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La metabolómica es una subárea de la biología de sistemas que 

tiene como objetivo el estudio de las moléculas de pequeño tamaño 

(normalmente < 1,000 Da) producidas por los procesos metabólicos que 

concurren en una célula. Desde finales del siglo anterior la metabolómica 

con un enfoque no dirigido se ha empleado con éxito en diferentes 

aplicaciones, como el descubrimiento de biomarcadores, el descubrimiento 

de dianas terapeúticas, la medicina personalizada o simplemente conocer 

los mecanismos biológicos del organismo estudiado. Al tratarse de estudios 

no dirigidos, la investigación trata de obtener tanta información como sea 

posible para cubrir el mayor número de metabolitos presentes, siendo esta 

fase clave en el éxito de la investigación.  

El número de metabolitos extraídos y posteriormente identificados 

con cierto nivel de confianza puede definirse como cobertura de metabolitos 

o “metabolite coverage”. Esta fase de identificación de metabolitos es 

actualmente el principal cuello de botella en los análisis metabolómicos, 

puesto que la información obtenida analíticamente requiere de una extensa 

cantidad de trabajo y conocimiento para permitir obtener identificaciones 

con éxito. Las fases de separación y detección proporcionan valiosa 

información que puede ser utilizada de forma automática por herramientas 

software. Por otra parte, existen actualmente un gran número de fuentes 

de datos de metabolómica que proporcionan una correlación entre la señal 

analítica y la identificación del compuesto. 

El objetivo de esta tesis es la creación de una herramienta software 

que permita la consulta simultánea a las bases de datos metabolómicas 

más relevantes existentes para ofrecerles a los investigadores la posibilidad 

de obtener datos de ellas a partir de una única consulta. Esta consulta 

simultánea va a permitir el acceso a más información tanto en profundidad, 

puesto que los investigadores podrán acceder a la información 

complementaria sobre metabolitos contenidos en distintas bases de datos, 

como en amplitud, pues hay un gran número de compuestos que se 

encuentran en una única base de datos. Los investigadores que no 
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consultan dicha base de datos están reduciendo el conjunto de metabolitos 

sobre los que están realizando el proceso de identificación, y aumentando 

el potencial número de metabolitos sin identificar en sus experimentos.  

Además, la herramienta debe explotar la información analítica y no 

analítica para facilitar la anotación e identificación de metabolitos, ampliar 

la cobertura de metabolitos en los estudios y reducir el número de 

identificaciones erróneas que pueden conducir a interpretaciones 

biológicas erróneas.  

La herramienta creada se denomina CEU Mass Mediator (CMM). 

Actualmente contiene 332,665 compuestos experimentales provenientes 

de las fuentes de datos HMDB (Human Metabolome Database), KEGG, 

LipidMaps (LIPID Metabolites and Pathways Strategy), Metlin y una librería 

propia creada en el Centro de Excelencia de Metabolómica y Bioanálisis 

(CEMBIO) y 681,198 compuestos generados mediante aproximaciones 

computacionales (in-silico) provenientes de HMDB y MINE (Metabolic In 

silico Network Expansion Databases). CMM permite la consulta simultánea 

a estas bases de datos desde una misma interfaz y en una única consulta 

a partir de las m/z y, opcionalmente, el tiempo de retención (RT) y la 

agrupación de picos obtenidos mediante el agrupamiento de señales 

provenientes de un mismo metabolito primario como son los isótopos, los 

aductos, las moléculas con múltiple carga, los multímeros o los fragmentos, 

llamado en esta tesis Composite Spectrum (CS).  

El sistema experto utilizando información de MS1 

CMM permite aplicar diferentes filtros a los investigadores para 

mejorar el proceso de filtrado y la eficiencia de las reglas. CMM permite 

restringir la búsqueda en función de los elementos presentes, con tres 

posibilidades: CHNOPS, CHNOPS+Cl y todos los elementos, permitiendo 

incluir o excluir en las búsquedas compuestos que contengan deuterio. 

CMM permite también restringir la búsqueda a lípidos, e incluir o excluir 
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péptidos en la búsqueda, así como los potenciales aductos formados en 

modo positivo o negativo.  

CMM utiliza esta información por su sistema experto (CMM-ES) 

basado en 122 reglas para puntuar estas anotaciones basándose en la 

probabilidad de los tipos de compuestos de formar un determinado aducto 

(puntuación 𝜒1), la presencia o ausencia de aductos esperados para un 

determinado tipo de compuestos y la relación entre estos aductos entre 

diferentes señales (puntuación 𝜒2) y el orden de elución según la 

hidrofobicidad en lípidos pertenecientes a una misma clase, ya que tienen 

la misma estructura y sólo diferen en la longitud de la cadena de los ácidos 

grasos y su nivel de saturación, medido en el número de dobles enlaces 

(puntuación 𝜒3). Estas tres puntuaciones están integradas en una 

puntuación general que se calcula según la siguiente media geómetrica: 

𝜒 = 𝑒𝑥𝑝 (
∑ 𝜔𝑖 ∙ 𝑙𝑛𝜒𝑖
3
𝑖=1

∑ 𝜔𝑖
3
𝑖=1

) 

donde 𝜔𝑖 es el peso de cada puntuación, 𝜔1 = 1, 𝜔2 = 1 y 𝜔3 ϵ [0, 2]. 

𝜔3depende del del número de reglas aplicadas para el orden de elución, ya 

que el número es variable y cuanto mayor número de anotaciones 

provenientes de otras señales, mayor es la evidencia que proporcionan. 

CMM tiene en cuenta el modificador utilizado en la fase móvil para la 

formación de aductos, puesto que la presencia del NH3 va a modificar los 

potenciales aductos formados.  

Un ejemplo de las reglas de ionización sería la probabilidad de los 

monoglicéridos (MG) de formar determinado tipo de aductos. Los MG son 

difícilmente detectados en modo de ionización negativa, y en modo de 

ionización positiva el aducto [M+H]+ es comúnmente formado, al igual que 

el [M+NH4]+ si se utiliza amonio como modificador en la fase móvil. El 

aducto [M+Na]+ se puede formar, pero siempre con una intensidad menor 

que el [M+H]+. Las reglas de orden de elución se aplicarían en el caso de 

dos señales (S1,S2) con un RT(RTS1, RTS2) y RTS1>RTS2 y dos anotaciones 
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putativas (APS1, APS2). Si APS1 se corresponde con un MG(20:0) y APS2 con 

un MG(22:0), si el análisis se ha realizado mediante fase reversa (RP por 

sus siglas en inglés, Reversed-Phase), hay una evidencia negativa en estas 

dos anotaciones, puesto que el compuesto MG(22:0) debería eluir más 

tarde que el compuesto MG(20:0), y estas anotaciones tendrán una 

puntuación baja. Sin embargo, si RTS1<RTS2, entonces la evidencia acerca 

de las dos señales S1 y S2 perteneciendo a los metabolitos MG(20:0) y 

MG(22:0) respectivamente es positiva y la puntuación de ambas 

anotaciones será incrementada. CMM permite incluir en la búsqueda 

señales no significativas tras hacer el estudio estadístico entre dos o más 

grupos de estudio. Estas señales que no tienen una significancia 

estadística pueden no ser útiles como biomarcadores, pero aportan 

evidencia para la anotación e identificación de señales de las significativas, 

que son potencialmente biomarcadores y el objetivo principal del estudio. 

CMM utiliza la evidencia y no muestra las anotaciones de ellas al usuario.  

Una herramienta semi-automática para la 

identificación de oxPCs 

Por otro lado, CMM ofrece un servicio para la identificación de 

glicerofosfocolinas oxidadas (oxPCs). Los oxPCs están siendo estudiados 

recientemente como biomarcadores relevantes en los mecanismos de la 

salud y de la enfermedad. Debido a ello, la identificación de los mismos en 

los experimentos metabolómicos resulta de especial interés, y la aparición 

de herramientas que permitan anotarlas y estudiar su función biológica es 

un gran avance. CMM utiliza la información analítica de experimentos 

realizados mediante cromatografía líquida, ionización por electrospray y 

detección por espectrometría de masas (LC-ESI-MS). Integra conocimiento 

de la fragmentación producida por los oxPCs e incluye compuestos 

derivados de los lípidos oxidados no presentes en otras bases de datos. 

Basándose en este conocimiento analítico, CMM compara el espectro 

experimental introducido por el usuario con el presente en la base de datos 
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y obtenido en el análisis de los estándares y el usuario puede de esta forma 

identificar si el espectro corresponde a un oxPC.  

Una herramienta que utiliza información no analítica 

CMM permite la agrupación de compuestos para la posterior 

interpretación biológica. Una vez el usuario ha filtrado, anotado e 

identificado su lista de señales, esta puede ser introducida al servicio de 

análisis de pathways para agruparlas en función de los pathways donde 

están presentes. CMM ordena estos pathways en base al número de 

compuestos de cada pathway presentes en el experimento y la relevancia 

de estos compuestos dentro del pathway. La relevancia de los compuestos 

identificados dentro del pathway, medida como el número de pathways en 

los que un compuesto está presente. 

Una herramienta de búsqueda con información de 

MS/MS 

CMM ofrece también un servicio de búsqueda con información 

proveniente de MS/MS para soportar la identificación de metabolitos con 

un nivel de confianza mayor. Esta búsqueda esta basada en la similitud del 

espectro experimental y la librería de espectros experimentales e in-silico 

obtenida de la base de datos HMDB.  

Además, CMM ofrece una funcionalidad única, como es una interfaz 

para calcular la calidad de un espectro MS/MS para su posterior 

identificación. Las condiciones experimentales son clave a la hora de 

obtener un espectro claro e interpretable que habilite una identificación con 

un mayor nivel de confianza. Un espectro con gran cantidad de ruido y una 

intensidad baja no va a permitir distinguir los picos provenientes de un 

metabolito con la contaminación presente en el espectrómetro, lo que 

puede llevar a identificaciones erróneas y, en consecuencia, a 

interpretaciones biológicas equivocadas. CMM puntúa los espectros 

experimentales en función de la intensidad de la señal en MS1 y MS/MS, al 

nivel de ruido presente, al número de escaneos realizados para el análisis 
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de MS/MS y/o el número de muestras utilizadas para obtener el espectro 

de MS/MS (la correspondencia de señales en diferentes análisis reduce el 

efecto de las contaminaciones), la presencia de más de un metabolito en la 

celda de colisión para el análisis de MS/MS y el crosstalk, un fenómeno que 

se produce cuando en la celda de colisión o en el espectrómetro de masas 

aún hay iones provenientes del anterior análisis.  

Una API REST para el acceso a la herramienta 

Todos los servicios de CMM se ofrecen tanto a usuarios sin 

conocimiento informático a través de una página web, como a 

desarrolladores que quieran utilizar los servicios a través de una interfaz de 

programación de aplicaciones (API) de transferencia de estado 

representacional (REST). Esta segunda opción es muy útil para integrar 

CMM en otras herramientas, para facilitar el uso dentro de workflows o para 

el acceso a través de otras interfaces. Actualmente CMM está integrada en 

la base de datos metabolómica con mayor número de citas: HMDB. Los 

usuarios de HMDB pueden realizar consultas a CMM desde su interfaz y 

explotar las funcionalidades de CMM previamente explicadas, reduciendo 

la curva de aprendizaje necesaria para utilizar una nueva herramienta. Este 

servicio está disponible en http://www.hmdb.ca/spectra/ms_cmm/search.  

CMM también está accesible a través de un paquete de R disponible 

en el CRAN (Comprehensive R Archive Network). Los usuarios que estén 

habituados a trabajar con R también pueden utilizar todas las 

funcionalidades desde sus programas de R. Este paquete está accesible 

en https://rdrr.io/github/lzyacht/cmmr/.  

CMM es una aplicación J2EE (Java 2 Platforms, Enterprise Edition) 

de código abierto cuyo código está disponible en 

https://github.com/albertogilf/ceuMassMediator y actualmente está 

desplegada en un servidor Apache TomEE 7.0.2 y cuya base de datos está 

alojado en un servidor MySQL Server 5.7.24. La aplicación puede ser 

accedida desde cualquier navegador en la dirección 

http://www.hmdb.ca/spectra/ms_cmm/search
https://rdrr.io/github/lzyacht/cmmr/
https://github.com/albertogilf/ceuMassMediator
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http://ceumass.eps.uspceu.es/ o a través de los diferentes servicios en su 

REST API http://ceumass.eps.uspceu.es/mediator/api/v3. CMM actualiza la 

información de los compuestos de las bases de datos integradas 

aproximadamente cada 6 meses.  

Organización del documento 

En el primer capítulo se ha realizado una revisión de los recursos y 

fuentes de datos disponibles para la identificación de metabolitos utilizando 

electrospray como fuente de ionización. La información contenida en estos 

recursos es en muchas ocasiones complementaria y el nivel de 

solapamiento de metabolitos presentes en las bases de datos se puede 

calificar como bajo, por lo que los investigadores deben consultar diferentes 

recursos para ampliar la cobertura de metabolitos en los estudios 

metabolómicos. El segundo capítulo presenta la primera versión de CMM. 

En él se desarrolla una aproximación heurística para la anotación de 

metabolitos a partir de información proveniente de MS1 y del tiempo de 

retención obtenido en la separación previa, ya sea mediante cromatografía 

líquida o electroforesis capilar. El capítulo tercero supone un paso adelante 

en la estrategia, ya que integra conocimiento propio del CEMBIO, no solo 

obtenido de fuentes de datos externas. En él se describe la obtención de 

conocimiento analítico acerca de glicerofosfocolinas oxidadas y la creación 

de un método semi automático para su detección e identificación utilizando 

el tiempo de retención y la información de MS1 y MS2. El capítulo cuarto 

describe las actualizaciones llevadas a cabo en CMM. Se han incorporado 

nuevos servicios progresivamente para dar soporte a la identificación de 

metabolitos tales como un medidor de calidad del espectro para 

información proveniente de MS2, la incorporación de información referente 

a ontología y taxonomía, y el soporte de identificación a partir de 

información proveniente de MS2. Todos los servicios presentes en CMM y 

desarrollados durante esta tesis están disponibles a través de una API 

REST para facilitar el acceso automático y la comunicación con otras 

herramientas.  

http://ceumass.eps.uspceu.es/
http://ceumass.eps.uspceu.es/mediator/api/v3
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Los metabolitos son los productos y los responsables de la situación 

final de un sistema biológico. La correcta y completa identificación de los 

metabolitos va a resultar en una mayor información para la interpretación 

biológica. En consecuencia, se remarca la necesidad de combinar 

información analítica y no analítica para obtener un nivel de confianza 

mayor en la identificación de metabolitos, así como la utilidad de 

proporcionar herramientas de software a los investigadores para facilitarles 

el éxito en sus experimentos.  

  



24 | Design, validation and implementation of a software tool for metabolites annotation and identification 

 

ABSTRACT 

 



25 | Abstract 

 



26 | Design, validation and implementation of a software tool for metabolites annotation and identification 

Metabolomics is a subarea of the systems biology devoted to the 

study of the small size molecules (usually < 1,000 Da) produced by the 

metabolic processes happening in a cell. Since the end of the previous 

century untargeted metabolomics has been successfully applied to different 

domains such as biomarker discovery, therapeutical targets discovery, 

personalized medicine or providing knowledge about organisms and 

mechanisms of health and disease. Untargeted metabolomics, by nature, 

aims to obtain as much information as possible to maximize the number of 

detected and identified metabolites, being the metabolite identification vital 

in the final success of the studies. 

The number of extracted metabolites and subsequently identified 

with certain confidence level can be defined as “metabolite coverage”. The 

identification is the main bottleneck in metabolomic studies since the 

analytical information acquired requires a high amount of work and 

knowledge to be successfully exploited. On the one hand, separation and 

detection provide a valuable information that can be exploited in an 

automatic way by software tools. On the other hand, currently there are a 

large number of metabolomic data sources containing information about the 

metabolites they store. Both information coming from the analyses and the 

data sources can be used to provide a higher confidence level in the 

metabolite identification.  

The final goal of this thesis is the design, validation and 

implementation of a software tool that allows the simultaneous query over 

different metabolomic databases to offer the researchers the possibility of 

retrieving data from them in a single step. This simultaneous query will allow 

the access to more data both in depth, since they will be able to access the 

complementary information stored in distinct databases about metabolites 

contained in more than one database, and width, since there are a high 

number of compounds only present in a single database, with the 

consequent risk for the researchers of skipping metabolites during the 
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annotation and identification process, thus potentially increasing the 

number of unknows in the experiment.  

Furthermore, the tool should exploit the analytical and non-analytical 

information to aid during the metabolite annotation and identification, 

therefore increasing the metabolite coverage in the metabolomic studies 

and reducing the number of misidentifications that lead to potential wrong 

biological interpretations.  

The first chapter reviews the available resources and data sources 

for the metabolite identification using Electrospray as ionization technique. 

The information contained in those resources is often complementary and 

the metabolite overlap is low. Therefore, the researchers should query 

different resources to boost the metabolite coverage in their studies. The 

second chapter introduces the first version of the software tool performed in 

this thesis: CEU Mass Mediator (CMM). The tool develops a heuristic 

approach for metabolite annotation from information coming from MS1 and 

the RT or MT obtained in the chromatographic or electrophoretic separation. 

The third chapter presents the acquisition of analytical knowledge from 

oxidized glycerophosphocholines and the creation of a semi-automated 

approach for their detection and identification using the RT and information 

obtained in MS1 and MS2 analysis. The fourth chapter describes the updates 

performed in CMM. New services have been gradually incorporated such 

as a spectral quality assessment, the incorporation of ontology and 

taxonomy information, and the support of MS2 searches. All the services 

present in CMM are available through a REST API to facilitate the automatic 

access and the communication with other software tools.  

The metabolites are the end products and the responsible of the 

biological systems status. The correctness and completeness of metabolite 

identification result in a higher amount of information for the subsequent 

biological interpretation. Consequently, we remark the necessity of 

combining analytical and non-analytical information to obtain and provide a 

higher confidence level in the metabolite identification, as well as the utility 
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of the software tools in helping researchers to successfully conduct their 

experiments.  
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1.1 Introduction to Metabolomics 

Systems biology is an integrative discipline that requires the 

contribution of different fields such as chemistry, biology, computer science, 

physics or mathematics to unravel the insights of the complex living 

organisms by integrating quantitative assessments with mathematical 

models.1 The state of an organism is a dynamic and constantly evolving 

phenomenon resulting from multi-interactions between internal and external 

factors.2 The internal factors are defined as the levels of an organism 

function including genes, transcripts, proteins and metabolites. Changes in 

this multivariate homeostasis can lead to disorders or diseases. These 

multi-interactions between different factors result in a phenotype response 

that should be investigated holistically, considering the relationships 

between different molecules.3 Although systems biology pursues a holistic 

approach, it starts by reducing the organism into sub-components in order 

to understand their structure and functions and then, the behaviour and 

interactions between components can be studied. To achieve a general and 

deep understanding of the full biological system, all its sub-components 

should be studied. In the -omics field, these sub-components can be 

summarized in genomics, transcriptomics, proteomics and metabolomics,4 

and the integration of all these fields yields a full picture about the biological 

system that is known as multi-omics. The multi-omics approach provides a 

more holistic molecular perspective compared to the traditional 

approaches.5 

Metabolomics is the last -omic science in the -omics cascade. It 

studies the intermediate and end-products of the metabolism, allowing 

scientists to observe and track subtle changes in the organism.6,7 Thus, it is 

considered as the omic that best reflects the phenotype response,8-10 

generating a high volume of information about the organism and being 

currently one of the fastest growing research areas.  

Metabolomics started to be treated as an independent area in the 

90’s. In that moment, Jeremy Nicholson et al. defined the field as “a 
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measurement of the dynamic multiparametric metabolic response of living 

system to pathophysiological stimuli or genetic modification”.11 Olivier Fiehn 

defined metabolomics in 2002 as “a comprehensive and quantitative 

analysis of all metabolites in a system”.8 Metabolomics has been used in 

different applications such as discovery of biomarkers12-15, providing 

knowledge about mechanisms of disease16-18, discovery of therapeutical 

targets19-21 or personalized medicine.22-24 

There are two approaches to integrate the -omics sciences. On the 

one hand, a top-down data reduction strategy based on the genes and 

transcripts to predict the phenotypic changes, which is achieved using 

targeted proteomic and metabolomic analyses. On the other hand, a bottom 

up data reduction strategy, using targeted or untargeted metabolomics as 

starting point to guide the other -omics sciences (see Figure 1).5  

 

Figure 1 Data reduction integration approaches in -omics sciences: top 

down and bottom up. 

Targeted analyses differ from untargeted analyses in the existence 

of a prior hypothesis which enables researchers to create a list of 

metabolites of interest that need to be quantified. Therefore, the number of 
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metabolites to be measured is higher in untargeted approaches than in 

targeted ones. Although the low coverage of the metabolome compared to 

the genome, transcriptome and proteome may limit and difficult the 

biological interpretation of the final results, untargeted analyses (bottom up 

approaches) enable the discovery of unexpected changes, and often in 

earlier states, than proteomics, transcriptomics or genomics analyses. 

Untargeted approaches are especially interesting in cases where 

targeted approaches are not successful, i.e., if the experimental hypothesis 

turned out not to be right. These situations are not uncommon since living 

organisms have a high complexity that hinders the control of all the variables 

involved. The metabolites present in an organism include the endogenous 

molecules; the xenobiome, consisting of compounds derived from sources 

outside the organism;25,26 the nutribiome, resulting from food-derived 

xenobiotics,27,28 and the gut microbiome, formed by the molecules produced 

by bacteria living in the organism.29,30 To maximize the information obtained 

from the sample in untargeted approaches, the experiment should be 

performed optimizing the metabolite coverage. This term can be defined as 

(1) the number of metabolites present in a sample, (2) the number of 

metabolites separated and detected by analytical methods, or (3) the 

number of identified metabolites. In this dissertation the metabolite 

coverage will refer to the number of metabolites identified with a confidence 

level 3 or higher (see Table 1).  

The impressive success of genomics and proteomics is not easy to 

repeat in the field of metabolomics because of the problematic nature of 

metabolites themselves: the enormous physiochemical diversity, the broad 

ranges of concentrations, and the large and yet undetermined size of the 

metabolome. Combined, these issues constitute the source of many 

challenges along the metabolomic workflow, being particularly important the 

undetermined size of the metabolome, which refers to the complete set of 

metabolites present in an organism. 
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Confidence 

level 

Description  Matching requirement 

Level 0 Unequivocal 3D structure, 

including full stereochemistry. 

Determination of 3D structure following 

natural product guidelines. 

Level 1 Confident 2D structure, using 

reference standard or full 2D 

structure elucidation. 

At least two orthogonal characteristics, 

such as MS/MS fragmentation pattern, 

RT or CCS.  

Level 2 Probable structure using 

literature data and/or 

fragmentation spectra and/or 

knowledge over the RT. 

At least two orthogonal characteristics 

matching and evidences for excluding 

the rest of candidates. 

Level 3 Possible structure, isomers or 

class. 

More than one candidate, only one 

characteristic matched is required for 

supporting the proposed candidate. 

Level 4 Unknown. Detectable feature in a sample. 

RT: retention time, CSS: collision cross section 

Table 1 Updated confidence levels proposed by the Metabolomics Society 

(2017). 

1.2 The Metabolomic workflow 

The metabolomic workflow starts with a biological question that 

requires a cascade of sequential stages to be answered, including 

experimental design, sample preparation, data acquisition, data 

preprocessing and statistical analysis, identification and biological 

interpretation, and a final hypothesis generation. Biological samples are 

treated to extract their “crude” metabolite content, removing interferences 

and nonrelevant elements such as genes, proteins, or salts. The 

measurement of the extracted metabolites can be performed by two 

different analytical techniques: Nuclear Magentic Resonance (NMR) Mass 

Spectrometry (MS) approaches. NMR provide information about the spectra 

to be subsequentally interpreted. The MS approaches are carried out via 
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direct analysis (shotgun metabolomics)31 or by separation prior to the 

analysis, which uses either liquid, gas or ion chromatographic (LC, GC or 

IC respectively) or capillar electrophoretic (CE) principles. Detection is 

performed using MS methods that provide information about chemical shift 

or mass to charge (m/z) ratio, respectively (see Figure 2 illustrating the MS 

metabolomic workflow). From a historical point of view, the use of NMR has 

a long tradition; however, due to its superb sensitivity and high resolution,32 

MS has more recently dominated the metabolomic field, especially when 

the amount of material for the experiment and the funding is limited.33 The 

data obtained is then preprocessed and analyzed to ideally identify the 

compounds present in the sample and proceed with the biological 

interpretation.  

1.2.1 Data acquisition 

The success of metabolomics depends on the metabolite coverage. 

A vital stage for broadening the metabolite coverage is the data acquisition, 

which depends on the capabilities of the equipment used. The more 

powerful separation techniques combined with more sophisticated 

analyzers and more sensitive detectors increase the quality and the quantity 

of the data obtained.34,35 Considering the size and the diversity of the 

metabolome, the samples should be analyzed using different experimental 

techniques to increase the metabolite coverage, since a single experimental 

technique cannot separate and detect all the metabolites present in the 

sample.36 Multi-platform analyses increase the metabolite coverage 

because the separation techniques and the different solvents are focused 

on separating different types of molecules. For example, the ionic and polar 

compounds are well separated using CE or IC, the volatile compounds can 

be well detected using GC, while LC provides separation for the broadest 

range of metabolites depending on the mobile phases, modifiers, columns 

and parameters used.  

For the data acquisition, MS requires the ionization of molecules prior 

to their measurement using ionization techniques such as electron 
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ionization (EI) or electrospray (ESI), among others. Depending on the type 

of mass analyzer used, spectrometric measurements can provide either 

nominal (quadrupole (Q), triple quadrupole (QQQ), ion trap (IT)) or accurate 

(time of flight (TOF), QTOF, OrbiTrap) monoisotopic mass. However, in 

untargeted studies, only high accuracy mass spectrometers are used since  
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Figure 2 A general overview of the metabolomic workflow using MS.
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the nominal mass hinders considerably the identification of the metabolites 

corresponding to the signals acquired. 

For the data acquisition, MS requires the ionization of molecules prior 

to their measurement using ionization techniques such as electron 

ionization (EI) or electrospray (ESI), among others. Depending on the type 

of mass analyzer used, spectrometric measurements can provide either 

nominal (quadrupole (Q), triple quadrupole (QQQ), ion trap (IT)) or accurate 

(time of flight (TOF), QTOF, OrbiTrap) monoisotopic mass. However, in 

untargeted studies, only high accuracy mass spectrometers are used since 

the nominal mass hinders considerably the identification of the metabolites 

corresponding to the signals acquired.  

1.2.2 Data preprocessing and statistical analysis 

The information obtained must be converted from spectra and 

chromatograms/electropherograms to a three-dimensional matrix 

consisting of mass (m/z or monoisotopic mass), chromatographic time 

(retention time -RT- for LC and GC, migration time -MT- for CE), and 

intensity or abundance. Each peak in the three-dimensional matrix is called 

feature. This matrix is often subjected to statistical analysis to compare the 

metabolite content between different conditions, e.g., control and case. This 

leads to the selection of compounds causing the observed phenotypic 

changes. These initially anonymous signals are then assigned to actual 

metabolites in order to allocate them to the corresponding metabolic 

pathways. 

There are a number of software tools for the data preprocessing37,38 

using different algorithms but they all share a similar purpose.2,39-44 All of 

them translate the raw data into features corresponding to the previously 

explained three-dimensional matrix. Some of them process the co-eluting 

signals to group them based on different transformations suffered by the 

primal metabolite (adducts, charges, neutral loses), adding a fourth 

dimension to the matrix.  
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The data preprocessing includes the filtration considering the 

analytical and biological aspects of the data. It aims to reduce the matrix 

complexity by removing unreliable or previously known non-related 

signals.45,46 Furthermore, it is recommended to perform a data normalization 

consisting in the application of several operations to reduce the analytical 

or biological variation arising from drifts in the sample analyses. These drifts 

can be successfully controlled using internal standards (IS).  

Ideally, during this process the monoisotopic mass is calculated 

based on the ionization products (IPs) such as isotopes (C12, C13, H1, H2, 

etc.), adducts ([M+H]+, [M+NH4]+, [M-H]-, [M+Cl]-, etc.), multimers ([2M+H]+, 

[2M+Na]+, [2M-H]-, etc.), multiple charge adducts ([M+2H]2+, [M+H+Na]2+, 

[M-2H]2-, etc.) and/or neutral loss fragments ([M+H-H2O]+, [M-H-H2O]-, etc.). 

These signals can be grouped into a single pseudospectrum to calculate 

the monoisotopic mass. The relationship between different IPs can be 

established based on the peak shape criteria and the correlation analysis.47 

However, this grouping carried out by the software tools sometimes fails, or 

it is not possible to detect due to analytical conditions.48 This data 

preprocessing is very important since it will reduce the chance of obtaining 

false positive annotations. The impact of data preprocessing and ion 

annotation in the identification process can be very large, since it has been 

reported that up to 90% of high-quality signals detected using LC/MS might 

correspond to contaminants, artefacts, or IPs.49 

When the metabolomic study is devoted to the comparison between 

two different groups, e.g. case and control, a statistical analysis to reveal 

significant changes between these groups is performed. Some examples of 

statistical test performed are univariate (Student’s t-test, Mann Whitney U-

test or ANOVA) or multivariate analysis (Principal Component Analysis -

PCA-, Discriminant Function Analysis -DFA-). The statistical analysis 

permits researchers to devote their efforts to the analysis of the metabolites 

with an intensity significantly different between the groups, since they are 
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prone to being biomarkers or indicatives of a difference to be studied for 

understanding these significant differences.  

1.2.3 Metabolite identification and confidence levels 

Once the metabolomic study has unveiled a list of features, they must 

be identified to provide a biological meaning. Metabolite identification plays 

a vital role within the metabolomic workflow. This stage aims to find an 

identifier (structure, database id, name) for each feature since the features 

by themselves cannot be analyzed under a biological point of view. Only if 

researchers truly identify them, the biological meaning can be elucidated. 

Therefore, the final outcome of the metabolomic experiments strongly 

depends on the identification process.48 

The metabolomic community agrees that the identification is 

essential to convert analytical data into meaningful biological knowledge.50 

However, metabolite identification is one of the most challenging stages in 

metabolomics, being often the main bottleneck in the entire workflow.51 A 

low identification rate hinders biological interpretation of the experiment due 

to many pieces of the puzzle being missing. A significant misidentification 

rate could lead to inconsistent analysis of the results and even to wrong 

biological interpretations.52 

Regardless the technique employed to separate our samples prior to 

the mass spectrometer (GC, LC or CE), there are several classifications of 

confidence levels for the identification of metabolites.33 The most popular is 

the one proposed by the Metabolomics Standards Initiative (MSI), a 

consortium formed in 2005 to provide the metabolomic community with a 

set of standards and protocols to improve the quality of the metabolomic 

studies.53 It includes five different confidence levels (see Table 1) for the 

identification of each compound derived from metabolomic experiments.54,55 

A number of tools exist to annotate the metabolites with different 

confidence levels.48,55 Commonly, the first step in metabolite identification 

is the assignment of a unique or a set of putative metabolite candidates to 
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the m/z values obtained by MS1 (see Table 1, confidence level 3). The 

confidence level 3 will be referred to as annotation from now on in this 

dissertation. Then, further analysis using Multi-Stage Mass Spectrometry 

(MSn) or exploiting information from other (orthogonal) sources, such as 

collision cross section (CCS) ion mobility, RT from GC or LC analysis or MT 

for CE data, is carried out.56 This additional information enables researchers 

to apply their chemistry knowledge to support or refute the identifications, 

and to possibly achieve confidence level 2 (see Table 1 and Figure 3 A). 

Confidence level 2 or higher will be referred to as identification from now 

on in this dissertation. The highest confident levels (level 0 and 1) require 

the analysis of an authentic standard to compare its properties obtained 

under identical analytical conditions to those of the identified feature. 

Achieving these confidence levels is hindered by the availability of authentic 

standards and the funding.2  

Different and/or complementary confidence levels than those of the 

Metabolomics Standard Initiative have been proposed. Schrimpe-Rutledge 

et al. proposed a framework (see Figure 3 B) that split the confidence levels 

based on the knowledge about molecular formula (level 4), tentative 

structure based on MS1 database match (level 3), putative identification 

using fragmentation patterns and orthogonal information such as RT or CCS 

(level 2) and the validated identification using authentic standards (level 

1).57 Although nowadays the spectrometers are extremely accurate, for the 

majority of the features acquired there is no possibility yet to calculate a 

unique molecular formula based on the “seven golden rules”,58 Lewis or 

Senior chemical rules, and hydrogen/carbon ratio or elemental ratio 

probabilities.59 Therefore the level 4 is not achieved for all the features 

obtained in a metabolomic experiment. 

Sumner et al. proposed a system with a quantitative scoring and an 

alphanumeric coding system to gauge the confidence of our peers (see 

Figure 3 C). This solution expands the reported confidence levels by 

including more detailed information about how the researchers can achieve 
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a particular level of confidence depending on the analytical technique, the 

mass accuracy, the resolution, the elution time or the MSn analysis.60  

The most recent proposal includes a confidence scale and an ID 

score.61 The confidence level assigned to a metabolite identification 

includes a number, a letter and another number. The first number 

corresponds to one of the four main categories: identified using authentic 

standards (level 1), putatively annotated using m/z matching and MS/MS 

fragmentation (level 2), putatively characterized by its IPs to a chemical 

class assignment (level 3) and unknowns (level 4). The letter indicates the 

chromatographic characteristics based on relative retention time (RRT), and 

the last number reflects the number of IPs encountered between the feature 

of interest and the authentic standard or information from the database (see 

Figure 3 D). 

1.3 Current challenges in metabolite identification 

There are major differences for the metabolite identification workflow 

depending on the analytical technique employed. GC/MS is usually 

equipped with EI as ionization source. EI provokes a high and reproducible 

fragmentation of the molecules, and the Kovats retention indices (RIs) are 

easily calculated once the retention times have been obtained.62 

Furthermore, GC/MS often measures derivatized forms (analytes) instead 

of primary metabolites. Therefore, there are well and known established 

methods for the GC/MS metabolite identification.63-65 GC/MS databases 

contain information about monoisotopic mass, fragmentation patterns and 

Kovats RI. Some of the most popular GC/MS databases are NIST, Wiley, 

the Fiehn Library, Mass bank or the MassBank of North America (MoNA). 

However, CE and LC separation techniques are less reproducible, 

which yields a substantively different workflow for metabolite identification. 

The assignment of m/z values to a set of annotations is performed by 

querying accessible databases, which ideally makes this process very 

accurate and efficient (confidence level 3).66 
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Figure 3 Confidence level systems in metabolite identification. 
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Currently, there are a considerable number of databases either 

exclusively devoted to metabolomics or easily applicable to metabolomic 

data. However, the vast amount of data repositories and the low overlap 

requires also manual querying and integration of the results from different 

sources.67 Data sources can be specific for certain types of compounds; this 

is the case for the Human Metabolome Database (HMDB),68 which covers 

the human metabolome, the (LIPID Metabolites and Pathways Strategy, 

(LipidMaps)69 and LipidBank70, which contain only lipids, the Universal 

Natural Product Database (UNPD) devoted to primary and secondary plant 

metabolites,71 or the Milk Composition Database (MCDB) made up by 

compounds present in milk. Other sources, such as Metlin,72 KEGG,73 

MassBank74 or mzCloud, contain all kind of compounds. To overcome the 

lack of experimentally detected compounds forming the metabolome, some 

databases have incorporated in-silico generated compounds, like 

MyCompoundId,75 HMDB or the Metabolic In Silico Network Expansion 

Databases (MINEs),76 using general biotransformations of previously 

detected compounds.77 The current databases differ in size, search modes, 

available adducts to search or mass searching tolerance. That has caused 

the emergence of a number of software tools offering a common interface 

to query multiple databases, with some of them providing additional 

processing features unavailable in the original databases.78,79 

The long list of software tools with different and complementary 

purposes illustrates the importance of Workflows to integrate them, allowing 

the researchers to use a common interface and consequently, saving time 

and incrementing the visibility of the tools integrated there. They also allow 

researchers to save and share their data, increasing the reproducibility and 

the collaboration between different laboratories. Some examples of 

integrative workflows are Taverna,80 KNIME,81 Workflow4Metabolomics82 or 

GNPS.83 The decoupling between the software tools and the platforms 

where they were developed eases their integration. 
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1.3.1 Use of fragmentation obtained by MSn  

Despite all the available information, further work is usually needed 

to accept or reject the annotations retrieved from the databases. The 

chromatographic data and fragmentation pattern are the two characteristics 

most commonly used to possibly achieve confidence level 2. Mass 

spectrometers allow the researches to isolate the compounds within a 

specified elution time and m/z range in a collision cell for a further analysis, 

usually applying a voltage to acquire the fragmentation pattern. Then, a 

comparison between the fragmentation pattern obtained with a reference 

spectrum can be calculated, either from a database or to the one obtained 

from an authentic standard (if available), as well as structural elucidation to 

provide meaningful to each IP. The most common method is to compare 

them against MS/MS libraries, that provide different methods for the 

fragmentation matching: e.g. “peak counting”, that counts the number of 

matching peaks, or the dot product, that processes a two-dimensional 

comparison based on the m/z and intensities. This method is widely applied, 

with an arithmetic or geometric mean to calculate the final matching score.  

This strategy can be applied a number of times coupling the output 

from the first collision cell to another collision cell where a new voltage can 

be applied to a specific IP or to all IPs produced in the first collision cell (MSn 

analysis, where n > 2, also called tandem MS), obtaining a fragmentation 

tree that might be useful to distinguish between compounds with similar 

structures and fragmentation patterns. In any case, the co-elution of 

compounds when isolating them in the collision cell hampers the 

identification, since the spectrometer will acquire the fragmentation of 

different compounds and it is difficult to distinguish which ones correspond 

to each precursor ion. To overcome the lack of available standards, and 

therefore experimentally spectra of compounds in the existing databases, 

there are a number of tools that predict the fragmentation pattern based on 

the compound structure. There are substantial differences between the 

approaches that the tools use to predict the spectra: heuristic approaches,84-

86 machine learning,87,88 quantum chemistry89,90 or combinatorial 
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approaches91-94. Despite the added value that in-silico prediction tools for 

molecules fragmentation provide, they are not as precise as the 

experimental ones. Most of them have a high recall but low precision i.e., 

they produce more IPs than those actually observed experimentally.  

A second problem that can arise in the future regarding in-silico 

spectra is the generation of millions of highly similar structures, which could 

lead to the generation of millions of highly similar spectra, hindering the 

unequivocal identification of compounds through the fragmentation 

pattern.54 Although the MS/MS and MSn provides structural information and 

often it is enough to reach confidence level 2 for the putative annotations, 

sometimes there is not enough evidence to determine a unique structure 

and therefore achieve identification. If there is not enough evidence for the 

identification of an unequivocal compound, the presence or absence of 

particular chemical groups provides valuable insight into the membership of 

a molecule within a specific chemical class, providing a higher confidence 

level than those features only annotated through m/z match, but not fully 

achieving the level 2. Then, research has to focus on orthogonal 

characteristics such as ion mobility, CCS or RT.55 

1.3.2 Use of analytical information 

Chromatography and CE offer additional information about the 

metabolite structure through the RT and the MT, respectively. They can be 

used as orthogonal filters during the metabolite identification. However, the 

number of databases containing RT and/or MT information is certainly low. 

The high number of different separation columns and possible combinations 

of solvent buffers and chromatographic conditions to separate the 

metabolites makes the RT highly variable. Therefore, the RT value has a 

very low reproducibility between different laboratories. Furthermore, minor 

changes in analytical conditions can alter it. There are models to predict RT, 

but they are restricted to very specific conditions.95-98 The lack of large and 

diverse training sets difficults the generation of robust retention prediction 

models for metabolite identification since the success of the RT modelling 
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depends on it. As consequence, the RT from LC can be used to reject false 

positive identifications rather than to confirm the true positive ones when 

there are not authentic standards available to reach confidence level 1 in 

the identification.  

In GC, retention is a function of the boiling point of the molecule and 

its interactions with the column film. RT can be predicted using Quantitative 

Structure Retention Relationships (QSRR) considering the overall structural 

properties or additive retention contribution of individual chemical 

substructures. In practice, instead of absolute values of RT, they are 

converted into system-independent constants using Kovats RI for 

isothermal conditions, linear RI for ramped temperatures,99 and Lee RI.100 

RI changes with the column and temperature program, but they can be 

easily converted using known software tools like iMatch2.101 The databases 

for GC/MS (NIST, Wiley, the Fiehn Library, MoNA or MINE) contain the 

Kovats RI and the researchers can perform the identification using 

orthogonal information based on m/z and Kovats RI. 

CE uses electrophoretic principles to separate molecules, therefore 

MT is used instead of RT. The MT represents the time that a molecule 

spends in the migration from the sample inlet to the detector. The 

reproducibility in CE is lower than in GC and LC, but knowing the exact 

analytical conditions, there are software tools to predict the MT of a 

particular molecule from the structure of the cations102 or to calculate the 

effective mobility of the molecules knowing the MT and the analytical 

conditions.103 Specific databases can be created and used for the 

metabolite identification based on the collected MT or the relative MT (RMT) 

regarding a background electrolyte, usually methionine sulfone or 

paracetamol. The number of software tools for metabolite identification in 

CE is still low due to the low number of databases containing experimental 

information obtained through CE and the lower number of users applying 

this technique.  
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1.3.3 Use of non-analytical information 

The non-analytical information can be also used to support or refute 

the putative annotations. Applying the same principle as for the use of 

chromatographic and electrophoretic information, it is easier to discard 

some identifications rather than to confirm them between different isomers 

with similar pathway information. For example, if the matrix obtained was 

acquired from a human sample, there is a high evidence that plant 

metabolites are not likely to be a true positive annotation. Analogously, 

knowing the connectivity and dependency between metabolites present in 

a pathway can be used as an additional source of positive or negative 

evidence to support or reject a putative annotation. Some software tools use 

already this information from pathways.104-106 

1.4 Research objectives 

The final objective of this research is the creation of a software tool 

to help the metabolomic community to overcome the main challenges 

previously explained. It is important to highlight that each analytical 

technique faces different challenges regarding the identification of 

compounds. Metabolite annotation using GC-EI-MS is relatively well 

established, but the metabolite coverage of this technique is the lowest 

compared to LC-ESI-MS and CE-ESI-MS. CE-ESI-MS has a higher 

metabolite coverage than GC-EI-MS, but the identification process may be 

difficult due to the low number of databases containing experimental 

information obtained by this technique and the MT shifts. Also, in CE-ESI-

MS there is a limited capability of using tandem MS to obtain fragmentation 

patterns. LC-ESI-MS has the highest coverage due to the high number of 

experimental setups available. It is the technique where metabolite 

identification is most challenging. The high number of experimental 

conditions makes the RT very variable, and there are not general prediction 

methods yet. Hence, most of the times the annotation starts with the single 

information of the m/z obtained through MS analysis and identification is 

performed with a high amount of manual work applying analytical and 
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biological knowledge. Given this variability among analytical techniques, the 

tool must be versatile to accomplish the needs of the different experimental 

techniques used. 

Although metabolite identification will never have perfect precision 

and recall, it is important that systematic solutions arise to help researchers 

during this process, without undermining the researchers’ experience during 

the final metabolite identification. The more information is exploited, the 

more precise the identification will be, and a higher confidence level will be 

reached. Moreover, the greater number of software tools are available to 

support exploiting this information, the higher metabolite coverage will be 

achieved, and a better standardization of the annotation process will be 

possible, while the misidentifications will be reduced. This thesis was born 

from the hypothesis that the metabolomic applications can be improved in 

terms of exploiting analytical and non-analytical information, such as 

chromatography, IPs patterns and biological knowledge, and providing a 

proper explanation to the putative annotations. The chromatographic 

information is directly related to the polarity of the compounds; therefore, 

the RT and MT provide vital information for identification. The structure of 

the molecules determines the possible IPs formed in the ionization source, 

while the nature of the organism studied offers insights about the 

compounds there analyzed. The main goal of the tool developed in this 

thesis, CMM, is to exploit as much as possible the analytical and 

nonanalytical information available to support the researcher in the 

metabolite identification process. 
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Untargeted Metabolomics is a useful and powerful tool to approach 

the biological systems. The success of untargeted metabolomics is closely 

connected to metabolite identification. Reducing the false positives and 

increasing the true positives and true negatives provides a more accurate 

and complete picture for the subsequent biological interpretation. A larger 

metabolite coverage helps establishing relationships, while the 

misidentifications lead to wrong conclusions.  

Metabolite identification is probably the most significant and 

persistent challenge in untargeted metabolomics. Regardless the 

confidence level required, this task is generally very slow and tedious. The 

first step in this task is the metabolite annotation, the assignation of putative 

structures to the already processed data matrix containing the features. 

Publicly available databases such as MassBank, KomicMarket, HMDB, 

Metlin, KEGG, LipidMaps or MINE contain metabolites that enable 

researchers to retrieve the putative candidates for the features. However, 

they only cover a fraction of the full metabolome, since a large portion of it 

is yet to be discovered. Moreover, the databases have a low overlap among 

them since they are devoted to different purposes and/or target metabolites.  

The main goal of this dissertation is the creation of a software tool to 

support researchers in metabolite annotation and identification: CEU Mass 

Mediator (CMM). This tool aims to exploit as much analytical and non-

analytical information as possible, both coming from the CEMBIO and from 

external sources. In particular, it aims to develop the next features:  

o A single interface to query simultaneously distinct databases, 

with the automatic unification of compounds coming from 

them.  

o A MS1 annotation expert-system using information coming 

from RT, from experimental IPs formed by lipid class and 

relationships between signals coeluting in LC-ESI-MS 

experiments. The RT information has not been used before 
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for such purpose by other tools. Additionally, it will provide 

optional filters to restrict the putative annotations returned for 

a given query. 

o A semi-automated service for the annotation and 

identification of oxidized glycerophosphocholines (oxPCs).  

o A MS/MS search service comparing the experimental 

fragmentation with the ones available in the data sources and 

scoring the putative annotations returned as result of a query.  

o A spectral quality controller to guide the researchers about 

how good is the MS/MS data obtained in an experiment with 

the purpose of metabolite annotation.  

o A Representational State Transfer (REST) Application 

Programming Interface (API) to access the previously 

described services to facilitate integration the communication 

with other tools.  

Although CMM intends to complement the tools already available for 

the metabolite annotation and identification, it also aims to be a self-

contained tool to provide a better user experience. Therefore, it will provide 

services already available in other tools when this duplicity makes sense for 

the overall functionality of the tool; i.e., to avoid the need for the users of 

using a different tool and interface for each step in the metabolite 

identification process. The final target user is both the analytical chemist 

with low knowledge about computer science that shall use the tool through 

its web interface, and the developer that is interested in integrating CMM in 

their tools or workflows through its REST API. According to these 

assumptions, the tool will be:  

o Open-source, to increase the potential audience and to 

involve people from the metabolomic community.  
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o Accessible from a simple web interface, to avoid the need of 

computer science/programming knowledge to work with it. 

o Accessible from a REST API, to provide automatic 

mechanisms to communicate with scripts, other tools or being 

integrated in metabolomic workflows.  

To fulfill these requirements, the state of the art should be deeply 

studied to provide innovative and efficient solutions in the metabolite 

annotation and identification. Chapter one reviews the ESI-MS-based 

databases for untargeted metabolomics. A separation between GC/MS 

databases and general-purpose databases should be done, since GC/MS 

databases usually contain information about Kovats RI. This data helps 

significantly during the identification process because it provides an 

orthogonal filter. In LC/MS and CE/MS, the RT and MT respectively are far 

less reproducible, therefore their use as an orthogonal filter is not trivial.  

To increase the metabolite coverage when using LC or CE, the 

researchers usually need to access, retrieve, merge and filter the results 

from different databases manually, investing a large amount of time in this 

process (see level 3 in Table 1). Once they have merged the putative 

annotations retrieved from the databases, it is time to discard or confirm 

them applying analytical, biological and chemical knowledge. One strategy 

consists in the application of analytical and nonanalytical knowledge about 

compounds. For example, if the experiment has been run using a Reversed-

Phase (RP) column, the non-polar analytes are retained more than polar 

ones by the separation column. Therefore, a putative annotation of a feature 

with a high RT pointing to a polar compound can be discarded because the 

polar compounds are the ones eluting first. Meanwhile, biological 

knowledge can also be applied to discard compounds. For example, if a 

human sample is being analyzed and a putative annotation corresponds to 

a plant metabolite, there is a strong evidence pointing towards discarding 

the putative annotation.  
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Chapter two describes the software tool developed in this thesis: 

CMM. This first revision of the tool (CMM 2.0) provided researchers with a 

metabolite annotation tool using information coming from MS1 analyses 

(confidence level 3). It integrates and unifies experimental compounds from 

HMDB, KEGG, Lipidmaps and Metlin and in-silico predicted compounds 

from MINE. In addition, CMM 2.0 scores the putative annotations which 

matched the query parameters based on ionization, adduct relation and RT 

rules developed in Drools, a business rules management system for Java.  

Lipidomics is a newly emerged discipline within the -omics sciences 

that studies cellular lipids on a large scale. Within lipidomics, the biological 

role of oxidized glycerophosphocholines (oxPCs) is a current topic of 

research contributing to the understanding of health and disease. The 

identification of oxidized lipids is one of the challenges in the metabolite 

identification due to the low presence of them in the general databases. 

However, a systematic approach to identifying the oxPCs can be extracted 

from experimental knowledge. The chromatographic characteristics and the 

spectral information from MS2 provide very useful information for the 

identification of oxPCs.  

Chapter three outlines a proposal for the identification of oxPCs in 

untargeted metabolomics. It requires the insertion of the oxPCs into the 

CMM database to subsequently create a systematic approach for the 

recognition, annotation and identification of oxPCs. This approach uses 

information from the fragmentation obtained by MS2 analyses for both long 

chain and short chain oxidations; the hydrophilicity of the new oxPCs; and 

the experimental knowledge about adduct formation. It incorporates a list of 

IPs and neutral losses of PC(16:0/20:4) known as PAPC. The presence of 

these compounds potentially increases the true putative annotations and 

decreases the false putative annotations. 

The confidence level during the metabolite annotation can be raised 

comparing the experimental fragmentation spectra of the features with the 

spectra available in the databases. A current challenge in Metabolomics is 
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to improve the quality of the MS2 spectra obtained in the data acquirement 

and the data preprocessing. Nevertheless, the time and the funding to 

perform metabolomic experiments are limited, and the low availability of 

authentic standards often hinders the metabolite identification process in 

untargeted approaches. Consequently, a systematic method to evaluate the 

spectral quality obtained could permit researchers to focus on the most 

promising features with identification purposes, since a high-quality 

spectrum is paramount to increase true positive identifications and a low-

quality spectrum can lead to false positive identifications. 

A spectral quality controller, among other new functionalities, is 

described in chapter four, a major update in CMM: CMM 3.0. Besides that, 

the integrated data sources had grown qualitative and quantitatively since 

the release of CMM 2.0 (see chapter two), therefore an update of the 

information coming from them was performed. Due to the availability of the 

fragmentation spectra in the publicly available databases, a new service for 

the metabolite identification consisting in a MS/MS search was added; this 

service allow researchers to possible achieve a confidence level 2 in the 

putative annotations previously obtained by MS1. It also provides a service 

to identify the oxPCs based on the approach presented in chapter three. 

In parallel, CMM 3.0 provides the users with a RESTful API that 

encapsulates its services, allowing the integration within automated 

workflows or within other software tools without the necessity of using the 

CMM web interface. This chapter presents the integration of CMM 3.0 into 

HMDB.  

Finally, in the last chapter of this thesis, a summary of all the 

contributions made is presented, conclusions are drawn and possible lines 

of future work to extend the functionality of CMM are presented. 
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SI 2: information about ionization and adduct formation rules using NH3 in the mobile phase modifiers 

group 
of 

lipids 
lipid maps nomenclature flag 

adduct formation 

positive adducts negative adducts 

FA 

Category: Fatty Acyls [FA] expected 
M+H, M+H-H2O, M+H-

2H2O 
M-H 

Main class: Fatty Acids and Conjugates [FA01] possible 
M+Na (only if M+H is 

found) 
M-H-H2O 

  
not expected 
/ impossible 

N/A N/A 

PC 

Category: Glycerophospholipids [GP] expected M+H 
M+HCOO// 
M+CH3COO 

Main class: Glycerophosphocholines [GP01] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl 

Class: Diacylglycerophosphocholines [GP0101], 1-alkyl,2-
acylglycerophosphocholines [GP0102], 1-acyl,2-alkylglycerophosphocholines 
[GP0108], 1-(1Z-alkenyl),2-acylglycerophosphocholines [GP0103], 1-acyl,2-

(1Z-alkenyl)-glycerophosphocholines [GP0109], 
Dialkylglycerophosphocholines [GP0104] 

not expected 
/ impossible 

M+H-H2O M-H, M-H-H2O 

LPC 

Category: Glycerophospholipids [GP] expected M+H, M+H-H2O 
M+HCOO// 
M+CH3COO 

Main class: Glycerophosphocholines [GP01] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl-, M-H-H2O 

Class: Monoacylglycerophosphocholines [GP0105], 
Monoalkylglycerophosphocholines [GP0106], 1Z-

alkenylglycerophosphocholines [GP0107] 

not expected 
/ impossible 

N/A M-H 



101 | Chapter 2: Knowledge-based metabolite annotation tool: CEU Mass Mediator 

 

PE 

Category: Glycerophospholipids [GP] expected M+H 
M-H, M+HCOO // 

M+CH3COO 

Main class: Glycerophosphoethanolamines [GP02] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl 

Diacylglycerophosphoethanolamines [GP0201], 1-alkyl,2-
acylglycerophosphoethanolamines [GP0202], 1-acyl,2-

alkylglycerophosphoethanolamines [GP0208], 1-(1Z-alkenyl),2-
acylglycerophosphoethanolamines [GP0203], 

Dialkylglycerophosphoethanolamines [GP0204] 

not expected 
/ impossible 

M+H-H2O M-H-H2O 

LPE 

Category: Glycerophospholipids [GP] expected M+H 
M-H, M+HCOO // 

M+CH3COO 

Main class: Glycerophosphoethanolamines [GP02] possible 
M+Na, M+K, (only if 
M+H is found) M+H-

H2O 
M+Cl, M-H-H2O 

Class: Monoacylglycerophosphoethanolamines [GP0205], 
Monoalkylglycerophosphoethanolamines [GP0206], 1Z-

alkenylglycerophosphoethanolamines [GP0207] 

not expected 
/ impossible 

N/A N/A 

PI 

Category: Glycerophospholipids [GP] expected N/A M-H 

Main class: Glycerophosphoinositols [GP06] possible M+Na, M+K N/A 

Class: Diacylglycerophosphoinositols [GP0601], 1-alkyl,2-
acylglycerophosphoinositols [GP0602], 1-(1Z-alkenyl),2-

acylglycerophosphoinositols [GP0603], Dialkylglycerophosphoinositols 
[GP0604] 

not expected 
/ impossible 

M+H, M+H-H2O N/A 

PG 

Category: Glycerophospholipids [GP] expected 

not expected 

M-H, M+HCOO // 
M+CH3COO 

Main class: Glycerophosphoglycerols [GP04] possible M+Cl 

Class: Diacylglycerophosphoglycerols [GP0401], 1-alkyl,2-
acylglycerophosphoglycerols [GP0402], 1-acyl,2-alkylglycerophosphoglycerols 

not expected 
/ impossible 

M-H-H2O 
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[GP0411], 1-(1Z-alkenyl),2-acylglycerophosphoglycerols [GP0403], 
Dialkylglycerophosphoglycerols [GP0404] 

PS 

Category: Glycerophospholipids [GP] expected M+H 
M-H, M+HCOO// 

M+CH3COO 

Main class: Glycerophosphoserines [GP03] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl 

Class: Diacylglycerophosphoserines [GP0301], 1-alkyl,2-
acylglycerophosphoserines [GP0302], 1-(1Z-alkenyl),2-

acylglycerophosphoserines [GP0303], Dialkylglycerophosphoserines [GP0304] 

not expected 
/ impossible 

M+H-H2O N/A 

LPS 

Category: Glycerophospholipids [GP] expected M+H, M+H-H2O 
M-H, M+HCOO // 

M+CH3COO 

Main class: Glycerophosphoserines [GP03] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl 

Class: Monoacylglycerophosphoserines [GP0305], 
Monoalkylglycerophosphoserines [GP0306], 1Z-

alkenylglycerophosphoserines [GP0307] 

not expected 
/ impossible 

N/A N/A 

PA 

Category: Glycerophospholipids [GP] expected 

not expected 

M-H, M+HCOO // 
M+CH3COO 

Main class: Glycerophosphates [GP10] possible M+Cl 

Class: Diacylglycerophosphates [GP1001], 1-alkyl,2-acylglycerophosphates 
[GP1002], 1-(1Z-alkenyl),2-acylglycerophosphates [GP1003], 

Dialkylglycerophosphates [GP1004] 

not expected 
/ impossible 

N/A 

MG 

Category: Glycerolipids [GL] expected M+H 

not expected 
Main class: Monoradylglycerols [GL01] possible M+Na 

  
not expected 
/ impossible 

M+NH4 

DG Category: Glycerolipids [GL] expected N/A not expected 
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Main class: Diradylglycerols [GL02] possible M+Na 

  
not expected 
/ impossible 

M+NH4, M+H 

TG 

Category: Glycerolipids [GL] expected N/A 

not expected 
Main class: Triradylglycerols [GL03] possible M+Na 

  
not expected 
/ impossible 

M+NH4, M+H 

CER 

Category: Sphingolipids [SP] expected M+H 
M-H, M+HCOO // 

M+CH3COO 

Main class: Ceramides [SP02] possible 
M+Na (only if M+H is 

found) 
M+Cl 

  
not expected 
/ impossible 

N/A N/A 

SM 

Category: Sphingolipids [SP] expected M+H 
M+HCOO // 
M+CH3COO 

Main class: Phosphosphingolipids [SP03] possible M+Na, M+K M+Cl 

  
not expected 
/ impossible 

N/A M-H 

CE 

Category: Sterol Lipids [ST] expected M+H, M+H-H2O 

not expected 
Main class: Sterols [ST01] possible 

M+Na (only if M+H is 
found) 

  
not expected 
/ impossible 

M+NH4 
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SI 2: information about ionization and adduct formation rules not using NH3 in the mobile phase modifiers 

group 
of 

lipids 
lipid maps nomenclature flag 

adduct formation 

positive adducts negative adducts 

FA 

Category: Fatty Acyls [FA] expected 
M+H, M+H-H2O, M+H-

2H2O 
M-H 

Main class: Fatty Acids and Conjugates [FA01] possible 
M+Na (only if M+H is 

found) 
M-H-H2O 

  
not expected 
/ impossible 

N/A N/A 

PC 

Category: Glycerophospholipids [GP] expected M+H 
M+HCOO// 
M+CH3COO 

Main class: Glycerophosphocholines [GP01] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl- 

Class: Diacylglycerophosphocholines [GP0101], 1-alkyl,2-
acylglycerophosphocholines [GP0102], 1-acyl,2-alkylglycerophosphocholines 
[GP0108], 1-(1Z-alkenyl),2-acylglycerophosphocholines [GP0103], 1-acyl,2-

(1Z-alkenyl)-glycerophosphocholines [GP0109], 
Dialkylglycerophosphocholines [GP0104] 

not expected 
/ impossible 

M+H-H2O M-H, M-H-H2O 

LPC 

Category: Glycerophospholipids [GP] expected M+H, M+H-H2O 
M+HCOO // 
M+CH3COO- 

Main class: Glycerophosphocholines [GP01] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl-, M-H-H2O 

Class: Monoacylglycerophosphocholines [GP0105], 
Monoalkylglycerophosphocholines [GP0106], 1Z-

alkenylglycerophosphocholines [GP0107] 

not expected 
/ impossible 

N/A M-H 
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PE 

Category: Glycerophospholipids [GP] expected M+H 
M-H, M+HCOO // 

M+CH3COO 

Main class: Glycerophosphoethanolamines [GP02] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl 

Diacylglycerophosphoethanolamines [GP0201], 1-alkyl,2-
acylglycerophosphoethanolamines [GP0202], 1-acyl,2-

alkylglycerophosphoethanolamines [GP0208], 1-(1Z-alkenyl),2-
acylglycerophosphoethanolamines [GP0203], 

Dialkylglycerophosphoethanolamines [GP0204] 

not expected 
/ impossible 

M+H-H2O M-H-H2O 

LPE 

Category: Glycerophospholipids [GP] expected M+H 
M-H, M+HCOO // 

M+CH3COO 

Main class: Glycerophosphoethanolamines [GP02] possible 
M+Na, M+K, (only if 
M+H is found) M+H-

H2O 
M+Cl, M-H-H2O 

Class: Monoacylglycerophosphoethanolamines [GP0205], 
Monoalkylglycerophosphoethanolamines [GP0206], 1Z-

alkenylglycerophosphoethanolamines [GP0207] 

not expected 
/ impossible 

N/A N/A 

PI 

Category: Glycerophospholipids [GP] expected N/A M-H 

Main class: Glycerophosphoinositols [GP06] possible M+Na, M+K N/A 

Class: Diacylglycerophosphoinositols [GP0601], 1-alkyl,2-
acylglycerophosphoinositols [GP0602], 1-(1Z-alkenyl),2-

acylglycerophosphoinositols [GP0603], Dialkylglycerophosphoinositols 
[GP0604] 

not expected 
/ impossible 

M+H, M+H-H2O N/A 

PG 

Category: Glycerophospholipids [GP] expected 

not expected 

M-H, M+HCOO // 
M+CH3COO 

Main class: Glycerophosphoglycerols [GP04] possible M+Cl 

Class: Diacylglycerophosphoglycerols [GP0401], 1-alkyl,2-
acylglycerophosphoglycerols [GP0402], 1-acyl,2-alkylglycerophosphoglycerols 

not expected 
/ impossible 

M-H-H2O 
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[GP0411], 1-(1Z-alkenyl),2-acylglycerophosphoglycerols [GP0403], 
Dialkylglycerophosphoglycerols [GP0404] 

PS 

Category: Glycerophospholipids [GP] expected M+H 
M-H, M+HCOO// 

M+CH3COO 

Main class: Glycerophosphoserines [GP03] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl 

Class: Diacylglycerophosphoserines [GP0301], 1-alkyl,2-
acylglycerophosphoserines [GP0302], 1-(1Z-alkenyl),2-

acylglycerophosphoserines [GP0303], Dialkylglycerophosphoserines [GP0304] 

not expected 
/ impossible 

M+H-H2O N/A 

LPS 

Category: Glycerophospholipids [GP] expected M+H, M+H-H2O 
M-H, M+HCOO // 

M+CH3COO 

Main class: Glycerophosphoserines [GP03] possible 
M+Na, M+K (only if 

M+H is found) 
M+Cl 

Class: Monoacylglycerophosphoserines [GP0305], 
Monoalkylglycerophosphoserines [GP0306], 1Z-

alkenylglycerophosphoserines [GP0307] 

not expected 
/ impossible 

N/A N/A 

PA 

Category: Glycerophospholipids [GP] expected 

not expected 

M-H, M+HCOO // 
M+CH3COO 

Main class: Glycerophosphates [GP10] possible M+Cl 

Class: Diacylglycerophosphates [GP1001], 1-alkyl,2-acylglycerophosphates 
[GP1002], 1-(1Z-alkenyl),2-acylglycerophosphates [GP1003], 

Dialkylglycerophosphates [GP1004] 

not expected 
/ impossible 

N/A 

MG 

Category: Glycerolipids [GL] expected M+H, M+NH4 

not expected 
Main class: Monoradylglycerols [GL01] possible M+Na 

  
not expected 
/ impossible 

N/A 

DG Category: Glycerolipids [GL] expected M`NH4 not expected 
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Main class: Diradylglycerols [GL02] possible M+Na 

  
not expected 
/ impossible 

M+H 

TG 

Category: Glycerolipids [GL] expected M+NH4 

not expected 
Main class: Triradylglycerols [GL03] possible M+Na 

  
not expected 
/ impossible 

M+H 

CER 

Category: Sphingolipids [SP] expected M+H 
M-H, M+HCOO // 

M+CH3COO 

Main class: Ceramides [SP02] possible 
M+Na (only if M+H is 

found) 
M+Cl 

  
not expected 
/ impossible 

N/A N/A 

SM 

Category: Sphingolipids [SP] expected M+H 
M+HCOO // 
M+CH3COO 

Main class: Phosphosphingolipids [SP03] possible M+Na, M+K M+Cl 

  
not expected 
/ impossible 

N/A M-H 

CE 

Category: Sterol Lipids [ST] expected M+NH4 

not expected 
Main class: Sterols [ST01] possible 

M+H, M+H-H2O, M+Na 
(only if M+H is found) 

  
not expected 
/ impossible 

N/A 
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CHARACTERIZATION AND ANNOTATION OF OXIDIZED 

GLYCEROPHOSPHOCHOLINES 

FOR NON-TARGETED METABOLOMICS WITH LC-QTOF-MS DATA 

SUPPLEMENTARY INFORMATION 

 

Figure 1S: an example of MS/MS spectra and their interpretation for PCs 

and oxPCs. Panels A and C illustrate spectra in positive mode and panels 

B and D illustrate spectra in negative ionization mode. Panels A and B 

illustrate typical spectra for non-oxidized PC, while panels C and D show 

spectra of oxPC. Each panel includes characteristic regions of the 

spectrum: low- (green), mid- (purple) and high-mass (orange). Grey color 

indicates unexplained signals. 
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Table 1S: information about participants 

Gender Age BMI HbA1c Glucose Insulin HOMA-IR 

female / 

male 

Years 

± SD 

kg/m2 

± SD 

% 

± SD 

mg/dL 

± SD 

µU/mL 

± SD 

value 

± SD 

14 / 23 52.1 

± 11.3 

29.2 

± 2.8 

7.6 

± 2.2 

143.0 

± 40.2 

6.6 

± 7.9 

5.1 

± 2.8 

HOMA-IR: homeostasis model assessment-estimated insulin resistance index. 

HbA1c: glycated hemoglobin 
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Figure 2S: EIC for different adducts of two SCh-oxPC: 

PC(16:0/5:0(COOH)) (panels A, B and C) and PC(16:0/5:0(CHO) (panels 

D, E and F). Blue peaks are for [M-H]- ions whereas red are for [M+HCOO]- 

and green for [M+Cl]- ions. The ω-COOH group located at the end of the 

chain in the sn-2 position of PC(16:0/5:0(COOH)) allows the ionization of 

the compound as [M-H]-, while the semialdehydic chain located in position 

sn-2 of PC(16:0/5:0(CHO) makes its ionization impossible without the 

addition of a modifier to the mobile phase in negative ionization mode.  
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Figure 3S: Product ion spectrum for PC(16:0/20:4(OH)) in positive mode 

(panel A) and negative mode (panels B and C). Panel C shows a zoom of 

the fatty acid region for panel B.  
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Table 2S: Characteristic signals for SCh-oxPAPC in negative ionization 

mode. Low abundant signals are reported in parenthesis.  

common 
name 

composition NLs product ions 

OB-PC PC(16:0/4:0(CHO)) 46.0055; 
60.0211 

624.3518; 578.3463; 564.3307; 101.0244 

OV-PC 
PC(16:0/5:0(CHO)) 46.0055; 

60.0211 
638.3675; 592.3620; 578,3463; 115.0420 

Hex-PC 
PC(16:0/6:0(CHO)) 46.0055; 

60.0211 
652.3831; 606.3776; 592.3620; 129.0557 

Hept-PC 
PC(16:0/7:0(CHO)) 46.0055; 

60.0211 
666.3988; 620.3933; 606.3776; 143.0714 

ON-PC 
PC(16:0/9:0(CHO)) 46.0055; 

60.0211 
694.4301; 648.4246; 634.4089; 171.1027 

OD-PC 
PC(16:0/10:0(CHO)) 46.0055; 

60.0211 
708.4457; 662.4402; 648.4246; 185.1183 

OU-PC 
PC(16:0/11:0(CHO)) 46.0055; 

60.0211 
722.4614; 676.4559; 662.4402; 199.1340 

HOOA-PC 
PC(16:0/8:1(CHO-OH)) 

46.0055; 
60.0211; 
43.9898; 
18.0105; 
14.0157; 

694.3927; 676.3831; 648.3882; 634.3726; 
185.0819; 171.0663; 153.0557; 109.0659; 

KOOA-PC 
PC(16:0/8:1(CHO-O)) 

46.0055; 
60.0211; 
43.9898; 
14.0157; 

692.3780; 646.3726; 632.3569; 183.0663; 
169.0506; 151.0401; 139.0401; 125.0608; 

S-PC 
PC(16:0/4:0(COOH)) 59.0735; 

32.0262 
594.3413; 535.2678; 131.0350; (117.0193); 

99.0088; 

G-PC 
PC(16:0/5:0(COOH)) 59.0735; 

32.0262 
608.3569; 549.2834; 145.0506; (131.0350); 

113.0244; 

Hexendia-PC 
PC(16:0/6:0(COOH)) 59.0735; 

32.0262 
620.3569; 561.2834; 157.0506; 125.0244; 

113.0608; 81.0346 

Heptendia-
PC 

PC(16:0/7:0(COOH)) 59.0735; 
32.0262 

634.3726; 575.2991; 171.0663; 139.0401; 
95.0502 

HOdiA-PC 
PC(16:0/8:1(COOH-

OH)) 

59.0735; 
43.9898; 
32.0262 

664.3831; 620.3933; 605.3096; 201.0769; 
(187.0612); 169.0506; 125.0608; 99.0452 

KOdiA-PC 
PC(16:0/8:1(COOH-O)) 

59.0735; 
43.9898; 
32.0262 

662.3675; 602.2867; 199.0612; (185.0456); 
167.0350; (141.0557); 123.0452; 99.0088 
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Figure 4S: Product ion spectrum of OV-PC PC(16:0/5:0(CHO)) (1-

palmitoyl-2-(5-oxovaleroyl)-sn-glycero-3-phosphocholine) (Panel A), G-PC 

PC(16:0/5:0(COOH)) (1-palmitoyl-2-glutaryl-sn-glycero-3-phosphocholine) 

(Panel B) and GemB-PC PC(16:0/4:0-CHO-O) (1-palmitoyl-2-(4,4-

dihydroxypentanoyl)-sn-glycero-3-phosphocholine) (Panel C). Signals in 

the medium-low mass region are used in order to distinguish SCh-oxPAPC 

with different terminal groups. OV-PC presents one dominant signal in this 

region, which is the [M-H]- signal of the short chain. G-PC presents two main 

signals instead. 
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Table 3S: The list of oxPCs mentioned in this publication. The list includes the common 

and the systematic name as well as the composition. It is followed by the accurate exact 

monoisotopic mass and the formula. 

composition IUPAC name 
short 
name 

molecular 
weight 

formula source 

PC(16:0/20:4)  1-palmitoyl-2-arachidonoyl-
sn-glycero-3-phosphocholine 

PAPC  781.5621 C44H81NO8P canonical 

PC(16:0/4:0(CHO)) 1-palmitoyl-4-oxobutanoyl-sn-
glycero-3-phosphocholine 

OB-PC 579.3536 C44H81NO8P canonical 

PC(16:0/4:0(COOH)) 1-palmitoyl-2-succinyl-sn-
glycero-3-phosphocholine 

S-PC 595.3485 C28H54NO9P canonical 

PC(16:0/5:0(COOH)) 1-palmitoyl-2-glutaryl-sn-
glycero-3-phosphocholine 

G-PC 609.3642 C28H54NO10P canonical 

PC(16:0/5:0(CHO)) 1-palmitoyl-2-(5-oxovaleroyl)-
sn-glycero-3-phosphocholine 

OV-PC 593.3693 C29H56NO9P canonical 

PC(16:0/6:0(CHO)) 1-palmitoyl-2-(6-
oxohexanoyl)-sn-glycero-3-

phosphocholine 

Hex-PC 607.3849 C30H58NO9P canonical 

PC(16:0/6:0(COOH)) 1-palmitoyl-2-(5-
carboxypentanoyl)-sn-

glycero-3-phosphocholine 

Hexendia-
PC 

623.3798 C30H58NO10P canonical 

PC(16:0/7:0(CHO)) 1-palmitoyl-2(7-
oxoheptanoyl)-sn-glycero-3-

phosphocholine 

Hept-PC 621.4006 C31H60NO9P canonical 

PC(16:0/7:0(COOH)) 1-palmitoyl-2-(6-
carboxyhexenoyl)-sn-glycero-

3-phosphocholine 

Heptendia-
PC 

637.3955 C31H60NO10P canonical 

PC(16:0/9:0(COOH)) 1-palmitoyl-2-azelaoyl-sn-
glycero-3-phosphocholine 

AZ-PC 665.4268 C33H64NO10P canonical 

PC(16:0/9:0(CHO)) 1-palmitoyl-2-(9-
oxononanoyl)-sn-glycero-3-

phosphocholine 

ON-PC 649.4319 C33H64NO9P canonical 

PC(16:0/10:0(CHO)) 1-palmitoyl-2-(10-
oxodecanoyl)-sn-glycero-3-

phosphocholine 

OD-PC 663.4475 C34H66NO9P canonical 

PC(16:0/11:0(CHO)) 1-palmitoyl-2-(11-
oxoundecanoyl)-sn-glycero-3-

phosphocholine 

OU-PC 677.4632 C35H68NO9P canonical 

PC(16:0/8:1(COOH-
O)) 

1-palmitoyl-2-(5-keto-oct-6-
ene-dioyl)-sn-glycero-3-

phosphatidylcholine 

KOdiA-PC 663.3747 C32H58NO11P canonical 

PC(16:0/8:1(CHO-
OH)) 

1-palmitoyl-2-(5-hydroxy-8-
oxooct-6-enoyl)-sn-glycero-3-

phosphocholine 

HOOA-PC 649.3955 C32H60NO10P canonical 

PC(16:0/8:1(COOH-
OH)) 

1-palmitoyl-2-(5-hydroxy-8-
oxo-oct-6-ene-dioyl)-sn-

glycero-3-phosphocholine 

HOdiA-PC 665.3903 C32H60NO11P canonical 

PC(16:0/8:1(CHO-
O)) 

1-palmitoyl-2-(5,8-dioxo-oct-6-
en-yl)-sn-glycero-3-

phosphocholine 

KOOA-PC 647.3798 C32H58NO10P canonical 

PC(16:0/4:0(ω(OH)2)) 1-palmitoyl-2-(4,4-
dihydroxybutanoyl)-sn-

glycero-3-phosphocholine 

GemB-PC 597.3642 C28H56NO10P canonical 

PC(16:0/5:0(ω(OH)2)) 1-palmitoyl-2-(4,4-
dihydroxypentanoyl)-sn-

glycero-3-phosphocholine 

GemP-PC 611.3798 C29H58NO10P canonical 
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PC(16:0/18:2(OH)) 1-hexadecanoyl-2-
hydroxyoctadecadienoyl-sn-
glycero-3-phosphocholine 

POPC-OH 773.5571 C42H80NO9P new 

PC(18:0/20:4(OH)) 1-octadecadienoyl-2-
hydroxyarachidonyl-sn-

glycero-3-phosphocholine 

OAPC-OH 825.5584 C46H84NO9P new 

PC(18:0/18:2(OH)) 1-octadecadienoyl-2-
hydroxyoctadecadienoyl-sn-
glycero-3-phosphocholine 

OOPC-OH 801.5884 C44H84NO9P new 

PC(16:0/22:6(OH)) 1-hexadecanoyl-2-
hydroxydocosahexaenoyl-sn-

glycero-3-
phosphocholineadecadienoyl-
sn-glycero-3-phosphocholine 

PDPC-OH 821.5571 C46H80NO9P new 

PC(16:0/20:4(OH)) 1-hexadecanoyl-2-
hydroxyarachidonyl-sn-

glycero-3-phosphocholine 

PAPC-OH 797.5571 C44H80NO9P new 
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Figure 5S: The scheme of the operations leading to the annotation of 

oxPCs: LChoxPCs (Panel A) and SChoxPCs (Panel B). 
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Table 4S: An example of experimental m/z of 294.2195 fatty acid and its 

possible non-oxidized masses after re-calculation of mass according to long 

and short chain oxidations.  

m/z of oxidised 
fatty acid 

oxidation Δm 
m/z of non-oxidised 

fatty acid 
identification 

Long chain oxidised glycerophosphocholines 

293.2093 =O 13.9793 279.2330 C18:2 

293.2093 -OH 15.9949 277.2174 C18:3 

293.2093 -OOH 31.9905 261.2188 - 

Short chain oxidised glycerophosphocholines 

293.2093 -CHO 13.9793 279.2300 - 

293.2093 -COOH 29.9742 263.2351 - 
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Figure 5S: Output of identification of oxidized fatty acids for four possible oxidations for LChoxPC functionality. 
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Figure 6S: Output of identification of oxidized fatty acids for two possible oxidations with different ionisation possibilities for 

SChoxPC functionality in CMM. 



133 | Chapter 3: Characterization and annotation of oxidized glycerophosphocholines for non-targeted 
metabolomics with LC-QTOF-MS data 

 

Table 5S: Results of validation of CMM for identification of oxPC. Bolded 

text indicates final correct result.  

oxPC 
m/z of the 
precursor 

ion 

m/z of 
the fatty 

acid 

oxidation 
type 

fatty 
acid 

evidence oxidised precursor 
non-oxidised 

precursor 

PC(16:0/20:4(OH)) 842.5572 319.2285 
255.2331 

=O C20:3 no evidence no hit PC(16:0/20:3) 

-OH C20:4 NL of 
18:0108 

producing 
fragment 
780.5554 

PC(16:0/20:4(OH)) PC(16:0/20:4) 

-OH-OH no hit       

-OOH no hit       

PC(16:0/22:6(OH)) 866.5564 343.2282 
255.2333 

=O C22:5 no evidence no hit PC(16:0/22:5) 

-OH C22:6 NL of 
18:0108 

producing 
fragment 
804.5546 

no hit PC(16:0/22:6) 

-OH-OH no hit       

-OOH no hit       

PC(16:0/18:2(OH)) 818.5572 
255.2330 

295.2280 =O C18:1 no evidence no hit PC(16:0/18:1) 

-OH C18:2 NL of 
18:0108 

producing 
fragment 
756.5554 

no hit PC(16:0/18:2) 

-OH-OH no hit       

-OOH no hit       

PC(16:0/18:2(O)) 816.5405 293.2140 
255.2331 

=O C18:2 no 
evidence 

no hit PC(16:0/18:2) 

-OH C18:3 NL of 
18:0108 

producing 
fragment 
754.5387 

no hit PC(16:0/18:3) 

-OH-OH no hit       

-OOH no hit       

PC(16:0/20:4(OOH)) 886.5825 335.2237 
255.2331 

=O no hit       

-OH no hit       

-OH-OH C20:4 NL of 
18:0108 

producing 
fragment 
824.5807 
and NL of 
36.0216 

producing 
fragment 
806.5699 

no hits PC(18:0/20:4) 
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-OOH C20:4 NL of 
18:0108 

producing 
fragment 
824.5807 
and NL of 
34.0049 

producing 
fragment 
808.5866 

no hits PC(18:0/20:4) 

PC(16:0/18:2(OOH)) 834.5520 311.2242 
255.2331 

=O no hit       

-OH no hit       

-OH-OH C18:2 NL of 
18:0108 

producing 
fragment 
772.5502 
and NL of 
36.0216 

producing 
fragment 
754.5394 

no hits PC(16:0/18:2) 

-OOH C18:2 NL of 
18:0108 

producing 
fragment 
772.5502 
and NL of 
34.0049 

producing 
fragment 
756.5561 

no hits PC(16:0/18:2) 

PC(16:0/4:0(CHO) 624.3518 255.2332 -CHO C4:0 NL of 
59.3147 

producing 
fragment 
565.3147 

PC(16:0/4:0(CHO) NA 

-COOH 
[M+HCOO]- 

no 
hits 

   

-COOH 
[M-H]- 

no 
hits 

   

PC(16:0/6:0(CHO) 652.3831 255.2331 -CHO C6:0 NL of 
59.3147 

producing 
fragment 
593.3460 

PC(16:0/6:0(CHO) NA 

-COOH 
[M+HCOO]- 

no 
hits 

   

-COOH 
[M-H]- 

no 
hits 

   

PC(16:0/7:0(CHO) 666.3988 255.2331 -CHO C7:0 NL of 
59.3147 

producing 
fragment 
607.3617 

PC(16:0/7:0(CHO) NA 
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-COOH 
[M+HCOO]- 

no 
hits 

   

-COOH 
[M-H]- 

no 
hits 

   

PC(16:0/4:0(COOH)) 594.3412 255.2333 -CHO no 
hits 

   

-COOH 
[M+HCOO]- 

no 
hits 

   

-COOH 
[M-H]- 

C4:0 NL of 
59.3147 

producing 
fragment 
535.3041 

PC(16:0/4:0(COOH)) NA 

PC(16:0/6:0(COOH)) 668.3778 255.2332 -CHO no 
hits 

   

-COOH 
[M+HCOO]- 

C6:0 NL of 
59.3147 

producing 
fragment 
609.3407 

PC(16:0/6:0(COOH)) NA 

-COOH 
[M-H]- 

no 
hits 

   

PC(16:0/7:0(COOH)) 636.3882 255.2332 -CHO no 

hits 

   

-COOH 
[M+HCOO]- 

no 

hits 

   

-COOH 
[M-H]- 

C7:0 NL of 
59.3147 

producing 
fragment 
577.3511 

PC(16:0/7:0(COOH)) NA 

PC(16:0/20:4) 826.5603 255.2333 
303.2335 

=O no 

hits 

   

-OH no 

hits 

   

-OH-OH no 

hits 

   

-OOH no 

hits 

   

-CHO no 

hits 

   

-COOH 
[M+HCOO]- 

no 

hits 

   

-COOH 
[M-H]- 

21:3 NL of 
59.3147 

producing 

PC(16:0/21:3(COOH)) NA 
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fragment 
767.5232 

PC(18:1/16:0) 804.5771 281.2492 
255.2333 

=O no 

hits 

   

-OH no 

hits 

   

-OH-OH no 

hits 

   

-OOH no 

hits 

   

-CHO no 

hits 

   

-COOH 
[M+HCOO]- 

no 

hits 

   

-COOH 
[M-H]- 

19:0 NL of 
59.3147 

producing 
fragment 
745.5400 

PC(16:0/19:0(COOH)) NA 

PC(20:4/20:0) 882.6232 303.2340 
311.2958 

=O no 

hits 

   

-OH no 

hits 

   

-OH-OH no 

hits 

   

-OOH no 

hits 

   

-CHO no 

hits 

   

-COOH 
[M+HCOO]- 

no 

hits 

   

-COOH 
[M-H]- 

25:3 NL of 
59.3147 

producing 
fragment 
823.5861 

PC(16:0/25:3(COOH)) NA 
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CHAPTER 4: CEU MASS MEDIATOR 

3.0: A METABOLITE ANNOTATION TOOL 
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SUMMARY, GLOBAL DISCUSSION, 

AND FUTURE PERSPECTIVES 
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7.1 Summary 

CMM was created in 2012 with the goal of providing a single interface 

to query distinct metabolomic databases. In 2017, a first major revision was 

released to assist in metabolite annotation with new functionalities using a 

knowledge-based approach to filter and score the putative annotations 

obtained by querying them. In 2018, a second major revision was published 

containing relevant changes such as the update of data sources, a MS/MS 

search service, a dedicated service for oxPCs identification and a spectra 

quality controller.  

Currently, CMM integrates 332,665 experimental compounds from 

the metabolomic databases HMDB, KEGG, LipidMaps, Metlin and an in-

house library containing oxPCs, and 681,198 predicted compounds from 

MINE. CMM allows the user to simultaneously query these sources. It 

scores the annotations based on the probability of ionization and adduct 

formation, the presence or absence of other expected adducts originating 

from the same signal, and the elution order of lipids belonging to the same 

class when working in reversed-phase (RP) mode. CMM is a free an open 

source J2EE (Java 2 Platforms, Enterprise Edition) application 

(https://github.com/albertogilf/ceuMassMediator) currently running on 

TomEE 7.0.2 and MySQL server 5.7.24 that can be accessed through web 

browsers supporting JavaScript (JS) (http://ceumass.eps.uspceu.es) or 

through its REST API (http://ceumass.eps.uspceu.es/mediator/api/v3). 

CMM updates the data from the original sources approximately every 6 

months and provides a JavaScript Object Notation (JSON) based REST API 

for all its services to facilitate communication with other tools in an 

automated way (see Figure 4). The following subsections summarize with 

more detail the main contributions made in this thesis. 

https://github.com/albertogilf/ceuMassMediator
http://ceumass.eps.uspceu.es/
http://ceumass.eps.uspceu.es/mediator/api/v3
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Figure 4 CEU Mass Mediator architecture and list of the services (end-

points) available. 

7.1.1 The expert system using MS1 annotation  

CMM simple and batch search options allow users to find the putative 

annotation for the m/z values acquired using any type of accurate mass 

spectrometer. It also enables filtering the compounds based on the data 

source and/or the type of metabolite searched. The advanced search is 

designed specifically for ESI-MS (see Figure 5).  

CMM can distinguish between the statistically significant signals 

between the compared groups and the complete set of acquired signals. All 

measured signals can provide information to support or refute putative 

annotations of the statistically significant signals, signals which, as potential 

biomarkers, are the main target of the annotation process. If the user 

provides the complete signal matrix, CMM will try to extract evidence from 

it to achieve confidence level 2 in the annotation of significant signals. CMM 

also exploits information from the Composite Spectrum (CS), the set of all 

related co-eluting m/z ions, including isotopes, adducts, charges, multimers 

and IPs formed by in-source fragmentation or neutral losses 
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Figure 5 Workflow of CEU Mass Mediator MS1 batch advanced search. 
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Users can restrict the chemical elements of the putative annotations, 

such as deuterated compounds, based on the Chemical Alphabet. 

Information about the mobile phase modifier used in the experiments can 

be added to restrict the formation of possible adducts to only the expected 

ones. The possible adducts supported are shown in Figure 5.  

Once the query has been performed according to the user input, 

CMM incorporates an expert system that scores the putative compounds 

(see Figure 6). This expert system uses 122 rules divided in three main 

groups: (1) probability of the compounds forming a specific adduct (score 

𝜒1), (2) presence or absence of other adducts coming from the same signal 

(determined for co-eluting signals within a defined RT window) (score 𝜒2), 

and (3) elution order of lipids belonging to the same class when working in 

RP (score 𝜒3). These three scores are integrated into a single overall score 

by computing their weighted geometric mean: 

𝜒 = 𝑒𝑥𝑝 (
∑ 𝜔𝑖 ∙ 𝑙𝑛𝜒𝑖
3
𝑖=1

∑ 𝜔𝑖
3
𝑖=1

) 

where 𝜔𝑖 is the weight of each score; 𝜔1 = 1, 𝜔2 = 1, and 𝜔3 ϵ [0, 2]. 𝜔3 

weight depends on the number of rules that were applied for lipid elution 

time (this number is variable and depends on how many other lipids could 

be used in the lipid elution order).  
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Figure 6 Rules of CEU Mass Mediator expert system. 

7.1.2 A semi-automated tool for oxPCs identification 

CMM also provides support for the identification of oxPCs. Recently, 

these compounds have been characterized as relevant biomarkers of health 

and diseases status, driving the interest in specific tools to support their 

identification and understanding their biological function. CMM aids in the 

identification of oxPCs from LC-ESI-MS/MS experimental data. It integrates 

knowledge about fragmentation of oxPCs as either long- or short-chain 

oxidized lipids, characterized by different oxidation and fragmentation 

processes, as well as a different handling of their oxidized derivatives. 

Based on the fragmentation patterns of oxPCs, the procedure compares the 

input spectrum introduced by the user with an internal database of oxPCs 

containing both curated and computationally generated records. The steps 

for the identification of short-chain and long-chain oxPCs are shown in 

Figure 7. 

 

Figure 7 Flowchart of oxidized lipids identification in CEU Mass Mediator. 

The oxPCs elute earlier than PCs in RP and later in HILIC 

(Hydrophilic Interaction Liquid Chromatography) due to an increment in their 

hydrophilicity. The oxPCs tend to form the adducts [M-H]- and [M+HCOO]- 
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in short chain oxidations and only the adduct [M-H]- in long chain oxidations 

as well as the neutral loss of water, that usually appears in oxPCs while it is 

very uncommon in non-oxidized PCs. Different collision energy was applied 

to the oxPCs to observe the changes in the IPs formed. Although sometimes 

the information available is not enough to the unequivocal identification of a 

structure, this method is fast and reliable to determine the presence of an 

oxPC, thus reducing the false putative annotations and the amount of time 

spent by the researchers.  

7.1.3 Use of non-analytical information 

CMM enables sorting the compounds for their subsequent biological 

interpretation based on the number of compounds from a specific pathway 

present in the experimental data and the compound’s relevance for a given 

pathway. Relevance is determined by the number of pathways in which a 

compound is present. Water is an example of a compound with low 

relevance because, due to its ubiquity in most pathways, its presence does 

not yield specific biological relevance. 

7.1.4 MSn support 

CMM provides also a MS/MS search that supports metabolite 

identification using MS/MS data. This search is based on spectral similarity 

measurements between experimental spectra and library spectra of 

standards and/or predicted spectra contained in HMDB.  

Another unique functionality of CMM is its ability to calculate the 

quality of a MS/MS spectrum for identification purposes. Experimental 

conditions are key to obtain a clear spectrum that enables a more reliable 

identification. A spectrum of inferior quality usually leads to too many 

unknowns or, even worse, to misidentifications. CMM ranks the quality of a 

spectrum considering the intensity of the signal in both MS and MS/MS 

analysis, noise level, number of scans performed to acquire the spectrum, 

number of samples analyzed (correspondence between different samples 

provides more confidence to the fragments obtained), presence of more 
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than one compound in the collision cell (arising from chromatographic co-

elution), crosstalk, and any spectrum contamination by ions present in the 

collision cell but originating from previous scans (see Figure 8).  

 
Figure 8 Aspects measured by the CMM spectral quality controller and 

pentagonal representation of the score of each aspect. 

7.1.5 Restful API 

All these services offered by CMM can be accessed through a REST 

API, enabling users to include them in their data analysis and workflows. 

Currently CMM is already integrated in the most cited metabolomic 

database: HMDB. The HMDB users can perform MS1 searches with the 

filters and the expert system provided by CMM and can obtain the scores 

for the putative annotations calculated by CMM. The service can be used 

with no need of accessing CMM webpage and it avoids the process of 

learning a new environment. It is publicly accessible through the URL: 

http://www.hmdb.ca/spectra/ms_cmm/search.  

CMM is also accessible through an R package available in the 

Comprehensive R Archive Network (CRAN) collection. The users with 

experience in R can use all the CMM services through the package 

https://rdrr.io/github/lzyacht/cmmr/. The R package has been developed by 

Yaoxiang Li, a current collaborator of CMM. 

http://www.hmdb.ca/spectra/ms_cmm/search
https://rdrr.io/github/lzyacht/cmmr/
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7.2 Global discussion 

Untargeted Metabolomics is a promising research area for different 

purposes. The idea of observing the biochemical changes without any 

previous hypothesis is innovative and breaks with the classical paradigm, 

consisting on observing a phenomenon to create hypotheses that are 

subsequentially checked. Although the hypothesis-based approaches have 

proved successful in many cases, it fails in some situations where lack of 

knowledge prevents researchers from formulating the right prior 

hypotheses, or where controlling the high number of variables interacting in 

living organisms is not possible. Untargeted metabolomics opens the 

investigation to unexpected findings. There are two main objectives in 

untargeted metabolomics, that are compatible: i) finding biomarkers for a 

given situation, pathology, treatment, etc and ii) generating a hypothesis 

about the mechanisms altered in a defined physiopathological situation. 

Untargeted metabolomics main challenge is the metabolite 

identification and the subsequent biological interpretation, which depends 

in a large extent on the metabolite identification. Increasing the metabolite 

coverage will provide with a better picture of the processes concurring in 

living organisms, and it will increase the chances to achieve the right 

biological interpretation.  

The metabolomic workflow can be improved by enhancing the 

sample preparation and the data acquisition steps, therefore increasing the 

data quality and easing the metabolite identification (analytical aspects). But 

the metabolite identification itself can be improved by expanding the 

metabolome completeness or developing more robust and reliable methods 

to perform identification, using both computational and methodological 

aspects. Currently, there are a high number of researchers working in this 

field and providing different solutions to increase the metabolite coverage 

from both analytical and computational sides.  
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CMM utilizes analytical and nonanalytical data to process the matrix 

of features obtained after the data processing, including chromatographic, 

information, pathway information, and it plans to use taxonomy and ontology 

information that it is already available in the integrated data sources. CMM 

has novel functionality not present in other tools such as the application of 

rules based on RT principles for the annotation of features obtained by MS1, 

the identification of oxPCs using experimental knowledge or a spectra 

quality controller to help focusing efforts on the features most likely to be 

identified. While new tool updates and new tools are currently using filters 

based on the RT of the compounds, CMM was the first tool to exploit this 

information.  

CMM has been conceived to overcome the current and future 

challenges in the metabolite annotation and identification, and these 

challenges may come from our laboratory, CEMBIO, or from other external 

groups. When CMM was born in 2012, it was used mainly at CEMBIO, but 

since then it has significantly expanded its user base. Figure 9 shows the 

CMM monthly users since the beginning of CMM 2.0 in July 2016 until the 

present (June 2019). It can be observed that the number of users keeps an 

upward trend. During the last 6 months (2019), the average number of 

monthly users is 264, being about 75% of them from outside Spain. These 

users on average have spent over 15 minutes using CMM and have seen 

8.5 pages per session. In a traditional website, such as an online 

newspaper, users usually spend on average between 1 or 2 minutes on the 

web, and see about 1.5 pages per session; i.e., CMM users are doing real 

work with the tool. Analyzing this data, it can be concluded that CMM has 

had a very good acceptance by the metabolomic community.  

7.3 Future perspectives 

Applying analytical and non-analytical information yields a more 

reliable and less cumbersome approximation for metabolite identification 

and annotation. As more information becomes available in public resources, 
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more opportunities to exploit it can be developed, and a higher confidence 

level can be reached for the putative annotations.  

Regarding analytical information, currently in CMM there is a lack of 

information about CCS. The CCS is a promising technique to distinguish 

between isomers. There is also limited information about MT of compounds 

using CE-ESI-MS. This experimental information can provide a better 

support for the identification of compounds analyzed under this technique. 

Concerning non-analytical information, we consider that the exploiting of the 

taxonomy information of the compounds during the identification process, 

such as the information about endogenous or exogenous compounds can 

be substantively extended.  

CMM metabolite identification can be improved in two main ways: 

providing general methods for supporting the identification regardless the 

analytical set up used and creating specific methods to improve the 

precision of the metabolite identification when using a concrete set up or 

technique. The creation of such specific services is a promising strategy for 

already well-established analytical methods. We plan to create a service for 

the metabolite identification using CE-ESI-MS and exploiting the efficient 

mobility and the relative migration time regarding a specific background 

electrolyte.  

CMM has been already integrated into HMDB. However, we plan to 

integrate it into existing workflow tools such as Workflow4Metabolomics, 

KNIME or Taverna. Workflow4Metabolomics is particularly interesting 

because it provides data repositories and processing services for all the 

stages of the metabolomics workflow. They believe in the idea of providing 

a single interface to use all the necessary tools during all these metabolomic 

workflow stages. We fully agree with the idea that a single interface to use 

a set of different tools will be appreciated by the researchers.  

CMM was born to fulfill the CEMBIO needs, but it has grown with 

feedback of internal and external users that continuously provide new ideas 
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to improve the tool. Some of the users that have provided feedback come 

from Canada, the United States, Colombia, Brazil, Poland or United 

Kingdom. We encourage the community continue providing feedback and 

ideas about how to improve CMM, that, without doubt, shall be extremely 

valuable to guide the future development of CMM.  
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Figure 9 Monthly users of CMM obtained with google analytics during the period July 1st, 2016 to June 30th, 2019. 
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