69 + 57 + 55 + 71 + 83 
  

10.168 Unknown 263 + 73 + 264 + 57 + 278 
  

10.231 Unknown 69 + 57 + 71 + 55 + 83 
  

10.316 Unknown 69 + 57 + 71 + 55 + 83 
  

10.378 1-Dodecanol, TMS 243 + 75 + 73 + 97 + 69 903 1558 

10.6 Unknown 73 + 117 + 75 + 129 + 257 
  

10.671 Hexadecane 57 + 71 + 85 + 55 + 56 935 1600 

10.748 Unknown 73 +75 + 117 + 132 + 55 
  

10.796 Triethanolamine,  3TMS 262 + 73 + 263 + 117 + 130 932 1646 

10. 847 Phenylalanine, 2TMS 73 + 218 + 192 + 147 + 100 879 1636 

11.04 Dodecanoic acid, TMS 117 + 73 + 75 + 257 + 129 940 1655 
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Table 6 – List of all identified peaks from GC-MS analysis of hair samples (RT – retention time; RI – retention 
index; NIST – National Institute of Standards and Technology) 

RT 
(min) 

Compound Characteristic m/z Rmatch RINIST 

11.133 Unknown 290 + 73 + 291 + 75 + 131 
  

11.279 Unknown 73 + 218 + 57 + 262 + 55 
  

11.349 Unknown 117 + 73 + 75 + 129 + 55 
  

11.403 Unknown 57 + 117 + 71 + 73 + 75 
  

11.509 Phosphoric acid, 4TMS 73 + 243 + 299 + 211 + 147 897 1741 

11.563 Tridecanoic acid, TMS 73 + 117 + 75 + 129 + 271 876 1750 

11.627 Unknown 69 + 55 + 57 + 117 + 83 
  

11.665 Unknown 69 + 57 + 55 + 83 + 71 
  

11.733 Unknown 69 + 57 + 71 + 55 + 83 
  

11.771 Unknown 117 + 73 + 75 + 271 + 129 
  

11.874 Unknown 69 + 57 + 83 + 55 + 71 
  

11.935 Unknown 69 + 57 + 71 + 55 + 83 
  

12.167 Unknown 57 + 71 + 85 + 55 + 73 
  

12.213 Myristoleic acid, TMS 117 + 73 + 75 + 285 + 129 926 1850 

12.321 Unknown 117 + 73 + 75 + 129 + 55 
  

12.402 Unknown 73 + 75 + 119 + 57 + 103 
  

12.468 Myristic acid, TMS 117 + 73 + 75 + 285 + 129 929 1850 

12.734 Pentadecenoic acid, TMS 117 + 73 + 129 + 75 + 145 820 1950 

12.795 1-Hexadecanol, TMS 117 + 73 + 75 + 299 + 129 825 1958 

12.888 Unknown 58 + 117 + 73 + 75 + 129 
  

12.947 Pentadecanoic acid, TMS 117 + 73 + 129 + 75 + 145 884 1950 

12.986 Unknown 117 + 73 + 75 + 129 + 55 
  

13.024 D-Mannitol, 6TMS 73 + 147 + 319 + 217 + 205 931 1958 

13.132 Unknown 117 + 73 + 75 + 129 + 299 
  

13.217 Unknown 299 + 75 + 73 + 97 + 83 
  

13.318 Unknown 69 + 57 + 83 + 71 + 111 
  

13.379 Unknown 117 + 73 + 75 + 129 + 55 
  

13.541 Unknown 117 + 73 + 75 + 313 + 129 
  

13.626 Hexadecenoic acid, TMS 117 + 73 + 75 + 129 + 55 894 2027 

13.78 Palmitic Acid, TMS 117 + 73 + 75 + 129 + 55 940 2050 

14.012 Unknown 117 + 73 + 129 + 75 + 145 
  

14.073 Unknown 117 + 73 + 75 + 327 + 129 
  

14.243 Unknown 117 + 73 + 75 + 129 + 55 
  

14.413 Unknown 117 + 73+ 75 + 129 + 327 
  

14.498 Unknown 327 + 75 + 73 + 97 + 57 
  

14.675 Unknown 73 + 117 + 75 + 129 + 69 
  

14.799 Unknown 73 + 75 + 117 + 79 + 55 
  

14.953 Oleic Acid, TMS 117 + 73 + 75 + 129 + 339 945 2218 

15.146 Stearic acid, TMS 117 + 73 + 341 + 75 + 129 935 2246 

15.971 Unknown 147 + 73 + 203 + 216 + 75 
  

16.72 Oleamide, TMS 73 + 75 + 131 + 144 + 128 900 NA 

16.951 Arachidic acid, TMS 117 + 73 + 75 + 129 + 369 909 2449 

18.248 1-Monopalmitin, 2TMS 371 + 73 + 147 + 57 + 129 949 2607 
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Table 6 – List of all identified peaks from GC-MS analysis of hair samples (RT – retention time; RI – retention 
index; NIST – National Institute of Standards and Technology) 

RT 
(min) 

Compound Characteristic m/z Rmatch RINIST 

18.721 Behenic acid, TMS 117 + 73 + 75 + 129 + 69 834 2644 

19.555 Trimethylsilyl tricosanoate 117 + 73 + 57 + 129 + 75 818 2732 

20.203 Squalene 69 + 81 + 95 + 121 + 67 942 2832 

20.339 Lignoceric acid, TMS 117 + 73 + 129 + 75 + 425 845 2838 

20.964 Cholestadiene 147 + 105 + 81 + 91 + 145 940 2886 

21.384 Unknown 73 + 119 + 105 + 193 + 147 
  

21.531 Unknown 119 + 73 + 81 + 193 + 105 
  

21.893 Hexacosanoic acid, TMS 117 + 73 + 129 + 75 + 145 789 3036 

23.043 Cholesterol TMS 129 + 73 + 75 + 329 + 95 930 3150 

24.763 Brassicasterol acetate 73 + 129 + 69 + 95 + 75 743 3229 

25.333 Unknown 57 + 55 + 69 + 83 + 97 
  

25.65 Unknown 57 + 55 + 69 + 83 + 97 
  

27.587 Unknown 57 + 415 + 227 + 147 + 191 
  

28.783 Unknown 57 + 55 + 69 + 83 + 97 
  

 

The metabolic profile was then analysed using multivariate and univariate 

analysis methods to find a specific signature able to distinguish females and males.  

 

4.2 | Multivariate analysis of hair metabolic profile for sex differentiation 

 

After the acquisition and pre-processing of all the chromatograms, the statistical 

treatment was performed based on multivariate analysis methods such as PCA and PLS-

DA. Figure 8 shows a PCA scores plot of all samples acquired (orange diamonds) and QCs 

(green diamonds). By observing the graphs, it is possible to see that QCs are clustered in 

the middle of the scores plot thus showing that the analytical reproducibility of this study 

is quite good.  
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Figure 8 - PCA scores scatter plot comparing the QCs and all the 86 samples acquired (ellipse indicates the 

95% confidence level).  

 

The PCA scores plot on Figure 9a shows a poor separation between both groups 

of interest - females (pink diamonds) and males (blue diamonds) - despite a tendency for 

male samples in PC2 positive axis and female samples in PC2 negative. To improve 

separation between both groups, PLS-DA was performed with two latent variables (LVs) 

as shown in Figure 9b which improved the robustness of the metabolic profile for male 

and female samples. The scores plot shows a better separation between both groups with a 

tendency of males for LV1 positive and females for LV1 negative with a Q2 of 0.561.  
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Figure 9 - PCA (a) and PLS-DA (b) scores scatter plot of GC-MS metabolic profile of hair of male (n=43) 

and female (n=43) (ellipse indicates the 95% confidence level). 

 

The PLS-DA model was further validated by Monte Carlo cross-validation 

(MCCV) to confirm the model performance. The Q2 distribution and ROC plot obtained 

are shown in Figure 10 and Table 6. These results indicated that the GC-MS metabolic 

profile of hair can discriminate between female and male with a classification rate of 92%, 

b) 

a) 

LV=2     R2X=0,35     R2Y=0,653     Q2=0,561 
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sensitivity of 93% and specificity of 90%. Additionally, for cross validation, when samples 

were randomly permuted within groups, the MCCV performance was very poor with 

values for CR, sensitivity and specificity of 49%.   

 

 

Figure 10 - Q2 distribution (a) and ROC plot (b) of true and permuted classes obtained by MCCV of GC-MS 

metabolic profile of hair of males (n=43) vs. females (n=43).  TRP: true positive rate, FPR: false positive rate. 

 

 

The metabolites (or features) responsible for group separation were interpreted 

in the PLS-DA loadings plot (Figure 11a) as well as the VIP plot (Figure 11b), with 

colouring span ranging from blue (less important) to red (more important). Metabolites 

and unknown peaks present in LV1 positive correspond to those that are elevated in males, 

while the ones in LV1 negative correspond to those elevated in females. Apparently most 

of the analysed metabolites are in higher concentrations in males like glycerol or myristic 

acid. Females have higher concentrations of less metabolites, but with higher loadings 

values like for hexacosanoic and stearic acids or cholesterol. 
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Table 7 - MCCV parameters of true and permuted classes obtained for female vs. male considering GC-MS full 

data and the set of discriminant metabolites. LV – no. of latent variables, Q2 – median predictive power, CR – 

classification rate, sens. – sensitivity, spec. – specificity. 

Models 

True classes Permuted classes 

LV Q2 
CR 

(%) 

Sens. 

(%) 

Spec. 

(%) 
LV Q2 

CR 

(%) 

Sens

. (%) 

Spec. 

(%) 

GC-MS full data  

F vs. M 4 0.74 92 93 90 1 -0.19 49 49 49 

 

a) 

 

b) 

 



Hair Metabolomics Applied to Sex Differentiation 

 
41 

 

 

 

Figure 11 – PLS-DA Loading’s histogram (a) and VIPs plot (b) with the most important metabolites for 

discrimination annotated.  (VIP – Variable importance to the projection) 

 

After identification of all the relevant peaks, a univariate analysis was performed 

to determine the individual statistical significance of each metabolite, known or unknown. 

 

 

 

b) 

a) 
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4.3 | Univariate analysis of important metabolites for sex differentiation 

 

Significant features were further analysed using GraphPad Prism version 7.00 

and all the metabolites whose p-value>0.05 were rejected. All the characteristics of the 

remaining 34 metabolites (3 organic acids; 7 amino acids; 8 fatty acids; 1 sterol; 1 lipid-

alike; 1 carbohydrate and 13 unknown compounds) are shown in Table 7. Table 8 gives the 

biological meaning according to HMDB database [83] for each of the 22 identified 

metabolites.  

Results show that a set of 14 metabolites (9 identified and 5 unknowns) are 

statistical significant with a confidence level of 99,9% between females and males. Males 

show increased levels of 5 amino acids (L-valine, L-isoleucine, serine, L-threonine and 

pyroglutamic acid), 2 organic acids (malonic and succinic acids) and 1 sterol 

(cholestadiene), while females show increased levels of a lipid-like molecule (squalene). 
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Table 8 – List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (RT) in minutes; Metabolite ID shows IUPAC and 

common name; ID Method shows how the identification was achieved, either by standard comparison or searching in the NIST library; Chemical Formula presented is the 

one of the non-derivatized metabolite since it is the one responsible for biological activity and Family refers to the Chemical Class where OA – organic acids and derivatives; 

FA – fatty acid; AA – amino acids and derivatives; L – lipids and lipid-like molecules; S – sterols and C - carbohydrates. p-value, % of variation and effect size (ES) are also 

displayed. ¥ is displayed when compound remained statistical significant after Bonferroni correction 

RT Metabolite ID 

Qualifier 

Ions  

m/z 

ID 

Method 
p-value 

% Variation 

(± %uncertainty) 
ES(±ESSE) 

Chemical 

Formula 
Family 

5.454 Lactic Acid 117+147 Std 
0.0006 (***) 

¥ 

-43.03±27.42 

↓ 
-0.43±0.22 C3H6O3 OA 

5.751 2-Methylalanine 130+131 NIST 0.027 (*) ↓ -0.27±0.21 C4H9NO2 AA 

7.167 L-Valine 144+147 Std 
<0.0001 (****) 

¥ 

-74.00±23.12 

↓ 
-1.09±0.23 C5H11NO2 AA 

7.411 
Propanedioic acid  

Malonic acid 
147+189 Std 

<0.0001 (****) 

¥ 

-65.22±24.30 

↓ 
-0.85±0.22 C3H4O4 OA 

7.736 Glycerol 147+117 Std 
0.0001 (***) 

¥ 

-41.33±14.79 

↓ 
-0.75±0.22 C3H8O3 C 

7.942 L-Isoleucine 158+218 Std 
<0.0001 (****) 

¥ 

-79.70±28.42 

↓ 
-1.00±0.23 C6H13NO2 AA 

8.136 
Butanedioic acid 

Succinic acid 
147+148 Std 

<0.0001 (****) 

¥ 

-83.58±31.48 

↓ 
-0.97±0.23 C4H6O4 OA 

8.548 Serine 204+218 Std 
<0.0001 (****) 

¥ 

-72.73±27.02 

↓ 
-0.90±0.22 C3H7NO3 AA 

8.788 L-Threonine 239+218 Std 
<0.0001 (****) 

¥ 
↓ -0.29±0.21 C4H9NO3 AA 

9.451 
Decanoic acid 

Capric acid 
117+229 Std 

0.0007 (***) 

¥ 

52.27±13.82 

↑ 
0.64±0.22 C10H20O2 FA 
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Table 8 – List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (RT) in minutes; Metabolite ID shows IUPAC and 

common name; ID Method shows how the identification was achieved, either by standard comparison or searching in the NIST library; Chemical Formula presented is the 

one of the non-derivatized metabolite since it is the one responsible for biological activity and Family refers to the Chemical Class where OA – organic acids and derivatives; 

FA – fatty acid; AA – amino acids and derivatives; L – lipids and lipid-like molecules; S – sterols and C - carbohydrates. p-value, % of variation and effect size (ES) are also 

displayed. ¥ is displayed when compound remained statistical significant after Bonferroni correction 

RT Metabolite ID 

Qualifier 

Ions  

m/z 

ID 

Method 
p-value 

% Variation 

(± %uncertainty) 
ES(±ESSE) 

Chemical 

Formula 
Family 

9.985 
L-5-Oxoproline 

Pyroglutamic acid 
156+147 NIST 

<0.0001 (****) 

¥ 

-69.92±20.46 

↓ 
-1.12±0.23 C5H7NO3 AA 

10.168 Unknown 1 263+264 
 

0.0319 (*) 
-13.68±7.74 

↓ 
-0.41±0.22 

 
 

10, 847 Phenylalanine 218+192 Std 
0.0001(***) 

¥ 

-80.54±20.85 

↓ 
-1.38±0.24 C9H11NO2 AA 

11.04 
Dodecanoic acid  

Lauric acid 
117+257 Std 0.0067 (**) 

26.25±8.01 

↑ 
0.62±0.22 C12H24O2 FA 

11.874 Unknown 2 69+111 
 

0.0107 (*) 
-16.60±6.84 

↓ 
-0.57±0.22 

 
 

11.935 Unknown 3 69+57 
 

0.0046 (**) 
-19.10±6.28 

↓ 
-0.72±0.22 

 
 

12.213 
Tetradecenoic acid 

Myristoleic acid 
285+129 NIST 0.0159 (*) 

86.18±21.11 

↑ 
0.61±0.22 C14H26O2C14H26O2 FA 

12.468 
Tetradecanoic acid 

Myristic acid 
117+285 Std 0.014 (*) 

18.20±6.56 

↑ 
0.54±0.22 C14H28O2 FA 

12.734 Pentadecanoic acid 117+129 Std 0.0482 (*) 
18.11±8.19 

↑ 
0.43±0.22 C15H30O2 FA 
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Table 8 – List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (RT) in minutes; Metabolite ID shows IUPAC and 

common name; ID Method shows how the identification was achieved, either by standard comparison or searching in the NIST library; Chemical Formula presented is the 

one of the non-derivatized metabolite since it is the one responsible for biological activity and Family refers to the Chemical Class where OA – organic acids and derivatives; 

FA – fatty acid; AA – amino acids and derivatives; L – lipids and lipid-like molecules; S – sterols and C - carbohydrates. p-value, % of variation and effect size (ES) are also 

displayed. ¥ is displayed when compound remained statistical significant after Bonferroni correction 

RT Metabolite ID 

Qualifier 

Ions  

m/z 

ID 

Method 
p-value 

% Variation 

(± %uncertainty) 
ES(±ESSE) 

Chemical 

Formula 
Family 

13.132 Unknown 4 117+129 
 

0.0126 (*) 
19.55±6.90 

↑ 
0.55±0.22 

 
 

13.217 Unknown 5 55+69 
 

<0.0001 (****) 

¥ 

180.08±21.59 

↑ 
0.94±0.23 

 
 

13.318 Unknown 6 83 
 

<0.0001 (****) 

¥ 

-31.41±8.74 

↓ 
-0.91±0.22 

 
 

13.379 Unknown 7 117+129 
 

<0.0001 (****) 

¥ 

59.01±10.68 

↑ 
0.91±0.22 

 
 

13.541 Unknown 8 117+129 
 

0.0017 (**) 
88.75±19.68 

↑ 
0.67±0.22 

 
 

13.626 
Hexadecenoic acid  

Palmitoleic acid 
117+129 Std 0.0057 (**) 

20.50±6.46 

↑ 
0.61±0.22 C16H30O2 FA 

14.012 Unknown 9 117+129 
 

0.0041 (**) 
28.73±7.51 

↑ 
0.71±0.22 

 
 

14.413 Unknown 10 117+129 
 

0.04 (*) 
21.05±7.41 

↑ 
0.55±0.22 

 
 

14.498 Unknown 11 327+97 
 

<0.0001 (****) 

¥ 

399.03±27.28 

↑ 
1.04±0.23 
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Table 8 – List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (RT) in minutes; Metabolite ID shows IUPAC and 

common name; ID Method shows how the identification was achieved, either by standard comparison or searching in the NIST library; Chemical Formula presented is the 

one of the non-derivatized metabolite since it is the one responsible for biological activity and Family refers to the Chemical Class where OA – organic acids and derivatives; 

FA – fatty acid; AA – amino acids and derivatives; L – lipids and lipid-like molecules; S – sterols and C - carbohydrates. p-value, % of variation and effect size (ES) are also 

displayed. ¥ is displayed when compound remained statistical significant after Bonferroni correction 

RT Metabolite ID 

Qualifier 

Ions  

m/z 

ID 

Method 
p-value 

% Variation 

(± %uncertainty) 
ES(±ESSE) 

Chemical 

Formula 
Family 

14.675 Unknown 12 117+129 
 

<0.0001 (****) 

¥ 

120.36±13.00 

↑ 
1.24±0.23 

 
 

14.953 
Octadecenoic acid 

Oleic Acid 
117+129 Std 0.0193 (*) 

9.34±5.52 

↑ 
0.35±0.22 C18H34O2 FA 

15.146 
Octadecanoic acid 

Stearic acid 
117+341 Std 0.0126 (*) 

-12.30±4.74 

↓ 
-0.59±0.22 C18H36O2 FA 

20.203 Squalene 69+81 Std 
<0.0001 (****) 

¥ 

56.74±8.37 

↑ 
1.13±0.23 C30H50 L 

20.964 Cholestadiene 147+105 NIST 
<0.0001 (****) 

¥ 

-38.57±9.35 

↓ 
-1.09±0.23 C27H42O S 

21.384 Unknown 13 119+105 
 

0.0027(**) 
-21.17±7.53 

↓ 
-0.67±0.22 
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Table 9 - List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (rt) in minutes; Metabolite ID shows IUPAC and 

common name and a summary of their biological role with HMDB identifier, biofunction in which they participate and samples where they have already been detected and/or 

quantified (per HMDB). 

Compound ID HMDB Biofunction Samples 

Lactic Acid HMDB00190 
Component of Cysteine metabolism 

Component of Propanoate metabolism 
Component of Pyruvate metabolism 

Bile 
Blood 

Breast Milk 
Cellular Cytoplasm 

Cerebrospinal Fluid (CSF) 
Feces 
Saliva 
Urine 

2-Methylalanine HMDB01906 Protein synthesis, amino acid biosynthesis 
Blood 
Feces 
Urine 

L-Valine HMDB00883 
Component of Aminoacyl-tRNA biosynthesis 

Component of Valine, leucine and isoleucine biosynthesis 
Essential amino acids 

Blood 
Breast Milk 

Cerebrospinal Fluid (CSF) 
Feces 
Saliva 
Urine 

Propanedioic acid  
Malonic acid 

HMDB00691 Waste products 

Blood 
Feces 
Saliva 
Urine 

Glycerol HMDB00131 
Component of Glycerolipid metabolism 

Component of Glycerophospholipid metabolism 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 

L-Isoleucine HMDB00172 
Component of Aminoacyl-tRNA biosynthesis 

Component of Valine, leucine and isoleucine biosynthesis 
Essential amino acids 

Blood 
Breast Milk 

Cerebrospinal Fluid (CSF) 
Feces 
Saliva 
Urine 
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Table 9 - List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (rt) in minutes; Metabolite ID shows IUPAC and 

common name and a summary of their biological role with HMDB identifier, biofunction in which they participate and samples where they have already been detected and/or 

quantified (per HMDB). 

Compound ID HMDB Biofunction Samples 

Butanedioic acid 
Succinic acid 

HMDB00254 

Component of Arginine and proline metabolism 
Component of Butanoate metabolism 

Component of C5-Branched dibasic acid metabolism 
Component of Glutamate metabolism 
Component of Propanoate metabolism 

DNA component 

Blood 
Breast  
Milk 

Cerebrospinal Fluid (CSF) 
Feces 
Saliva 
Urine 

Serine HMDB00187 

Component of Aminoacyl-tRNA biosynthesis 
Component of Cyanoamino acid metabolism 

Component of Cysteine metabolism 
Component of Glycine, serine and threonine metabolism 

Component of Glycosphingolipid metabolism 
Component of Methane metabolism 

Component of Methionine metabolism 
Component of Selenoamino acid metabolism 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 

L-Threonine HMDB00167 
Component of Aminoacyl-tRNA biosynthesis 

Component of Glycine, serine and threonine metabolism 
Essential amino acids 

Blood 
Breast Milk 

Cerebrospinal Fluid (CSF) 
Feces 
Saliva 
Urine 

Decanoic acid 
Capric acid 

HMDB00511 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Blood 
Breast Milk 

Feces 
Saliva 
Urine 

L-5-Oxoproline 
Pyroglutamic acid 

HMDB00267 
Component of Glutathione metabolism 

Essential amino acid 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 
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Table 9 - List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (rt) in minutes; Metabolite ID shows IUPAC and 

common name and a summary of their biological role with HMDB identifier, biofunction in which they participate and samples where they have already been detected and/or 

quantified (per HMDB). 

Compound ID HMDB Biofunction Samples 

Phenylalanine HMDB00159 

Component of Aminoacyl-tRNA biosynthesis 
Component of Novobiocin biosynthesis 

Component of Phenylalanine metabolism 
Component of Phenylalanine, tyrosine and tryptophan biosynthesis 

Component of Tyrosine metabolism 
Essential amino acids 

Blood 
Breast Milk 

Cerebrospinal Fluid (CSF) 
Feces 
Saliva 
Urine 

Dodecanoic acid  
Lauric acid 

HMDB00638 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 

Tetradecenoic acid 
Myristoleic acid 

HMDB02000 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Blood 
Feces 

SalivaSaliva 

Tetradecanoic acid 
Myristic acid 

HMDB00806 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 

Pentadecanoic acid HMDB00826 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Signalling 

 

Hexadecenoic acid  
Palmitoleic acid 

HMDB03229 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 
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Table 9 - List of the statistically relevant metabolites in Females (n=43) in comparison to Males (n=43). Retention time (rt) in minutes; Metabolite ID shows IUPAC and 

common name and a summary of their biological role with HMDB identifier, biofunction in which they participate and samples where they have already been detected and/or 

quantified (per HMDB). 

Compound ID HMDB Biofunction Samples 

Octadecenoic acid 
Oleic Acid 

HMDB00207 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 

Octadecanoic acid 
Stearic acid 

HMDB00827 

Cell signalling 
Fuel and energy storage 

Fuel or energy source 
Membrane integrity/stability 

Blood 
Cerebrospinal Fluid (CSF) 

Feces 
Saliva 
Urine 

Squalene HMDB00256 

Component of Terpenoid biosynthesis 
Cell signalling 

Fuel and energy storage 
Fuel or energy source 

Membrane integrity/stability 

Blood 

Cholestadiene HMDB02394 

Hormones, Membrane component 
Cell signalling 

Fuel and energy storage 
Fuel or energy source 

Membrane integrity/stability 

NA 
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The eight most significant metabolites were: four amino acids, L-valine, L-

isoleucine, pyroglutamic acid and phenylalanine; one lipid-like compound, squalene; one 

sterol, cholestadiene and two unknown compounds, unknown 11 and 12. The distribution 

of metabolites with ES≥|1| among the two different groups are  shown in the boxplots 

present in Figure 12.  
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Figure 12 - Boxplots from the 8 most significant metabolites according with ES>|1| allowing perception of 

normalized ion area, median quartiles, extremes and outliers all at once. All analysis were repeated without 

the outliers to confirm significance 

 

4.4 | Biological interpretation 

 

Once found a metabolic signature capable to differentiate between males and 

females, the next step was to understand which biological pathways differed according to 

sex. The list of all known metabolites was submitted to over-representation analysis 

(ORA) [82] which tests if the set of metabolites is significantly associated with a particular 

pathway or set of pathways. The p-value from ORA indicates the probability of the set of 

metabolites to belong to a particular pathway, thus meaning that higher p-values are 

associated with higher probability of chance. Results shown in Figure 13 indicate the 

metabolic pathways altered by sex. The most important pathways (Table 9) are protein 
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biosynthesis, β-oxidation of very long chain fatty acids, glycine, serine and threonine 

metabolism, and valine, leucine and isoleucine degradation. 

 

Figure 13 – Enrichment overview (ORA) indicating the metabolic pathways altered by sex.  

 

 

 

Table 10 – Most significant pathways for sex differentiation, with indication of the number of metabolites 
(hits) altered in each pathway and the one tailed p-values after adjusting for multiple testing. Pathways with 
only one metabolite altered were not considered 

 
Hits Raw p 

Protein biosynthesis 4 7.74E-04 

Beta oxidation of very long chain fatty acids 2 4.27E-02 

Glycine, serine and threonine metabolism 2 1.28E-01 

Valine, leucine and isoleucine degradation 2 2.16E-01 
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  5 | Discussion
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The extraction technique was chosen based on the detection and identification of 

the broadest range of compounds possible. With the use of GC-MS metabolic profiling, 

100 chromatographic peaks (already excluding peaks from the derivatizing agent and IS) 

were observed from which 51 were identified as metabolites and 49 remain as unknowns. 

The detection of certain molecules or classes of compounds, such as sex hormones or 

cortisol, were expected. However, these compounds were not detected probably due to low 

concentrations or poor extraction efficiency. Nevertheless, the metabolites identified are 

both interesting and relevant. 

After multivariate analysis, 34 metabolites were found statistically significant 

altered between males and females, which translates into 34% of all the metabolome 

obtained. This percentage is also in agreement with another study performed in serum 

[64]. The set of significant metabolites, excluding unknowns, comprise 6 compound 

classes, namely organic acids, amino acids, fatty acids, sterols, lipids and carbohydrates. 

Males showed an increase in the levels of lactic, malonic, succinic and stearic acids, 2-

methylalanine, L-valine, L-isoleucine, serine, L-threonine, phenylalanine, pyroglutamic 

acid, cholestediene and glycerol in comparison with females. Considering the effect size, 

the metabolites with higher effect size were: L-valine, L-isoleucine, phenylalanine, 

pyroglutamic acid and succinic acid. On the other hand, females showed an increase in the 

levels of squalene (higher effect size), capric, lauric, myristoleic, myristic, pentadecanoic, 

palmitoleic and oleic acids in comparison with males. 

The results found are in agreement with previous studies since isoleucine, lactic 

acid, pyroglutamic acid [84] and valine [85] have been reported to be in higher 

concentration in males [84]  and palmitoleic, myristic, lauric and myristoleic acids have 

been reported to be higher in females [84, 86]. Glycerol [84] and serine [87] have been 

found higher levels in females contrary to what we have found in this work. Since, glycerol 

levels can be highly affected by age [86], this may be a reason for the difference seen in 

this work.  

According to the differences found, our study also showed that the metabolic 

pathways that are most contributing to this discrimination are: glycine, serine and 

threonine metabolism; protein biosynthesis, β-oxidation of very long chain fatty acids and 

valine, leucine and isoleucine degradation. These pathways are concordant with previous 

studies analysing the serum metabolome, which determined that the most important 

metabolic pathway for sex differentiation is the glycine, serine and threonine metabolism 

[64]. In addition, 19 metabolic pathways were found in accordance with a previous study 

[88] that described 41 sex-affected pathways. Another pathway altered is the fatty acid 

biosynthesis which was previously correlated with higher rates of coronary heart disease 

javascript:void(0);
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(CHD) in males [89], which suggests that the fatty acids described above may act as 

protective in females [90, 91]. This should be further assessed because, if this relationship 

exists, then some fatty acids could become biomarkers for prediction of CHD. With both 

isoleucine and valine found in higher values in males, these branched chain amino acids 

(BCAAs) may elapse from, at least, two scenarios: either high muscle mass in males [92] 

or as a marker for type 2 diabetes since they have been related with insulin resistance [93]. 

In summary, this study establishes a metabolic signature useful for sex 

differentiation, to be further validated in higher number of subjects and considering other 

Metabolomic analytical techniques such as LC-MS and NMR spectroscopy.  
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  6 | Future Perspectives 
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As far as we know, there are no studies to differentiate sex by analysis of hair. 

This may be a promising field since it allows us to understand which metabolites are 

interchangeable from bloodstream to hair and how they differ between males and females. 

Despite the importance of sex differentiation in forensic science, the clinical research may 

also benefit from it since the better understanding of sex signature can lead to a 

personalized healthcare through the adjustment of therapeutics according to sex. 

Furthermore, hair metabolomics can be applied to studies related with long-term 

exposure evaluation, drug metabolism, dietary intakes, or different basal levels of 

metabolites for testing interpretation.  

The metabolome can be characterized by several combined techniques enabling 

the characterization of different classes of molecules and a different range of 

concentration. Thus, the metabolic profiling of hair using other analytical techniques (e.g., 

LC-MS, NMR) may lead to a more complete picture of metabolism.  





Hair Metabolomics Applied to Sex Differentiation 

 
63 

 

 

 

 

 

 

 

 

 

 

 

 

 

  7 | Bibliography 





Hair Metabolomics Applied to Sex Differentiation 

 
65 

 

1. Headington, J.T., Transverse microscopic anatomy of the human scalp: a basis 
for a morphometric approach to disorders of the hair follicle. Archives of 
dermatology, 1984. 120(4): p. 449-456. 

2. Robbins, C.R., Chemical composition of different hair types, in Chemical and 
physical behavior of human hair. 2012, Springer. p. 105-176. 

3. Kintz, P., Analytical and practical aspects of drug testing in hair. 2006: CRC 
Press. 

4. Barbosa, J., et al., Hair as an alternative matrix in bioanalysis. Bioanalysis, 2013. 
5(8): p. 895-914. 

5. Tagliaro, F., Guidelines for Testing Drugs under International Control in Hair, 
Sweat and Saliva. 1998. 

6. Shah, I., et al., Hair-based rapid analyses for multiple drugs in forensics and 
doping: application of dynamic multiple reaction monitoring with LC-MS/MS. 
Chem Cent J, 2014. 8(1): p. 73. 

7. Deedrick, D.W., Hairs, fibers, crime, and evidence. Forensic Science 
Communications, 2000. 2(3). 

8. Rendle, D.F., Advances in chemistry applied to forensic science. Chem Soc Rev, 
2005. 34(12): p. 1021-30. 

9. Harkey, M.R., Anatomy and physiology of hair. Forensic Science International, 
1993. 63(1): p. 9-18. 

10. Gordo, J.M.d.O., O cabelo como amostra biológica em toxicologia forense. 2013, 
University Fernando Pessoa. p. 74. 

11. Binz, T.M., M.R. Baumgartner, and T. Kraemer, The influence of cleansing 
shampoos on ethyl glucuronide concentration in hair analyzed with an optimized 
and validated LC–MS/MS method. Forensic science international, 2014. 244: p. 
20-24. 

12. Musshoff, F., et al., Ethyl glucuronide findings in hair samples from the mummies 
of the Capuchin Catacombs of Palermo. Forensic Sci Int, 2013. 232(1-3): p. 213-7. 

13. Albermann, M.E., B. Madea, and F. Musshoff, A SPME-GC/MS procedure for the 
determination of fatty acid ethyl esters in hair for confirmation of abstinence test 
results. J Chromatogr Sci, 2014. 52(9): p. 955-60. 

14. Raghavan, M., et al., The genetic prehistory of the New World Arctic. Science, 
2014. 345(6200): p. 1255832. 



Hair Metabolomics Applied to Sex Differentiation 

 
66 

 

15. Kintz, P., Value of hair analysis in postmortem toxicology. Forensic Science 
International, 2004. 142(2): p. 127-134. 

16. Drummer, O.H., Postmortem toxicology of drugs of abuse. Forensic science 
international, 2004. 142(2): p. 101-113. 

17. Kintz, P., Segmental hair analysis can demonstrate external contamination in 
postmortem cases. Forensic Science International, 2012. 215(1-3): p. 73-76. 

18. Poon, S., et al., Norcocaine in human hair as a biomarker of heavy cocaine use in 
a high risk population. Forensic Sci Int, 2014. 241: p. 150-4. 

19. Duca, R.C., et al., Hair decontamination procedure prior to multi-class pesticide 
analysis. Drug Test Anal, 2014. 6 Suppl 1: p. 55-66. 

20. Ramirez, T., et al., Metabolomics in toxicology and preclinical research. Altex, 
2013. 30(2): p. 209. 

21. Metz, T.O., et al., The future of liquid chromatography-mass spectrometry (LC-
MS) in metabolic profiling and metabolomic studies for biomarker discovery. 
Biomark Med, 2007. 1(1): p. 159-185. 

22. Euceda, L.R., G.F. Giskeodegard, and T.F. Bathen, Preprocessing of NMR 
metabolomics data. Scand J Clin Lab Invest, 2015. 75(3): p. 193-203. 

23. Nicholson, J.K., J.C. Lindon, and E. Holmes, 'Metabonomics': understanding the 
metabolic responses of living systems to pathophysiological stimuli via 
multivariate statistical analysis of biological NMR spectroscopic data. 
Xenobiotica, 1999. 29(11): p. 1181-1189. 

24. Mushtaq, M.Y., R. Verpoorte, and H.K. Kim, Zebrafish as a model for systems 
biology. Biotechnology and Genetic Engineering Reviews, 2013. 29(2): p. 187-205. 

25. Verpoorte, R., et al., Metabolomics: back to basics. Phytochemistry Reviews, 
2008. 7(3): p. 525-537. 

26. Pauling, L., et al., Quantitative analysis of urine vapor and breath by gas-liquid 
partition chromatography. Proc Natl Acad Sci U S A, 1971. 68(10): p. 2374-6. 

27. Villas-Boas, S.G., S. Rasmussen, and G.A. Lane, Metabolomics or metabolite 
profiles? Trends Biotechnol, 2005. 23(8): p. 385-6. 

28. Mushtaq, M.Y., et al., Extraction for metabolomics: access to the metabolome. 
Phytochem Anal, 2014. 25(4): p. 291-306. 

29. Koal, T. and H.P. Deigner, Challenges in mass spectrometry based targeted 
metabolomics. Curr Mol Med, 2010. 10(2): p. 216-26. 



Hair Metabolomics Applied to Sex Differentiation 

 
67 

 

30. Polit, D.F. and C.T. Beck, Nursing research: Principles and methods. 2004: 
Lippincott Williams & Wilkins. 

31. Alonso, A., S. Marsal, and A. Julia, Analytical methods in untargeted 
metabolomics: state of the art in 2015. Front Bioeng Biotechnol, 2015. 3: p. 23. 

32. Mastrangelo, A., et al., From sample treatment to biomarker discovery: A tutorial 
for untargeted metabolomics based on GC-(EI)-Q-MS. Anal Chim Acta, 2015. 
900: p. 21-35. 

33. Koek, M.M., et al., Quantitative metabolomics based on gas chromatography 
mass spectrometry: status and perspectives. Metabolomics, 2011. 7(3): p. 307-
328. 

34. Wehrens, R., et al., Improved batch correction in untargeted MS-based 
metabolomics. Metabolomics, 2016. 12: p. 88. 

35. Kamleh, M.A., et al., Optimizing the use of quality control samples for signal drift 
correction in large-scale urine metabolic profiling studies. Anal Chem, 2012. 
84(6): p. 2670-7. 

36. Misra, B.B. and J.J. van der Hooft, Updates in metabolomics tools and resources: 
2014-2015. Electrophoresis, 2016. 37(1): p. 86-110. 

37. Trygg, J., E. Holmes, and T. Lundstedt, Chemometrics in metabonomics. J 
Proteome Res, 2007. 6(2): p. 469-79. 

38. Worley, B. and R. Powers, Multivariate Analysis in Metabolomics. Curr 
Metabolomics, 2013. 1(1): p. 92-107. 

39. van den Berg, R.A., et al., Centering, scaling, and transformations: improving the 
biological information content of metabolomics data. BMC Genomics, 2006. 7: p. 
142. 

40. Sheskin, D.J., Handbook of parametric and nonparametric statistical procedures. 
2003: crc Press. 

41. Wishart, D.S., et al., HMDB: a knowledgebase for the human metabolome. 
Nucleic Acids Res, 2009. 37(Database issue): p. D603-10. 

42. Kanehisa, M. and S. Goto, KEGG: kyoto encyclopedia of genes and genomes. 
Nucleic Acids Res, 2000. 28(1): p. 27-30. 

43. Kanehisa, M., et al., KEGG as a reference resource for gene and protein 
annotation. Nucleic Acids Res, 2016. 44(D1): p. D457-62. 

44. Weckwerth, W. and K. Morgenthal, Metabolomics: from pattern recognition to 
biological interpretation. Drug Discov Today, 2005. 10(22): p. 1551-8. 



Hair Metabolomics Applied to Sex Differentiation 

 
68 

 

45. Adourian, A., et al., Correlation network analysis for data integration and 
biomarker selection. Mol Biosyst, 2008. 4(3): p. 249-59. 

46. Pragst, F. and M.A. Balikova, State of the art in hair analysis for detection of drug 
and alcohol abuse. Clin Chim Acta, 2006. 370(1-2): p. 17-49. 

47. Schramm, K.W., Hair-biomonitoring of organic pollutants. Chemosphere, 2008. 
72(8): p. 1103-11. 

48. Sulek, K., et al., Hair metabolomics: identification of fetal compromise provides 
proof of concept for biomarker discovery. Theranostics, 2014. 4(9): p. 953-9. 

49. Scheepers, P.T., The use of biomarkers for improved retrospective exposure 
assessment in epidemiological studies: summary of an ECETOC workshop. 
Biomarkers, 2008. 13(7): p. 734-48. 

50. Lloyd, G.R., et al., Pattern recognition of inductively coupled plasma atomic 
emission spectroscopy of human scalp hair for discriminating between healthy 
and hepatitis C patients. Anal Chim Acta, 2009. 649(1): p. 33-42. 

51. Dragsted, L.O., Biomarkers of meat intake and the application of nutrigenomics. 
Meat Sci, 2010. 84(2): p. 301-7. 

52. Tsutsui, H., et al., Biomarker discovery in biological specimens (plasma, hair, 
liver and kidney) of diabetic mice based upon metabolite profiling using ultra-
performance liquid chromatography with electrospray ionization time-of-flight 
mass spectrometry. Clin Chim Acta, 2011. 412(11-12): p. 861-72. 

53. Lee, D.Y., E. Kim, and M.H. Choi, Technical and clinical aspects of cortisol as a 
biochemical marker of chronic stress. BMB Reports, 2015. 48(4): p. 209-216. 

54. Toyo'oka, T., Diagnostic Approach to Disease Using Non-invasive Samples Based 
on Derivatization and LC-ESI-MS/MS. Biol Pharm Bull, 2016. 39(9): p. 1397-411. 

55. Joo, K.M., et al., Metabolomic analysis of amino acids and lipids in human hair 
altered by dyeing, perming and bleaching. Exp Dermatol, 2016. 25(9): p. 729-31. 

56. Cecatti, J.G., et al., Use of metabolomics for the identification and validation of 
clinical biomarkers for preterm birth: Preterm SAMBA. BMC Pregnancy 
Childbirth, 2016. 16(1): p. 212. 

57. Moon, J.Y., M.H. Choi, and J. Kim, Metabolic profiling of cholesterol and sex 
steroid hormones to monitor urological diseases. Endocr Relat Cancer, 2016. 
23(10): p. R455-67. 

58. Cornellison, C., et al., MALDI-MS Redox Lipidomics Applied to Human Hair: A 
First Look. Int J Trichology, 2011. 3(1): p. 25-7. 



Hair Metabolomics Applied to Sex Differentiation 

 
69 

 

59. Kobayashi, M., T. Hanaoka, and S. Tsugane, Validity of a self-administered food 
frequency questionnaire in the assessment of heterocyclic amine intake using 2-
amino-1-methyl-6-phenylimidazo [4, 5-b] pyridine (PhIP) levels in hair. Mutation 
Research/Genetic Toxicology and Environmental Mutagenesis, 2007. 630(1): p. 
14-19. 

60. Gil, F. and A.F. Hernandez, Toxicological importance of human biomonitoring of 
metallic and metalloid elements in different biological samples. Food Chem 
Toxicol, 2015. 80: p. 287-97. 

61. Kim, A.M., C.M. Tingen, and T.K. Woodruff, Sex bias in trials and treatment must 
end. Nature, 2010. 465(7299): p. 688-689. 

62. Fairweather, D. and N.R. Rose, Women and autoimmune diseases. Emerg Infect 
Dis, 2004. 10(11): p. 2005-11. 

63. Mostertz, W., et al., Age- and sex-specific genomic profiles in non-small cell lung 
cancer. JAMA, 2010. 303(6): p. 535-43. 

64. Mittelstrass, K., et al., Discovery of sexual dimorphisms in metabolic and genetic 
biomarkers. PLoS Genet, 2011. 7(8): p. e1002215. 

65. Moseley, H.N., Error Analysis and Propagation in Metabolomics Data Analysis. 
Comput Struct Biotechnol J, 2013. 4(5). 

66. Dinis-Oliveira, R.J., et al., Collection of biological samples in forensic toxicology. 
Toxicol Mech Methods, 2010. 20(7): p. 363-414. 

67. Vaiano, F., et al., Determination of endogenous concentration of gamma-
hydroxybutyric acid (GHB) in hair through an ad hoc GC-MS analysis: A study 
on a wide population and influence of gender and age. J Pharm Biomed Anal, 
2016. 118: p. 161-6. 

68. Bertol, E., et al., Detection of gamma-hydroxybutyrate in hair: validation of GC-
MS and LC-MS/MS methods and application to a real case. J Pharm Biomed 
Anal, 2012. 70: p. 518-22. 

69. Nakahara, Y., Hair analysis for abused and therapeutic drugs. J Chromatogr B 
Biomed Sci Appl, 1999. 733(1-2): p. 161-80. 

70. Luo, R., X. Zhuo, and D. Ma, Determination of 33 elements in scalp hair samples 
from inhabitants of a mountain village of Tonglu city, China. Ecotoxicol Environ 
Saf, 2014. 104: p. 215-9. 

71. Sporkert, F. and F. Pragst, Use of headspace solid-phase microextraction (HS-
SPME) in hair analysis for organic compounds. Forensic science international, 
2000. 107(1): p. 129-148. 



Hair Metabolomics Applied to Sex Differentiation 

 
70 

 

72. Bossers, L., et al., An evaluation of washing and extraction techniques in the 
analysis of ethyl glucuronide and fatty acid ethyl esters from hair samples. 
Journal of Chromatography B, 2014. 953: p. 115-119. 

73. van Ginneken, V., et al., Metabolomics (liver and blood profiling) in a mouse 
model in response to fasting: a study of hepatic steatosis. Biochim Biophys Acta, 
2007. 1771(10): p. 1263-70. 

74. Atherton, H.J., et al., A comparative metabolomic study of NHR-49 in 
Caenorhabditis elegans and PPAR-alpha in the mouse. FEBS Lett, 2008. 582(12): 
p. 1661-6. 

75. Pereira, D.M., et al., A gas chromatography-mass spectrometry multi-target 
method for the simultaneous analysis of three classes of metabolites in marine 
organisms. Talanta, 2012. 100: p. 391-400. 

76. Zhen, H., Potencial of Metabolomics to Unravel the Metabolomic Response to 
Intake of Dairy Products, in Department of Food Science - Food Quality 
Perception & Society. 2015, Aarhus University, Aarhus, Denmark. p. 137. 

77. Graca, G., et al., Impact of prenatal disorders on the metabolic profile of second 
trimester amniotic fluid: a nuclear magnetic resonance metabonomic study. J 
Proteome Res, 2010. 9(11): p. 6016-24. 

78. Wiklund, S., et al., Visualization of GC/TOF-MS-based metabolomics data for 
identification of biochemically interesting compounds using OPLS class models. 
Anal Chem, 2008. 80(1): p. 115-22. 

79. Westerhuis, J.A., et al., Multivariate paired data analysis: multilevel PLSDA 
versus OPLSDA. Metabolomics, 2010. 6(1): p. 119-128. 

80. Berben, L., S.M. Sereika, and S. Engberg, Effect size estimation: methods and 
examples. Int J Nurs Stud, 2012. 49(8): p. 1039-47. 

81. Xia, J., et al., MetaboAnalyst 3.0—making metabolomics more meaningful. 
Nucleic acids research, 2015. 43(W1): p. W251-W257. 

82. Xia, J. and D.S. Wishart, MSEA: a web-based tool to identify biologically 
meaningful patterns in quantitative metabolomic data. Nucleic Acids Res, 2010. 
38(Web Server issue): p. W71-7. 

83. Wishart, D.S., et al., HMDB: the Human Metabolome Database. Nucleic Acids 
Res, 2007. 35(Database issue): p. D521-6. 

84. Krumsiek, J., et al., Gender-specific pathway differences in the human serum 
metabolome. Metabolomics, 2015. 11(6): p. 1815-1833. 



Hair Metabolomics Applied to Sex Differentiation 

 
71 

 

85. Kochhar, S., et al., Probing gender-specific metabolism differences in humans by 
nuclear magnetic resonance-based metabonomics. Anal Biochem, 2006. 352(2): 
p. 274-81. 

86. Dunn, W.B., et al., Molecular phenotyping of a UK population: defining the 
human serum metabolome. Metabolomics, 2015. 11(1): p. 9-26. 

87. Yu, Z., Metabolomics analyses to better understand complex phenotypes. 2013, 
lmu. 

88. Jove, M., et al., Human Aging Is a Metabolome-related Matter of Gender. J 
Gerontol A Biol Sci Med Sci, 2016. 71(5): p. 578-85. 

89. Go, A.S., et al., Executive summary: heart disease and stroke statistics--2013 
update: a report from the American Heart Association. Circulation, 2013. 127(1): 
p. 143-52. 

90. Arsenault, B.J., S.M. Boekholdt, and J.J. Kastelein, Lipid parameters for 
measuring risk of cardiovascular disease. Nat Rev Cardiol, 2011. 8(4): p. 197-206. 

91. Wang, X., F. Magkos, and B. Mittendorfer, Sex differences in lipid and lipoprotein 
metabolism: it's not just about sex hormones. J Clin Endocrinol Metab, 2011. 
96(4): p. 885-93. 

92. Fujita, S., et al., Basal muscle intracellular amino acid kinetics in women and 
men. Am J Physiol Endocrinol Metab, 2007. 292(1): p. E77-83. 

93. Lu, J., et al., Insulin resistance and the metabolism of branched-chain amino 
acids. Front Med, 2013. 7(1): p. 53-9. 

 

 





Hair Metabolomics Applied to Sex Differentiation 

 
73 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix 1 

 

 

 

 

 

 

 

 

 

 

 





Hair Metabolomics Applied to Sex Differentiation 

 
75 

 

 

Figure 14 – Informed consent for participation in this study 
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Figure 15 – Personal data form  


