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RESUMEN 

 

La infección por el Virus de Inmunodeficiencia Humana 1 (VIH-1) y el desarrollo del Síndrome de 

Inmunodeficiencia Adquirida (SIDA) continúa siendo uno de los principales problemas de salud 

pública mundial. De manera frecuente la exposición al VIH-1 provoca una infección; sin embargo, 

algunas personas muestran una resistencia natural a la infección; estos individuos se conocen 

como expuestos al VIH-1 pero seronegativos (HESN). Adicionalmente, algunos individuos 

infectados logran controlar la replicación del VIH-1 y la progresión a SIDA de manera natural y en 

ausencia de terapia antirretroviral (TAR); denominados controladores. Los mecanismos 

biológicos que explican estos fenómenos no se conocen de forma precisa. En este contexto, la 

metabolómica surge como un método para identificar metabolitos en respuesta a estímulos 

fisiopatológicos, que pueden ayudar a establecer mecanismos de resistencia natural a la infección 

y progresión del VIH-1. El VIH-1 infecta específicamente a linfocitos T CD4+, monocitos y células 

dendríticas, en conjunto denominadas células mononucleares de sangre periférica (CMSP), 

causando hiperactivación y agotamiento del sistema inmune, lo cual conduce al desarrollo del 

SIDA; por lo tanto, el estudio de las CMSP a través de la metabolómica podría ayudar a explicar 

este fenómeno. En esta investigación realizamos un estudio transversal con 88 muestras de 

plasma (30 HESN, 14 controladores, 14 progresores y 30 controles sanos) y 48 muestras de 

CMSP (20 personas que viven con el VIH-1 en TAR (PLHIV-ART), 8 HESN y 20 controles sanos). 

En cada matriz biológica, se identificaron potenciales biomarcadores de cada grupo de estudio. 

En plasma; la creatinina, tirosina y lipoproteínas están diferencialmente expresadas en 

progresores; el glutamato, piruvato y acetato son marcadores metabólicos de los controladores, 

y el lactato y fosfocolina son biomarcadores de la resistencia natural en HESN. En CMSP, la 

fenilalanina, carnitina y glicina son potenciales biomarcadores de la respuesta efectiva de los 

voluntarios a la TAR en forma de reconstitución inmunológica en términos de disminución de la 

carga viral y aumento del recuento de linfocitos T CD4+; alanina, AMP, inosina y leucina al estatus 

de HESN. Adicionalmente, la valina es un metabolito importante en el control de la infección dada 

su expresión diferencial en controladores y progresores. Identificamos una serie de rutas 

metabólicas alteradas en mayor proporción en PLHIV-ART y progresores que en HESN. Dentro 

de las vías alteradas, las que presentan un mayor impacto en el análisis de enriquecimiento de 

rutas de Metaboanalyst® son las de biosíntesis de fenilalanina, tirosina y triptófano, aminoácidos 

aromáticos implicados en la síntesis de proteínas. En conclusión, nuestro estudio muestra que 

los mecanismos de resistencia natural a la infección por el VIH-1 y a la progresión hacia el SIDA 

están estrechamente relacionados con el metabolismo de los individuos expuestos y/o infectados, 
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y que cambios en la expresión de metabolitos específicos pueden generar desenlaces positivos 

o negativos en una persona que se expone y/o infecta con el VIH-1. Esperamos que nuestros 

resultados tengan un impacto sobre el conocimiento y el descubrimiento de mecanismos de 

resistencia a la enfermedad y que con este trabajo se abran nuevos horizontes de investigación 

de otras enfermedades infecciosas a través de la plataforma de metabolómica por Resonancia 

Magnética Nuclear (RMN). 

Palabras clave: Resonancia magnética nuclear -RMN, Metabolómica, virus de inmunodeficiencia 

humana VIH-1, Biomarcadores, Rutas de señalización. 

 

ABSTRACT 

 

Infection with Human Immunodeficiency Virus 1 (HIV-1) and the development of Acquired Immune 

Deficiency Syndrome (AIDS) is one of the leading global public health problems. Exposure to HIV-

1 frequently causes infection; however, some people show a natural resistance to infection; these 

individuals are known as HIV-1 exposed but seronegative (HESN). Additionally, some infected 

individuals control HIV-1 replication and progression to AIDS naturally in the absence of 

antiretroviral therapy (ART), called controllers. The biological mechanisms that explain these 

phenomena are not known precisely. In this context, metabolomics emerges as a method to 

identify metabolites in response to pathophysiological stimuli, which can help establish 

mechanisms of natural resistance to HIV-1 infection and progression. HIV-1 infects CD4+ T 

lymphocytes, monocytes and dendritic cells, together called peripheral blood mononuclear cells 

(PBMC), causing hyperactivation and exhaustion of the immune system, which leads to the 

development of AIDS. Therefore, the study of PBMCs through metabolomics could help explain 

this phenomenon. In this research, we carried out a cross-sectional study with 88 plasma samples 

(30 HESN, 14 controllers, 14 progressors, and 30 healthy controls) and 48 PBMC samples (20 

people living with HIV-1 on ART (PLHIV-ART), 8 HESN, and 20 healthy controls). In each 

biological matrix, potential biomarkers for each study group were identified. In plasma, creatinine, 

tyrosine, and lipoproteins are differentially expressed in progressors; glutamate, pyruvate, and 

acetate are metabolic markers of controllers, and lactate and phosphocholine are biomarkers of 

natural resistance in HESN. In PBMC, phenylalanine, carnitine and glycine are potential 

biomarkers of the effective response of volunteers to ART in the form of immunological 
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reconstitution in terms of decreased viral load and increased CD4+ T lymphocyte count; alanine, 

AMP, inosine and leucine to HESN status.  

Additionally, valine is an important metabolite in the control of infection given its differential 

expression in controllers and progressors. We identified a series of metabolic pathways altered to 

a significant extent in PLHIV-ART and progressors than in HESN. Among the altered pathways, 

those that had the highest impact in the Metaboanalyst® pathway enrichment analysis are those 

of the biosynthesis of phenylalanine, tyrosine and tryptophan, aromatic amino acids involved in 

protein synthesis. In conclusion, our study shows that the mechanisms of natural resistance to 

HIV-1 infection and progression toward AIDS are closely related to the metabolism of exposed 

and/or infected individuals and that changes in the expression of specific metabolites can generate 

positive or negative outcomes in a person who is exposed and/or infected with HIV-1. We hope 

that our results will have an impact on the knowledge and discovery of disease resistance 

mechanisms and that this work will open new research horizons for other infectious diseases 

through the Nuclear Magnetic Resonance (NMR) metabolomics platform. 

Keywords: NMR, Metabolomics, HIV-1, Biomarkers, Pathways. 
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1. Introducción 

 

En 1983 se descubrió que el VIH-1 era el agente causal del síndrome de la inmunodeficiencia 

adquirida -SIDA en humanos (Barré-Sinoussi et al., 1983; Gallo et al., 1983). En la actualidad, 39 

millones de personas viven con VIH-1 en el mundo y 630.000 personas fallecieron a causa de 

enfermedades relacionadas con el SIDA. En Colombia, 190.000 personas viven con el VIH-1 y 

1.500 personas fallecieron en 2022 según cifras de ONUSIDA (ONUSIDA, 2023). Desde que se 

llevan registros de la pandemia del SIDA, 85,6 millones de personas contrajeron la infección y 

40,4 millones de personas fallecieron (ONUSIDA 2023). Entre todas las personas que vivían con 

el VIH-1, el 86% [73- >98%] conocía su estado serológico, el 76% [65-89%] recibía tratamiento y 

el 71% [60-83%] tenía supresión viral en 2022 (De Lay, 2021). Por lo tanto, se puede afirmar que 

el VIH-1 es un problema de salud pública mundial que genera una alta mortalidad entre los 

infectados, y a su vez un alto costo para el sistema de salud.  

Durante la infección por el VIH-1, diferentes factores genéticos, inmunológicos y virológicos 

interactúan entre sí para determinar el tiempo de progresión a SIDA de las personas infectadas 

en ausencia de tratamiento (Ver Figura 1.1.) (Zhang et al., 2013; McLaren and Carrington 2015). 

Por esta razón, algunas personas progresan de manera rápida en menos de 5 años (10-15%), la 

mayoría progresan de manera típica, entre 7 y 10 años (80%) y un 5% progresan de manera lenta 

(>10 años), conocidos como no progresores a largo plazo (del inglés, Long-Term Non 

Progressors) (Passaes et al., 2014; Teixeira et al., 2014). Además, existen individuos que pueden 

controlar de forma natural la replicación del VIH-1, mantener niveles bajos de carga viral y un 

adecuado recuento de linfocitos T CD4+, en ausencia de TAR (Walker, 2007; Cao et al., 1995), 

conocidos como controladores (élite o virémicos). La existencia de LTNP y de controladores 

sugiere la presencia de mecanismos de resistencia a la progresión.  

Estos mecanismos de resistencia a la progresión están relacionados con la capacidad de ciertas 

personas infectadas de generar una respuesta inmune particularmente vigorosa y eficaz que es 

capaz de controlar la infección (Rugeles et al., 2011). Por ejemplo, la expresión de ciertos alelos 

del HLA (antígeno leucocitario humano) se han asociado con resistencia/susceptibilidad a la 

infección por el VIH-1. La heterocigosidad de los alelos HLA clase I se asocia con un retraso en 

la progresión de la infección (Hendel et al., 1999; O'Brien et al., 2001) y la presencia de los alelos 

HLA B27 y B57 con un retraso en el desarrollo del SIDA (Kaslow et al., 1996; Migueles et al., 

2000; Gillespie et al., 2002). Así mismo, se ha logrado identificar que 1 de cada 300 individuos 

infectados es capaz de mantener la viremia por debajo de los umbrales asociados con la 



16 
 

transmisión y la progresión de la enfermedad sin necesidad de TAR, gracias a una respuesta 

efectiva de linfocitos T CD8+ específicos del VIH-1, los cuales se denominaron controladores 

espontáneos de viremia infectados con el VIH-1 (Collins et al., 2020). 

 

Figura 1.1. Curso natural de la infección por el VIH. Los detalles varían ampliamente en cada individuo. 
En azul, evolución del recuento de linfocitos T CD4+ y en rojo, la carga viral. La historia natural de la 
infección se divide en tres fases. 1ª Síndrome retroviral o infección aguda: después de 2-4 semanas de 
infección las personas infectadas experimentan algunos síntomas parecidos a los de la gripe, como fiebre, 
dolor de cabeza y sarpullido. En esta fase ocurre una amplificación de la población viral en el microambiente 
linfático; esta replicación ocurre con activa pero insuficiente oposición del sistema inmunológico y muerte 
de los linfocitos T CD4+, células diana del virus. Luego, aparece una respuesta inmune específica, que 
provoca un descenso de la población viral plasmática a niveles variables y una recuperación parcial del 
recuento de linfocitos T CD4+. 2ª Fase crónica (latencia clínica): el individuo infectado no presenta signos 
ni síntomas asociados a la infección, el virus se sigue propagando, pero en bajos niveles, con permanente 
infección de nuevas células, cuya vida media se ve acortada, generando así la liberación de nuevas 
partículas virales que infectan células susceptibles sanas. En respuesta a la continua destrucción de 
linfocitos CD4+ se producen nuevas células, por lo que, durante esta etapa, el recuento permanece 
relativamente estable mientras se pueda compensar el déficit. Luego, la hiperactivación y el agotamiento 
inmunológico lleva a la caída del recuento de linfocitos T CD4+ y el aumento en la susceptibilidad a distintos 
patógenos oportunistas, lo cual marca el ingreso a la fase de SIDA. 3ª SIDA (Enfermedades 
oportunistas): La caída del recuento de linfocitos CD4+ es el marcador del debilitamiento inmunológico, 
lo cual trae como consecuencia la aparición de un número creciente de infecciones oportunistas. Las 
personas infectadas con el VIH, con recuentos de linfocitos T CD4+ menores de 200 células/mm3, y 
presencia de algunas infecciones oportunistas son diagnosticadas con el SIDA; además, si no reciben TAR 
pueden morir en un promedio de 3 años. Fuente: Dra. García Mónica Epidemiologia molecular de 
enfermedades infecciosas, cuantificación de carga viral. 

Mientras que, en No progresores a largo plazo (LTNP) se han evidenciado dos tipos factores 

asociados con su resistencia a la progresión. Por un lado, factores relacionados con el virus, 

debido a la presencia de una serie de defectos genéticos que causan una atenuación del virus, 
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específicamente, mutaciones con deleción de nef; gen regulador crucial del VIH-1 (Ahmad and 

Venkatesan, 1988; Baur et al., 1994). Por el otro lado, factores relacionados con el huésped, dado 

que estos individuos tienen respuestas inmunes que son cuantitativa y cualitativamente más 

potentes y efectivas para controlar la infección por VIH-1, en términos de vigorosas respuestas 

inmunitarias humorales y celulares específicas de virus, así como títulos elevados de anticuerpos 

neutralizantes contra un amplio espectro de aislados de VIH (Fernández-Cruz et al., 1990). 

De manera interesante, algunos individuos se exponen al virus por diferentes vías, especialmente 

la sexual, pero no tienen evidencia clínica ni serológica de la infección, conocidos como HESN 

(del inglés HIV-exposed but seronegatives) (Meyers y Fowke, 2010; Young et al., 2011). Hasta la 

fecha, solo la mutación Δ32 en estado homocigoto en el gen CCR5, principal correceptor de 

entrada del virus, se ha asociado de manera consistente con la resistencia del hospedador al 

VIH-1 (Huang et al., 1996), mientras que otros mecanismos de resistencia genética e 

inmunológica a la infección por el VIH-1, sólo explican de manera parcial este fenómeno 

(Lederman et al., 2010; Taborda et al., 2011). Particularmente, los individuos heterocigotos para 

esta mutación no son totalmente resistentes a la infección, pero si han mostrado una progresión 

lenta hacia el desarrollo de SIDA (Stewart et al., 1997; Meyer et al., 1997). 

Al mismo tiempo, existen otros mecanismos inmunológicos de resistencia a la infección por VIH-

1, entre los que se destaca: la apoptosis de células diana del VIH-1 que podría jugar un papel 

importante para evitar el establecimiento de la infección por VIH-1 en HESN (Velilla et al., 2005), 

la producción de citocinas tipo Interferón gama (IFN-ɣ) por células de la inmunidad innata (Roff 

et al., 2014), la inmunidad humoral mediada por Inmunoglobulina A (IgA) anti VIH-1 (Mazzoli et 

al., 1997), la producción de factores solubles tipo α y β defensinas (Zapata et al., 2008; Pace et 

al., 2017) y la inmunidad celular mediada por linfocitos (Brenna et al., 2022). Por lo tanto, la 

resistencia a la infección o a la progresión, podría ser el resultado de un evento multifactorial, 

donde mecanismos inmunológicos y genéticos podrían conjugarse con aspectos metabólicos 

para potenciar el control de la infección por el VIH.  

Con el fin de poder evaluar el impacto de la infección o exposición al VIH-1 en el cuerpo humano 

se analizan diferentes tipos de muestras, entre las cuales destacan las muestras de sangre y sus 

diferentes componentes (Constantine et al., 2005). La sangre transporta hacia los tejidos del 

cuerpo nutrientes, electrólitos, hormonas, vitaminas, anticuerpos, oxígeno y células del sistema 

inmune que luchan contra las infecciones, como el VIH-1. Además, la sangre transporta desde 

los tejidos del cuerpo desperdicios y dióxido de carbono (Mathew et al., 2023). Por lo tanto, la 

sangre es un reflejo de la homeostasis del cuerpo y responde a cualquier perturbación externa 
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(Modell et al., 2015). La sangre está compuesta por plasma, glóbulos rojos (eritrocitos), glóbulos 

blancos (leucocitos): linfocitos, monocitos, células dendríticas, eosinófilos, basófilos, neutrófilos y 

plaquetas (trombocitos) (Dean., 2005). Analizar el plasma o fracción acelular de la sangre, permite 

determinar el estado metabólico de una persona, dado que es reflejo en tiempo de real de su 

estado de salud. Por otra parte, analizar los linfocitos, monocitos y células dendríticas (en 

conjunto denominadas CMSP) es crucial para medir el impacto directo de la infección, dado que 

estas células (en especial los linfocitos T CD4+) son las células diana de la infección por el VIH-

1 (Caputo et al., 2023), y las principales células inmunológicas que responden frente a la infección 

(Vidya et al., 2017). 

Para realizar el análisis de este tipo de muestras biológicas y conocer su estado metabólico es 

indispensable conocer su Metaboloma. Metaboloma es una palabra que fue acuñada en 1998 

por Oliver y et al. (1998) como el conjunto de compuestos de baja masa molecular sintetizados 

por un organismo (metabolitos). Más adelante, Nicholson et al. (1999) introdujeron el término 

metabonómica, como el análisis de los cambios en el metaboloma de un organismo debido a 

agentes externos, como; enfermedades y su tratamiento con medicamentos, factores 

ambientales, alimentación, estilos de vida, efectos genéticos, exposición tóxica, etc. (Martin et al., 

2011). Se desconoce el número exacto de metabolitos (˂1.500 Da) de los humanos, pero se ha 

estimado que es alrededor de 20.000 con amplios rangos de concentración (Giovane et al., 2008). 

En conjunto, estos números hacen que el análisis completo del metaboloma humano sea un 

desafío. En este contexto, la metabolómica, entendida como la identificación y cuantificación 

imparcial de pequeñas moléculas en fluidos biológicos (Nicholson et al., 1999), puede servir como 

un camino para la comprensión del estado bioquímico de un organismo y ayudar en el 

descubrimiento de biomarcadores. 

La metabolómica se ha utilizado en animales (Liu y Locasale., 2017), plantas (Tenenboim y 

Brotman., 2016) y alimentos (Kim et al., 2016). Así mismo de manera multidisciplinaria; en 

investigación biomédica (Kim et al., 2016), nutrición (Astarita y Langridge 2013), medicina de 

precisión (Beger et al., 2016), ecología (Macel et al., 2010) y agricultura (Nadella et al., 2012). 

Dentro de la metabolómica, se encuentra la lipidómica, dedicada al estudio y caracterización de 

los lípidos celulares, las moléculas con que interactúan y sus funciones en el organismo (Audano 

et al., 2018). El metaboloma representa la huella de la regulación de genes, proteínas y la 

interacción con el medio ambiente. Su rama lipídica, el lipidoma, aporta información crítica para 

su análisis funcional. Por tanto, el metaboloma y el lipidoma se puede emplear para monitorizar 
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cambios temporales en respuesta a un estímulo o con la evolución de una enfermedad (Ochoa, 

2006). 

Debido a que los virus como el VIH-1, utilizan íntimamente y a menudo reconectan el metabolismo 

del huésped (Eisenreich et al., 2019), la metabolómica es una excelente opción para estudiar los 

cambios inducidos por la infección o la exposición (Nicholson et al., 1999). En la actualidad, los 

datos provenientes de estudios de metabolómica, muestran que el VIH-1 y la TAR influyen en el 

metabolismo de carbohidratos (Dickens et al., 2015) y lípidos (Swanson et al., 2009), por lo que 

se podría inferir que los portadores de la infección son susceptibles a complicaciones metabólicas 

específicas. Estudios metabolómicos por RMN han logrado proponer modelos estadísticos 

multivariados basados en perfiles metabólicos de muestras biológicas que son capaces de 

distinguir entre individuos; VIH-1 negativo, VIH-1 positivo sin y con TAR (Calza et al., 2003; 

Philippeos et al., 2009), así como predecir la aparición de dislipidemia en pacientes que reciben 

TAR (Rodríguez-Gallego, E et al., 2018); sin embargo, no se han estudiado biomarcadores 

específicos en sangre asociados a la resistencia natural a la infección en HESN, el tiempo de 

progresión a SIDA en individuos progresores, la respuesta al tratamiento antirretroviral y el control 

espontáneo de la replicación viral en individuos controladores. 

El desarrollo de la metabolómica fue posible gracias al crecimiento significativo de plataformas 

analíticas como RMN y la espectrometría de masas (MS). La RMN y la MS tienen ventajas y 

desventajas. Las ventajas de la RMN son la detección no sesgada de metabolitos, robustez de la 

técnica, reproducibilidad y mínima preparación de muestra; mientras que las desventajas incluyen 

la baja sensibilidad y que el análisis de biofluidos se complica por la supresión del agua (Crook 

et al., 2020). En RMN, la sensibilidad ha sido la cuestión de interés general. Los avances 

tecnológicos y metodológicos en la mejora de la sensibilidad realizados hasta el momento han 

permitido revelar información estructural hasta ahora inaccesible, fortaleciendo la espectroscopia 

de RMN como medio para el análisis químico. Es por eso que la RMN de sensibilidad mejorada 

continúa y seguirá siendo un tema de investigación activo en la comunidad (Lvee et al., 2014). 

En contraste, la MS es muy sensible, posee alta eficiencia de separación y elevada resolución 

espectral, mientras que las desventajas son la destrucción de muestras, una menor 

reproducibilidad, y una compleja preparación de muestras, además de un mayor tiempo de 

análisis por muestra (Scalbert et al., 2009). Ambas técnicas proporcionan información que 

contribuye a la elucidación e identificación de compuestos desconocidos. La principal razón por 

la que en el trabajo se utilizó la RMN reside en la facilidad de interpretación y análisis de los datos 
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espectrales, y su elevada reproducibilidad, que permite obtener resultados significativos también 

a partir de tamaños muestrales relativamente pequeños (Sitole et al., 2013). 

La espectroscopia de resonancia magnética nuclear puede ser utilizada para determinar las 

estructuras de los compuestos orgánicos. Esta técnica espectroscópica puede utilizarse sólo para 

estudiar núcleos atómicos con un número impar de protones o neutrones (o de ambos). Esta 

situación se da en los átomos de 1H, 13C, 19F y 31P. Este tipo de núcleos son magnéticamente 

activos, es decir poseen espín, igual que los electrones, ya que los núcleos poseen carga positiva 

y poseen un movimiento de rotación sobre un eje que hace que se comporten como si fueran 

pequeños imanes. En ausencia de campo magnético, los espines nucleares se orientan al azar. 

Sin embargo, cuando una muestra se coloca en un campo magnético, los núcleos con espín 

positivo se orientan en la misma dirección del campo, en un estado de mínima energía 

denominado estado de espín α, mientras que los núcleos con espín negativo se orientan en 

dirección opuesta a la del campo magnético, en un estado de mayor energía denominado estado 

de espín β. Existen más núcleos en el estado de espín α que en el β pero aunque la diferencia 

de población no es enorme sí que es suficiente para establecer las bases de la espectroscopia 

de RMN. La diferencia de energía entre los dos estados de espín α y β, depende de la fuerza del 

campo magnético aplicado H0 (Hodgkinson y Emsley, 2000). Cuanto mayor sea el campo 

magnético, mayor diferencia energética habrá entre los dos estados de espín. Cuando una 

muestra que contiene un compuesto orgánico es irradiada brevemente por un pulso intenso de 

radiación, los núcleos en el estado de espín α son promovidos al estado de espín β. Esta radiación 

se encuentra en la región de las radiofrecuencias (rf) del espectro electromagnético por eso se le 

denomina radiación rf (Pykett et al., 1982). Cuando los núcleos vuelven a su estado inicial emiten 

señales cuya frecuencia depende de la diferencia de energía (∆E) entre los estados de espín α y 

β. El espectrómetro de RMN detecta estas señales y las registra como una gráfica de frecuencias 

frente a intensidad, que es el llamado espectro de RMN. El término resonancia magnética nuclear 

procede del hecho de que los núcleos están en resonancia con la radiofrecuencia o la radiación 

rf. Es decir, los núcleos pasan de un estado de espín a otro como respuesta a la radiación rf a la 

que son sometidos. Para obtener un espectro de RMN, se coloca una pequeña cantidad del 

compuesto orgánico disuelto en medio mililitro de disolvente en un tubo de vidrio largo que se 

sitúa dentro del campo magnético del aparato. El tubo con la muestra se hace girar alrededor de 

su eje vertical. El campo magnético se mantiene constante mientras un breve pulso de radiación 

rf excita a todos los núcleos simultáneamente. Como el corto pulso de radiofrecuencia cubre un 

amplio rango de frecuencias los protones individualmente absorben la radiación de frecuencia 

necesaria para entrar en resonancia (cambiar de estado de espín). A medida que dichos núcleos 
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vuelven a su posición inicial emiten una radiación de frecuencia igual a la diferencia de energía 

entre estados de espín. La intensidad de esta frecuencia disminuye con el tiempo a medida que 

todos los núcleos vuelven a su estado inicial. Un ordenador recoge la intensidad respecto al 

tiempo y convierte dichos datos en intensidad respecto a frecuencia, esto es lo que se conoce 

con el nombre de transformada de Fourier (FT-RMN) (Johnson y Schmidt-Rohr, 2014).  

Es importante resaltar que el protio o protón (1H) es el isótopo de hidrógeno más adecuado para 

la mayoría de los estudios de metabolómica, debido a que los espectros de RMN de protones 

unidimensionales (1D) (1H-RMN) de alta resolución son: abundantes, cuantitativos, altamente 

reproducibles y no destructivos (Rolin et al., 2013). Además, los espectros 1H-RMN contienen 

una gran cantidad de información (desplazamiento químico, intensidad, propiedades de relajación 

magnética) sobre la identidad de las moléculas de la muestra, por lo que pueden utilizarse para 

identificar y cuantificar metabolitos. Adicionalmente, la toma de espectros 1H-NMR es rápida, 

conveniente y muy efectiva para discriminar entre grupos mediante la variación del patrón 

espectral (Mocco, 2022). Dependiendo de los grupos moleculares de interés, se pueden 

seleccionar adquisiciones de RMN adecuadas de una variedad de experimentos. Los 

experimentos más comunes para aplicaciones metabolómicas en espectrómetros son: 1D-

NOESY y 1D-CPMG (Kruk et al., 2017). 

El compuesto más abundante en la metabolómica de RMN es el agua, el componente principal 

de los biofluidos y tejidos. Por lo tanto, la supresión de agua es crucial para obtener espectros 

interpretables y existen numerosas técnicas de supresión de agua y presaturación de agua. La 

secuencia de pulsos 1D-NOESY (espectroscopia de efecto Overhauser nuclear, tren de pulsos 

con presaturación durante la relajación y el tiempo de mezcla) permite obtener una gran supresión 

de agua con alta reproducibilidad. Vale la pena mencionar que la técnica NOESY es la más 

popular y permite la optimización del proceso. Actualmente, debido a la variabilidad en la calidad 

de la supresión de agua, los picos de agua están presentes en los espectros y, por lo tanto, la 

región de resonancia del agua no se incluye en el análisis metabolómico (aproximadamente 4,50–

5,00 ppm) (Araníbar et al., 2006). El 1D NOESY es útil para biofluidos como la orina y mezclas 

de metabolitos extraídos que carecen de macromoléculas. La principal desventaja de este 

experimento es como se afectan los espectros por las señales de las macromoléculas y las 

lipoproteinas, lo que causa que no se puedan identificar ni cuantificar estos compuestos.  

Los espectros 1D también se adquieren con la secuencia de pulsos Carr–Purcell–Meiboom–Gill 

(CPMG) para disminuir las señales amplias de las proteínas y lipoproteínas debido a sus tiempos 

de relajación transversal relativamente largos (Ye et al., 2011). De este modo, las señales de los 
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compuestos con bajo peso molecular no se ven eclipsadas por las señales de las macromoléculas 

(Zhang et al., 2013). El experimento CPMG se utiliza a menudo para muestras como 

suero/plasma sanguíneo que tienen altas concentraciones de macromoléculas como proteínas y 

lípidos. La principal desventaja de este experimiento en su naturaleza no cuantatitativa. 

En conjunto con técnicas de alineación espectral, seguidas de análisis estadísticos multivariables 

se identifican regiones espectrales o patrones espectrales de interés, para finalmente identificar 

y posiblemente cuantificar los compuestos de interés de las regiones espectrales discriminantes 

(Enwas et al., 2019). 

Específicamente hablando, en el análisis de muestras biológicas, las señales en los espectros de 

RMN se pueden asignar de manera confiable a metabolitos específicos y las intensidades de las 

señales son directamente proporcionales al número de núcleos contribuyentes. Por tanto, la RMN 

proporciona una gran cantidad de información tanto sobre la identidad como sobre la cantidad de 

metabolitos en paralelo (Nagana Gowda et al., 2015). Por ello, la espectroscopia de RMN es un 

método analítico importante utilizado en metabolómica en aplicaciones que abarcan una amplia 

gama de disciplinas, la mayoría se ha centrado en comprender, prevenir, diagnosticar y gestionar 

enfermedades humanas (Nagana Gowda et al., 2021). Estas fueron las razones que nos llevaron 

a realizar nuestro estudio metabolómico usando RMN. 

Un estudio metabolómico suele consistir en una serie de pasos definidos (Ver Figura 1.2). 

Comienza por el diseño experimental que debe concretar el tipo y número de muestras que se 

van a analizar. También debe definir el tipo de estudio (prospectivo, retrospectivo, longitudinal, 

etc) que se va analizar y la estrategia. Para ello existen dos tipos de estrategias; la metabolómica 

no dirigida (o huella digital metabólica) y la metabolómica dirigida (o perfil metabolómico). En el 

primer caso, el objetivo es identificar la mayor cantidad de metabolitos en una muestra dada en 

una sola ejecución; mientras que la segunda estrategia es un enfoque específico que se centra 

en el análisis de metabolitos preseleccionados y, en particular, se usa ampliamente para obtener 

datos cuantitativos de compuestos específicos (Astarita y Langridge, 2013). Nuestro estudio 

consistió en un estudio de tipo transversal descriptivo; debido a que las muestras de los 

voluntarios se tomaron en un solo momento y en un único tiempo, y fue un estudio tipo casos 

(Controladores, progresores, PLHIV-ART y HESN) y controles (Sanos). Así mismo, podríamos 

afirmar que utilizamos una estrategia de metabolómica no dirigida, dado que queríamos identificar 

la mayor cantidad de metabolitos para luego usarlas como variables de estudio en búsqueda de 

diferencias entre casos y controles. 
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Figura 1.2 Pasos de un estudio metabolómico. Detalle del paso a paso necesario para la realización de 

un estudio metabolómico por RMN. Un estudio metabolómico por RMN comprende en general 6 pasos o 

etapas. 1. El diseño del estudio: en el que se define el tipo de estudio a realizar, así como el tipo de 

muestras y voluntarios a incluir en el mismo. 2. Recogida y preparación de muestras: etapa en la que se 

determina el(los) protocolo(s) de tratamiento a utilizar para extraer los metabolitos de intereses de la(s) 

matriz(ces) biológica(s) seleccionada(s) previamente, todo en función de si se trata de un estudio de huella 

metabolómica o perfil metabolómico. 3. Adquisición de espectros: en la que se definen los parámetros 

analíticos y/o instrumentales que se configuraran en el equipo de RMN para obtener los espectros de mejor 

calidad y relación señal/ruido. 4. Procesado de datos: los espectros son separados en secciones o señal 

a señal con el fin de identificar la mayor cantidad de metabolitos que sea posible. Luego, se crean matrices 

de datos que contienen las integrales (área bajo la curva) de cada señal de interés (asignación de un 

metabolito) de cada espectro (muestra de voluntarios) del estudio. 5. Análisis estadístico y creación de 

modelos: Se realizan análisis multivariados y univariados de las matrices con el fin de establecer las 

diferencias y similitudes entre los grupos de estudio, así como determinar cuáles son los metabolitos que 

determinan estas diferencias. 6. Explicación del modelo: finalmente se realiza una interpretación 

biológica coherente de los resultados, estableciendo una relación de los metabolitos alterados con las rutas 

biológicas y el objetivo del estudio. 

 

Luego, se realiza la toma u obtención, el transporte, el almacenamiento y la preparación de las 

muestras, donde la optimización de los procedimientos de separación y extracción, en el caso de 
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las células sanguíneas, garantiza la reproducibilidad y la calidad del análisis. El método de 

extracción debe elegirse dependiendo del tipo de enfoque metabolómico que se aplicará 

posteriormente, es decir, huella digital metabólica (preparación de muestra mínima o nula para 

evitar la pérdida de metabolitos de las muestras biológicas) o perfil metabólico (método de 

extracción y purificación orientado de los metabolitos seleccionados) (Astarita y Langridge, 2013). 

Cabe resaltar, que nuestro estudio abordó de manera independiente las matrices biológicas 

analizadas (plasma y CMSP). En el caso del plasma, aplicamos dos protocolos de procesamiento 

independientes para analizar la misma muestra (dos fracciones separadas de plasma del mismo 

voluntario). Un primer método de tratamiento se basó en el análisis directo del plasma, estrategia 

que permite conocer el perfil metabolómico completo de las muestras con lípidos, proteínas y 

metabolitos, y un segundo método, se fundamentó en el desproteinizado del plasma, esto permite 

visualizar los metabolitos libres de las interferencias espectrales propias de lípidos de gran peso 

molecular o lipoproteínas y proteínas. Por otro lado, para el análisis de las CMSP, fue necesario 

el desarrollo y estandarización de un protocolo de procesamiento específico para este tipo de 

células. El método se fundamentó en utilizar ultrasonido de alta intensidad para realizar quenching 

estructural antes de realizar la extracción de los metabolitos constituyentes de las muestras de 

CMSP. 

El siguiente paso es la adquisición de datos, en el cual el objetivo es procesar un conjunto 

relativamente importante de muestras para la construcción de matrices contrastantes. Diferentes 

tecnologías analíticas se han utilizado en estudios de metabolómica y lipidómica. Cómo ya se 

han mencionado anteriormente, las principales técnicas para el análisis metabolómico son la MS 

y la RMN (Barnes et al., 2016). En todos los casos, es importante asegurarse ante cada serie de 

medidas que el equipo cumpla una serie de requisitos de calidad en relación a 

sensibilidad/resolución de los datos, la temperatura, etc. Específicamente, para garantizar la 

calidad mencionada, nuestro grupo realizaba una serie de ajustes en el equipo de RMN antes de 

medir las muestras, entre ellos: estabilizar el campo magnético utilizando la frecuencia de 

absorción de la resonancia de deuterio del disolvente (la señal de bloqueo), sintonizar la sonda a 

la radiofrecuencia de la muestra, realizar pequeños ajustes en el campo magnético a través de 

shimming, calibrar el pulso de 90°, suprimir la señal del solvente y ajustar la ganancia del receptor 

de RMN para maximizar la relación señal/ruido. 

A continuación, se debe proceder con el procesado de los datos adquiridos en el equipo de RMN. 

Los datos de RMN sin procesar se transforman en Fourier utilizando funciones de apodización 

adecuadas, se corrige la fase y la línea base. MestReNova es el Software mas recomendado. 
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MestReNova tiene la ventaja de proporcionar una serie de características específicas para el 

análisis posterior de los datos de metabolómica (por ejemplo, binning/bucketing, deconvolución 

máxima y cuantificación de la señal). Se debe considerar, al seleccionar un paquete de software 

para estudios de metabolómica de RMN, la posibilidad de reducir el número de herramientas 

involucradas en el análisis de los datos de metabolómica de RMN. Por ejemplo, la selección de 

paquetes de software que integran herramientas para el procesamiento de espectros y la 

identificación y cuantificación de compuestos, como Chenomx. Dependiendo de las propiedades 

fisicoquímicas de la muestra (es decir, pH, contenido de proteína, fuerza iónica, etc.), a veces se 

requiere realizar una alineación espectral para compensar pequeñas variaciones en las 

posiciones de los picos entre los diferentes espectros. Este proceso generalmente se aplica en 

todo el espectro y se realiza mediante la referencia de todos los espectros a un compuesto 

externo o un metabolito interno. 

Una vez que los espectros de RMN se han transformado y alineado, los datos generalmente se 

organizan en una matriz en la que cada fila corresponde a una muestra particular y cada columna 

a la intensidad de la señal en un cambio químico particular. El análisis estadístico de los datos 

requiere la fragmentación de los espectros completos en segmentos más pequeños, un proceso 

denominado binning o bucketing, que se puede realizar utilizando diferentes enfoques. El ancho 

del bucket generalmente se fija a 0.04 ppm, lo que resulta en la reducción de un espectro de RMN 

típico a un promedio de 250 buckets, pero esta metodología puede ocasionar la separación de 

un pico específico en varios compartimientos. Por el contrario, la distribución variable, que 

generalmente requiere la intervención manual del usuario, está diseñada específicamente para 

tener en cuenta la región espectral precisa cubierta por picos individuales. 

La normalización de la matriz de datos obtenida después del binning o bucketing de los espectros 

de RMN es un paso importante para mejorar el rendimiento del análisis estadístico posterior. 

Normalmente se llevan a cabo dos procesos de normalización diferentes, una normalización por 

filas y por columnas. Primero la normalización propiamente dicha, es una operación de fila que 

se aplica a los datos de cada muestra y comprende métodos para hacer que los datos de todas 

las muestras sean directamente comparables entre sí. Se ha intentado la normalización de un 

metabolito de "limpieza", por lo general utilizando un área de pico de creatinina como referencia. 

Un método común de normalización consiste en configurar cada observación (espectro) para que 

tenga una unidad de intensidad total al expresar cada punto de datos como una fracción de la 

integral espectral total (normalización a una suma constante (CS)). En segundo lugar, se 

encuentra el escalado, esta operación se realiza en las columnas de datos (es decir, en cada 
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intensidad espectral en todas las muestras). A cada columna de la tabla se le puede dar una 

media de cero al restar la media de la columna de cada valor de la columna (centrado de la 

media). Esto se hace normalmente para que todos los componentes encontrados por PCA tengan 

como origen el centroide de los datos, lo que resulta en un modelo parsimonioso. En segundo 

lugar, cada columna de la tabla se puede escalar para que tenga una varianza unitaria, dividiendo 

cada valor en la columna por la desviación estándar de la columna. Si los datos están centrados 

en la media, la ponderación refleja la covarianza de las variables, mientras que en la escala de 

varianza unitaria, la ponderación refleja su correlación. Otras formas de escalado son la escala 

de Pareto, donde cada variable se divide por la raíz cuadrada de la desviación estándar de los 

valores de columna, o escala logarítmica, cuando se desean valores relacionados con las 

puntuaciones de orden de magnitud. 

El análisis de datos es el quinto paso; la variabilidad entre muestras es muy difícil de detectar 

mediante la observación directa de los espectros de RMN y hace necesaria la introducción de 

técnicas estadísticas que permitan evaluar esas diferencias en relación a las variables que se 

conocen de cada muestra, entre las que se encuentran desde los datos clínicos del individuo 

hasta los parámetros instrumentales de adquisión del experimento de RMN. Allí, el análisis 

estadístico multivariante es una parte esencial del manejo de datos en metabolómica (Barnes et 

al., 2016). Combina métodos matemáticos, estadísticos y de computación que permiten obtener 

información diversa del análisis de datos con un gran número de variables y muestras. Se puede 

dividir en métodos "no supervisados" y "supervisados". El análisis de componentes principales 

(PCA) es el método no supervisado más común utilizado para agrupar los datos dentro de cada 

matriz, mietras que el análisis discriminante por mínimos cuadrados (PLS-DA) es el método 

supervisado más común usado en metabolómica. 

El PCA es un método no supervisado, es decir, no requiere conocimiento previo de las muestras, 

que resulta de gran utilidad para la identificación de patrones y/o tendencias dentro de los grupos 

de muestras. Consiste en la reducción de la dimensionalidad de los datos de manera que las 

múltiples variaciones quedan agrupadas en distintos componentes (primero, segundo, etc.), de 

acuerdo a su importancia en la interpretación de la variable observada (Halouska & Powers, 

2006). Como resultado de este análisis, los datos extraídos de una matriz (X) con k-dimensiones, 

donde k corresponde al número de variables, son reducidos a un espacio definido por unos pocos 

componentes principales (PCs), capaces de explicar la mayor variabilidad entre las muestras (n). 

Una particularidad de este método es que los PCs son ortogonales entre ellos, de manera que la 

representación gráfica de los datos en el espacio bidimensional definido por los dos primeros PCs 
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(t1 y t2) proporciona una proyección de los datos multidimensionales conocido como gráfico de 

puntuaciones de las muestras en función de los componentes principales (score plot), en el que 

puedenapreciarse las agrupaciones y tendencias entre las muestras (n). De manera análoga, en 

el gráfico de las puntuaciones de las variables en función de los componentes principales (loading 

plot), p1 y p2 definen la relación entre las k variables que integran la matriz de datos original (X) 

con las mismas direcciones que las del score plot, lo que permite identificar fácilmente, de forma 

gráfica, cuáles son las variables (buckets) responsables de las tendencias observadas entre las 

distintas muestras. El PCA es el método de elección para obtener una visión global de la 

variabilidad entre muestras, y su correspondiente score plot es el gráfico generalmente utilizado 

para la identificación de posibles tendencias o agrupaciones que se den dentro de los grupos de 

muestras y que sean debidas a otras variables, distintas de la variable de estudio (p. ej., edad, 

sexo, estilo de vida, etc.). Este tipo de análisis es también de gran utilidad para la identificación 

de outliers, muestras que se desvían significativamente del perfil que muestran, de forma global, 

el resto de muestras incluidas dentro de los grupos del estudio. Otro gráfico muy utilizado para la 

identificación de outliers dentro de los grupos incuidos en el estudio es el gráfico T2 de Hotelling. 

En este tipo de gráficos se pueden identificar todas las muestras que se encuentran fuera del 

intervalo de confianza del 95% en el modelo no supervisado (Zhang et al., 2012). 

El PLS-DA es una herramienta multivariada de reducción de dimensionalidad (Ståhle and Wold,, 

1987; Barker and Rayens,, 2003) popular en el campo de la quimiometría y ampliamente 

recomendado para su uso en el análisis de datos -ómicos, especialmente en metabolómica 

(Worley and Powers., 2013), donde los conjuntos de datos (como los de nuestro estudio) se 

caracterizan por poseer un volumen extenso y una cantidad elevada de características (Eriksson 

et al., 2014); además, de que suelen tener muchas menos observaciones que variables (Ruiz-

Perez et al., 2020). El PLS-DA es una versión supervisada del PCA, dado que reduce la 

dimensionalidad, pero con pleno conocimiento de las etiquetas de clase, además sirve en la 

selección de características (Christin et al., 2013) y en clasificación de muestras (Nguyen and 

Rocke., 2002). Por estas razones, el PLS-DA es el método supervisado más empleado para 

identificar potenciales candidatos a biomarcadores, dado que arroja las variables y/o 

características de la muestra; para nuestro caso metabolitos, que explican la diferencia entre los 

grupos de estudio. Definidos estos potenciales candidatos a biomarcadores, se realizan la 

cuantificación de los analitos y el análisis estadístico univariante para definir las diferencias 

estadísticamente significativas entre las variables candidatas para cada grupo de estudio. 
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En este tipo de modelos supervisados, basados en un conocimiento previo de las propiedades 

de las muestras, es muy importante evaluar la calidad de los análisis realizados y la fiabilidad de 

los modelos obtenidos (Westerhuis et al., 2008). Existen distintas aproximaciones para la 

validación de los modelos de clasificación, una de ellas es el test de permutación, que consiste 

en el cálculo de nuevos modelos de clasificación obtenidos tras una asignación aleatoria de las 

variables de clasificación entre las distintas muestras del modelo. A partir de los datos obtenidos, 

se calcula la bondad de ajuste (R2) y la capacidad predictiva (Q2) de los modelos generados de 

forma aleatoria, siendo el resultado esperado que la capacidad predictiva de los modelos 

aleatorios sea significativamente inferior a la obtenida para el modelo original. Para el análisis de 

los resultados del test de permutación, se representan los valores de R2 y Q2 obtenidos en los 

modelos de permutación y los valores de R2 y Q2 del modelo original, y se calcula la recta de 

regresión. 

Otra aproximación consiste en la denominada validación cruzada, en la que se vuelve a construir 

el mismo modelo, pero esta vez dejando fuera un porcentaje determinado del conjunto de 

muestras original. Posteriormente se calcula el error de la predicción del modelo para el grupo de 

muestras inicialmente excluido del modelo. Este procedimiento se repite hasta que todas las 

muestras han sido excluidas del modelo al menos una vez. Los parámetros obtenidos, utilizados 

para evaluar la fiabilidad del modelo, son los estadísticos R2 y Q2. R2 es una medida del grado de 

ajuste del modelo a los datos originales y Q2, obtenido como resultado de la validación cruzada, 

da idea de la capacidad predictiva del modelo. De manera análoga, en aquellos casos en los que 

el número de muestras disponibles para el estudio lo permite, es posible realizar un test de 

validación más robusto a través de la predicción sobre un conjunto de muestras de validación, 

obtenidas y medidas de manera independiente. En general, un modelo de clasificación en 

metabolómica se considera significativo cuando se obtienen valores de Q2 superiores a 0.5, 

siempre y cuando la diferencia entre R2 y Q2 sea de al menos 0.2. 

Una vez identificadas las señales más relevantes en la discriminación entre grupos y los 

metabolitos responsables de las diferencias gracias al PLS-DA, se realiza de nuevo una 

integración de los espectros de RMN, pero esta vez dirigida específicamente a las señales 

identificadas. A partir de las intensidades obtenidas para cada señal se comprueba, mediante la 

prueba de Kolmogorov-Smirnov, si la mayoría de las variables siguen una distribución normal. En 

caso positivo, y para confirmar la importancia estadística univariante de las variables 

identificadas, se utiliza la prueba paramétrica Student para la comparación de dos medias 

independientes. En los casos en los que la mayoría de las variables no sigan una distribución 
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normal, se emplea una prueba no paramétrica para la comparación de dos medias 

independientes, la prueba de Wilcoxon. El objetivo de este análisis es poder descartar cualquier 

variable que, de manera individual, no contribuya de manera significativa a la discriminación entre 

grupos. 

Finalmente, se realiza la interpretación biológica de las variaciones encontradas entre los distintos 

perfiles metabólicos. Los metabolitos seleccionados se vinculan a su contexto biológico mediante 

dos tipos de análisis: de rutas metabólicas y de enriquecimiento. El análisis de enriquecimiento 

explora el perfil de metabolitos para determinar el vínculo entre los cambios en la expresión de 

los metabolitos y el contexto biológico permitiendo sugerir rutas metabólicas. El análisis de rutas 

metabólicas identifica las que tienen un impacto significativo en un proceso biológico específico 

(Chen et al., 2022). Existen diversas bases de datos con información sobre rutas metabólicas 

relevantes, en las que se detallan los metabolitos que intervienen en ellas, la HMDB, la 

ConsensusPathDB-human (Kamburov et al., 2009, 2011), y la KEGG pathway analysis database 

(Kanehisa, 2013). De forma complementaria, también es necesaria la búsqueda en la literatura 

de información relacionada que permita situar los metabolitos encontrados en el contexto 

adecuado. Por lo tanto, la combinación de metabolómica con análisis de datos multivariantes 

permite estudiar alteraciones en las vías metabólicas. 

También, es posible dentro del proceso de interpretación biológica realizar inferencias a otras 

ciencias ómicas, específicamente a la genómica. En este estudio, por ejemplo, los biomarcadores 

específicos de cada grupo se asociaron con genes y proteínas relacionadas con el VIH-1 a través 

de MetaboAnalyst®, usando el Metabolite-Gene-Disease Interaction Network analysis, así se 

obtuvo una lista de genes conectados a los biomarcadores y al VIH-1, luego la revisión 

bibliográfica permitió inferir una potencial expresión diferencial de algunos genes entre grupos 

que podría explicar las características de cada grupo. Cabe resaltar, que se identificaron genes 

relacionados con más de un grupo y/o con más de un metabolito, sin embargo, estas relaciones 

son responsabilidad de diferentes metabolitos para cada grupo o diferentes niveles entre los 

grupos para el mismo metabolito. 
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1.1. Planteamiento del problema 

 

La epidemia por el VIH-1 es un problema de salud pública que afecta a Colombia y al mundo. A 

pesar de las campañas de autocuidado y la educación a las poblaciones susceptibles, las 

personas que viven con VIH-1 continúa en aumento, llegando a 166.496 casos reportados en el 

periodo 2023 en Colombia; con el agravante de que solo el 43,5% de los casos incidentes se 

detectaron de forma temprana, con todas las implicaciones que tiene este fenómeno dentro de la 

progresión de la infección (Rutstein et al., 2017). Además, según cifras de Cuenta de Alto Costo 

(CAC), para el 2023 el 82,68% de las personas viviendo con el VIH-1 recibían TAR y de estos 

solo el 68,35% alcanzó el objetivo de indetectabilidad de la carga viral (< 50 copias/ml) luego de 

completar 48 o más semanas desde el inicio de su primera TAR; estas cifras se alejan de las 

metas fijadas para el 2030 por parte de ONUSIDA (De Lay et al., 2021). 

La forma en la que el organismo y el sistema inmune del individuo reacciona frente a la exposición 

y la infección del VIH-1 determinará la transmisión, el pronóstico y la expectativa de vida de este, 

la cual está directamente relacionada con la progresión a SIDA. Cabe destacar que, existen 3 

poblaciones de individuos que han sido expuestos a la infección que generan gran interés; los 

expuestos seronegativos (HESN), que no presentan evidencia clínica ni serológica de la infección 

a pesar de la continua exposición (Montoya et al., 2006); los LTNP que permanecen asintomáticos 

e inmunológicamente estables durante 10 años o más de infección sin TAR e incluso algunos no 

progresan a SIDA (Walker, 2007) y los controladores, con la capacidad de controlar la replicación 

viral, presentando cargas virales bajas o indetectables en ausencia de TAR (Walker, 2007). 

Hasta ahora no ha sido posible demostrar qué mecanismos biológicos determinan que una 

persona sea resistente a la infección por el VIH-1 o a la progresión hacia SIDA. Por lo que la 

investigación científica ha buscado nuevas formas de explicar estos fenómenos. Dentro de las 

opciones a considerar, surge la metabolómica, que se define como la medición cuantitativa de la 

respuesta metabólica dinámica multiparamétrica de los sistemas vivos a estímulos 

fisiopatológicos o modificaciones genéticas (Nicholson et al., 1999). La resonancia magnética 

nuclear (RMN) y la espectroscopía de masas (MS), son tecnologías instrumentales utilizadas en 

metabolómica, para la identificación y cuantificación de múltiples metabolitos en paralelo; por lo 

tanto, pueden ser usadas para lograr una aproximación de los cambios metabólicos inducidos 

por el VIH-1 durante la exposición o la infección. 
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La metabolómica es una herramienta que puede usarse junto con la genómica, la transcriptómica 

y la proteómica para comprender las interacciones huésped-patógeno a niveles de moléculas 

pequeñas (Mayer et al., 2019; Kimhofer et al., 2020; Overmyer et al., 2021). La aplicación más 

común de la metabolómica es con fines de pronóstico (Weiner et al., 2018) y diagnóstico (Isa et 

al., 2018), específicamente la detección de biomarcadores específicos de enfermedades 

mediante metabolómica basada en RMN o espectrometría de masas. Además, la metabolómica 

es de gran importancia para el descubrimiento de enzimas metabólicas y/o reguladores 

metabólicos farmacológicos mediante el uso de análisis de flujo más modernos, por ejemplo, 

mediante la elucidación de mecanismos metabólicos (Tounta et al., 2021). 

Los estudios del efecto del VIH-1 sobre el metabolismo celular durante la replicación in vitro y la 

infección en modelos animales o humanos, han proporcionado nuevos conocimientos, así como 

nuevos objetivos para la terapia y la identificación de biomarcadores (Valle-Casuso et al., 2019). 

Los estudios previos comprenden grupos generales de personas infectadas y controles de sanos, 

sin indagar de manera exhaustiva en los grupos de personas especiales como los controladores, 

progresores y HESN; grupos de especial interés en la comunidad científica por su respuesta 

diferencial a la infección o exposición. Del mismo modo, la identificación de las rutas metabólicas 

utilizadas por el VIH-1 tiene el potencial de revelar información esencial de la enfermedad y su 

seguimiento. En estudios previos se han descrito desequilibrios en el metabolismo de los 

aminoácidos, lípidos, ácidos orgánicos y la glucosa en personas infectadas por el VIH-1, durante 

la evolución de la infección y relacionados con la introducción de la TAR (Hewer et al., 2006; 

Philippeos et al., 2009; Munshi et al., 2013; Rodríguez-Gallego et al., 2018); sin embargo, hasta 

ahora no hay investigaciones ni evidencia sobre las particularidades metabólicas de las personas 

que han sido expuestos al virus, pero continúan sin infectarse (HESN); además, tampoco se ha 

realizado una comparación metabólica en plasma y CMSP entre los controladores y los 

progresores crónicos. Lo cual daría información clave para definir cuales metabolitos o rutas 

metabólicas pueden explicar la resistencia natural a la infección o a la progresión.  

En el estudio actual, planteamos la hipótesis de que el fenotipo diferente entre los individuos 

infectados (progresores, controladores y PLHIV-ART) ó expuestos (HESN) al VIH-1 y 

controles sanos, mostrará a su vez un perfil metabolómico distinto. Por lo tanto, el 

propósito del estudio fue identificar niveles metabólicos de las personas VIH-1 positivas 

que ayuden a diferenciar los grupos de progresores, controladores y PLHIV-ART, así 

como a los HESN y controles sanos, e identificar biomarcadores que se relacionen con la 

progresión del VIH-1, la resistencia natural a la infección y la respuesta a la TAR mediante 



32 
 

un estudio metabolómico por RMN de protones (1H-RMN), con el fin de obtener 

conocimientos sobre la patogénesis de la infección por el VIH-1. Por lo cual, surge la 

pregunta de investigación: ¿Es posible a través de metabolómica por 1H-RMN establecer 

qué mecanismos biológicos (biomarcadores y rutas metabólicas) determinan que una 

persona presente resistencia natural a la infección (HESN), progresión del VIH-1 

diferencial (progresores y controladores) o una respuesta efectiva a la TAR? 
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1.2. Objetivos 

 

1.2.1. General: 

Identificar biomarcadores específicos en plasma sanguíneo y células mononucleares de sangre 

periférica (CMSP) mediante RMN asociados a la resistencia natural a la infección por el VIH-1 en 

HESN y al tiempo de progresión a SIDA en individuos controladores y progresores. 

 

1.2.2. Específicos: 

1. Desarrollar un protocolo optimizado para la determinación del perfil metabolómico de 

muestras de CMSP de voluntarios mediante RMN. 

2. Construir matrices metabolómicas para el plasma sanguíneo y las CMSP que permitan 

comparar los grupos de individuos del estudio. 

3. Determinar, mediante análisis multivariado dependiente e interdependiente, los 

metabolitos que se puedan identificar como biomarcadores diferenciadores de los grupos 

del estudio. 

4. Proponer las rutas metabólicas que ayuden a explicar las diferencias metabolómicas que 

se encuentren entre los grupos del estudio. 
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Development of an optimized method for processing Peripheral Blood Mononuclear Cells 

for 1H-Nuclear Magnetic Resonance-based metabolomic profiling 

 

2.1. Abstract 

Human peripheral blood mononuclear cells (PBMCs) are part of the innate and adaptive immune 

system, and form a critical interface between both systems. Studying the metabolic profile of 

PBMC could provide valuable information about the response to pathogens, toxins or cancer, the 

detection of drug toxicity, in drug discovery and cell replacement therapy. The primary purpose of 

this study was to develop an improved processing method for PBMCs metabolomic profiling with 

nuclear magnetic resonance (NMR) spectroscopy. To this end, an experimental design was 

applied to develop an alternative method to process PBMCs at low concentrations. The design 

included the isolation of PBMCs from the whole blood of four different volunteers, of whom 27 cell 

samples were processed by two different techniques for quenching and extraction of metabolites: 

a traditional one using organic solvents and an alternative one employing a high-intensity 

ultrasound probe, the latter with a variation that includes the use of deproteinizing filters. Finally, 

all the samples were characterized by 1H-NMR and the metabolomic profiles were compared by 

the method. As a result, two new methods for PBMCs processing, called Ultrasound Method (UM) 

and Ultrasound and Ultrafiltration Method (UUM), are described and compared to the Folch 

Method (FM), which is the standard protocol for extracting metabolites from cell samples. We 

found that UM and UUM were superior to FM in terms of sensitivity, processing time, spectrum 

quality, amount of identifiable, quantifiable metabolites and reproducibility. 

 

2.2. Introduction 

 

A peripheral blood mononuclear cell (PBMC) is any blood cell with a round nucleus, such as 

lymphocyte, monocyte or macrophage [1]. PBMC are composed of three types of cells: 

lymphocytes, dendritic cells and monocytes. The abundance or frequency of each type has a 

characteristic distribution in humans as follows: most PBMC correspond to lymphocytes with an 

abundance of between 70% and 90%, while dendritic cells are rare with only between 1% and 2% 

of the total population, and monocytes are in the middle with an abundance ranging from 10% to 

20%. There are different types of cells in the lymphocyte family, including CD3+ T cells (70-85%), 
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B-cells (5-10%), and NK cells (5-20%). Specifically, CD3+ lymphocytes are composed of CD4+ 

and CD8+ T cells with an approximate 2:1 ratio. Furthermore, the activation process of CD4+ T-

cells causes a conversion phenomenon in various subsets of effector cells, including Th1, Th2, 

Th17, Th9, Th22 cells, follicular helpers (Tfh) and different types of regulatory cells [2–5]. 

In the immune system, PBMCs stand out as an essential component as they are responsible for 

generating a response to the external agents that enter the body. [6,7] and to the cells that have 

transformed into a cancerous cell type [8,9]. This has led to medical and research interest being 

shown in studying PBMC in diverse areas such as immunology [10–13], toxicology [14,15], 

infectious disease [16–18], allergic diseases [19,20], cardiovascular diseases [21,22], 

hematological malignancies [23], transplant therapy [24], vaccine development [25,26] and 

personalized medicine [27]. It is possible to find fundamental information on the function of 

different types of cells [28], to identify biomarkers and metabolic pathways associated with 

different medical conditions [29], and to perform disease modeling [30] through in vitro studies of 

PBMCs.  

Metabolomic profiling can gain insight into changes in the metabolic state of cells due to external 

agents, such as diseases and their treatment with medications, environmental factors, diet, 

lifestyles, genetic effects, toxic exposure, etc. [31–35]. For this purpose, nuclear magnetic 

resonance (NMR) spectroscopy provides the unbiased detection of metabolites, robustness, 

reproducibility, minimal sample preparation, easy interpretation and analysis of spectral data, and 

quantitative information about the metabolome of cells [36,37]. 

Previous protocols for the metabolomics profiling of PBMCs by NMR were performed, starting 

from 20 mL blood and 20 million PBMCs [38]. However, the blood volume available for extracting 

PBMCs in clinical studies is limited, and the amount of PBMCs in the blood depends on the 

patient's condition. For instance, immunosuppressive diseases such as HIV-1 infection [39], 

cancer [40], and primary immunodeficiencies, characterized by low PBMC counts. Therefore, it 

would be optimal to work with smaller blood and cell samples by optimizing different metabolite 

extraction method steps, including the cell disruption method, the amount and type of solvents, 

and the processing time. [41–45].  

Accordingly, this study aimed to develop an improved method to process PBMCs for metabolomic 

profiling by NMR spectroscopy. We wished to obtain reproducible and robust high-quality data 

from PBMC samples of 12.5 million cells or fewer, with minimal sample handling and a short 

processing time. Our approach is based on using high-intensity ultrasound, as previously 
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described for other types of cells and tissues [46–49], and to compare it to the Folch method, the 

international standard for processing these biological samples [50,51]. The method developed for 

analyzing the metabolic profile of PBMCs by 1H-NMR could be a tool for the biomarker 

identifications associated with disease diagnosis, evaluations of the effects of new treatments on 

patients, among other approaches [34,35,52]. 

 

2.3. Materials and Methods 

 

2.3.1. Chemicals and materials 

Solvents and reagents were Ficoll-Paque Plus, Phosphate-Buffered Saline (PBS), sodium 

phosphate dibasic dehydrate and sodium azide, methanol, chloroform, deuterated water and 

deuterated trimethylsilyl propanoic acid (TSP-D4) were supplied by Merck (Germany). The 

ultrapure water was obtained in a Milli-Q purification system of Merck Millipore. The Vivaspin® 

500 3,000K MWCO Centrifugal Concentrators were provided by Sartorius. 

In order to develop the high-intensity ultrasound process, an LSP-500 ultrasonic liquid processor 

(Sonomechanics, New York, USA), equipped with an ultrasonic generator of 500 W, an air-cooled 

piezoelectric transducer (ACT-500), a full-wave Barbell Horn™ (FBH, 21-mm tip diameter) and a 

reactor chamber (jacketed beaker refrigerated), was used for all the experimental runs. 

 

2.3.2. Human subjects 

This study was approved by the Bioethical Committee, Universidad de Antioquia; and all the 

individuals signed informed consent, prepared according to Colombian Legislation, Resolution 

008430/1993. Healthy controls were 59, 34, 25, and 40 year-old male individuals, recruited 

through the blood bank from the IPS Universitaria, Universidad de Antioquia. These individuals 

fulfilled the donor eligibility requirements; their hemoglobin levels equaled or exceeded 13g/dL, or 

the hematocrit value equaled or was over 39 percent; they were negative for several infectious 

diseases and the blood samples donation protocol did not require eitherfasting or a nonfasting 

status. For whole blood, a donation of 450 mL (60-70ml of Citrate Phosphate Dextrose 

anticoagulant) was obtained from each individual. Four volunteers were analyzed. From the first 

volunteer, a total of nine samples were processed, a triplicate for each evaluated method (FM, 

UM, UUM). For the three remaining volunteers, a duplicate of each volunteer was analyzed by 
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each method on two different evaluation days; that is, a total of 27 measurements were made, 

nine for each evaluated method. 

 

2.3.3. Human peripheral blood mononuclear cells isolation 

The isolation of PBMCs leukocytes was carried out by a Ficoll-Paque gradient method [53]. 

Peripheral blood, freshly extracted from healthy volunteers, was carefully poured into a tube with 

Ficoll at the blood/Ficoll 1:4 proportion, and allowed to stand for approximately 20 min, centrifuged 

at 591 g for 30 minutes at room temperature with brake off to ensure that deceleration did not 

disrupt the density gradient. Three phases were obtained. At the bottom of the tube, red blood 

cells (RBCs) and granulocytes concentrated. Likewise, a white fraction of the mononuclear in the 

middle (PBMCs) and an upper phase corresponding to plasma and platelets formed. The PBMCs 

phase was carefully transferred to a separate tube and washed with PBS 1X at the 1:10 

PBMCs/PBS 1X proportion. Subsequently, PBMC were centrifuged at 1000 g for 5 min at 4ºC. 

The supernatant was discarded, and the pellet containing PBMCs was resuspended in 1 mL of 

PBS 1X for cell counting and viability tests. Cells were diluted within a range between 250000 

cells/mL and 500000 cells/mL to be counted with the Neubauer chamber. Later an aliquot (50 μL) 

of the cell suspension was diluted 1:1 (v/v) with 0.4% trypan blue dye (Trypan Blue should be 

sterile-filtered before using it to do away with the particles in solution that would disturb the 

counting process). After carefully the hemocytometer chamber was filled with 20 μL of cell 

suspension. Then it was incubated for 1–2 min at room temperature (incubations exceeding 30 

min may cause decreased cell viability due to Trypan toxicity). Nonviable cells are blue and viable 

cells are unstained. Next, viable cells were counted under the microscope in four 1 x 1 mm squares 

of the Neubauer chamber and the average number of cells per square was determined (Neubauer 

hemocytometer consists of two chambers, each divided into 9 mm2 squares) [54–57]. Finally, cells 

were diluted in PBS 1X to obtain individual portions of 12.5 million viable cells in 100 µL. PBMC 

were frozen at -80°C until processed. 

 

2.3.4. Extraction of metabolites for the 1H-NMR experiments 

Frozen samples were placed on ice for 5 min, and then subjected to the first extraction procedures, 

the Folch Method (FM) [58,59]. Briefly, 160 μL of methanol and 80 μL of chloroform at 4ºC were 

added per tube (12.5 million cells). Samples were then homogenized by vortexing and left to stand 

for 15 min. For uniform cell breakage, samples were submitted to three freeze-thaw cycles with 
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liquid nitrogen. Then 125 μL of distilled water and 125 μL of chloroform were added to each 

sample, which were later vortexed. Samples were then centrifuged at 15000 g for 30 min at 4ºC 

to separate phases. The solution was separated into an upper water/methanol phase (with polar 

metabolites, aqueous phase), an interphase containing mainly proteins, DNA/RNA, cell 

membranes, and a lower chloroform/methanol phase (with lipophilic compounds, organic phase). 

The aqueous phase was lyophilized overnight to obtain dry extracts. Extracts were stored at -80˚C 

until sample preparation for the 1H-NMR experiments. 

The second procedure was the Ultrasound Method (UM), in which 650 μL of phosphate buffer (50 

mM Na2HPO4 pH 7.4, in D2O with 0.1 mM of deuterated trimethylsilyl propanoic acid (TSP-D4)) 

were added per sample with 12.5 million cells. Cells were resuspended with a micropipette and 

homogenized with a vortex. Then for cell breakage, samples were submitted to a cycle described 

as follows: First cells were frozen with liquid nitrogen (1 min). Then the sample was immersed in 

a refrigerated bath (4˚C) equipped with a high-intensity ultrasound probe set at a frequency of 

20050 Hz and a 100% amplitude for 5 min. This cycle was run six times. Samples were then 

centrifuged at 12000 g for 120 min at 4ºC to separate phases. The solution was separated into an 

upper phase (with metabolites) and a lower phase (containing mainly proteins, DNA/RNA, and cell 

membranes). The supernatant was stored at -80ºC until the sample analysis for the 1H-NMR 

experiments. 

The third procedure was called the Ultrasound and Ultrafiltration Method (UUM). It involves taking 

the supernatant obtained from the second method and filtered with a ultrafilter previously washed 

with phosphate buffer (10X with phosphate buffer, pH 7.4). Samples were then centrifuged at 

12000 g for 120 min at 4ºC and the filtered solution was stored at -80ºC until the sample analysis 

for the 1H-NMR experiments. 

 

2.3.5. 1H-NMR experiments 

The freeze-dried powder from FM was solubilized in 650 μL of phosphate buffer (50 mM Na2HPO4, 

pH 7.4, in D2O) containing 0.1 mM of deuterated trimethylsilyl propanoic acid (TSP-D4) as a 

reference standard and 550 μL were transferred to a 5 mm NMR tube. Likewise, 550 μL of 

supernatant, or filtered from UM and UUM, were transferred to independent 5 mm NMR tubes. All 

the samples (FM, UM, or UUM method) were stored at 4ºC, equilibrated at room temperature for 

15 min before analyzing, which took place on the same day. The 1H-NMR spectra of extracts were 

recorded at 300K by a Bruker AVANCE III 600.13 MHz spectrometer, equipped with 5 mm triple-
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resonance z-gradient cryoprobe (Prodigy TCI, 1H-13C/15N-2H). TopSpin, version 3.6.2 (Bruker 

GmbH, Karlsruhe, Germany), was used for spectrometer control purposes. 1H 1D Nuclear 

Overhauser Effect Spectroscopy (NOESY) NMR spectra, with water presaturation and spoil 

gradients (noesygppr1d pulse sequence), were acquired with 256 free induction decays (FIDs), 

64k data points, a spectral width of 30 ppm, and a relaxation delay of 60 s. Total Correlation 

Spectroscopy (TOCSY) and multiplicity Heteronuclear Single Quantum Correlation (HSQC) were 

performed on representative samples with 256–512 t1 increments, 32–96 transients and a 

relaxation delay of 1.5 s. The TOCSY spectra were recorded by a standard MLEV-17 pulse 

sequence with mixing times (spin-lock) of 65 ms. 

 

2.3.6. Data analysis and statistics 

NMR spectra processing: 1H-NMR spectra were transformed with a 0.5 line-broadening, and 

manually baseline- and phase-corrected with Topspin 4.0.9. NMR signals of TSP-D4 were 

referenced to 0 ppm. For metabolite identification purposes, the 1H and chemical shift values and 

multiplicity of signals were compared with the reference data from the Chenomx software 

(Chenomx NMR Suite 8.4, Chenomx Inc., Edmonton, Canada) in combination with spectral 

databases Human Metabolome Database and the Biological Magnetic Resonance Bank and 

several literature reports [33,60]. Optimal integration regions were defined for each metabolite in 

an attempt to select signals without overlapping. Integration was performed with MestreNova 14 

(Mestrelab Research, SL, Santiago de Compostela, Spain) by performing a manual integration of 

the previously identified signals. With these regions, an integration matrix (Integral Regions) was 

built, which was later applied to the 27 acquired spectra and a matrix of integrals was built for all 

the spectra (Integral series). This matrix of integrals was normalized by the sum of the total signals 

of the spectrum using Excel (Microsoft, USA). 

Quantification and comparison of Metabolic Profiles: An analysis of the areas of every 

variable (metabolite) was carried out for each method (FM, UM and UUM) in the 27 spectra 

analyzed as follows: measures of central tendency (mean or median) were determined with 

Excel, and statistical assumptions of normality (Shapiro-Wilk Normality Test) and 

homoskedasticity (Levene test) were evaluated with RStudio. To determine the difference in the 

measures of central tendency between the methods, a comparison of the gold standard for the 

processing of biological samples (FM) with the developed methods (UM and UUM) was made. 

Resulting in two comparisons, FM versus UM and FM versus UUM. The difference in measures 

of central tendency was determined as appropriate; mean difference using t-Test for paired 
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samples (if the variable in both methods had normal distribution and homoskedasticity) or median 

difference using Wilcoxon Test for k paired samples (if the variable in one of the methods had non 

normal distribution and/or heteroskedasticity). For tests with a p value less than 0.05 (p0.05), a 

statistically significant difference between the means (mean or median as appropriate) is assumed 

for the variable evaluated. This last statistical test was performed with the RStudio software. 

Analysis of repeatability and reproducibility: The Six Sigma Gage R&R Measure (Part of the 

Six Sigma package of the R software) was applied to evaluate repeatability and reproducibility of 

three methods. The analysis was performed with the three patient samples analyzed on different 

days and by different analysts. A total of 18 samples were analyzed, 1 sample per patient, per day 

and per method, in 2 evaluation days. The input data were the variables that presented statistically 

significant changes (p0.05) in the central (measures of central tendency) difference test (t-Test 

or Wilcoxon Test as applicable). The coefficient of variation (CV) per variable of each method was 

compared. The repeatability of the methods was analyzed by determining the CV between 

replicates of the same patient, analyzed by NMR on the same day and processed by the same 

analyst. On the other hand, for the reproducibility analysis, the CV was determined between 

samples from the same patient, analyzed by NMR but processed in two days and by different 

analysts.  Results were represented graphically.  

Determination of limit of detection and limit of quantitation: Three regions were selected in 

the NMR spectrum (0.5 ppm, 6.5 ppm, 9.5 ppm) and had the lowest possible noise or interference 

level. The integration process of these regions was carried out (in the same way as with the other 

metabolites in the samples) in the 27 spectra analyzed, and the limit of detection (LOD) and the 

limit of quantification (LOQ) of all three methods (FM, UM and UUM) were determined. All the 

statistical analyses were performed with the RStudio and Excel software. 

 

2.4. Results 

 

2.4.1. Optimization of the pretreatment of samples and metabolite extraction 

Equal amounts of isolated PBMCs were processed by the new protocols (Figure 2.1) and the 

results were compared to the Folch method (FM) [50,51], which is widely used in mammalian cell 

metabolomics and has been previously applied to PBMCs [38]. In the new methods, cells were 

mixed with an aqueous buffer, and not with toxic solvents, such as methanol and chloroform in 

FM. Then cycles of freezing and cell disruption with a high-intensity sonicator were applied to the 
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cell suspension, and the resulting supernatant was transferred directly to an NMR tube to be 

analyzed (in the UM method). 

 

Figure 2.1. Step by step UUM method. Schematic explanation of PBMC processing by the UUM method 

(Ultrasound and Ultrafiltration Method). Using these methods, it is possible to obtain the metabolomic profile 

in 6 h starting from whole blood. The PBMC samples were isolated from the peripheral blood of healthy 

human individuals. Samples were split into an aliquot (12.5 million cells) for characterization. Finally, PBMC 

were extracted and the 1H-NMR metabolic profiles were determined. 

 

The cell freezing and disruption processes were optimized as follows: starting with a simple cycle 

to immerse the sample into liquid nitrogen (1 min), combined with high-intensity ultrasound at 

20,050 Hz, and 50% amplitude for 5 min (in a cold bath at 4ºC). However, under these conditions, 

the necessary cell disruption was not achieved as verified by visual inspection and a microscope. 

Therefore, the parameters of the ultrasound equipment were increased from 50% to 100% of the 

amplitude for the same period time. The number of cycles (freezing + cell disruption by ultrasound) 

was increased one by one until six cycles, which was the amount required to achieve a successful 

quenching and extracting process with the sample. For the UM centrifugation process, we based 

our work on previous cell disruption and metabolite isolation protocols [46,47]. However, we had 

to apply more time and more power during centrifugation to eliminate membranes and cell debris 

as the volume of PBMC cells is much smaller than most other cells (e.g., HeLa cells have an 

average volume of 3000 µm3, while the volume of PBMCs is only 130 µm3). We determined that 

a cycle of 12000 g for 120 min at 4ºC would be required to separate the pellet from the solution. 
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An increase in centrifugation force or time did not improve the subsequent NMR results, and 

shorter centrifugation times did not achieve optimal cell pellet separation. When analyzing the UM 

1H-NMR spectra results, we detected the presence of proteins in the spectrum, which is a 

generally undesirable characteristic for metabolomic profiling. Therefore, as a second option, the 

suspension was first transferred to a centrifugal filter to eliminate proteins, re-centrifuged and then 

moved to an NMR tube (for the UUM method). In both cases (methods UM and UUM), an NMR 

spectrum was obtained for PBMCs in less than 6 h, while FM required several hours for solvent 

elimination by freeze-drying and evaporation. 

 

2.4.2. Metabolic profile of PBMCs 

The representative 1H-NMR spectra resulting from the three tested methods are shown in Figure 

2.2. An assignment of the different signals in the spectra was performed with the help of 2D-NMR 

spectra, and with information available from public databases, the software Chenomx  8.6 

(Alberta, Canada) and existing literature about the metabolic content of PBMCs [38]. As a result, 

it was possible to identify more than 40 different metabolites (Figure 2.3). The primary metabolites 

were organic acids, amino acids and nucleotides. 

 

Figure 2.2. Comparison of the spectra obtained from the three different PBMC processing methods 

evaluated for metabolomic profiling. a) Ultrasound and Ultrafiltration Method, b) Ultrasound Method, c) 

Folch Method. The differences in specter regions between methods are seen in red boxes. 
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Figure 2.3. The assigned UUM 1H-NMR spectrum of PBMCs. Metabolite assignments are indicated by 

the numbers 1. Valine, 2. Leucine, 3. Isoleucine, 4. Ethanol, 5. Threonine, 6. 3-Hydroxyisovalerate, 7. 

Lactate, 8. Alanine, 9. Acetate, 10. Glutamate, 11. Methionine, 12. Pyruvate, 13. Succinate, 14. Citrate, 15. 

Aspartate, 16. Sarcosine, 17. Creatine, 18. Creatinine, 19. Phenylalanine, 20. Choline, 21. O-

Phosphocoline, 22. Carnitine, 23. Betaine, 24. Taurine, 25. Tyrosine, 26. Trimethylamine N-oxide, 27. 

Methanol, 28. Glycine, 29. Glycerol, 30. Serine, 31. Inosine, 32. GTP, 33. Xanthurenate, 34. Oxypurinol, 35. 

Xanthine, 36. AMP, 37. Formiate, 38. 2-hydroxybutyrate, 39. Lysine, 40. Glutamine, 41. Hydroxyacetone, 

42. Acetoacetate, 43. Methylacetoacetate, 44. Reduced glutathione (GSH), 45. Oxidized glutathione 

(GSSG), 46. Malonate, 47. Trimethylamine. 

 

A comparison of the metabolites that could be quantified and identified in the spectra resulting 

from each extraction method is found in Table 1. For FM, 37 metabolites, consisting in 17 organic 

acids, 18 amino acids and two nucleotides, were identified. For UM and UUM, 43 metabolites 

consisting in 19 organic acids, 19 amino acids and five nucleotides, were identified. 
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Table 2.1. List and detail of the metabolites assigned in the different evaluated methods evaluated 

METABOLITE 𝜹 in ppm (Multiplicity) CT 
GA (Visual) FO (%) 

FM UM UUM FM UM UUM 

2-hydroxybutyrate 0,89 (t), 1.61 (m), 1.65 (m),  OA + + + 100 100 100 

3-Hydroxyisovalerate 1.25 (s) OA + + + 100 100 100 

Acetate 1.92 (s) OA + + + 100 100 100 

Acetoacetate 2.26 (s) OA + + + 100 100 100 

Alanine 1.48 (d), 3.80 (q) AA + + + + + 100 100 100 

AMP 8.27 (s), 8.61 (s) N + + + 100 100 100 

Aspartate 2.67 (m), 2.81 (m) OA + + + 100 100 100 

Betaine 3.24 (s), 3.89 (s) AA + + + + + 100 100 100 

Carnitine 3.23  (s) AA + + + 100 100 100 

Choline 3.20  (s), 4.04 (m) OA + + + 100 100 100 

Citrate 2.56  (d), 2.63 (d) OA + + + 100 100 100 

Creatine 3.03 (s), 3.92 (s) AA + + + + 100 100 100 

Creatinine 3.05 (s), 4.01 (s) AA + + + + + 89 100 100 

Formiate 8.46 (s) OA - + + 33 100 100 

Glutamate 2.05 (m), 2.36 (m), 3.76 (m) OA + + + 100 100 100 

Glutamine 2.12 (m), 2.48 (m) AA - + + 44 100 100 

Glycine 3.57 (s) AA + + + + + 100 100 100 

GSH+GSSG  2.53-2.58 (m), 2.96 (dd) AA + + + 100 100 100 

GTP 8.03 (s) N O + + + 33 100 89 

Hydroxyacetone 2.14 (s) OA + + + + + 100 100 100 

Inosine 6.14 (d), 8.19 (s), 8.22 (s) N + + + 78 100 100 

Isoleucine  0.94 (t), 1.01 (d) AA + + + 100 100 100 

Lactate 1.33 (d), 4.11 (q), 4.12 (q), 4.13 (q) OA + + + 100 100 100 

Leucine  0.96 (t) AA + + + + + 100 100 100 

Lysine 1.72 (m), 1.91 (m) AA + + + + + 100 100 100 

Malonate 3.13 (s) OA - + + 89 100 100 

Methionine 2.17 (m), 2.65 (t), 3.85 (dd) AA + + + 100 100 100 
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Methylacetoacetate 2.34 (s) OA + + + 100 100 100 

O-Phosphocoline 3.21 (s) AA + + + 100 100 100 

Oxypurinol 8.38 (s) N O + + 33 100 78 

Phenylalanine 3.14 (m), 3.30 (m), 7.34 (d), 7.38 (d), 7.43 (t) AA - + + 44 100 100 

Pyruvate 2.38 (s) OA + + + 100 100 100 

Sarcosine 2.72 (s) AA - + - 56 100 44 

Serine 3.79 (dd), 3.99 (m) AA - + + 100 100 100 

Succinate 2.37 (s) OA + + + 100 100 100 

Taurine 3.26 (t), 3.43 (t) OA + + + 100 100 100 

Treonine 3.59 (d), 4.22 (m) AA + + + 78 100 56 

Trimethylamine 2.87 (s) OA O + + + 56 100 100 

Trimethylamine N-oxide 3.22 (s) OA + + + 100 100 100 

Tyrosine 3.96 (dd), 6.90 (d), 7.20 (d) AA O + + + 22 100 100 

Valine  0.99 (d), 1.04 (d), 2.29 (m), 3.62 (d) AA + + + + + 100 100 100 

Xanthine 7.83 (s) N O + + + 33 100 100 

Xanthurenate 7.08 (dd) OA O + + + 33 100 100 

FM: Folch Method, UM: Ultrasound Method, UUM: Ultrasound and Ultrafiltration Method, 𝜹: chemical shift, 

(s): singlet, (d): duplet, (dd): double doublet, (t): triplet; (q): quartet, (m): multiplet, CT: Compound Type, OA: 

Organic Acid, AA: Amino Acid, N: Nucleotide, GA: Graphical Analysis, +: Present, ++: Increased presence 

O: Absent, -: Unquantifiable, FO: frequency of occurrence. For FO less than or equal to 33%, the individual 

integration values were evaluated to define presence or absence. If the integration mean was less than 0, 

it was determined as absent in the method samples. 

It should also be noted that not all the metabolites identified in spectra had an optimal 

quantification quality for the later metabolomics analysis. In Table 1, the quality of the signals from 

each metabolite in all the methods is classified (present, increased presence, absent, 

unquantifiable). The most noteworthy case was FM, for which 37 metabolites were identified, but 

only 31 were quantifiable (Table 1). 

2.4.3. Quantitative comparison of the PBMCs Metabolomic Profiles 

The normalized concentration values of the all metabolites, See Supplementary Table 1 and 

Supplementary Table 2 (Anexo 2) were compared by applying a Student’s t-Test (normal 
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distribution and homoscedasticity) or a Wilcoxon Test (non normal distribution and/or 

heteroskedasticity). From this analysis, the number of metabolites lowered to 20, for which 

statistically significant differences were found for both comparisons. The results presented in 

Table 2 show the differences obtained between the means of the two established comparisons 

FM vs. UM and FM vs. UUM.
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Table 2.2. Metabolites significant for the comparisons between FM vs. UM and FM vs. UUM. 

Metabolite 

FM UM UUM FM UM UUM LT FM vs UM FM vs UUM Variation 

Mean Med Mean Med Mean Med 
S-W 

p-Value 

S-W 

p-Value 

S-W 

p-Value 
p-Value 

Mean 

Comparison 

Mean 

Comparison 

FM vs 

UM 

FM vs 

UUM 

2-hydroxybutyrate 5.50 4.76 13.88 14.85 16.15 17.87 0.615 0.105 0.113 0.066 1.75.E-04 7.39.E-04 ↓ ↓ 

Alanine 18.87 16.30 43.88 38.92 35.39 29.71 0.141 0.070 0.106 0.260 4.64.E-06 6.85.E-04 ↓ ↓ 

AMP 4.87 4.86 1.60 1.44 2.03 1.89 0.483 0.545 0.748 0.171 1.53.E-05 5.73.E-05 ↑ ↑ 

Carnitine 15.18 15.88 8.44 8.39 10.98 11.15 0.085 0.848 0.120 0.099 4.06.E-06 6.97.E-04 ↑ ↑ 

Choline 7.12 6.01 4.67 4.96 5.83 5.14 0.225 0.207 0.283 0.161 2.32.E-02 4.90.E-02 ↑ ↑ 

Citrate 12.43 12.45 9.25 9.10 4.58 4.71 0.839 0.600 0.319 0.038 1.95.E-02 3.91.E-03 ↑ ↑ 

Creatine 2.20 1.79 9.97 10.09 6.02 7.06 0.047 0.032 0.281 0.197 3.91.E-03 3.91.E-03 ↓ ↓ 

Creatinine 1.80 1.43 6.21 6.38 4.19 4.53 0.057 0.166 0.133 0.083 2.85.E-06 3.25.E-05 ↓ ↓ 

Glutamate 36.55 33.61 64.27 63.90 18.37 17.75 0.119 0.065 0.804 0.318 1.38.E-06 9.07.E-07 ↓ ↑ 

GSH+GSSG 6.11 6.09 10.22 10.44 1.91 2.30 0.983 0.467 0.473 0.542 2.50.E-03 5.40.E-04 ↓ ↑ 

Hydroxyacetone 5.16 5.09 8.18 8.12 6.87 6.83 0.444 0.445 0.583 0.069 4.13.E-08 1.33.E-04 ↓ ↓ 

Inosine 1.07 0.94 3.10 3.17 3.42 3.33 0.590 0.120 0.481 0.029 3.91.E-03 3.91.E-03 ↓ ↓ 

Isoleucine 2.88 2.52 9.10 8.44 7.07 4.52 0.282 0.014 0.006 0.145 3.91.E-03 3.91.E-03 ↓ ↓ 

Leucine 14.67 12.12 42.93 40.20 28.11 22.97 0.007 0.131 0.039 0.686 3.91.E-03 3.91.E-03 ↓ ↓ 

Lysine 32.74 27.16 94.86 90.05 60.29 55.44 0.010 0.090 0.445 0.589 3.91.E-03 3.91.E-03 ↓ ↓ 

Methionine 13.39 12.55 11.04 10.56 7.70 7.61 0.745 0.006 0.183 0.198 7.81.E-03 1.28.E-05 ↑ ↑ 

Methylacetoacetate 1.19 1.00 2.61 2.67 0.73 0.66 0.050 0.328 0.149 0.445 7.81.E-03 2.73.E-02 ↓ ↑ 

Taurine 51.04 50.39 21.06 19.64 40.21 38.88 0.570 0.018 0.179 0.154 3.91.E-03 1.10.E-03 ↑ ↑ 



63 
 

Trimethylamine N-oxide 13.04 13.57 7.26 6.56 8.27 8.51 0.061 0.029 0.533 0.000 3.91.E-03 3.91.E-03 ↑ ↑ 

Valine 3.69 3.08 12.08 10.46 11.16 7.35 0.027 0.182 0.004 0.155 3.91.E-03 3.91.E-03 ↓ ↓ 

FM: Folch Method, UM: Ultrasound Method, UUM: Ultrasound and Ultrafiltration, Med: Median, S-W p-Value: Shapiro-Wilk (Normality Test) p-Value, 

LT: Levene test (Homoskedasticity test), Mean comparison: using t-test or Wilcoxon test, Variation: ↓ (Smaller area or relative concentration in the 

reference method) ↑ (Bigger area or relative concentration in the reference method). 
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For a more detailed analysis, eight representative metabolites with isolated well-defined signals 

in all the spectra were selected (Valine, Alanine, Hydroxyacetone, Creatine, Creatinine, Choline, 

Taurine, Inosine). A repeatability and reproducibility analysis of each method was carried out by 

the Six Sigma Gage R&R Measure command. The results of this analysis are shown in Figure 2.4 

and Supplemetary Figures 1-8 (Anexo 3). 

 

 

Figure 2.4. Six Sigma Gage R&R Measure. A comparative repeatability and reproducibility analysis (FM 

vs. UM vs. UUM) for metabolites Valine, Alanine, Taurine and Inosine was carried out using the Six Sigma 

tool from RStudio. FM: Folch Method, UM: Ultrasound Method, UUM: Ultrasound and Ultrafiltration Method, 

R Chart by Method: Range chart by method (Numbers 1, 2, and 3 on the x-axis: Patients evaluated; 

Differences in normalized concentration values on the y-axis), Metabolite by Method: Metabolite 

concentration of samples by method (Methods evaluated on the x-axis; Normalized concentration values 

on the y-axis), CV: coefficient of variation as a percent. 
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In Figure 2.4, the graphs on the left represent the range control chart evaluated per metabolite 

with their corresponding control limits adapted for R&R studies. In a method or process with good 

repeatability, all the points should lie within the control limits. For the FM method, a point (Taurine 

concentration range of patient 3) is observed outside the upper control limit. In addition, FM has 

ranges and, therefore, the dispersion of the values between the replicates for the same patient 

are wider than those presented in methods UM and UUM. For this reason, we can affirm that UM 

and UUM are methods with greater repeatability than FM.  

The graphs on the right show all the measurement points (Concentration of each metabolite) by 

method (x-axis). The tracer line represents the mean of each one. These graphs allow an analysis 

of the methods’ reproducibility as the dispersion of the data between patients can be observed on 

different days for each method. The graphs show how data dispersion (scattered points on the y-

axis of each inflection point of the tracer line) for FM is generally wider compared to UM and UUM. 

This was confirmed by comparing the coefficients of variation (CV) for each method, which are 

observed at the bottom of each graph per evaluated metabolite. Once again, FM has higher CVs 

for most of the metabolites evaluated against UM and UUM, with an average CV of 45%, 

compared to 16% and 18% for UM and UUM, respectively. To further complete this numerical 

comparison, we also made a graphical comparison by overlapping the zoomed signals of the 

selected metabolites, as depicted in Figure 2.5 and Figure 2.6.  
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Figure 2.5. Comparative repeatability graphical analysis (FM vs. UM vs. UUM) for metabolites Valine, 

Alanine, Taurine and Inosine. a) Three overlapping methods, b) Folch method, c) Ultrasound and 

ultrafiltration method, d) Ultrasound method. A duplicate spectrum, acquired for the same patient 

and on the same day, is shown for each method. 
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Figure 2.6. Comparative reproducibility graphical analysis (FM vs. UM vs. UUM) for metabolites 

Valine, Alanine, Taurine and Inosine. a) Three overlapping methods, b) Folch method, c) Ultrasound and 

ultrafiltration method, d) Ultrasound method. For each method a duplicate spectrum is shown for the same 

patient but processed on different days. 

 

Finally, we also calculated the LOD and LOQ of the three methods, as presented in Figure 2.7. 

Once again, we obtained better results for UUM and UM than for FM, and slightly better results 

for UUM than for UM. This result was expected as we were able to identify and quantify more 

metabolites with methods UUM and UM.  
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Figure 2.7. Sensitivity comparison of the FM, UM and UUM methods with the limit of 

detection and limit of quantification. Calculated by the standard deviation (LOD=3xSD and 

LOQ=10xSD) of the integrals of the three selected noise regions of the spectrum (0.5 ppm, 6.5 

ppm and 9.5 ppm) for all the spectra of each method. Normalized concentration values on the y-

axis. 

 

2.5. Discussion 

 

In this work, we present two new methods for determining the metabolic profile of PBMCs by NMR, 

which were compared with the FM method by evaluating processing and quality parameters. As 

a quantitative comparison proved (Table 2), significant differences in the normalized metabolite 

concentration between the new methods (UM and UUM) and the FM method existed.  It is worth 

mentioning that these analyzes were performed with a small sample size, which may affect the 

power of the statistical tests performed. For example, the normality test (Shapiro-Wilk test) was 

used as a means to select whether to take a parametric or non-parametric approach to testing the 

hypothesis and contrast the methods and its metabolites. In these case, normality and t test have 
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little power to reject the null hypothesis because small samples most often pass normality tests. 

But, both tests are designed to achieve reliable results with small sample sizes. (n<30) [61]. 

In Table 3, we present a comparison of the main parameters of the three methods (FM, UM, UUM). 

Our results suggest that the best method to analyze PBMCs for NMR metabolomic profiling was 

UUM for sensitivity, repeatability and reproducibility, but also processing time and robustness 

(related to the number of steps to be performed). 

 

Table 2.3. General comparison of the three methods tested for the metabolomics profiling of PBMCs 

by NMR. 

FEATURE 

Method 

FM UM UUM 

Number of cells 12.5 million cells 12.5 million cells 12.5 million cells 

Processing time 16 hours 4 hours 6 hours 

Processing steps 7 4 5 

Lyophilization Yes No No 

Presence of Protein  No Yes No 

Solvents  
Methanol, H2O, 

CHCl3 
H2O H2O 

Amount of metabolites 

(detected–quantifiable) 
37 - 31 43 - 43 43 - 42 

R&R test1 36% 15% 23% 

Repeatability2 10% 3% 3% 

Reproducibility3 30% 5% 10% 

Limit of detection4 2.00 0.87 0.53 

Limit of quantification4 6.66 2.89 1.77 



70 
 

FM: Folch Method, UM: Ultrasound Method, UUM: Ultrasound and Ultrafiltration Method, +: Acceptable, ++: 

Good, +++: Very good. 1Overall Coefficient of Variation for the R&R test for the eight evaluated metabolites. 

2Coefficient of variation between replicates of the same patient (processed on the same day) for the 

concentration of the eight evaluated metabolites (as an average of individual CVs), 3Coefficient of variation 

between replicates of the same patient (processed on two different days) for the concentration of eight 

evaluated metabolites (as an average of individual CVs), Calculated with the standard deviation (LOD=3xSD 

and LOQ=10xSD) of the integrals of the three selected noise regions of the spectrum (0.5 ppm, 6.5 ppm, 

9.5 ppm) for all the spectra from each method. 

 

Of the advantages that the new method offers, it is worth highlighting the fewer PBMCs required 

to obtain quantifiable results. A previous work has employed 20 million cells [38], which is twice 

the number of cells herein used, but with similar spectral quality. When working with 12.5 million 

of PBMCs, we obtained a better LOQ and LOD with the new methods UM and UUM versus FM, 

which identified more metabolites (43, 43 and 37, respectively), and, most importantly, many more 

quantifiable metabolites (43, 42 and 31, respectively). This increase in the number of metabolites 

means more variables to be analyzed in a metabolomic study and, therefore, an increased 

probability of identifying a biomarker and metabolic pathway associated with a biological process 

or medical condition, which summarizes the goal of metabolomics. However, it should be noted 

that the use of centrifugal filters caused two unwanted signals to appear in the spectrum that 

resulted from the filter's own composition (Glycerol at 3.56 ppm) or the washing solution (Ethanol 

at 3.67 ppm), as seen in the UUM spectrum in Figure 2.2. Fortunately, these signals did not 

overlap the signals of the other metabolites detected in the spectrum from UUM. 

Furthermore, FM is very efficient in removing metabolites that could interfere with the analysis and 

are present in the biological matrix (proteins, lipids, and other interferences). Therefore, it has an 

advantage over the UM method, where it was still possible to observe wide bands of protein and 

lipoprotein signals (see the red boxes in the spectrum, panels b, and c of Figure 2.2) that markedly 

overlap the metabolite signals in the 1H-NMR spectrum. This overlapping could hinder a correct 

integration of the signals of the individual metabolites, requiring a deconvolution process for a 

correct quantification. However, this advantage was not present compared to the UUM method, 

where the additional filtration process in the centrifugal filters eliminated all interferences with a 

superior quality spectrum and better line base (see the red boxes in the spectrum, panels a and c 

of Figure 2.2). Moreover, the increased additional signal-to-noise ratio of the spectra obtained with 

the UUM method compared with FM, enhances a correct integration and quantification of the 

signals.  
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It is also interesting to focus on the extraction and lysis processes required to obtain samples for 

NMR-based metabolomic profiling. These workups are often the most laborious and rate-limiting 

steps in metabolomics because they require accuracy, repeatability and reproducibility, as well as 

robustness. To date, several rigorous studies recommend the use of the methanol–chloroform–

water mixture (FM) to extract the largest number of metabolites with repeatability [62,63]. 

However, following FM is associated with many sequential manipulations (i.e., quenching, multiple 

lysis, centrifugation, solvent elimination, sample drying, etc.) that significantly increase the risk of 

experimental errors or the introduction of variability. Instead, the methods herein developed (UM 

and UUM) involve fewer steps (i.e., simultaneous quenching-lysis-extracting cycles, centrifugation 

and ultrafiltration), which take place in the same container and minimize the risk of sample loss. 

Both UM and UUM provided higher reproducibility and repeatability of the results compared to 

FM, as represented in Figures 2.4-2.6. 

Moreover, the processing time is another crucial variable. Table 3 denotes how FM takes 2-5-fold 

longer than UUM and takes 4-fold longer than UM; this is translated into higher sample handling 

costs and fewer samples analyzed per day. The latter is perhaps the most critical variable in clinics 

where many samples have to be evaluated, and the results need to be obtained in the shortest 

possible time. In addition, the need to use toxic solvents (methanol and chloroform) and 

disposable materials increases the cost of FM. While processing a sample by FM, water, 

methanol, chloroform, buffer, and at least three centrifuge tubes, are required. With UM, only 

buffer and one centrifugal tube are needed. UUM requires an additional centrifugal filter, which 

slightly increases the price of this process compared to UM. FM involves using a freeze dryer, an 

instrument with a relatively high cost compared to the ultrasound probe required for UM and UUM. 

The metabolites detected from PBMCs can provide valuable information to diagnose and manage 

diseases given their nature and function in the human body. The immune system involves two 

fundamental types of responses in which PBMCs perform functions: the humoral response 

(Humoral Immunity) and the cell-mediated one (Cellular immunity). These responses are related 

to the activation of T- and B-lymphocytes. Likewise, in immune defense lines (the innate and 

adaptive immune systems), PBMCs also play a role. In the innate system, in which cells perform 

an effector function without requiring specific antigen recognition, NK cells perform related 

functions, whereas dendritic cells (a type of PBMCs) form a critical interface between both innate 

and adaptive systems. It should be noted that the medical and therapeutic interest in PBMCs, 

which has led to state-of-the-art developments in the field of stem cells using a fraction of PBMCs 

from a single donor, lies in the generation of induced pluripotent stem cells (iPSC), which is 

extremely relevant in personalized medicine. Moreover, there have been more recent 
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developments, which aim to treat human cancers without a compatible donor by using genome 

editing technology, such as CRISPR / Cas9, to transform T-cells into CAR-T cells [64]. When the 

aim is to acquire information about changes in the metabolic state of cells, as is the case of 

PBMCs, metabolomic profiling by NMR is an analysis method that allows the non-targeted 

characterization of a large number of different metabolites in a single analysis. This metabolomic 

technique provides data that can be used in combination with other omics data, such as those 

obtained by genomics and proteomics. Taken together, these data have been applied to a wide 

range of in vitro models and have helped to better understand the metabolism of a healthy and a 

diseased individual [65]. Although we know that some studies exist on the metabolomic profiling 

of blood cells, most of them have been carried out on red blood cells (RBC) and 

polymorphonuclear cells (PMNs) [66–74], and very limited data about analyzing PBMCs by NMR 

spectroscopy from patients are available [38,75].  

In future works, this method can be directly applied to perform high-throughput metabolomics 

analyses in clinical studies, especially for studying diseases in which the immune system plays an 

important role. In particular, we intend to apply it to research about the human immunodeficiency 

virus (HIV), to identify biomarkers and metabolic pathways associated with AIDS development. 

 

2.6. Conclusions 

 

This work presents a new processing method of PBMCs for metabolomic profiling by NMR 

spectroscopy. High quality, robust and reproducible data can be obtained from PBMC samples of 

12.5 million cells (half the amount previously reported) by combining high-intensity ultrasound and 

centrifugal filtration. The resulting ultrasound and ultrafiltration method (UUM) is characterized by 

minimum sample handling (the whole process can be done in the same vial) and a short 

processing time (6 h vs. 16 h that the traditional method lasts). In combination with the easy 

availability of PBMC samples from patients, methods open up new avenues for the application of 

1H-NMR-based PBMC metabolomics profiling for disease diagnosis and management. 
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Identification of Biomarkers and metabolic pathways associated with HIV-1 infection 

through 1H-Nuclear Magnetic Resonance metabolomics of Peripheral Blood Mononuclear 

Cells 

 

3.1. Abstract 

HIV-1 chronically attacks the immune system, specifically targeting CD4+ T lymphocytes, 

monocytes and dendritic cells, which are part of Peripheral Blood Mononuclear cells (PBMC), 

which collectively play a crucial role in controlling infections. Therefore, HIV infection and exposure 

could alter cellular metabolites due to the viral pathophysiology. Metabolomics studies on these 

cells during HIV infection and exposure have been poorly explored. Therefore, metabolomics 

could explain how HIV infection leads to immunological exhaustion or cellular senescence, which 

leads to AIDS; likewise, metabolomics could help to find mechanisms of natural resistance to HIV 

infection during sexual exposure. We conducted a cross-sectional study involving 20 people living 

with HIV on anti-retroviral therapy (PLHIV-ART), 8 HIV-exposed but seronegative individuals 

(HESN) who were sexually-exposed and 20 healthy controls (HC). PBMC were isolated from the 

whole blood of the volunteers. Using a novel method developed in our laboratory, which employs 

high-intensity ultrasound for the quenching and extraction process and deproteinizing filters for 

the purification of the constituent metabolites of the sample, we performed metabolic profiling of 

the groups. As a result, we identified potential biomarkers and metabolic pathways associated 

with infection in PLHIV-ART and natural resistance to HIV in HESN. In PLHIV-ART, a decrease in 

the expression of phenylalanine and carnitine, and an increase in the expression of glycine are 

proposed as biomarkers of the effective response to ART. In HESN, a decreased expression of 

adenosine monophosphate (AMP), leucine and inosine are established as potential biomarkers of 

resistance to HIV-1 infection. In the PLHIV-ART group, changes in metabolic pathways had a 

higher impact factor and higher statistical significance than those observed in the HESN group. 

The phenylalanine, tyrosine and tryptophan biosynthesis pathway stands out in both groups. This 

is the first published research that analyzes PBMC's in these groups, and opens the door for new 

studies of diseases that affect the immune system using NMR metabolomics. 

 

3.2. Introduction 

The history of Human immunodeficiency virus type 1 (HIV-1) spans over 40 years, with the first 

case of acquired immunodeficiency syndrome (AIDS) in humans described in 1983 (Barré-
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Sinoussi et al., 1983; Gallo et al., 1983). Despite extensive research, and the availability of 

effective treatments controlling the infection and prolonging the life expectancy of infected people 

(Günthard et al., 2016) a cure has not yet been found (Sankaranantham, 2019), and AIDS 

associated mortality continues to be a significant public health issue. HIV-1 infection occurs mainly 

through anal or vaginal sex or sharing needles and syringes (DeHaan et al., 2022). Regardless of 

the transmission route, viral particles are found in the bloodstream  and they use CD4+ T 

lymphocytes to carry out their biological cycle, leading to viral replication, the establishment of 

reservoirs, and the progression of the infection (Pan et al., 2013). T lymphocytes, which regulate 

the adaptative response against HIV-1, belong to the Peripheral Blood Mononuclear cells (PBMC), 

which also includes dendritic cells and monocytes, potential targets for HIV-1 infection as well (Wu 

et al., 2023). 

PBMC are activated in defense against HIV-1, and their response to the virus determines the 

progression of the disease and contribute with the natural resistance to the HIV-1 infection 

(Woodham et al., 2016). Repeated contact with HIV-1 would suppose an infection; however, some 

individuals remain uninfected despite multiple high-risk sexual exposures; they are known as HIV-

exposed but seronegative individuals (HESN) and represent the existence of potential factors 

mediating natural resistance to HIV-1 infection ( Miyazawa et al., 2009 ;   Alarcón-Uribe   et al., 

2023; Ossa-Giraldo et al., 2022). Therefore, studying PBMC can provide valuable insights into the 

pathophysiology of the virus and the biological mechanisms involved in controlling this infection. 

To date, studies on PBMC during HIV infection and exposure have focused on evaluating 

immunological function by measure activation markers, proliferation, effector activity and 

determining their morphology and physiology (Mazzoli et al., 1997; Stranford et al., 1999; Bégaud 

et al., 2006). However, as of the time of writing this article, there were no studies evaluating the 

changes occurring in the metabolome of PBMC exposed to or infected by HIV-1. The metabolome 

is the complete set of metabolites (amino acids, nucleotides, carbohydrates, and lipids) present in 

an organism or a biological sample, which serve as substrates, intermediates, and products of 

metabolism within cells (Qiu et al., 2023). The study of changes in the metabolome provides a 

biochemical synopsis of the physiological impact of a disease, and this is typically performed 

through metabolomics (Qiu et al., 2023). This study includes the application of an protocol 

optimized by our research team for the analysis of PBMC, which uses high-intensity ultrasound 

for the quenching and extraction process, avoiding the use of solvents and maximizing the use of 

the sample with less treatment time and sample handling (Gómez-Archila et al, 2021). 
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Previous metabolomics studies using nuclear magnetic resonance (NMR) spectroscopy have 

been carried out to evaluate the effects of HIV-1 on the human body. These investigations have 

primarily focused on biological fluids such as serum, plasma, urine and cerebrospinal fluid (Bertini 

et al., 2012; Li and Deng, 2016; Paris et al., 2018). However, to our knowledge, no studies have 

examined PBMC from exposed to, or HIV-1 infected individuals. 

 

3.3. Materials and Methods 

 

3.3.1. Chemicals and materials 

All solvents and reagents used were of analytical grade. Sodium phosphate dibasic dihydrate, 

sodium azide, deuterium oxide, and 3-(Trimethylsilyl) propionic-2,2,3,3-d4 acid sodium salt (TSP-

d4) were supplied by Merck (Darmstadt, Germany). Phosphate buffered saline (PBS) 1X pH 7.4 

is composed of 137 mM NaCl, 2.7 mM KCl, 4.3 mM Na2HPO and 1.47 mM KH2PO were supplied 

by Gibco® Ultrapure water was obtained using a Milli-Q purification system of Merck Millipore. 

Vivaspin® 500 3000 K MWCO Centrifugal Concentrators were provided by Sartorius® (Göttingen, 

Germany). 

To develop the high-intensity ultrasound process, an LSP-500 ultrasonic liquid processor 

(Sonomechanics, New York, USA) equipped with a 500 W ultrasonic generator, an air-cooled 

piezoelectric transducer (ACT-500), a full-wave Barbell Horn™ (FBH) with a 21-mm tip diameter, 

and a reactor chamber (jacketed beaker refrigerated) was used for all experimental runs. 

 

3.3.2. Human subjects 

A retrospective study was developed. The study used a defined database of volunteers to 

establish case-control relationships. PBMC samples from 48 volunteers were evaluated and 

distributed as follows: 

 PLHIV-ART: This group included twenty individuals who had been diagnosed with HIV-1 

infection for more than one year. The median CD4+ T cell count was 466 cells/uL (range 

353-769 cells/uL) and the median viral load was 20757 copies/mL (range 97-96900 

copies/mL). All individuals in this group were receiving ART. 

 HESN: This group included eight HIV-negative individuals from serodiscordant couples 

which are defined as follow: one individual is HIV-positive and its partner is HIV-negative 
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(clinically and serologically). The individuals of HESN group reported multiple unprotected 

sexual episodes for more than 2 years at the time of enrollment. They reported at least 5 

episodes of high-risk intercourse within 6 months before study entry. Their partners were 

HIV-positive with a detectable viral load (Zapata et al., 2008). No Δ32-homozygous 

subjects were included in this group. 

 Healthy controls: This group involved twenty individuals. They had negative serological 

tests for HIV-1 and reported nonsexual risk behaviors. 

Study Approval: This study was approved by the Bioethical Committee at the Universidad de 

Antioquia. All individuals participating in the study signed an informed consent form. This form 

was prepared according to the Colombian Legislation Resolution 008430/1993. 

Exclusion criteria: Individuals with hemoglobin ≤8.0 g/dl; neutrophil count ≤1,000/mm3; individuals 

under immunosuppressive treatment; pregnant or lactating women; volunteers with cancer or with 

an active infection or disease that require hospitalization. 

 

3.3.3. Human peripheral blood mononuclear cells isolation 

The isolation of PBMC was carried out through a density gradient using the Ficoll-Histopaque 

(Sigma-Aldrich, St. Louis, MO, USA). Peripheral blood from healthy volunteers was carefully 

poured into a tube with Ficoll at the blood/Ficoll ratio 1:4. Let the mixture rest for 20 minutes and 

subjected to 591 g by centrifugation at room temperature for 30 minutes. Three phases are 

obtained; red blood cells (RBC) and granulocytes at the bottom of the tube; the white mononuclear 

cell (PBMC) fraction in the medium; and plasma and platelets in the upper one. The PBMC phase 

was separated and washed with 1X PBS (PBMC/PBS ratio of 1:10). Subsequently, the PBMC 

were centrifuged at 1000 g for 5 min at 4ºC, the supernatant was discarded and the cells were 

resuspended in 1X PBS for cell counting (Neubauer chamber) and viability tests (0.4% trypan 

blue). (Strober, 1997; Strober 2015; Louis and Siegel, 2011; Kim et al., 2011). Finally, cells were 

diluted in 1X PBS to obtain individual portions of 10 million viable cells in 100 µL. PBMC were 

frozen at −80°C until processing. 

 

3.3.4. Extraction of metabolites for the 1H-NMR experiments 

The cells are thawed on ice for 5 minutes and 650 μL of phosphate buffer (50 mM Na2HPO4, pH 

7.4, in D2O with 0.1 mM deuterated trimethylsilylpropanoic acid (TSP-D4)) are added per sample 

with 10 million PBMC. The samples were resuspended and homogenized. Then, to break the 
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cells, the following cycle was applied to the samples: First cells were frozen with liquid nitrogen (1 

min). Then the sample was immersed in a refrigerated bath (4˚C) equipped with a high-intensity 

ultrasound probe set at a frequency of 20050 Hz and a 100% amplitude for 5 min. This cycle was 

run six times. Samples were centrifuged at 12000 g for 120 min at 4ºC to separate phases. The 

solution separated into an upper phase (containing metabolites) and a lower phase (mainly 

proteins, DNA/RNA, and cell membranes). The supernatant was filtered with an ultrafilter 

previously washed with phosphate buffer (10X with phosphate buffer, pH 7.4). The samples were 

then centrifuged at 12000 g for 120 min at 4ºC. The filtered solution was stored at -80ºC until 1H-

NMR analysis. 

 

3.3.5. 1H-NMR experiments 

550 μL of the filtered solution was transferred to separate 5 mm NMR tubes. All the samples were 

stored at 4ºC, then equilibrated at room temperature for 15 min before analysis, which was 

conducted on the same day. The 1H-NMR spectra of the extracts were recorded at 300K using a 

Bruker AVANCE III 600.13 MHz spectrometer, equipped with a 5 mm triple-resonance z-gradient 

cryoprobe (Prodigy TCI, 1H-13C/15N-2H). The spectrometer was controlled using TopSpin, 

version 3.6.2 (Bruker GmbH, Karlsruhe, Germany). 1H 1D Nuclear Overhauser Effect 

Spectroscopy (NOESY) NMR spectra were acquired using water presaturation and spoil gradients 

(noesygppr1d pulse sequence) with 256 free induction decays (FIDs), 64k data points, a spectral 

width of 30 ppm, and a relaxation delay of 60 s. Total Correlation Spectroscopy (TOCSY) and 

multiplicity Heteronuclear Single Quantum Correlation (HSQC) were performed on representative 

samples with 256–512 t1 increments, 32–96 transients and a relaxation delay of 1.5 s. The 

TOCSY spectra were recorded by a standard MLEV-17 pulse sequence with mixing times (spin-

lock) of 65 ms. 

 

3.3.6. Data analysis and statistics 

NMR spectra processing: 1H-NMR spectra were transformed with a 0.5 line-broadening and 

manually baseline- and phase-corrected with Topspin 4.0.9. NMR signals of TSP-D4 were 

referenced to 0 ppm. For metabolite identification purposes, the 1H and chemical shift values and 

multiplicity of signals were compared with the reference data from the Chenomx software 

(Chenomx NMR Suite 8.4, Chenomx Inc., Edmonton, Canada) in combination with spectral 

databases Human Metabolome Database and the Biological Magnetic Resonance Bank and 
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several literature reports. Optimal integration regions were defined for each metabolite to select 

signals without overlapping. Integration was performed with MestreNova 14 (Mestrelab Research, 

SL, Santiago de Compostela, Spain) by manually integrating the previously identified signals. An 

integration matrix (Integral Regions) was built with these regions, which was later applied to the 

48 acquired spectra. A matrix of integrals was built for all the spectra (Integral series). This matrix 

of integrals was normalized by the sum of the total signals of the spectrum using Excel 

(Microsoft, United States of America). 

Multivariate and univariate analysis of Metabolomic Profiles: The previously normalized 

matrix of integrals was processed using MetaboAnalyst 5.0. A principal component analysis (PCA) 

was first performed to identify groups of samples with a similar metabolic pattern and/or segment 

with a different metabolome. 

Two case-control relationships were established: healthy controls versus PLHIV-ART and healthy 

controls versus HESN. These relationships were evaluated by Partial Least Squares Discriminant 

Analysis (PLS-DA), which links two data matrices and enhances the separation between different 

groups of samples. The quality of the PLS-DA was assessed by carrying out a permutation test to 

calculate the goodness of fit (R2) and the predictive capacity (Q2) of the randomly generated 

models. The PLS-DA results (VIP scores) were analyzed to identify the metabolites significantly 

contributing to the separation of the groups. Variables with a VIP score greater than 1.0 were 

considered significant for the model. 

The selected variables were then subjected to a Univariate analysis using a difference of means 

test (Wilcoxon Test). In cases where more than one significant signal was obtained for a given 

metabolite, the signal with less overlap was selected for graphical representation. 

Partial Least Squares (PLS) regression was done to correlate the metabolomic profile with the 

viral load of PLHIV-ART individuals using the software SIMCA® 17 (Sartorius). VIP scores 

identified significant metabolites and a 100-fold permutation test validated the model.  

Finally, metabolites differentially expressed in the groups were subjected to Pathway Analysis 

using MetaboAnalyst 5.0. 

 

3.4. Results 
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3.4.1. Human subjects and analysis of metabolic PBMC profiles 

The main characteristics of the individuals used in the study are shown in Figure 3.1. The two 

case-control relationships analyzed in the study were carried out by selecting the group of 

volunteers with the best age-sex balance. 

 

FIGURE 3.1. Case-control relationships. Detail of each of the two relationships built to analyze PBMC 

samples. Healthy controls are in black, HESN in green and PLHIV-ART in red. HC: Healthy control, HESN: 

HIV-exposed seronegative, PLHIV-ART: PLHIV with Antiretroviral Therapy. AGE: average age. 

 

It is important to note that this is a retrospective longitudinal study, and the number of samples is 

limited. In addition, cells obtained from whole blood contain limited PBMC. From 10 mL of whole 

blood the amount of PBMCs recovered from each volunteer oscilated between 15 and 20 million 

PBMC in healthy controls, however, this amount decreases significantly in PLHIV, where the 

lymphocyte count is declining due to the HIV-1 infection, representing a challenge for the research 

since previous studies in which NMR analyzed PBMC samples used 20 million cells per volunteer 

(Palomino-Schätzlein et al., 2017). To address this issue, we had previously developed a new 

method for PBMC processing that, using 10 million cells or fewer, yields better data for 

metabolomic profiling in terms of quality, robustness and reproducibility (Gómez-Archila et al., 

2021). 

We used this method to perform metabolomic analysis by 1H-NMR in the PBMCs samples of the 

volunteers. From the analysis of the obtained spectra, we identified 43 metabolites in the PBMC 

samples: 19 organic acids, 19 amino acids, and five nucleotides. To know the details of the 

metabolites identified in the plasma samples, see Supplementary Table 1 (Anexo 4). Each 

identified metabolite became an evaluation variable to define the metabolomic profile of the study 

groups; after the spectra assignment, the normalized integration tables were used for multivariate 

analysis, see Supplementary Table 2 (Anexo 5). 
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3.4.2. Multivariate comparison of PBMC metabolomic profiles of the PLHIV-ART and HESN 

groups versus healthy controls 

 

To define the similarities and differences between samples and groups, we performed two 

multivariate analyses: unsupervised (PCA) and supervised (PLS-DA). Figure 3.2 shows the PCA 

results, which show cluster formation among the study groups (healthy controls, PLHIV-ART and 

HESN). Notably, healthy controls exhibited less data dispersion than PLHIV-ART and HESN. The 

HESN group displayed the highest data dispersion, possibly due to the small number of samples 

analyzed and the nature of HESN individuals. The HESN phenomenon has been widely studied, 

but a common origin for this condition has not been established due to its multifactorial causes 

that vary among exposed individuals. This is also reflected in our study as a dispersed metabolic 

variation. 

 

FIGURE 3.2. Principal component analysis (PCA) of the study groups. 2D and 3D score plot charts of 

the PCA analysis of the volunteers. Each of the three axes of the graph represents a principal component. 

The values that each of the axes takes are related to the fact that there is a score value for each observation 

(row) in the data set; therefore, there are score values for each of the three componentsd. The score value 

for an observation, say the first component, is the distance from the origin, along the direction (load vector) 

of the first component, to the point where that observation projects onto the direction vector. Healthy controls 

are in black, HESN is in green and PLHIV-ART is in red. PC: Principal component, HC: Healthy control, 

HESN: HIV-exposed seronegative, PLHIV-ART: PLHIV with Antiretroviral Therapy. 
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To specifically observe the metabolic differences between the study groups, a PLS-DA analysis 

was performed (See Figure 3.3). 
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FIGURE 3.3. Partial Least Squares Discriminant Analysis (PLS-DA). Score plot charts of the PLS-DA of 

the two case-control relationships established. Panel A. Healthy control versus PLHIV-ART ; on the left 

side, the 2D score plot and on the right side the 3D score plot. Panel B. Healthy control versus HESN; on 

the left side, the 2D score plot and on the right side the 3D score plot. Each of the three axes of the graph 

represents a principal component. The values that each of the axes takes are related to the fact that there 

is a score value for each observation (row) in the data set; therefore, there are score values for the first 

component, another for the second component, and one for the third. The score value for an observation, 

say the first component, is the distance from the origin, along the direction (load vector) of the first 

component, to the point where that observation projects onto the direction vector. HC: Healthy control, 

HESN: HIV-exposed seronegative, PLHIV-ART: PLHIV with Antiretroviral Therapy. CVD: Cross-validation 

details, A: Accuracy, R2: goodness of fit, Q2: predictive capacity. Healthy controls are in black, HESN is in 

green and PLHIV-ART is in red. 

 

A statistically significant model was obtained from the PLS-DA comparing healthy controls and 

PLHIV-ART. In contrast, the PLS-DA result of healthy controls vs HESN is relatively weak, despite 

the clear group separation. This result may be due to the low number of HESN samples (n=8), 

and it should also be noted that HESN volunteers only differ from healthy controls by their level of 

sexual exposure to HIV-1 infection, but both are seronegative. Based on the statistical PLS-DA 

results, we identified the relevant variables (metabolites) that explain the difference between the 

groups through the result of the VIP score. Thirty-two variables were identified, comparing healthy 

controls versus PLHIV-ART, and for healthy controls versus HESN, 46 variables were found. 

All the relevant variables explaining the differences between the groups, according to the PLS-DA 

VIP score, were then subjected to a mean difference analysis (Wilcoxon Test) to determine if there 

was a statistically significant difference in their expression in each group. It should be noted that 

although a more significant number of variables (With VIP˃1) were identified in comparing healthy 

controls versus HESN (46 variables) than in healthy controls versus PLHIV-ART (32 variables), in 

both cases, fourteen (14) metabolites were identified as responsible for the differences in each 

case-control relationship. For the details of the PLS-DA statistics see Supplementary Table 3 

(Anexo 6). 

The 14 metabolites of the healthy controls versus PLHIV-ART comparison correspond to 5 organic 

acids (aspartate, taurine, trimethylamine N-oxide, acetoacetate and glutamate) and 9 amino acids 

(betaine, carnitine, glycine, lysine, methionine, phenylalanine, serine, tyrosine and sarcosine). 

Meanwhile, the 14 in the comparison healthy controls versus HESN correspond to two nucleotides 

(AMP and inosine), three organic acids (formiate, taurine and glutamate) and 9 amino acids 

(alanine, betaine, isoleucine, leucine, lysine, methionine, serine, tyrosine and valine). A visual 

comparison of the spectral intensities as well as a quantitative comparison in form of boxplots of 

the significant metabolites is shown in Figure 3.4. 
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FIGURE 3.4. Metabolites explaining group differences. Results of the Wilcoxon test for the significant 

variables (metabolites) for each proposed PLS-DA model. Panel A. (main red box), there is a comparison 

between healthy controls and PLHIV-ART. Panel B. (main green box), the comparison of healthy controls 

and HESN is shown. Within each small individual box: the left side shows the region of the spectrum 

(metabolite signal) 1H-NMR superimposed of all the samples analyzed in each comparison. On the right 

side is the box-and-whisker plot for the normalized concentration and the statistical significance of each 

test. Healthy controls are shown in black, HESN in green and PLHIV-ART in red. 

 

It should be noted that there are similarities and differences in the identified metabolites, with 7 

metabolites that were altered in both groups (HESN and PLHIV-ART) (Figure 3.5.). Interestingly, 

the direction of the variation in both groups was the same; betaine, glutamate, lysine, methionine, 

serine, taurine, and tyrosine showed decreased expression compared to healthy controls. On the 

other hand, specific metabolomic alterations were identified for each group (Figure 3.5.). In the 

PLHIV-ART group, carnitine, phenylalanine, sarcosine and trimethylamine N-oxide were reduced, 
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while aspartate, acetoacetate, and glycine were increased. In the HESN group, alanine, AMP, 

inosine, isoleucine, leucine, and valine differentially decreased, and only formiate increased in this 

group.  

 

FIGURE 3.5. Venn diagram of metabolites explaining differences among groups. Set Analysis showing 

the metabolites related to differences and similarities among HESN and PLHIV-ART metabolomic profiles. 

In the main part of each set, the metabolites related only to one study group are shown, and in the intercept, 

the metabolites related to two groups (central intercept). HESN: HIV-exposed seronegative (In green color 

set), PLHIV-ART: PLHIV with ART (In red color set). HC: Healthy controls, BET: Betaine, GLU: Glutamate, 

LYS: Lysine, MET: Methionine, SER: Serine, TAU: Taurine, TYR: Tyrosine, CAR: Carnitine, PHE: 

Phenylalanine, SAR: Sarcosine, TNO: Trimethylamine N-oxide, ASP: Aspartate, ACE: Acetoacetate, GLY: 

Glycine, ALA: Alanine, INO: Inosine, ISO: Isoleucine, LEU: Leucine, VAL: Valine, FOR: Formiate 

 

3.4.3. Multivariate correlation between the metabolomic profile and CD4+ T lymphocytes in 

PLHIV-ART 

 

We evaluate the relationship between the metabolomic profile of the PLHIV-ART group and the 

CD4+ T Lymphocyte count. Using SIMCA, we obtained, through a PLS analysis, an interesting 

model that correlates the percentage of CD4+ T lymphocytes present in the volunteers and their 

metabolomic profile (See Figure 3.6). A total of 3 correlations were evaluated: metabolomic profile 

versus CD4+ T lymphocyte count, metabolomic profile versus viral load, and metabolomic profile 

versus percentage of CD4+ T lymphocytes. Only the relationship with the percentage of CD4+ T 



94 
 

lymphocytes presented significant results. The other two relationships were not significant (data 

not shown). 

Figure 3.6. Partial Least Squares regression (PLS) of the PLHIV-ART group. A. Observed versus 
predicted plot of a partial least squares (PLS) regression model for the percentage of CD4+ T lymphocytes 
present in PBMC samples from PLHIV-ART using their metabolomic profile obtained by 1H-NMR. UV 
scalding, R2Y(cum) = 0.38, Q(cum) = 0.24. B. Permutation test results of the PLS model for the percentage 
of CD4+ T lymphocytes in PBMC samples from PLHIV-ART. The R2Y value represents the goodness of fit 
of the model. The Q2 value represents the predictability of the models. Most R2Y and Q2 values to the left 
were lower than the original points to the right of the blue regression line of the Q2 points, which intersects 
the vertical axis (on the left) at or below zero, showing that the PLS model was valid. Permutation test plot 
for the PLS model (number of permutations, 100, R2 = (0.0, 0.17), Q2 = (0.0, -0.112). C. Significant 
metabolites for the PLS model with a VIP value greater than 1.2 

 

Figure 3.6 shows the correlation between, the percentage of the primary target cells of HIV-1 

(CD4+ T lymphocytes) and the PLHIV-ART metabolomic profile. Metabolites change their 

expression directly proportional depending on the cell count. That is, as the percentage of CD4+ 

T lymphocytes in the PBMC sample increases, the levels of the metabolites in the sample 

increase. It should be noted that a maximum of 60% of the total PBMC are CD4+ T cells, so this 

correlation is very representative, given that there are other types of cells in the PBMC and CD4+ 

T lymphocytes have a significant weight in the correlation with the metabolomic profile. The 

permutation test allows us to validate the model. In the graph (See Figure 3.6B), the predicted 
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model (Q2) does not exceed the random model (R2Y). Therefore, it can be stated that the model 

was valid and was unlikely to be constructed by chance. 

When the metabolites that were significant for the PLS model are observed in detail (See Figure 

3.6C), the majority were found to be differentially expressed in the PLHIV-ART group compared 

to the healthy controls. betaine, glutamate, methionine, taurine, and tyrosine were found 

differentially expressed in PLHIV-ART and HESN groups (See Figure 3.4). However, 

phenylalanine and trimethylamine N-oxide were found only in the PLHIV-ART group (See Figure 

3.5). 

 

3.4.4. Metabolomic pathway analysis 

 

We performed a metabolic pathway analysis to further relate these metabolic changes with more 

complex metabolic processes. The results of this analysis can be seen in Figure 3.7. 

 

Figure 3.7. Metabolic pathway analysis of HESN and PLHIV-ART. Panel A. (main red box) shows the 

pathway analysis of PLHIV-ART. Panel B. (main green box) shows the pathway analysis of HESN. The X-

axis of the graph measures the impact on the metabolic pathway. The Y-axis of the graph measures the 

level of statistical significance in the test. As the significance level increases, the point becomes redder, 

turning from white to yellow, until reaching intense red. As the impact of the route increases, the point 

becomes larger. 

 

Interestingly, several pathways appear altered in both groups, PLHIV-ART and HESN, in 

coherence with the 7 metabolites altered similarly in both groups. The metabolic pathways that 

are significantly altered in both groups are phenylalanine, tyrosine and tryptophan biosynthesis 
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and D-Glutamine and D-glutamate metabolism. While, in the PLHIV-ART group, a differentially 

affected metabolic pathway stands out, the Synthesis and degradation of ketone bodies pathway. 

However, the PLHIV-ART group has more affected pathways and higher impacts on the metabolic 

pathway than the HESN group. It is enough to observe the axes of the graph of each group; in the 

case of the HESN group, the pathways with the highest impact (X-axis of the graph) are around 

0.5, while the HESN group presents pathways with an impact of 1.0. Also, the level of significance 

(Y-axis of the graph) of the routes impacting PLHIV-ART is higher than in the HESN group. 

 

3.5. Discussion 

 

This article presents the results of the analysis of PBMC samples from patients infected (PLHIV-

ART) and/or exposed (HESN) to HIV-1 using the sample processing protocol that we previously 

developed and standardized (Gomez-Archila et al., 2021). The use of this protocol allowed us, 

starting from a limited number of PBMC, know the metabolomic profile of the study groups, as well 

to contrast them through multivariate and univariate statistical analyses, in order to identify the 

metabolites that explain the differences between the study groups. Analyzing the metabolites that 

change exclusively in each group (HESN or PLHIV-ART) makes it possible to relate their variation 

to altered routes and signaling pathways in HIV-1.  

The analysis of the metabolites that change significantly in the PLHIV-ART group reflects the 

effects generated by HIV-1 and antiretroviral treatment in the PBMC. For instance, phenylalanine 

was found to be significantly decreased in PBMC in the PLHIV-ART group, contrary to the 

previously documented elevated blood levels of phenylalanine during HIV-1 infection in the 

absence of treatment (Gostner et al., 2015). Phenylalanine is important for the biosynthesis of 

neurotransmitters; therefore, it is related to neuropsychiatric symptoms during AIDS, such as the 

development of depression, fatigue and cognitive impairment. Increased phenylalanine/tyrosine 

ratios are associated with immune activation in persons with HIV-1 infection and decrease with 

effective antiretroviral therapy (Zangerle et al., 2010). Previous NMR studies identified tyrosine 

downregulation in untreated HIV-infected patients (Sitole et al., 2019). We identified that tyrosine 

decreased in PBMC of HESN and PLHIV-ART groups, but phenylalanine only decreased in 

PLHIV-ART, which could be an indicator of the effectiveness of the treatment in this group. 

Another example of treatment effectiveness in the PLHIV-ART group could be decreased 

sarcosine and trimethylamine N-oxide levels in PBMC. Previous plasma studies identified 
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elevated levels of sarcosine in persons with HIV/AIDS, which decreased with treatment, although 

not below the levels in healthy controls (Munshi et al., 2013). We also observed increased glycine 

levels, which could be related to the decrease in sarcosine, since it is a metabolite downstream of 

choline and is converted into glycine; thus the decrease in sarcosine could increase glycine in 

PBMC of the PLHIV-ART group.  

In the case of trimethylamine N-oxide, high levels have been associated with carotid plaques, 

endothelial dysfunction, and silent cardiac ischemia in HIV-positive subjects (Montrucchio et al., 

2020). PLHIV-ART group showed low levels of trimethylamine N-oxide; therefore, we could 

suggest that they present a lower cardiovascular risk. 

In the HESN group, the amino acid alanine was decreased. It has been identified the relationship 

of alanine with Viral Protein U (Vpu), an accessory protein of HIV that acts by degrading the viral 

receptor molecule CD4 in the endoplasmic reticulum and the release of virions from the cell 

surface (Bour et al., 1995). Stimulation of CD4+ T cells with mitogenic molecules results in high 

surface expression of the alanine transporter SNAT1, which increases the intracellular alanine 

pool and, thus, increases mitogenesis in the absence of Vpu. In contrast, the presence of Vpu 

negatively regulates SNAT1 from the cell surface by binding to SNAT1 to induce its ubiquitination 

and degradation, which results in decreased alanine uptake, reducing the mitogenic capacity of 

CD4+ T cells (Sudgen and Cohen, 2015); therefore, this mechanism is part of the immune evasion 

and viral alteration of immunometabolism in HIV-1 infection. 

The previous model was described in HIV-infected cells. However, it should be noted that HESN 

did not show evidence of quantifiable viral infection, which leads us to presume that the potential 

decrease in T cell activation mediated by alanine in HESN is due to a phenomenon called immune 

quiescence (Card et al., 2013; Su et al., 2015). This protection model against infection is based 

on a low basal immune activation phenotype, in which unactivated CD4+ T cells are less 

susceptible to HIV infection, limiting HIV target cell availability (Card et al., 2013; Ossa-Giraldo et 

al., 2022). Evidence from HIV transmission studies in HESN implicates elevated immune 

activation as a risk factor for acquiring HIV (Card et al., 2013). Our previous study in plasma 

identified decreased alanine in progressors and HESN (Gomez-Archila et al., 2023). In the case 

of progressors, it could indicate immunological activation, while in HESNs, may suggest a process 

of immune quiescence. 

Another evidence of T cell activation suppression in HESN is the decreased expression of 

adenosine monophosphate (AMP) observed in the PLS-DA model. Regulatory T cells (Tregs) 
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suppress T cell activation in HESN, in the Pumwan cohort, Tregs were elevated in HESN relative 

to high-risk HIV-negative controls (Card et al., 2009). Tregs can directly suppress HIV replication 

through cyclic adenosine monophosphate (cAMP) activity, negatively regulating HIV replication 

(Moreno-Fernandez et al., 2011; Moreno-Fernandez et al., 2012). Therefore, the decreased levels 

of AMP in HESN would be related to an elevated consumption of Tregs. 

Additionally, it should be highlighted that HIV causes chronic inflammation and immune activation 

despite viral suppression with ART (Cai and Sereti., 2021; Elvstam et al., 2021). The adenosine 

pathway regulates persistent inflammation, limiting tissue damage associated with inflammatory 

conditions. However, HIV infection is associated with disorders in the adenosine pathway that limit 

its ability to control HIV-associated inflammation (Hixson et al., 2021). AMP is a fundamental part 

of purinergic metabolism and is converted to adenosine by the action of ecto-5'-nucleotidase 

(CD73) (Zimmermann, 2000). Adenosine activates purinergic receptors with an anti-inflammatory 

role (Panther et al., 2003). Extracellular adenosine can be metabolized to inosine, a pro-

inflammatory substrate, through adenosine deaminase (Alam et al., 2015). It should be noted that, 

in our HESN group, inosine was found to be decreased. The significant decrease in the expression 

of AMP and inosine in HESN PBMC is likely related to the production of adenosine and 

demonstrates the anti-inflammatory profile of this group. 

In HESN, the activation and function of natural killer (NK) cells have been linked to protection 

against HIV. A recent study found that NK cells from HESN sex workers had higher expression of 

the Fc receptor CD16, and NK cells with higher CD16 expression tended toward higher antibody-

dependent cellular cytotoxicity (ADCC) activity (Zhao et al. al., 2020). In addition, CD56dimCD16+ 

NK cells were more frequent in men who have sex with men with a high risk of HIV infection but 

seronegative, compared to low-risk individuals, suggesting the NK cell role during HIV exposure 

(Flórez-Alvarez et al., 2020; Rincón et al., 2023). 

CD16 expression and ADCC activity may vary due to a polymorphism at residue 158 of the CD16 

protein; possessing at least one valine in this residue instead of phenylalanine, leads to increased 

expression of CD16 on the cell surface (Hatjiharissi et al., 2007). We suggest that valine may play 

an important role in the NK cell function of HESNs, then its decreased expression in PBMC is 

related to that event. Therefore, decreased Valine levels in HESN PBMC would be related to 

increased CD16 expression. 

In plasma we identified decreased valine in HIV controllers and increased in progressors (Gomez-

Archila et al., 2023). It should be noted that previous studies demonstrated that an increase in 
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valine expression is related to the loss of controller status in transient elite controllers (Tarancon-

Diez et al., 2019). Likewise, it may suggests that the intracellular valine levels in HESN PBMC 

would be related to their ability to control infection. 

Similarly, leucine has been closely associated with the Negative Regulatory Factor (NEF) protein 

of HIV, Nef interacts with the endosomal sorting machinery via a leucine-based motif. Nef proteins 

containing leucine motifs down-regulated CD4 from the cell surface and enhanced viral replication 

(Coleman et al., 2005). Thus, the decrease in leucine concentration in HESN could be related to 

the functioning of viral proteins such as NEF.  

Furthermore, we also identified the carnitine metabolite that links the metabolism of HESN and 

PLHIV-ART groups. Carnitine is synthesized through lysine and methionine (Steiber et al., 2004); 

which decreased in HESN and PLHIV-ART groups. However, carnitine levels were altered in 

PLHIV-ART, where they decreased. carnitine is a conditionally essential amino acid that is 

fundamental to energy metabolism. It intervenes in the transport of long-chain fatty acids from the 

cytosol to the interior of the mitochondria, where the beta-oxidation process takes place and 

adenosine triphosphate (ATP) is produced, leaving acetyl-coenzyme A as the final product of the 

fatty acid degradation. During this process, acetyl-coenzyme A forms beta-hydroxybutyrate and 

acetoacetate, used as an energy source by the brain and other tissues (Flanagan et al., 2010). In 

summary, the decrease in lysine and methionine in both groups is related to the production of 

carnitine and energy for the PBMC. Carnitine is significantly decreased in the PLHIV-ART group 

due to the energy wear and tear of viral infection, while HESN maintains it at normal levels (no 

significant changes were seen) and the increased levels of acetoacete in PLHIV-ART are the 

product of an energy compensation process of the PBMC. 

We consider that glutation (GSH) could be related to the metabolomic profile found in HESN and 

PLHIV-ART. GSH is composed of glutamate, cysteine and glycine. In HESN and PLHIV-ART, 

glutamate was decreased, while glycine was increased in PLHIV-ART. It should be noted that 

cysteine cannot be determined by NMR spectroscopy in blood and cell samples, because its 

concentration is below the detection limits (Jung et al., 2010). GSH plays a crucial role in 

maintaining efficient mitochondrial functioning, and the levels are deficient in people with HIV 

(Nguyen et al., 2014). Acute induction of cellular GSH deficiency resulted in apoptosis and 

mitochondrial injury (Ghosh et al., 2005; Mastrocola et al., 2005), phenomena typical of HIV 

infection. A recent study demonstrated the relationship between GSH levels and mitochondrial 

function, muscle strength, insulin resistance, inflammation, and body fat. The study showed that 

providing N-acetylcysteine and glycine to HIV patients improved all these conditions (Kumar et al., 
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2020). Finding two (glutamate and glycine) of the three metabolites that constitute GSH altered in 

PLHIV-ART and that glycine is altered only in this group, leads us to think that this metabolite may 

be associated with an intracellular imbalance due to the lack of GSH. 

Finally, when analyzing the most altered metabolic pathways identified with the Metaboanalyst® 

pathway enrichment analysis, we highlight the metabolic pathway of phenylalanine, tyrosine and 

tryptophan biosynthesis, which was found impacted in both PLHIV-ART and HESN study groups. 

Tyrosine, phenylalanine and tryptophan are the three aromatic amino acids involved in protein 

synthesis. These metabolites mediate the transmission of nervous signals and quench reactive 

oxygen species in the brain (Parthasarathy et al., 2018). Changes in mood status can be observed 

in the very early stages of HIV-1 infection (Gold et al., 2014) and, notwithstanding ART, HIV-1-

infected individuals may develop cognitive impairment (Nightingale et al., 2014). Changes in the 

metabolism of tryptophan and phenylalanine have been associated with HIV disease and both are 

precursors for neurotransmitter biosynthesis, providing a link to the development of disease-

associated neurocognitive impairments (Gostner et al., 2015). 

In the HESN group, tryptophan and phenylalanine levels were not found to be altered, only 

tyrosine levels. While, in PLHIV-ART, decreased levels of tryptophan were found compared to 

healthy controls, this event would explain the difference between the groups and the prognosis of 

the PLHIV-ART group. We believe that monitoring amino acid metabolism in HIV-1-infected 

patients during ART could be useful for tailoring personalized treatment regimens. 

 

3.6. Conclusions 

 

This research managed to identify differential metabolomic profiles in PBMC from PLHIV-ART 

patients and HESN individuals from serodiscordant couples. Our findings suggest that the 

immunological changes produced in individuals exposed and/or infected by HIV-1 can be 

quantifiable at the cellular level in the form of metabolite levels. At the same time, the metabolites 

identified as significant for the difference between groups can be proposed as biomarkers of 

treatment efficiency (PLHIV-ART) or protection factors in case of exposure (HESN). 

We are aware of the limitations of the cross-sectional methodology, which did not allow us to 

observe the complete panorama of the evolution of the volunteers within each category. Carrying 

out a longitudinal study with this type of population would allow us to validate our results and 

contrast their variants over time. Likewise, to analyze other HESN groups, such as female sex 
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workers (FSWs), children born to HIV-infected mothers and men who have sex with men (MSM) 

to find similar or different profiles to our study groups, help us clarify the origins or factors that 

define a HESN. We additionally consider that analyzing cysteine in these groups of individuals 

allows us to clarify the relationship between exposure and infection by the virus through the lens 

of GSH. 

Although PLHIV-ART is highly efficient in most of the population adhering to treatment, the impact 

generated by HIV-1 is evident. In our study group, the identified metabolites were related to 

marked immune activation, which was corroborated with the literature. It would be important to 

evaluate whether supplementation of metabolites that are decreased and control of intake of those 

that are increased improves cellular activation markers. 

The natural resistance to infection exhibited by HESN is a phenomenon that must be constantly 

studied to find the factors that determine its appearance. We managed to identify metabolites that 

establish an anti-inflammatory profile and a state of immune quiescence, which would explain the 

resistance to the HIV infection. 
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Plasma metabolomics by Nuclear Magnetic Resonance reveals biomarkers and metabolic 

pathways associated with the control of HIV-1 infection/progression. 

 

4.1. Abstract 

 

How the human body reacts to the exposure of HIV-1 is an important research goal. Frequently, 

HIV exposure leads to infection, but some individuals show natural resistance to this infection; 

they are known as HIV-1-exposed but seronegative (HESN). Others, although infected but without 

antiretroviral therapy, control HIV-1 replication and progression to AIDS; they are named 

controllers, maintaining low viral levels and an adequate count of CD4+ T lymphocytes. Biological 

mechanisms explaining these phenomena are not precise. In this context, metabolomics emerges 

as a method to find metabolites in response to pathophysiological stimuli, which can help to 

establish mechanisms of natural resistance to HIV-1 infection and its progression. We conducted 

a cross-sectional study including 30 HESN, 14 HIV-1 progressors, 14 controllers and 30 healthy 

controls. Plasma samples (directly and deproteinized) were analyzed through Nuclear Magnetic 

Resonance (NMR) metabolomics to find biomarkers and altered metabolic pathways. The 

metabolic profile analysis of progressors, controllers and HESN demonstrated significant 

differences with healthy controls when a discriminant analysis (PLS-DA) was applied. In the 

discriminant models, 13 metabolites associated with HESN, 14 with progressors and 12 with 

controllers were identified, which presented statistically significant mean differences with healthy 

controls. In progressors, the metabolites were related to high energy expenditure (creatinine), 

mood disorders (tyrosine) and immune activation (lipoproteins), phenomena typical of the natural 

course of the infection. In controllers, they were related to an inflammation-modulating profile 

(glutamate and pyruvate) and a better adaptive immune system response (acetate) associated 

with resistance to progression. In the HESN group, with anti-inflammatory (lactate and 

phosphocholine) and virucidal (lactate) effects which constitute a protective profile in the sexual 

transmission of HIV. Concerning the significant metabolites of each group, we identified 24 genes 

involved in HIV-1 replication or virus proteins that were all altered in progressors but only partially 

in controllers and HESN. In summary, our results indicate that exposure to HIV-1 in HESN, as well 

as infection in progressors and controllers, affects the metabolism of individuals and that this 

affectation can be determined using NMR metabolomics. 
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4.2. Introduction 

 

Human immunodeficiency virus type 1 (HIV-1), the causal agent of the acquired immunodeficiency 

syndrome (AIDS) in humans (1,2), continues to be a serious public health problem, after nearly 

40 years of research (3), generating considerable mortality among those infected, and an 

excessive cost for the health care system (4,5). 

The progression of infection from the acute phase to advanced infection or AIDS is a very complex 

process, which takes approximately ten years in absence of treatment (6,7). Some individuals can 

naturally control HIV-1 replication, maintaining low viral load (VL) levels and an adequate count of 

CD4+ T lymphocytes, in the absence of antiretroviral treatment (ART) for at least one year (8,9). 

These individuals are known as controllers (elite or viremic) and exhibit specific resistance 

mechanisms to disease progression, including the presence of HLA alleles, HLA-B27 and HLA-

B57 (10). 

Likewise, researchers have tried to characterize the natural resistance to HIV-1 infection among 

people exposed to the virus, who remain seronegative, known as HIV-exposed seronegative 

(HESN) individuals (11,12). To date, only the homozygous Δ32 mutation in the CCR5 gene, the 

main entry coreceptor of the virus, has been consistently associated with host resistance to HIV-

1 in less than 3% of resistant individuals (13,14). Other known genetic and immunologic factors 

involved in resistance to HIV-1 infection only partially explain this phenomenon (15,16), which 

means that further mechanisms remain unclear. 

In this context, metabolomics understood as the objective identification and quantification of small 

molecules in biological fluids (17), might help to understand the biochemical state of an organism 

for discovering biomarkers. Through case-control studies of metabolites in plasma, urine, or cells, 

by quantitative measurement using nuclear magnetic resonance (NMR) spectroscopy, different 

pathophysiological states have been explained (18–20), suggesting that metabolomics could be 

a potential tool for prognosis, diagnosis, and monitoring the efficacy of treatment (21), including 

HIV-1 infection. 

Studies of the HIV effects on metabolism during in vitro replication and infection in animal and 

human models have provided new insights and targets for biomarker development and therapy. 

To date, little is known about the metabolic profiles that generate resistance to infection or a 

differential response to AIDS and its progression. 
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In the current study, we hypothesize that differences in the phenotype of infected individuals with 

high or low viral loads and seronegative individuals continuously exposed to HIV-1 will result in a 

dissimilar metabolomic plasma profile. Therefore, we collected and analyzed plasma samples of 

age and sex-matched groups of progressors, controllers, HESN and healthy controls by proton 

Nuclear Magnetic Resonance Spectroscopy (1H NMR). We aim to identify a specific metabolic 

fingerprint of each group and to obtain biomarkers related to HIV-1 progression and natural 

resistance, providing valuable information on the pathogenesis of HIV-1 infection. 

 

4.3. Materials and Methods 

 

4.3.1. Chemicals and materials 

All solvents and reagents were analytical grade, sodium phosphate dibasic dihydrate, sodium 

azide, deuterium oxide, 3-(Trimethylsilyl) propionic-2,2,3,3-d4 acid sodium salt (TSP-d4) and 3-

(Trimethylsilyl)-1-propanesulfonic acid-d6 sodium salt (DSS-d6) were supplied by Merck 

(Germany). The ultrapure water was obtained in a Milli-Q purification system of Merck Millipore. 

The Vivaspin® 500 3000K MWCO Centrifugal Concentrators were provided by Sartorius. 

 

4.3.2. Human subjects 

A retrospective cross-sectional study was developed using a defined database of volunteers to 

build case-control relationships. Plasma samples from 88 volunteers were evaluated distributed 

as follows: 

● HESN: thirty individuals, from serodiscordant couples (couples in which one partner is HIV-

positive and the other HIV-negative). HESN reported multiple unprotected sexual episodes 

for >2 years at the time of enrollment, with at least 5 episodes of at-risk intercourse within 

6 months before study entry with an HIV positive partner with a detectable viral load (22). 

The median VL of the partner was 2,569 RNA copies/mL (interquartile range= 400–25,250 

copies/mL) (23). From these individuals, 10 (35%) were ART-naïve [VL median 

(interquartile range)] [10,257 (718 - 23,188)]. Eight (25%) were ART-responders VL<400. 

Finally, 12 (40%) were ART-non-responders [35,806 (18,200 – 118,770)]. No Δ32-

homozygous subjects were included. 

● Controllers: fourteen, with 1 year of diagnosis of HIV-1 infection, and viral load less than 

2000 copies / mL in the absence of Antiretroviral therapy (ART) and normal CD4+ T 
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lymphocyte count (24). The median diagnosis time was 46 months (range 12-168).  The 

median VL was 211 copies/mL (range 20-1885), and the median CD4+ T cells count was 

745 cells/uL (range 514-1367). Only 2 (14%) controllers showed the HLA-B*27 allele, and 

3 (21%) controllers showed the HLA-B*57 allele. 

● Chronic progressors: fourteen, with a CD4 + T lymphocyte count> 350 cells / μL and a viral 

load between 10,000 and 100,000 copies / mL without receiving ART (25). The median 

diagnosis time was 51 months (range 12-120). From these, ten individuals had between 1 

to 5 years of infection, three reported 6 to 9 years, and one had ten years of infection. The 

median VL was 31552 copies/mL (range 11206-160405) and the median CD4+ T cells 

count was 443 cells/uL (range 267-819). 

● PLHIV: people living with HIV. In this case it refers to a mix of controllers and progressors. 

● Healthy controls: thirty, with negative serological tests for HIV-1 without risk behaviors. 

This study was approved by the Bioethical Committee Universidad de Antioquia; and all the 

individuals signed informed consent prepared according to Colombian Legislation Resolution 

008430/1993. 

 

4.3.3. Processing of blood samples 

The Blood sample was collected from all participants by using potassium-EDTA collection tubes. 

Then, it was centrifuged at 1000 x g for 5 min at 4ºC, and 2mL of plasma was stored at -80ºC until 

processing. Two methodologies were established to process the biofluid: a direct analysis and a 

deproteinization analysis.  

For the direct analysis 300 µL of Buffer pH 7.4 (Na2HPO4 75 mM DSS 2.3 mM and NaN3 0.04%) 

was added to a microcentrifuge tube (1.5 or 2 mL) and reserved. Then, the plasma sample was 

thawed, homogenized, and 300 µL transferred to the previously mentioned vial with buffer. The 

resulting solution was mixed and 550 µL transferred to a 5 mm NMR tube for analysis. Tubes were 

degassed for 3 min before capping. 

In the case of deproteinization analysis, 300 µL of Buffer pH 7.4 (Na2HPO4 75 mM TSP 2.3 mM 

and NaN3 0.04%) was added to a microcentrifuge tube (1.5 or 2 mL) and reserved. Then, the vial 

containing the sample was thawed, the plasma was homogenized, and 500 µL of plasma were 

taken to a Vivaspin 500 centrifugal filter (Previously pre-washed 5 times with Buffer pH 7.4). The 

sample was centrifuged at 12,000 gravities at 4 ° C for 60 minutes. 300 µL of the filtrate was 

brought to the microcentrifuge tube containing the 300 µL of Buffer pH 7.4 they were mixed with 
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a micropipette. Finally, 550 μL of the solution were taken and transferred to a 5 mm NMR tube for 

analysis. The tubes were degassed for 3 minutes before being capped. 

 

4.3.4. 1H-NMR experiments 

The 1H-NMR spectra of extracts were recorded at 300K by a Bruker AVANCE III 600.13 MHz 

spectrometer equipped with 5 mm triple-resonance z-gradient cryoprobe (Prodigy TCI 1H-

13C/15N-2H). TopSpin version 3.6.2 (Bruker GmbH Karlsruhe Germany) was used for 

spectrometer control purposes. Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence with water 

presaturation and spoil gradients (cpmgpr1d pulse sequence) for direct analysis (64k data points, 

spectral width 12019 Hz, dummy scans 8, 64 scans, loop for T2 filter  80, gain 80,6, delay time 4 

sec, fixed echo time 0.0007 sec and the 90 pulse length was adjusted to about 10.40 μs). 1H 1D 

Nuclear Overhauser Effect Spectroscopy (NOESY) NMR spectra with water presaturation and 

spoil gradients (noesygppr1d pulse sequence) was used for analysis of deproteinization samples 

Spectra were acquired with 128 scans, 64k data points, spectral width of 7211 Hz, and relaxation 

delay of 20 s (dummy scans 4, gain 203, and the 90 pulse length was adjusted to about 10.42 

μs) 

Total Correlation Spectroscopy (TOCSY) and multiplicity Heteronuclear Single Quantum 

Correlation (HSQC) were performed on representative samples with 256–512 t1 increments 32–

96 transients and a relaxation delay of 1.5 s. The TOCSY spectra were recorded by a standard 

MLEV-17 pulse sequence with mixing times (spin-lock) of 65 ms. 

 

4.3.5. Data analysis and statistics 

NMR spectra processing: 1H-NMR spectra were transformed with a 0.5 line-broadening and 

manually baseline- and phase-corrected with Topspin 3.6.4. NMR signals of DSS-d6 (for direct 

analysis) or TSP-d4 (for deproteinization analysis) were referenced to 0.0 ppm. For metabolite 

identification purposes the 1H and chemical shift values and multiplicity of signals were compared 

with the reference data from the Chenomx software (Chenomx NMR Suite 8.4 Chenomx Inc. 

Edmonton Canada) in combination with spectral databases Human Metabolome Database, and 

the Biological Magnetic Resonance Bank and several literature reports (26,27). Optimal 

integration regions were defined for each metabolite to select signals without overlapping. 

Integration was performed with MestreNova 14 (Mestrelab Research SL Santiago de Compostela 

Spain) by manually integrating of the previously identified signals. With these regions an 
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integration matrix (Integral Regions) was built which was later applied to the 88 acquired spectra 

and a matrix of integrals was built for all the spectra (Integral series). This matrix of integrals was 

normalized by the sum of the total signals of the spectrum using Excel (Microsoft USA). 

Multivariate and univariate analysis of Metabolomic Profiles: The previously normalized 

matrix of integrals was processed using MetaboAnalyst 5.0. First a principal component analysis 

(PCA) was performed which allowed finding groups of samples with a similar metabolic pattern 

and/or segmenting those with a different metabolome. 

Then five case-control relationships were established: healthy controls versus progressors; 

healthy controls versus controller; healthy controls versus PLHIV (progressors and controllers); 

healthy controls versus HESN, and controllers versus progressors. These relationships were 

evaluated by Partial Least Squares Discriminant Analysis (PLS-DA) which links two data matrices 

and improves the separation between different groups of samples. The quality of the PLS-DA was 

evaluated, and a permutation test was carried out to calculate the goodness of fit (R2) and the 

predictive capacity (Q2) of the randomly generated models. An analysis of the results of the PLS-

DA statistic (VIP scores) was performed and the metabolites that contributed significantly to the 

separation of the groups were identified. Variables with a VIP score greater than 1.0 were 

considered significant for the model.  

Finally, the selected variables were subjected to a Univariate analysis using a difference of means 

test (Wilcoxon Test). For tests with a p value less than 0.05 (p<0.05) a statistically significant 

difference between the means (mean or median as appropriate) was assumed for the variable 

evaluated. In the case of obtaining more than one significant signal for a given metabolite, we 

selected the signal with less overlapping for graphical representation. 

 

4.3.6. Gene Analysis 

Analysis of associated genes was carried out with the metabolites that were statistically significant 

after univariate analysis. For this, the web interface of MetaboAnalyst 5.0 [14] was used. 

Metabolites were introduced in the Network Explorer section of the platform and the Metabolite-

Gene-Disease Interaction Network analysis was carried out, which provides a global view of 

potential functional relationships between metabolites, connected genes, and target diseases. The 

network integrates gene-metabolite, metabolite-disease, and gene-disease interaction networks. 

The genes identified through the previous analysis were filtered through a comparison process 

with the National Center for Biotechnology Information (NCBI) gene database of the U.S. National 
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Library of Medicine, excluding genes unrelated to HIV-1. Additionally, to perform a more specific 

analysis, genes that were not related to two or more groups and/or metabolites were excluded. 

Then, we proceeded to perform an individual analysis of the selected genes through a review in 

the NCBI gene database. Looking specifically at the section on HIV-1 interactions, we filter further 

into the subcategories Replication interactions (human proteins shown to be required for HIV-1 

infectivity and replication) and Protein interactions (proteins that have been shown to interact with 

proteins from HIV-1). 

 

4.4. Results 

 

4.4.1. Human subjects 

Figure 4.1 shows the main characteristics of the five case-control relationships analyzed in the 

study. Out of the 88 available volunteers, a selection was made to generate groups balanced by 

gender and age. A summarized table of all individuals can be found in Supplementary Table 1 

(Anexo 8). 
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FIGURE 4.1. Case-control relationships. Detail of each of the five relationships built to analyze plasma 

samples in a direct and filtered way. To know the details of each of the volunteers who participated in the 

study, see Supplementary Table 1 (Anexo 8). Exclusion criteria: Individuals with hemoglobin ≤8.0 g/dl; 

neutrophil count ≤1,000/mm3; receiving some immunosuppressive treatment; pregnant or lactating women; 

cancer or with an active infection or disease requiring hospitalization. Age reported as the sample mean. 

SD: standard deviation. 

 

To compare HESN with healthy individuals, we achieved a completely gender-balanced 

comparison, with 15 women and 15 men in each group. Also, in the case of controllers, the number 

of women and men was similar in both groups. In the case of joining controllers and progressors 

(PLHIV), we built up groups with a higher number of men than women, but that was still gender-

matched between patients and controls. 
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4.4.2. Analysis of metabolic plasma profiles 

1H NMR metabolomics analysis was performed on intact and filtered plasma samples, to identify 

the highest possible number of compounds. During the spectral analysis process, it was possible 

to identify fifty-five metabolites in the direct plasma samples: two alcohols, twenty-one amino 

acids, fourteen lipid-related signals, sixteen organic acids, one purine derivative, and one sugar. 

In the filtered plasma samples, forty-five metabolites were identified: two alcohols, twenty amino 

acids, two lipid-related signals, eighteen organic acids, two derived from purine and one from 

sugar. It should be noted that three metabolites that were not observed in direct plasma could be 

detected in filtered plasma samples: two organic acids (2-hydroxybutyrate and 3-

Hydroxyisovalerate) and one purine derivative (Inosine). In Supplementary Figure 1 (Anexo 14) 

and Supplementary Figure 2 (Anexo 15) a model NMR spectrum can be seen with the relative 

assignment for direct and filtered Plasma respectively. Furthermore, the quantification of small 

metabolites was more accurate in the filtered samples due to the absence of overlapping with 

broad lipoprotein samples. It should be noted that the lipoproteins evaluated in the unfiltered 

samples complement the metabolomic analysis of the plasma samples from the volunteers. To 

know the details of the metabolites identified in the plasma samples, see Supplementary Table 

2 (Anexo 9). 

After assignment, normalized integration tables were obtained of all spectra (Supplementary 

Table 3) (Anexo 10) and analyzed by multivariate analysis. 

 

4.4.3. Multivariate analysis of plasma metabolomic profiles 

Initially, a principal component analysis (PCA) was performed with all 88 samples to get a general 

overview. The result is shown in Figure 4.2, which corresponds to the PCA score plots of direct 

plasma samples and filtered plasma samples. In this unsupervised analysis, we detected a 

clustering between samples belonging to the same group (healthy control, controller, HESN or 

progressor). This grouping was more evident for direct plasma samples, which could indicate that 

lipoproteins play a key role in the differentiation of the groups. HESN samples seem to have the 

highest dispersion. PCAs were also performed for the five established case-control relationships, 

which can be seen in Supplementary Figure 3 (Anexo 16). 
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FIGURE 4.2. Principal component analysis (PCA) of the study groups. 3D score plot charts of the PCA 

analysis of all study volunteers, on the left side the analysis with direct plasma and on the right side with 

filtered plasma. PC: Principal component, HC: Healthy control, CT: controller, HESN: HIV-exposed 

seronegative, PR: Progressor. Each of the three axes of the graph represents a principal component. The 

values that each of the axes takes is related to the fact that there is a score value for each observation (row) 

in the data set; so, there is score values for the first component, another for the second component, and 

one for the third. The score value for an observation, say the first component, is the distance from the origin, 

along the direction (load vector) of the first component, to the point where that observation projects onto the 

direction vector. 

 

In addition, to observe specific metabolic differences between our five case-control relationships, 

a pair-wise Partial Least Squares Discriminant Analysis (PLS-DA) was performed (see Figure 4.3). 
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FIGURE 4.3. Partial Least Squares Discriminant Analysis (PLS-DA). Score plot charts of the PLS-DA of 

the five case-control relationships established; on the left side, the analysis with direct plasma and on the 

right side with filtered plasma (in each colored box). HC: Healthy control, CT: controller, HESN: HIV-exposed 

seronegative, PR: Progressor. CVD: Cross-validation details, A: Accuracy, R2: goodness of fit, Q2: 
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predictive capacity. Healthy controls in black, HESN in green, Progressors in red, Controllers in blue and 

PLHIV in purple. 

 

Statistically significant PLS-DA models were obtained comparing HESN and controllers with 

healthy controls. Models between healthy controls and progressors and healthy controls versus 

PLHIV were statistically significant. The analysis of the PLS-DA statistics through the VIP score 

allowed reducing the number of relevant variables (metabolites) to be analyzed as follows: 

● Healthy controls versus HESN: 27 in direct plasma (DP) and 26 in filtered plasma (FP). 

● Healthy controls versus progressors: 47 in DP and 33 in FP. 

● Healthy controls versus controllers: 35 in DP and 38 in FP. 

● Healthy controls versus PLHIV (progressors and controllers): 39 in DP and 36 in FP. 

● Controllers versus progressors: 45 in DP and 39 in FP. 

For the details of the PLS-DA statistics see Supplementary Table 4 (Anexo 11). 

 

4.4.4. Univariate analysis of plasma metabolomic profiles 

The metabolites relevant for PLS discriminant modeling were further submitted to univariate 

statistical analysis to identify significant changes in each case-control comparison. The detail of 

the mean difference analysis (Wilcoxon Test) can be seen in Supplementary Table 5 (Anexo 

12). 

For the Healthy controls versus HESN comparison, 21 signals (variables) were identified with a 

significant variation, 13 associated with the FP. These signals are associated with 13 metabolites: 

6 lipid-related signals (Low density lipoprotein aliphatic chain, Low density lipoprotein (CH3), very 

low-density lipoprotein (CH3), Lipids CH2C=C, lipids: (-n(CH3)3 and VDL (aliphatic chain)), 3 

amino acids (Serine, alanine and phosphocholine), 2 organic acids (3-Hydroxybutyrate and 

Lactate), 1 alcohol (Myo inositol) and 1 sugar (Glucose). Only the lactate was increased in HESN, 

the rest of the metabolites were decreased compared to healthy controls. 

In healthy controls versus progressors comparison, 28 signals were identified, 19 associated with 

DP. These signals correspond to 14 metabolites: 8 amino acids (Creatine, creatinine, Glutamine, 

Methionine, Serine, Alanine, Tyrosine and Valine), 4 lipid-related signals (Lipid: CH2CH2O, VLDL, 

Lipids CH2C=C, VDL-2 (aliphatic chain) and very low-density lipoprotein (CH3)), 1 alcohol (Myo 
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inositol) and 1 sugar (Glucose). The metabolites of the lipid-related signals, Serine, Alanine and 

Tyrosine, are decreased. 

While for the comparison healthy controls versus controllers 24 signals were identified (equal 

amount of each matrix), which were associated with 12 metabolites: 5 amino acids (Glutamine, 

Glutamate, Methionine, Serine and Valine), 3 lipid-related signals (Low density lipoprotein (CH3), 

very low-density lipoprotein (CH3) and lipids: (-n(CH3)3), 3 organic acids (3-Hydroxybutyrate, 

Acetate and Pyruvate) and 1 sugar (Glucose). 

Figure 4.4 shows a quantitative comparison of the most representative metabolites that change 

between healthy controls and HESN, progressor and controller groups. 
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FIGURE 4.4. Metabolites that explain the difference between the groups. Results of the Wilcoxon test 

for the significant variables (metabolites) for each proposed PLS-DA model. In the panel (A) (main green 

box), the comparison of healthy controls and HESN, in the panel (B) (main red box) the comparison between 

healthy controls and progressives, and in the panel (C) (main blue box) the comparison between healthy 

controls and controllers. Within each small individual box: on the left the region of the spectrum (metabolite 

signal) 1H-NMR superimposed of all the samples analyzed in each comparison, on the right side the box-

and-whisker plot for the normalized concentration and the statistical significance of each test. *: p-value < 

0.05, **: p-value < 0.01 and ***: p-value < 0.001. +: False Discovery Rate (FDR) < 0.05, + +: FDR <0.01, + 

+ +: FDR <0.001 and ns: FDR ˃0.05. Healthy controls in black, HESN in green, progressors in red, and the 

controllers in blue. 

 

The comparisons of healthy controls versus PLHIV and controllers versus progressors can be 

seen in Supplementary Figure 4 (Anexo 17). 

 

4.5. Discussion 

 

4.5.1. All three study groups show a specific metabolic profile 

PCA and the PLS-DA analysis demonstrated significant differences between the controllers, 

progressors, and HESN study groups versus healthy controls. In contrast, only weak models were 

obtained comparing controllers and progressors, which may be due to the low sample number in 

this case (n=8). Differences were related to specific metabolites present in different concentrations 

between the groups as demonstrated by univariate analysis (Wilcoxon Test). For each case-

control comparison, a list of metabolites with altered levels were established. Figure 4.5 provides 

an overview of all the important metabolites in the different comparisons. 
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FIGURE 4.5. Venn diagram of metabolites that explain differences among groups. Set 

Analysis showing the metabolites related to differences similarities among the metabolomic 

profiles of controllers, progressors and HESN. In the main part of each set the metabolites related 

only to one study group and in the intercepts the metabolites related to two or more groups (central 

intercept). CT: controllers (In blue color set), HESN: HIV-exposed seronegative (In green color 

set), PR: Progressors (In red color set). HC: Healthy controls, 3-HB: 3-Hydroxybutyrate, ACE: 

Acetate, ALA: Alanine, CRE: Creatine, Cre: Creatinine, Glc: d-Glucose, GLN: Glutamine, GLU: 

Glutamate, LAC: Lactate, LDL1 (CH3): Low density lipoprotein (CH3), LDL (AC): Low density 

lipoprotein aliphatic chain, MET: Methionine, MYO: Myo-inositol, PHO: Phosphocholine, PYR: 

Pyruvate, SER: Serine, TYR: Tyrosine, UNK: Unknown, VAL: Valine, VDL (AC): VDL-2 (aliphatic 

chain), VDL1 (CH3): Very low-density lipoprotein (CH3), (-n (CH3)3: Lipids (-n (CH3)3, CH2CH2O 

VLDL: Lipid: CH2CH2O VLDL, CH2-C=C: Lipids CH2C = C. 

 

We observed that the disease altered the metabolomics blood profile of progressors, showing the 

highest number of relevant variables compared to healthy controls in the PLS-DA (47 in DP and 

33 in FP), and the highest number of differentiated metabolites (14) in the univariate analysis. The 

impact on controllers was lower (35 variables in DP and 38 in FP, 12 relevant metabolites), while 
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HESNs are the group with the lowest number of relevant variables in the PLS-DA (27 in DP and 

26 in FP) and 13 differentiated metabolites. The progression of HIV induces the massive 

elimination of CD4+ T lymphocytes and alterations in various components of the immune system 

(28), which would explain the difference in the metabolic profiles of the progressors compared to 

controllers and HESN. Since the controllers resist the progression to AIDS, maintaining low levels 

of viral load and an adequate count of CD4+ T lymphocytes (8,9), it is directly reflected in a lesser 

impairment of their metabolism. Likewise, identifying of a differential metabolomic profile in HESNs 

allows us to affirm that the natural resistance of the host to HIV-1 is associated with a differential 

phenotype. Detailed analysis of the metabolomics changes (positive or negative variation) 

between the groups, as shown in Figure 4.6, allowed establishing differential (a) and comparative 

profiles (b) for each of the case-control comparisons. 
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FIGURE 4.6. Specific and related metabolites in the study groups. (A) Differential metabolic profile: 

Metabolites that only exhibit a statistically significant mean difference compared to healthy controls in a 

study group, (B) Comparative metabolic profile: Metabolites exhibiting a statistically significant mean 

difference compared to healthy controls in two or more study groups. Variation: ↓ (Smaller area or relative 

concentration in the reference method) ↑ (Bigger area or relative concentration in the reference method). 

The box-and-whisker plot for the normalized concentration and the statistical significance of each test. *: p-



128 
 

value < 0.05, **: p-value < 0.01 and ***: p-value < 0.001. +: False Discovery Rate (FDR) < 0.05, + +: FDR 

<0.01, + + +: FDR <0.001 and ns: FDR ˃0.05. Healthy controls in gray, HESN in green, progressors in red, 

and the controllers in blue. 

 

Alterations associated to progressors: Progressors stand out for the variation of specific 

lipoproteins and creatine/creatinine and tyrosine, while changes in glutamate, pyruvate and 

acetate seem to be specific for controllers. On the other hand, alterations in lactate, 

phosphocholine and VDL are characteristic of HESN. 

Concerning the comparative analysis (Figure 4.6b), it is worth mentioning that glucose and serine 

change in all three case-control comparisons, although these changes do not always have the 

same sign. It is also noteworthy that progressors and HESN have five metabolic changes in 

common, four of which have the same sign. 

Differentially, it was possible to identify an increase in the expression of creatine-creatinine in 

progressors; creatine is found in muscles (29). Altered creatine-creatinine values have been 

previously found in HIV positive patients (30) and are related to the prolonged period of high 

energy expenditure (31) and cachexia (32). 

Likewise, tyrosine was decreased in the HIV progressors group. Tyrosine is a precursor of 

catecholamines (adrenaline, dopamine and noradrenaline) whose altered metabolism is related 

to mood disorders (36). An increased phenylalanine/tyrosine ratio is common in patients with HIV-

1 infection and is related to immune activation (39). Previous NMR studies identified tyrosine 

downregulation in untreated HIV-infected patients (30). This change was not observed in HIV 

controllers, which allows us to state that low tyrosine levels are a biomarker of HIV infection 

progression. 

One factor associated with HIV progression is the response of immune cells (41). Immune cells 

undergo energetic and structural remodeling following immune activation. It generates metabolic 

changes associated with increased energy and biosynthetic demands as viral load increases and 

the immune system responds (42). This metabolic changes , including lipid homeostasis, since 

mitochondria plays a key role in the biosynthesis of phospholipids for membranes, as well as in 

the catabolism of fatty acids (46). Unsurprisingly, phospholipid alterations are a common finding 

in the metabolic profiles of HIV-infected individuals. 
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A comparison of the commonly altered metabolites in controllers and progressors showed that 

valine is differentially regulated between both groups; it increased in progressors and decreased 

in controllers compared to healthy controls. A recent study show a significant increase in Valine 

levels in TEC before the loss of control compared to PEC, therefore, valine was defined as the 

main differentiating factor between the studied groups (62). That is, elevated valine levels could 

be a potential biomarker for the prediction of virological progression in controllers and progressors. 

 

Alterations associated to controllers: L-glutamic acid and pyruvate are differentially altered in 

controllers; these metabolites modulate latent HIV reactivation and/or macrophage inflammation 

in vitro (57). A previous study demonstrated that glutamic acid was elevated in Persistent Elite 

Controllers (PEC) compared to Transient HIV Elite Controllers (TEC) (62), suggesting that 

glutamate metabolism is associated with a delay in the recovery time from HIV. 

Likewise, in controllers, acetate is differentially decreased. This metabolite is transiently released 

into the circulation in response to systemic bacterial infection, as a resistance mechanism of the 

host's adaptive immune system. (63)(64)(65). The virus-associated mechanism may be related to 

the group of HIV controllers, where downregulation of acetate concentration would slow down the 

lipogenesis. 

 

Alterations associated to HESN: In all groups (controllers, progressors and HESN) evaluated, 

changes in the lipid profile were observed. However, HESNs showed variations in response 

compared to controllers and progressors; all significant changes were downward. It highlights the 

Low-density lipoproteins (LDL) signals that are decreased in HESN and increased in the other 

groups. LDLs are considered proinflammatory lipid species (48) and associated with immune 

activation in HIV-infected persons (49). Other NMR metabolomics studies support our findings on 

altered lipid metabolism in HIV-infected people (30,50–54). We did not identify previous studies 

that used NMR metabolomics to characterize HESNs as done in this study; however, a previous 

study that included 32 HESN individuals demonstrated that immune status secondary to HIV 

exposure influences the plasma efflux capacity of HDL cholesterol, which is buffered in HESN 

(55). 

Likewise, glucose was altered in all groups. It is decreased in HESN and increased in the other 

groups. Early steps of virus replication are moderately affected by the ability of the target cell to 

perform glycolysis at the time of infection. Similarly, virion production in cultures containing 
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galactose was reduced by 20% to 60% compared to the amount produced in glucose-containing 

cultures (56). That suggests that high glucose availability in the body is associated with infection 

process and virus replication, which do not occur in HESN. 

The HESN group showed higher lactate expression compared to healthy controls, lactate has anti-

inflammatory effects modeling the production of interleukins and other proinflammatory molecules 

(66) (67). This suggests a protective role of lactate in the sexual transmission of HIV. 

Phosphocholine was found significantly decreased in the HESN group. Phosphocholine shown to 

be able to suppress immune response in human placenta (68), initiate phagocytic immune 

recognition (69) and is an intermediate in the synthesis of phosphatidylcholine in tissues (70). 

Phosphatidylcholine has anti-inflammatory effects(71). The low concentration of phosphocholine 

in HESN could be related to the production of phosphatidylcholine that would reduce the 

inflammation of the colon and rectum that occurs in anal intercourse, a common means of HIV 

exposure in HESN. 

It should be noted that cell activation and inflammation have been reported to enhance infection. 

(72–74). The metabolites identified in HESN, and the metabolic and signaling pathways 

associated with these metabolites, may contribute to the reduction of inflammation and cell 

activation. Inflammation increases the risk of contracting HIV by causing the activation of HIV 

target cells (CD4+ T cells), increasing their susceptibility to HIV infection (75). Inflammation also 

leads to increased recruitment of these activated target CD4+ T cells at the site of HIV exposure 

(76). 

A specific comparison of progressors and HESN revealed that Myo-inositol was elevated in 

progressors and decreased in HESN. Myo-inositol is a marker of glial reactivity, gliosis and 

neuroinflammation (77). Previously, it was found to be elevated in different brain regions by 

Magnetic Resonance Spectroscopy (MRS) studies of HIV-infected patients with cognitive 

impairment (78–81). A previous NMR study on CSF found that impairments in late recall and motor 

function were associated with higher levels of myo-inositol (33). Alterations in myo-inositol levels 

were also identified in human mouthwashes (34) and brain tissue of HIV-infected rodents (82). All 

these findings, including those presented in our research, suggest that elevated levels of myo-

inositol promote HIV progression in infected people and resistance to infection in HESN. 
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4.5.2. HIV-related genes associated with significant metabolites 

In addition to the altered metabolic pathways, we also wanted to study the genes that were related 

to these pathways, whose expression could be altered. An analysis of the genes associated to 

HIV-1 that were related to the metabolites responsible for the difference between the study groups 

and the healthy controls (See Supplementary Table 6) (Anexo 13), revealed that patients living 

with HIV (Controllers and progressors) had the highest number of genes involved in their infectious 

status (231 and 185 genes versus 78 for HESN). (Figure 4.7) affected by the expression or 

differential regulation of the metabolites. A total of 341 genes. 

 

 

FIGURE 4.7. Venn diagram of HIV-related genes. Genes identified by Metabolite-Gene-Disease 

Interaction Network analysis and filtered through the NCBI gene database as related to HIV-1. In the main 

part of each set, the genes are related only to one study group and in the intercepts, the genes are related 

to two or more groups (central intercept). CT: controllers (In blue color set), HESN: HIV-exposed 

seronegative (In green color set), PR: Progressors (In red color set). 
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We further obtained a more reduce list of genes by filtering only those found in two or more study 

groups or related to two or more metabolite (Table 4.1). From these, 21 genes were specifically 

related to replications interactions (Table 4.2). The table also summarizes how the alteration of 

these genes has been previously related to HIV. 

 

Table 4.1. HIV-related genes that were associated with two or more study groups and/or metabolites. 

Gene PR CT HESN 

GLUD2 ALA↓ GLN↑ GLU↓ GLN↑ ALA↓ 

DNAJB1 PABPN1 FOXP2 ALA↓ GLN↑ GLN↑ ALA↓ 

LDHA LDHB LDHC CRE↑ Cre↑ 

ALA↓ 
GLU↓ PYR↑ ALA↓ LAC↑ 

MDH2 ALA↓ GLU↓ PYR↑ ALA↓ 

PKLR PKM ALA↓ CRE↑ PYR↑ ALA↓ LAC↑ 

SLC38A2 SLC38A1 ALA↓ GLN↑ MET↑ ALA↓ 

GPT2 ALA↓ Cre↑ GLU↓ PYR↑ ALA↓ 

SLC16A10 ALA↓ GLN↑ MET↑ TYR↓ 

VAL↑ 
ALA↓ 

ARG2 CRE↑ VAL↑ GLU↓ VAL↓ 

N/A 

SERPINC1 CAD CREBBP F13A1 MTOR HTT HIP1 DNAJA1 

HSPA1A HSPA4 HSPB1 KCNN3 PML PPP2R2B MAPK8 PSMD2 

ATXN2 TAF4 TGM4 TGM1 TGM3 UBA52 SUMO1 UFD1 VCP 

VEGFA NCOA3 HAP1 TGM5 HDAC6 DNAJB6 STUB1 BAIAP2 

TARDBP UBQLN2 ASRGL1 RBM17 TGM7 TMEM37 TGM6. 

GLN↑ 

BDNF CREB1 GAPDH GART GRIN2B IMPDH2 JUN MAPT MSN 

PFAS ALDH18A1 QARS1 SPTBN TGM2 NME6 
GLN↑ GLU↓ GLN↑ 

CASP3 
GLN↑ VAL↑ 

GLU↓ GLN↑ 

VAL↓ 

CAT CRE↑ MET↑ 

TYR↓ 
GLU↓ MET↑ 

COMT VAL↑ GLU↓ VAL↓ 

DARS1 EPRS1 GLUL KARS1 RARS1 AIMP2 AIMP1 EEF1E1 

LARS1 
GLN↑ MET↑ 

GLU↓ GLN↑ 

MET↑ 

DLD 
VAL↑ 

GLU↓ PYR↑ 

VAL↓ 

F2 Cre↑ GLU↓ 

FMO3 HBB MAT2A MSRA MTR MTRR MYH9 SMUG1 MET↑ 
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GAD1 SOD1 MET↑ GLU↓ MET↑ 

IARS1 GLN↑ MET↑ 

VAL↑ 

GLU↓ GLN↑ 

MET↑ VAL↓ 

IGF1 OAT PFKM CRE↑ GLU↓ 

MARS1 Cre↑ GLN↑ 

MET↑ 

GLU↓ GLN↑ 

MET↑ 

TH TYR↓ GLU↓ 

MAP3K14 Cre↑ GLN↑ GLN↑ 

ALB Cre↑ TYR↓ 

N/A 

PHO↓ 

BGLAP Cre↑ LAC↑ 

FOXL2 FTL HMOX1 HOXA13 LYZ PIN1 PPIA SRSF1 SLC7A5 

KYNU 
ALA↓ ALA↓ 

CD79A CRP Cre↑ PHO↓ 

DNMT1 FCN2 GCK B4GALT1 HK2 IFNB1 LGALS3 PYGL SGCB 

B4GALT2 SIGLEC5 H6PD SIGLEC7 CD207 GBA2 GXYLT1 
Glc↑ Glc↓ 

F3 Cre↑ Glc↑ Glc↓ 

GYPA CRE↑ Glc↑ Glc↓ 

FOS 

N/A 

GLU↓ LAC↑ 

OXCT1 3 HB↓ 

PLA2G1B GLU↓ PHO↓ 

LDHD PYR↑ LAC↑ 

ALPI MPO Cre↑ TYR↓ 
N/A N/A 

GAA CRNKL1 PIK3C2A CRE↑ Cre↑ 

CT: controllers, HESN: HIV-exposed seronegative, PR: Progressors, N/A: Not Applicable. Variation: ↓ 

(Smaller area or relative concentration in the reference method) ↑ (Bigger area or relative concentration in 

the reference method). 3-HB: 3-Hydroxybutyrate, ALA: Alanine, CRE: Creatine, Cre: Creatinine, Glc: D-

Glucose, GLN: Glutamine, GLU: Glutamate, LAC: Lactate, MET: Methionine, PHO: Phosphocholine, PYR: 

Pyruvate, TYR: Tyrosine, VAL: Valine. 

 

Table 4.2. List of genes differentially expressed in the study groups and associated with replication 

and protein interactions with HIV-1. 

Description 
Progresso

rs 

Controller

s 
HESN 

Replication and/or protein interactions with HIV-

1 

DnaJ heat 

shock protein 

ALA↓ - 

GLN↑ 
GLN↑ ALA↓ 

Knockdown of DnaJ inhibits HIV-1 replication in 

HeLa-derived TZM-bl cells (83), while an increase in 
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family (Hsp40) 

member B1 

gene expression is relevant for Tat recruitment in 

HIV-infected cells (97).  

Hsp40 protein is required for HIV-1 Nef-mediated 

enhancement of viral gene expression and 

replication (98), and that members of this family of 

interferon-inducible proteins should be considered 

within its anti-HIV function (99). 

Pyruvate 

kinase L/R 

ALA↓ - 

CRE↑ 
PYR↑ 

ALA↓ - 

LAC↑ 

PKLR has shown a regulatory role in HIV replication 

in HeLa P4/R5 cells (84). 

solute carrier 

family 38 

member 2 

ALA↓ - 

GLN↑ - 

MET↑ 

GLU↓ - 

GLN↑ - 

MET↑ 

ALA↓ 

Down-regulation of SLC38A1 and SLC38A2 is 

associated with HIV interference with 

immunometabolism in activated primary human 

CD4+ T cells (85). 

This gene uses alanine as an endogenous substrate 

for T cell mitogenesis (85). 

solute carrier 

family 38 

member 1 

ALA↓ - 

GLN↑ - 

MET↑ 

GLU↓ - 

GLN↑ - 

MET↑ 

ALA↓ 

Glutamic--

pyruvic 

transaminase 

2 

ALA↓ Cre↑ 
GLU↓ 

PYR↑ 
ALA↓ 

Knockdown has been shown to inhibit early stages 

of HIV-1 replication in an in vitro model (86). 

Caspase-3 GLN↑ VAL↑ 
GLU↓ 

GLN↑ VAL↓ 

N/A 

Is related to HIV-associated dementia (HAD)  

(87)(104). 

Coagulation 

factor II 

thrombin 

Cre↑ GLU↓ 

Encodes the protein prothrombin (108). Knockdown 

of F2 has previously been suggested to have a 

regulatory role in HIV replication (84). 

Thrombin was shown to activate gp120/gp41 of HIV-

1, enhances virus-cell fusion (110), and enhance the 

gp160-mediated fusion of HIV-1 with R5 tropism 

(111). 

Glyceraldehyd

e-3-phosphate 

dehydrogenas

e 

GLN↑ 
GLU↓ 

GLN↑ 

Negatively regulates HIV-1 infection by directly 

interacting with Gag and Gag-Pol (88). 

Glutamate 

ionotropic 

receptor 

NMDA type 

subunit 2B 

GLN↑ 
GLU↓ 

GLN↑ 

GRIN2B deletion inhibits HIV-1 replication in HeLa 

P4/R5 cells (84), this inhibition is related to HIV-

gp120 and Tat upregulating GRIN2B (120,121). 

Lysyl-trna 

synthetase 1 

GLN↑ 

MET↑ 

GLU↓ 

GLN↑ 

MET↑ 

Knockdown inhibited the initial stages of HIV-1 

replication in vitro(86). 

Methionyl-trna 

synthetase 1 

Cre↑ GLN↑ 

MET↑ 

GLU↓ 

GLN↑ 

MET↑ 

Knockdown inhibited HIV-1 replication (89). 
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Moesin GLN↑ 
GLU↓ 

GLN↑ 

Knockdown inhibited HIV-1 replication (89). 

Phosphofructo

kinase muscle 
CRE↑ GLU↓ 

Knockdown inhibited the initial stages of HIV-1 

replication in vitro(86). 

Mitogen-

activated 

protein kinase 

14 

Cre↑ GLN↑ GLN↑ 

MAP kinases (MAPK) have been associated with 

HIV proteins such as gp120 (124), Nef (125), Tat 

(126) and Vpr (127), which generate a strong 

activation of these enzymes. 

Aminoacyl trna 

synthetase 

complex 

interacting 

multifunctional 

protein 1 

GLN↑ 

MET↑ 

GLU↓ 

GLN↑ 

MET↑ 

Knockdown inhibited HIV-1 replication (89). 

Leucyl-trna 

synthetase 1 

GLN↑ 

MET↑ 

GLU↓ 

GLN↑ 

MET↑ 

Knockdown of DnaJ inhibits HIV-1 replication in 

HeLa-derived TZM-bl cells (83) 

Ficolin 2 Glc↑ 

N/A 

Glc↓ 
Ficolin-2 binds to HIV-1 gp120 and blocks viral 

infection (90). 

Glucokinase Glc↑ Glc↓ 
Knockdown inhibited HIV-1 replication in HeLa-

derived TZM-bl cells (83). 

Interferon beta 

1 
Glc↑ Glc↓ 

Interferon-beta, encoded by IFNB1 gene, has 

antiviral, antibacterial and anticancer properties 

(130). HIV-1 replication upregulates the expression 

of IFNB1 gene (91). 

Galectin 3 Glc↑ Glc↓ 

In HIV infection, deletion of LGALS3 by shRNA was 

shown to inhibit HIV-1 production in vitro (92). 

Furthermore, it promotes HIV-1 budding through 

association with Alix and Gag p6 (92). 

Sialic acid 

binding Ig like 

lectin 5 

Glc↑ Glc↓ 

Siglec-5 associated with divergent outcomes of  HIV-

1 infection in human and chimpanzee CD4 T cells 

(93). 

Phospholipase 

A2 group IB 
N/A GLU↓ PHO↓ 

This gene was involved in CD4 anergy and CD4 

lymphopenia in HIV-infected patients (94). 

Myeloperoxida

se 
Cre↑ TYR↓ 

N/A N/A 

Knockdown of MPO inhibits HIV-1 replication in 

HeLa P4/R5 cells (84).  

Crooked neck 

pre-mrna 

splicing factor 

1 

CRE↑ Cre↑ 

CRNKL1 was identified as a highly Selective 

Regulator of Intron-Retaining HIV-1 and Cellular 

mRNAs (95). 

CT: controllers, HESN: HIV-exposed seronegative, PR: Progressors, N/A: Not Applicable. Variation: ↓ 

(Smaller area or relative concentration in the reference method) ↑ (Bigger area or relative concentration in 
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the reference method). 3-HB: 3-Hydroxybutyrate, ALA: Alanine, CRE: Creatine, Cre: Creatinine, Glc: D-

Glucose, GLN: Glutamine, GLU: Glutamate, LAC: Lactate, MET: Methionine, PHO: Phosphocholine, PYR: 

Pyruvate, TYR: Tyrosine, VAL: Valine. 

 

Among the genes listed in Table 2, five are related to the three study groups (progressors, 

controllers and HESN): DnaJ heat shock protein family (Hsp40) member B1, Pyruvate kinase liver 

and red blood cell (PKLR) gene, Solute carrier gene family SLC38A1 and SLC38A2, and glutamic-

pyruvic transaminase 2 (GPT2). 

High pyruvate expression in controllers may be associated with elevated PKLR function, whereas 

in HESN, high lactate expression that is associated with reduced pyruvate would explain a 

differential gene response in these two groups. SLC38A1 and SLC38A2 uses alanine as an 

endogenous substrate for T cell mitogenesis (85). This metabolite is markedly down regulated in 

HESN and progressors, but not in controllers, which instead have a low concentration of GLU. In 

contrast to the HESN, progressors and controllers increase GLN and MET metabolites. 

GPT2 encodes a mitochondrial alanine transaminase, a pyridoxal enzyme that catalyzes the 

reversible transamination between alanine and 2-oxoglutarate to generate pyruvate and glutamate 

(101). The differential regulations of pyruvate and glutamate in Controllers may be related to a 

differential expression of this gene and low rates of virus replication. 

On the other hand, when the association between HIV progressors and controllers was analyzed, 

eleven genes (CASP3 gene, coagulation factor II thrombin gene (F2), Glyceraldehyde-3-

phosphate dehydrogenase (GAPDH), Glutamate ionotropic receptor NMDA type subunit 2B 

(GRIN2B), Mitogen-activated protein kinase 14 (MAP3K14) gene, Lysyl-trna synthetase 1 

(KARS), Phosphofructokinase muscle (PFKM), Methionyl-tRNA synthetase 1 (MARS) Moesin 

(MSN), Aminoacyl tRNA synthetase complex interacting multifunctional protein 1 (AIMP1), ) were 

identified expressed in both groups, but related to different metabolites or opposite metabolite 

concentration changes (See Table 2).  

Between progressors and controllers there are two differences in terms of the associated 

metabolites: the expression of valine (elevated in progressors and decreased in controllers) and 

the expression of glutamate that is exclusively decreased in controllers. For this reason, glutamate 

is then the most important metabolite in the difference between progressors and controllers. 

Glutamate causes neuronal cell death by apoptosis at high concentrations (105,106) and 

glutamate-induced apoptotic cell death was associated with caspase-3 gene regulation (107). It 
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could then be stated that low concentrations of glutamate in Controllers may be related to a 

neuroprotective profile and regulation of apoptosis in HIV infection. 

The relationship between prothrombin and/or thrombin with glutamate has been previously 

determined (112,113). Thus, the differential expression of glutamate in controllers may be related 

to an optimized cell proliferation mediated by F2 that participates in resistance to HIV progression. 

There is a relationship between glutamate and GAPDH shown previously (116), so, it can be 

inferred that the differential levels observed in controllers can promote the downregulation of the 

infection. 

Creatinine was only found to be altered in progressors. It has been demonstrated that dietary 

supplementation with creatinine generates a decrease in MAPK expression (122); this could occur 

in progressors with high creatinine levels. MAP kinases (MAPK) are involved in cellular processes 

such as development, proliferation, differentiation, and transcription regulation (123). 

Furthermore, in our study we were able to identify five genes that were associated with 

progressors and HESN: Ficolin 2 (FCN2), Glucokinase (GCK), Interferon-beta 1 (IFNB1), Galectin 

3 (LGALS3), and Sialic acid binding Ig like lectin 5 (SIGLEC5) (See Table 2). All five genes are 

associated with D-Glucose regulation in study groups. In the progressors, D-Glucose is 

upregulated and downregulated in the HESNs group. Glucokinase is a type IV isozyme found 

exclusively in the liver. It is highly specific, only uses D-glucose as a substrate (129); it is encoded 

by the GCK gene, and its knockdown inhibited HIV-1 replication in HeLa-derived TZM-bl cells (83). 

The low concentration of D-Glucose in HESNs may be related to this phenomenon.  

It was possible to identify a gene that is related to controllers and HESN, phospholipase A2 group 

IB gene (PLA2G1B). Recently, this gene was involved in CD4 anergy and CD4 lymphopenia in 

HIV-infected patients (94). This gene could potentially be differentially expressed between 

controllers and HESN. It is enough to identify that HESN present a decreased concentration of 

PHO, a metabolite directly related to PLA2G1B. 

Finally, within the replication interactions, two progressor-specific genes associated with 

increased expression of CRE and Cre were identified: Myeloperoxidase (MPO) and Crooked neck 

pre-mRNA splicing factor 1 (CRNKL1). 

 

4.6. Conclusions 
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This study presents differential metabolic profile for controllers, progressors and HESN 

individuals. Thus, the resistance to HIV-1 progression is associated with changes in the 

individual's metabolome, represented in the form of metabolites, that could provide biomarkers of 

the infectious status of PLHIV, and it will be key to determine the factors that control the infection. 

Based on our results, we propose tyrosine, glutamate, and valine as biomarkers of progression in 

HIV infection in progressors and controllers. 

It should be noted that the variation in the viral load during progression could affect the 

metabolomic profile of these individuals. Therefore, conducting a longitudinal study with this 

population help to resolve this issue. However, according to the HIV “test and treat” guidelines, it 

is challenging to recruit HIV-positive individuals without receiving ART; therefore, evaluations 

spanning continuous years of suppressive or not suppressive ART compared with our cohort can 

help to elucidate the impact of the ART in the metabolomic profile. 

Likewise, our study visualized that natural resistance to HIV-1 infection in HESN individuals is 

associated with a specific metabolic fingerprint, described here for the first time according to our 

research. We consider LDL, glucose, lactate and Phosphocholine plausible biomarkers of natural 

resistance to HIV infection in HESN. However, additional studies should be carried out with other 

HESN groups: female sex workers (FSWs), children born to HIV infected mothers and men who 

have sex with men (MSM). These analyses allow us to compare and contrast our results, to 

determine if the metabolites are repeated in the different groups or if there are other phenotypes 

associated with HIV resistance. 

The specific biomarkers for each group were associated with genes and proteins related to HIV-

1, therefore, differential expression among groups could potentially explain the characteristics of 

each group. Finally, we consider that proteomic, transcriptomic and genomic analyzes should be 

carried out to have a more comprehensive look at the progression and the natural resistance to 

HIV-1 infection. 
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5.1 Conclusiones 

 

5.1.1 Conclusiones relacionadas con el objetivo específico 1: Desarrollar un protocolo 

optimizado para la determinación del perfil metabolómico de muestras de CMSP de 

voluntarios mediante RMN. 

La ejecución del estudio presentado por medio de esta tesis, permitió dar respuesta a los objetivos 

planteados en la propuesta de investigación. Se desarrolló y estandarizó un nuevo método de 

procesamiento de CMSP para perfiles metabolómicos mediante espectroscopia de RMN. Este 

nuevo método, permite la obtención de datos de alta calidad, sólidos y reproducibles a partir de 

la mitad de CMSP reportada anteriormente necesaria para analizar este tipo de células a través 

de RMN. Este método, combina ultrasonido de alta intensidad y filtración desproteinizante, y se 

caracteriza por una mínima manipulación de la muestra (todo el proceso se puede realizar en el 

mismo vial) y un menor tiempo de procesamiento (6 h vs. 16 h que se demora el método 

tradicional). 

 

5.1.2 Conclusiones relacionadas con el objetivo específico 2: Construir matrices 

metabolómicas para el plasma sanguíneo y las CMSP que permitan comparar los grupos 

de individuos del estudio. 

En CMSP, se lograron identificar perfiles metabolómicos diferenciales en PLHIV-TAR y HESN. 

Se encontró un perfil metabólico diferencial para controladores, progresores e individuos HESN 

en muestras de plasma sanguíneo. Es decir que, la resistencia a la infección o a la progresión del 

VIH-1 está asociada a cambios en el metaboloma del individuo, los cuales están representados 

en forma de metabolitos, que podrían proporcionar biomarcadores de resistencia o de pronóstico 

de las personas que viven con el VIH-1. 

 

5.1.3 Conclusiones relacionadas con los objetivos específicos 3 y 4: Determinar, mediante 

análisis multivariado dependiente e interdependiente, los metabolitos que se puedan 

identificar como biomarcadores diferenciadores de los grupos del estudio. 4.

 Proponer las rutas metabólicas que ayuden a explicar las diferencias 

metabolómicas que se encuentren entre los grupos del estudio. 
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Se propone como biomarcadores de eficacia del tratamiento (TAR) a niveles disminuidos de: 

carnitina (62,2% respecto a los controles sanos), fenilalanina (76,1% respecto a los controles 

sanos), sarcosina (66,3% respecto a los controles sanos) y trimetilamina N-oxido (90,7% respecto 

a los controles sanos). El impacto que genera el VIH-1 es evidente a pesar de la respuesta 

positiva a la TAR, dado que, en el grupo PLHIV-ART, los metabolitos identificados se relacionaron 

también con una marcada activación inmune. 

Como factor de protección en caso de exposición (HESN) se propone como biomarcadores en 

CMSP niveles disminuidos de alanina (52% respecto a los controles sanos), AMP (60% respecto 

a los controles sanos), inosina (65,5% respecto a los controles sanos) y valina (37,6% respecto 

a los controles sanos). Metabolitos relacionados con un perfil antiinflamatorio (AMP e inosina) y 

un estado de quiescencia inmune (alanina) en las CMSP, lo que explicaría la resistencia natural 

a la infección de estos individuos. 

En plasma, la tirosina (con un nivel 19,5% por debajo en progresores en relación a los controles 

sanos), el glutamato (con un nivel 42,7% por debajo en controladores en relación a los controles 

sanos) y la valina (Elevada un 13,8% en progresores respecto a los niveles de los controles sanos 

y disminuida un 15,6% en controladores respecto a los niveles de los controles sanos) son 

potenciales biomarcadores de progresión de la infección por el VIH-1 en progresores y 

controladores. Un infectado con bajos niveles de tirosina y elevados de valina, potencialmente 

progresará más rápido a SIDA que un infectado con niveles disminuidos de valina y glutamato, el 

cual mostraría un perfil de controlador. 

La resistencia natural a la infección por el VIH-1 en individuos HESN está asociada con una huella 

metabólica específica, que no había sido previamente descrita. Esta huella está compuesta por 

un nivel elevado de lactato (80% respecto a los controles sanos), y niveles disminuidos de 

fosfocolina (13,8% por debajo de los controles sanos) y mioinositol (23,3% por debajo de los 

controles sanos). Estos metabolitos podrían ser biomarcadores en plasma de resistencia natural 

a la infección por el VIH en HESN. 

Los biomarcadores específicos de cada grupo se asociaron con genes y proteínas relacionadas 

con el VIH-1 a través de MetaboAnalyst®, obteniendo una lista de genes conectados a los 

biomarcadores y al VIH-1. Ejemplo, el gen Caspasa-3, relacionado con la demencia asociada al 

VIH-1, se asoció con controladores (niveles de valina y glutamato disminuidos) y progresores 

(niveles de valina elevados). El gen de trombina del factor II de coagulación (F2), con un rol 
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regulatorio en la replicación del VIH-1, se asoció con progresores (niveles disminuidos de 

creatinina) y controladores (niveles disminuidos de glutamato).  

El glutamato es el metabolito más importante en la diferencia entre progresores y controladores, 

las bajas concentraciones de glutamato en controladores pueden estar relacionadas con un perfil 

neuroprotector y regulación de la apoptosis en la infección por VIH. Así mismo, la expresión 

diferencial de glutamato en controladores podría estar relacionada con una proliferación celular 

optimizada mediada por F2 que participa en la resistencia a la progresión del VIH. 

Se identificó el gen de la fosfolipasa A2 del grupo IB (PLA2G1B) relacionado con controladores 

(niveles disminuidos de glutamato) y HESN (niveles disminuidos de fosfocolina); este gen está 

involucrado en la anergia de linfocitos T CD4+ y linfopenia de linfocitos T CD4+ en personas 

infectadas por el VIH-1. La inducción de anergia y linfopenia propia de la infección por VIH-1, 

pueden ser claves para entender los dos fenómenos más importantes que busca explicar este 

estudio: la resistencia a la infección y a la progresión del VIH-1.  

Finalmente, dentro del estudio del VIH, este estudio propone que cambios en los niveles de 

ciertos metabolitos en las personas que se exponen y/o infectan con VIH-1 pueden predecir el 

pronóstico de su condición médica o estatus infeccioso. Queda entonces demostrado que el 

metabolismo juega un papel preponderante en la salud humana y la respuesta a las infecciones. 
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5.2 Recomendaciones 

 

Se espera que el método desarrollado genere nuevas vías para la aplicación de perfiles 

metabolómicos de CMSP basados en 1H-RMN para el seguimiento, diagnóstico y tratamiento de 

enfermedades. Especialmente, nuevas investigaciones deberían abordar este enfoque de 

procesamiento de CMSP para el estudio del metabolismo de otras enfermedades infecciosas u 

otras condiciones médicas que afecten a este importante componente del sistema inmune. Se 

podría entonces, usar el método desarrollado para el estudio de CMSP en infecciones 

bacterianas, parasitarias y virales diferentes al VIH-1. Estos estudios permitirían determinar 

cuáles son las afecciones metabólicas que a nivel celular se presentan por estas enfermedades. 

También cabe resaltar que, nuestro protocolo puede ser ajustado para llevar a cabo el estudio de 

otras células del cuerpo humano diferentes a las CMSP, como hepatocitos, nefronas, 

hematocritos, entre otras. Lo que abre un horizonte amplio en la investigación de enfermedades 

y condiciones médicas que afectan a las células de cuerpo humano usando metabolómica por 

RMN. 

Dada la relación de la disminución en la concentración relativa identificada de ciertos metabolitos 

en los grupos de estudio, sería importante evaluar si la suplementación de los metabolitos 

disminuidos y el control de la ingesta de los aumentados mejora los marcadores de activación 

celular. 

Además, es necesario complementar y corroborar estos resultados mediante el análisis de otras 

cohortes de HESN como las trabajadoras sexuales, niños nacidos de madres infectadas por el 

VIH-1 y hombres que tienen sexo con hombres, para determinar si los metabolitos se repiten en 

los diferentes grupos o si existen otros fenotipos asociados a la resistencia al VIH-1. 

Según este estudio, existe una relación directa entre el porcentaje de linfocitos T CD4+ y el perfil 

metabólico de las CMSP en individuos con VIH-1. Podría ser interesante estudiar si la variación 

del porcentaje de linfocitos T CD4+ durante la progresión de la enfermedad afecta también el 

perfil metabólico de estos individuos. Por tanto, la realización de un estudio longitudinal con esta 

población ayudaría a resolver esta cuestión. Sin embargo, según las directrices de “prueba y 

tratamiento” del VIH-1, resulta complicado reclutar personas VIH-1 positivas sin recibir TAR; por 

lo tanto, las evaluaciones que abarcan años continuos de TAR supresor o no supresor en 

comparación con nuestra cohorte pueden ayudar a dilucidar el impacto del TAR en el perfil 

metabolómico.  
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Con base en los resultados del análisis de genes realizados en este estudio, consideramos que 

se deberían realizar análisis proteómicos, transcriptómicos y genómicos para tener una visión 

más completa de la progresión y la resistencia natural a la infección por VIH-1. 
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Anexo 1 

Artículo 1, Capítulo 2 
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Anexo 2 

Tablas suplementarias 1 y 2, Artículo 1, Capítulo 2 

DOCUMENTO ANEXO EN ARCHIVO EN FORMATO PDF 

 

 

 

 

 

 

 

 

 

 

  



163 
 

Anexo 3 

Figuras suplementarias 1 a 7, Artículo 1, Capítulo 2 

 

 

S1 Figure. Six Sigma Gage R&R Measure for alanine. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of Alanine. 
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S2 Figure. Six Sigma Gage R&R Measure for valine. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of valine. 
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S3 Figure. Six Sigma Gage R&R Measure for taurine. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of taurine. 
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S4 Figure. Six Sigma Gage R&R Measure for inosine. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of inosine. 
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S5 Figure. Six Sigma Gage R&R Measure for Hidroxyacetone. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of 

Hidroxyacetone. 
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S6 Figure. Six Sigma Gage R&R Measure for Creatinine. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of Creatinine. 
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S7 Figure. Six Sigma Gage R&R Measure for creatine. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of creatine. 
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S8 Figure. Six Sigma Gage R&R Measure for choline. Comparative repeatability and 

reproducibility analysis between FM, UM and UUM, for the normalized concentration of choline. 
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Anexo 4 

Tabla suplementaria 1, Artículo 2, Capítulo 3 

Signal assignment in 1H-NMR spectrum of PBMC samples 

Type H's Metabolite ppm 1 ppm 2 

s  TSP 0,0428 -0,0466 

t 3 2-hydroxybutyrate 0,9229 0,8599 

- - Unknown 1 0,9354 0,9247 

t 3 Isoleucine 0,9479 0,9359 

t 6 Leucine 0,9799 0,9503 

d 3 Valine 1,0016 0,9799 

d 3 Isoleucine 1,0248 1,0016 

d 3 Valine 1,058 1,0337 

- - Unknown 2 1,1007 1,0649 

t 3 Ethanol 1,2478 1,1354 

s 6 3-Hidroxyisovalerate 1,2576 1,2508 

- - Unknown 3 1,3109 1,2737 

d 3 Lactate 1,3503 1,3136 

d 3 Alanine 1,5001 1,4645 

m 2 2-hydroxybutyrate 1,6294 1,5908 

m 2 2-hydroxybutyrate 1,6653 1,6299 

m 2 Lysine 1,7974 1,6768 

- - Unknown 4 1,8234 1,8096 

- - Unknown 5 1,8582 1,8434 

m 2 Lysine 1,9177 1,8747 

s 3 Acetate 1,9285 1,9179 

m 2 Glutamate 2,098 1,996 

m 2 Glutamine 2,1356 2,1114 

s 3 Hidroxyacetone 2,1498 2,1359 

m 5 Methionine 2,1929 2,1506 

s - Unknown 6 2,2326 2,2234 

s - Unknown 7 2,2398 2,233 

s 3 Acetoacetate 2,2706 2,258 

m 1 Valine 2,2989 2,271 

s 3 Methylacetoacetate 2,34 2,3302 

- - Unknown 8 2,3522 2,3404 
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m 2 Glutamate 2,3651 2,3523 

s 4 Succinate 2,3723 2,3652 

s 3 Pyruvate 2,3801 2,3724 

- - Unknown 9 2,4117 2,4035 

- - Unknown 10 2,4674 2,4335 

m 2 Glutamine 2,4983 2,4674 

m 2 GSH+GSSG  2,5612 2,5522 

d 2 Citrate 2,5952 2,5224 

d 2 Citrate 2,6434 2,6285 

t 2 Methionine 2,663 2,6435 

- - Unknown 11 2,673 2,6631 

m 1 Aspartate 2,7038 2,6726 

s 3 Sarcosine 2,7196 2,7089 

- - Unknown 12 2,7377 2,7293 

m 1 Aspartate 2,8541 2,7938 

s 9 Trimethylamine 2,8792 2,8591 

dd 2 GSH+GSSG  2,9859 2,9316 

- - Unknown 13 3,0261 3,0147 

s 3 Creatine 3,0391 3,0263 

s 3 Creatinine 3,0539 3,0392 

s 2 Malonate 3,1376 3,1285 

m 1 Phenylalanine 3,1671 3,1378 

s 9 Choline 3,2082 3,1984 

s 9 O-Phosphocoline 3,2143 3,2082 

s 9 Trimethylamine N-oxide 3,2245 3,2146 

s 9 Carnitine 3,2343 3,2247 

s 9 Betaine 3,2416 3,2342 

t 2 Taurine 3,2803 3,2419 

m 1 Phenylalanine 3,3122 3,2904 

s 3 Methanol 3,377 3,3531 

t 2 Taurine 3,4458 3,4102 

- - Unknown 14 3,5415 3,5165 

m 4 Glycerol 3,5685 3,5438 

s 2 Glycine 3,5908 3,5687 

d 1 Treonine 3,5976 3,5909 

d 1 Valine 3,6236 3,6086 
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- - Unknown 15 3,6347 3,6244 

m 4 Glycerol 3,664 3,6399 

q 2 Ethanol 3,6888 3,664 

- - Unknown 16 3,7264 3,7027 

- - Unknown 17 3,7405 3,7346 

m 1 Glutamate 3,7671 3,7415 

dd + 

q 

1 Serine + Alanine 3,818 3,7665 

dd 1 Methionine 3,8593 3,8349 

s 2 Betaine 3,8892 3,8839 

- - Unknown 18 3,9138 3,8929 

s 2 Creatine 3,9218 3,9141 

dd 1 Tyrosine 3,9759 3,9389 

m 2 Serine 4,0051 3,9761 

s 2 Creatinine 4,0133 4,0054 

m 2 Choline 4,0423 4,0356 

- - Unknown 19 4,052 4,0427 

- - Unknown 20 4,0608 4,0528 

- - Unknown 21 4,0881 4,0611 

- - Unknown 22 4,0972 4,0906 

q 1 Lactate 4,118 4,0972 

q 1 Lactate 4,1289 4,1184 

q 1 Lactate 4,1407 4,1291 

- - Unknown 23 4,1519 4,1423 

m 1 Treonine 4,2436 4,1836 

- - Unknown 24 4,2759 4,2442 

- - Unknown 25 5,6375 5,6064 

d 1 Inosine 6,1597 6,1248 

d 2 Tyrosine 6,9311 6,8779 

dd 1 Xanthurenate 7,1227 7,0595 

d 2 Tyrosine 7,2147 7,1804 

d 1 Phenylalanine 7,3525 7,2973 

d 1 Phenylalanine 7,4036 7,3753 

t 1 Phenylalanine 7,4547 7,4125 

- - Unknown 7,5018 7,4604 

s 1 Xanthine 7,8583 7,8134 
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s 2 GTP 8,0456 8,0185 

s 1 Inosine 8,2025 8,1871 

s 1 Inosine 8,2305 8,2049 

s 1 AMP 8,2851 8,2598 

s 1 Oxypurinol 8,3917 8,3745 

s 1 Formiate 8,4729 8,4426 

s 1 AMP 8,6282 8,5897 

 

  



175 
 

 

 

 

 

 

 

 

 

 

 

 

Anexo 5 

Tabla suplementaria 2, Artículo 2, Capítulo 3 

DOCUMENTO ANEXO EN ARCHIVO EN FORMATO PDF 
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Anexo 6 

Tabla suplementaria 3, Artículo 2, Capítulo 3 

DOCUMENTO ANEXO EN ARCHIVO EN FORMATO EXCEL 
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Anexo 7 

Artículo 3, Capítulo 4 
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Anexo 8 

Tabla suplementaria 1, Artículo 3, Capítulo 4 

 

Supplementary Table 1. Characteristics of the study volunteers: Healthy control versus 

HESN 

SAMPLE CO

D 

GROUP SE

X 

AGE  SAMPLE CO

D 

GROUP SE

X 

AGE 

PF5 2 Healthy 

control 

F 28  PF1 34 HESN M   

PF8 7 Healthy 

control 

F 32  PF4 53 HESN F 37 

PF12 8 Healthy 

control 

F 25  PF7 79 HESN F 29 

PF15 12 Healthy 

control 

F 40  PF10 236 HESN F 38 

PF18 13 Healthy 

control 

F 45  PF17 238 HESN M 24 

PF24 16 Healthy 

control 

F 47  PF20 240 HESN M 25 

PF27 25 Healthy 

control 

F 26  PF23 242 HESN F 25 

PF30 26 Healthy 

control 

F 32  PF26 245 HESN M 34 

PF34 27 Healthy 

control 

F 45  PF29 278 HESN M 31 

PF37 28 Healthy 

control 

F 38  PF32 284 HESN M 22 

PF40 33 Healthy 

control 

M 22  PF36 285 HESN M 22 

PF43 34 Healthy 

control 

M 24  PF39 294 HESN M 31 

PF46 35 Healthy 

control 

M 25  PF42 302 HESN M 22 

PF49 39 Healthy 

control 

M 24  PF45 303 HESN F 33 
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PF52 51 Healthy 

control 

M 50  PF48 313 HESN F 50 

PF62 H-

01 

Healthy 

control 

F 38  PF51 336 HESN M 17 

PF65 H-

02 

Healthy 

control 

F 43  PF54 338 HESN M 29 

PF68 H-

03 

Healthy 

control 

F 32  PF58 342 HESN F 39 

PF71 H-

05 

Healthy 

control 

M 45  PF61 346 HESN M 27 

PF74 H-

08 

Healthy 

control 

M 48  PF64 349 HESN M 46 

PF78 H-

09 

Healthy 

control 

M 30  PF67 350 HESN F 26 

PF81 H-

11 

Healthy 

control 

M 45  PF70 353 HESN M 39 

PF84 H-

12 

Healthy 

control 

M 38  PF76 357 HESN F 26 

PF87 H-

17 

Healthy 

control 

F 22  PF89 375 HESN F 47 

PF90 H-

19 

Healthy 

control 

M 31  PF92 376 HESN F 24 

PF93 H-

33 

Healthy 

control 

F 25  PF95 377 HESN M 44 

PF96 H-

34 

Healthy 

control 

M 25  PF98 378 HESN F 40 

PF103 H-

46 

Healthy 

control 

M 30  PF102 379 HESN F 17 

PF106 H-

47 

Healthy 

control 

M 39  PF105 380 HESN F 34 

PF109 H-

48 

Healthy 

control 

M 22  PF108 381 HESN F 50 
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Supplementary Table 1. Characteristics of the study volunteers: Healthy control versus 

PLHIV 

SAMP

LE 

CO

D 

GROU

P 

SE

X 

AG

E 

 SAMP

LE 

CO

D 

GROUP SE

X 

AG

E 

Viral 

Load 

LT 

CD4+ 

(%) 

LT 

CD4

+ 

(cel) 

PF2 1 Health

y 

control 

F 32  PF3 C-

13 

Controll

er 

F 21 162 29,63

% 

996 

PF5 2 Health

y 

control 

F 28  PF9 C-

21 

Controll

er 

M 29 286 36,78

% 

1367 

PF12 8 Health

y 

control 

F 25  PF16 C-

23 

Controll

er 

F 39 412 31,05

% 

635 

PF15 12 Health

y 

control 

F 40  PF25 C-

24 

Controll

er 

F 25 37 30,49

% 

936 

PF18 13 Health

y 

control 

F 45  PF31 C-

25 

Controll

er 

F 37 20 25,04

% 

731 

PF27 25 Health

y 

control 

F 26  PF47 C-

28 

Controll

er 

F 25 1464 24,45

% 

722 

PF30 26 Health

y 

control 

F 32  PF53 C-

31 

Controll

er 

M 38 1383 27,10

% 

514 

PF40 33 Health

y 

control 

M 22  PF60 C-

38 

Controll

er 

M 49 1885 27,90

% 

759 

PF43 34 Health

y 

control 

M 24  PF69 C-

40 

Controll

er 

M 45 64 29,50

% 

647 

PF46 35 Health

y 

control 

M 25  PF75 C-

41 

Controll

er 

M 20 20 37,48

% 

769 
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PF49 39 Health

y 

control 

M 24  PF82 C-

44 

Controll

er 

M 24 162 29,69

% 

789 

PF52 51 Health

y 

control 

M 50  PF97 S-

35 

Controll

er 

F 34 2928 21,00

% 

819 

PF56 57 Health

y 

control 

M 24  PF6 S-

14 

Progres

sor 

M 50 4600 21,69

% 

669 

PF71 H-

05 

Health

y 

control 

M 45  PF13 S-

20 

Progres

sor 

M 27 2120

0 

18,05

% 

434 

PF74 H-

08 

Health

y 

control 

M 48  PF19 S-

22 

Progres

sor 

M 39 1850

0 

16,20

% 

267 

PF78 H-

09 

Health

y 

control 

M 30  PF28 C-

04 

Progres

sor 

M 44 3550

0 

27,56

% 

706 

PF81 H-

11 

Health

y 

control 

M 45  PF50 S-

32 

Progres

sor 

M 32 2363

7 

24,98

% 

557 

PF84 H-

12 

Health

y 

control 

M 38  PF57 C-

06 

Progres

sor 

M 29 4700 36,40

% 

790 

PF90 H-

19 

Health

y 

control 

M 31  PF63 C-

10 

Progres

sor 

F 47 5270 26,63

% 

755 

PF96 H-

34 

Health

y 

control 

M 25  PF72 S-

37 

Progres

sor 

M 26 6371

5 

22,80

% 

359 

PF103 H-

46 

Health

y 

control 

M 30  PF79 S-

39 

Progres

sor 

M 27 4401

6 

16,10

% 

306 

PF106 H-

47 

Health

y 

control 

M 39  PF85 S-

42 

Progres

sor 

M 19 1604

05 

16,48

% 

328 
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PF109 H-

48 

Health

y 

control 

M 22  PF94 S-

43 

Progres

sor 

M 21 2880

1 

22,65

% 

633 

 

Supplementary Table 1. Characteristics of the study volunteers: Healthy control versus 

Controllers 

SAMP

LE 

CO

D 

GROU

P 

SE

X 

AG

E 

 SAMP

LE 

CO

D 

GROU

P 

SE

X 

AG

E 

Viral 

Load 

LT 

CD4+ 

(%) 

LT 

CD4

+ 

(cel) 

PF5 2 Health

y 

control 

F 28  PF3 C-

13 

Controll

er 

F 21 162 29,63

% 

996 

PF8 7 Health

y 

control 

F 32  PF9 C-

21 

Controll

er 

M 29 286 36,78

% 

1367 

PF12 8 Health

y 

control 

F 25  PF16 C-

23 

Controll

er 

F 39 412 31,05

% 

635 

PF27 25 Health

y 

control 

F 26  PF25 C-

24 

Controll

er 

F 25 37 30,49

% 

936 

PF34 27 Health

y 

control 

F 45  PF31 C-

25 

Controll

er 

F 37 20 25,04

% 

731 

PF40 33 Health

y 

control 

M 22  PF38 C-

26 

Controll

er 

M 27 1885 0,279 759 

PF43 34 Health

y 

control 

M 24  PF47 C-

28 

Controll

er 

F 25 1464 24,45

% 

722 

PF46 35 Health

y 

control 

M 25  PF53 C-

31 

Controll

er 

M 38 1383 27,10

% 

514 
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PF49 39 Health

y 

control 

M 24  PF60 C-

38 

Controll

er 

M 49 1885 27,90

% 

759 

PF52 51 Health

y 

control 

M 50  PF69 C-

40 

Controll

er 

M 45 64 29,50

% 

647 

PF71 H-

05 

Health

y 

control 

M 45  PF75 C-

41 

Controll

er 

M 20 20 37,48

% 

769 

PF84 H-

12 

Health

y 

control 

M 38  PF82 C-

44 

Controll

er 

M 24 162 29,69

% 

789 

PF87 H-

17 

Health

y 

control 

F 22  PF91 C-

27 

Controll

er 

M 42 1120

6 

0,317 818 

PF106 H-

47 

Health

y 

control 

M 39  PF97 S-

35 

Controll

er 

F 34 2928 21,00

% 

819 

 

Supplementary Table 1. Characteristics of the study volunteers: Healthy control versus 

Progressors 

SAMP

LE 

CO

D 

GROU

P 

SE

X 

AG

E 

 SAMP

LE 

CO

D 

GROUP SE

X 

AG

E 

Viral 

Load 

LT 

CD4+ 

(%) 

LT 

CD4

+ 

(cel) 

PF40 33 Health

y 

control 

M 22  PF6 S-

14 

Progres

sor 

M 50 4600 21,69

% 

669 

PF43 34 Health

y 

control 

M 24  PF13 S-

20 

Progres

sor 

M 27 2120

0 

18,05

% 

434 

PF46 35 Health

y 

control 

M 25  PF19 S-

22 

Progres

sor 

M 39 1850

0 

16,20

% 

267 
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PF49 39 Health

y 

control 

M 24  PF28 C-

04 

Progres

sor 

M 44 3550

0 

27,56

% 

706 

PF52 51 Health

y 

control 

M 50  PF35 S-

29 

Progres

sor 

M 25 1665

6 

34,84

% 

372 

PF71 H-

05 

Health

y 

control 

M 45  PF50 S-

32 

Progres

sor 

M 32 2363

7 

24,98

% 

557 

PF74 H-

08 

Health

y 

control 

M 48  PF57 C-

06 

Progres

sor 

M 29 4700 36,40

% 

790 

PF78 H-

09 

Health

y 

control 

M 30  PF72 S-

37 

Progres

sor 

M 26 6371

5 

22,80

% 

359 

PF84 H-

12 

Health

y 

control 

M 38  PF79 S-

39 

Progres

sor 

M 27 4401

6 

16,10

% 

306 

PF90 H-

19 

Health

y 

control 

M 31  PF85 S-

42 

Progres

sor 

M 19 1604

05 

16,48

% 

328 

PF96 H-

34 

Health

y 

control 

M 25  PF94 S-

43 

Progres

sor 

M 21 2880

1 

22,65

% 

633 

PF103 H-

46 

Health

y 

control 

M 30  PF101 S-

45 

Progres

sor 

M 23 4724

5 

22,73

% 

443 

PF106 H-

47 

Health

y 

control 

M 39  PF104 C-

49 

Progres

sor 

M 30 1763

0 

22,00

% 

  

PF109 H-

48 

Health

y 

control 

M 22  PF107 S-

50 

Progres

sor 

M 40 3155

2 

17,80

% 

344 
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Supplementary Table 1. Characteristics of the study volunteers: Controllers versus Progressors 

SAMPL

E 

CO

D 

GROUP SE

X 

AGE Viral 

Load 

LT 

CD4+ 

(%) 

LT 

CD4

+ 

(cel) 

 SAMPL

E 

CO

D 

GROUP SE

X 

AG

E 

Viral 

Load 

LT 

CD4+ 

(%) 

LT 

CD4+ 

(cel) 

PF9 C-

21 

Controlle

r 

M 29 286 36,78

% 

1367  PF6 S-

14 

Progress

or 

M 50 4600 21,69% 669 

PF38 C-

26 

Controlle

r 

M 27 1885 0,279 759  PF28 C-

04 

Progress

or 

M 44 35500 27,56% 706 

PF53 C-

31 

Controlle

r 

M 38 1383 27,10

% 

514  PF35 S-

29 

Progress

or 

M 25 16656 34,84% 372 

PF60 C-

38 

Controlle

r 

M 49 1885 27,90

% 

759  PF50 S-

32 

Progress

or 

M 32 23637 24,98% 557 

PF69 C-

40 

Controlle

r 

M 45 64 29,50

% 

647  PF57 C-

06 

Progress

or 

M 29 4700 36,40% 790 

PF75 C-

41 

Controlle

r 

M 20 20 37,48

% 

769  PF101 S-

45 

Progress

or 

M 23 47245 22,73% 443 

PF82 C-

44 

Controlle

r 

M 24 162 29,69

% 

789  PF104 C-

49 

Progress

or 

M 30 17630 22,00%   

PF91 C-

27 

Controlle

r 

M 42 1120

6 

0,317 818  PF107 S-

50 

Progress

or 

M 40 31552 17,80% 344 
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Anexo 9 

Tabla suplementaria 2, Artículo 3, Capítulo 4 

 

Direct Plasma metabolites  

Metabolite Compound 

Type 

2-oxoglutarate Organic acid 

2-oxoisovalerate Organic acid 

3-hydroxybutyrate Organic acid 

Acetate Organic acid 

Acetoacetate Organic acid 

Alanine Amino acid 

Albuminlysil Lipid 

Arginine Amino acid 

Asparagine Amino acid 

Aspartate Organic acid 

Choline Organic acid 

Citrate Organic acid 

Citrulline Amino acid 

Creatine Amino acid 

Creatinine Amino acid 

D-Glucose Sugar 

Dimethylamine Organic acid 

Dimethylglycine Amino acid 

Ethanol Alcohol 

Formiate Organic acid 

Glutamate Organic acid 

Glutamine Amino acid 

Glycerol Lipid 

Glycerol of lipids Lipid 

Glycine Amino acid 
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Histidine Amino acid 

Hypoxanthine Purine 

Isobutyrate Organic acid 

Isoleucine Amino acid 

Lactate Organic acid 

LDL1 CH3-VDL1 -CH3 Lipid 

LDL1 aliphatic chain Lipid 

Leucine Amino acid 

Lipid CH2CH2O-VLDL Lipid 

Lipids CH-CH Lipid 

Lipids CH-CHCH2CH-CH Lipid 

Lipids CH2-C-C Lipid 

Lipids CH2-CO Lipid 

Lipids n-CH3-3 Lipid 

Liporoteins Lipid 

Lysine Amino acid 

Methionine Amino acid 

Myo inositol Alcohol 

N-acetyl groups in proteins Lipid 

N-acetylcysteine Amino acid 

Phenylalanine Amino acid 

Phosphocholine Amino acid 

Pyruvate Organic acid 

Serine Amino acid 

Succinate Organic acid 

Threonine Amino acid 

Tyrosine Amino acid 

Valine Amino acid 

VDL-2 aliphatic chain Lipid 

Xanthurenate Organic acid 
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Filtered plasma metabolites 

Metabolite Compound 

Type 

2-hydroxybutyrate Organic acid 

2-oxoglutarate Organic acid 

2-oxoisovalerate Organic acid 

3-Hidroxyisovalerate Organic acid 

3-hydroxybutyrate Organic acid 

Acetate Organic acid 

Acetoacetate Organic acid 

Alanine Amino acid 

Arginine Amino acid 

Asparagine Amino acid 

Aspartate Organic acid 

Choline Organic acid 

Citrate Organic acid 

Citrulline Amino acid 

Creatine Amino acid 

Creatinine Amino acid 

D-Glucose Sugar 

Dimethylamine Organic acid 

Dimethylglycine Amino acid 

Ethanol Alcohol 

Formiate Organic acid 

Glutamate Organic acid 

Glutamine Amino acid 

Glycerol Lipid 

Glycerol of lipids Lipid 

Glycine Amino acid 

Histidine Amino acid 

Hypoxanthine Purine 

Inosine Purine 

Isobutyrate Organic acid 
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Isoleucine Amino acid 

Lactate Organic acid 

Leucine Amino acid 

Lysine Amino acid 

Methionine Amino acid 

Myo inositol Alcohol 

Phenylalanine Amino acid 

Phosphocholine Amino acid 

Pyruvate Organic acid 

Serine Amino acid 

Succinate Organic acid 

Threonine Amino acid 

Tyrosine Amino acid 

Valine Amino acid 

Xanthurenate Organic acid 
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Anexo 10 

Tabla suplementaria 3 Artículo 3, Capítulo 4 

DOCUMENTO ANEXO EN ARCHIVO EN FORMATO EXCEL 
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Anexo 11 

Tabla suplementaria 4, Artículo 3, Capítulo 4 

DOCUMENTO ANEXO EN ARCHIVO EN FORMATO EXCEL 
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Anexo 12 

Tabla suplementaria 5, Artículo 3, Capítulo 4 

DOCUMENTO ANEXO EN ARCHIVO EN FORMATO EXCEL 
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Anexo 13 

Tabla suplementaria 6, Artículo 3, Capítulo 4 

DOCUMENTO ANEXO EN ARCHIVO EN FORMATO PDF 
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Anexo 14 

Figura suplementaria 1, Artículo 3, Capítulo 4 

 

 

Supplementary Figure 1. Assignment of direct plasma spectrum signals 

 

  



195 
 

Anexo 15 

Figura suplementaria 2, Artículo 3, Capítulo 4 

 

 

Supplementary Figure 2. Assignment of filtered plasma spectrum signals 
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Anexo 16 

Figura suplementaria 3, Artículo 3, Capítulo 4 

 

 

Supplementary Figure 3. Principal component analysis (PCA) of the study groups. 2D score 

plot charts of the PCA analysis of all study volunteers, on the left side the analysis with direct 

plasma and on the right side with filtered plasma. PC: Principal component, HC: Healthy control, 

CT: controller, HESN: HIV-exposed seronegative, PR: Progressor.  
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Anexo 17 

Figura suplementaria 4, Artículo 3, Capítulo 4 

 

 

Supplementary Figure 4. Metabolites that explain the difference between the groups. 

Results of the Wilcoxon test for the significant variables (metabolites) for each proposed PLS-DA 

model. 

 


