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RESUMEN  

Introducción: Las alteraciones en los aminoácidos plasmáticos, como la leucina, 

isoleucina y valina, se vinculan con factores de riesgo para el síndrome metabólico 

(SM), como la resistencia a la insulina (RI). Las variantes genéticas (VG) pueden influir 

en estas alteraciones, aumentando el riesgo de enfermedades y afectando la 

respuesta a tratamientos no farmacológicos, como las intervenciones dietarías.  

Objetivo: Diseñar y validar un índice genético asociado al metabolismo de 

aminoácidos para predecir la respuesta a una intervención dietaría en adultos jóvenes 

mexicanos con factores de riesgo para síndrome metabólico.  

Metodología y Resultados: Se realizó un estudio transversal con 452 sujetos 

mayores de 18 años, evaluando parámetros antropométricos, clínicos y bioquímicos, 

incluyendo la medición de aminoácidos séricos. La construcción del índice genético se 

basó en VG previamente asociadas con alteraciones en el metabolismo de 

aminoácidos. Los sujetos con un índice alto mostraron niveles más altos de HOMA-RI 

que aquellos con un índice bajo (p < 0.05). Posteriormente, se evaluó la predicción de 

respuesta a una intervención dietaría con base a la NCEP-ATPIII en 65 participantes 

con factores de riesgo a SM durante dos meses. Encontrando que aquellos con un 

índice genético bajo tuvieron una mejor respuesta hacia los niveles de isoleucina 

(p<0.05).  

Conclusión: Los sujetos con un índice genético alto se asociaron con mayor riesgo 

de RI mientras que los sujetos con un índice genético bajo se asociaron a una mejor 

respuesta a isoleucina después de una intervención dietaría. 

Palabras clave: Aminoácidos, Síndrome Metabólico, Resistencia a Insulina, Índice 

Genético. 
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ABSTRACT 

Introduction: Alterations in plasma amino acids, such as leucine, isoleucine and 

valine, are associated with metabolic syndrome (MetS) risk factors, such as insulin 

resistance (IR). Single Nucleotide Variants (SNVs) may influence these alterations, 

increasing disease risk and affecting response to non-pharmacological treatments, 

such as dietary interventions. 

Aim: To design and validate a genetic index associated with amino acid metabolism to 

predict response to dietary intervention in young Mexican adults with risk factors for 

metabolic syndrome. 

Methods and Results: A cross-sectional study was conducted with 452 subjects over 

18 years old, evaluating anthropometric, clinical, and biochemical parameters, 

including the measurement of serum amino acids. The construction of the genetic index 

was based on SNVs previously associated with alterations in amino acid metabolism. 

Subjects with a high index showed higher levels of HOMA-IR than those with a low 

index (p < 0.05). Subsequently, the prediction of response to a dietary intervention 

based on the NCEP-ATPIII was evaluated in 65 participants with risk factors for MetS 

for two months. It was found that those with a low genetic index had a better response 

towards isoleucine levels (p < 0.05). 

Conclusion: Individuals with a high genetic index have a higher risk of IR, whereas 

those with a low genetic index respond better to isoleucine after an dietary intervention. 

Keywords: Amino Acids, Metabolic Syndrome, Insulin Resistance, Genetic Index. 
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DISEÑO Y VALIDACIÓN DE UN ÍNDICE GENÉTICO ASOCIADO AL 

METABOLISMO DE AMINOÁCIDOS PARA PREDECIR LA RESPUESTA A UNA 

INTERVENCIÓN DIETARIA EN ADULTOS JÓVENES MEXICANOS CON 

FACTORES DE RIESGO PARA SÍNDROME METABÓLICO 

1. INTRODUCCIÓN  

 

Las enfermedades cardiometabólicas como la diabetes tipo 2 (DM2), las 

enfermedades cardiovasculares (ECV) y la obesidad, tienen un origen multifactorial. 

Esto significa que su desarrollo depende de la interacción de diversos factores, 

incluyendo los ambientales, biológicos (como la edad, el sexo, variables bioquímicas 

y la genética) y los relacionados con el estilo de vida (como el sedentarismo, la mala 

calidad del sueño y una alimentación inadecuada). Además, condiciones como el SM 

pueden aumentar más el riesgo de padecer estas enfermedades. 

 

Con respecto al SM, su definición comprende diferentes alteraciones bioquímicas, 

fisiológicas y antropométricas, que con base al National Cholesterol Education 

Program Adult Treatment Panel III (ATP III) para su diagnóstico se debe tener tres o 

más de los siguientes componentes: niveles de triglicéridos mayor o igual a 150 mg/dL, 

concentraciones de colesterol HDL en hombres y mujeres menores de 40 mg/dL y 50 

mg/dL respectivamente, presión arterial mayor a 130/85 mmHg, glucosa en ayunas 

mayor a 100 mg/dL y obesidad abdominal (Lizarzaburu-Robles, 2014). Estas 

alteraciones pueden ocurrir de forma simultánea y a la vez producir o estar ligadas a 

la RI o al sobrepeso u obesidad central aumentando el riesgo a desarrollar DM2, ECV 

o ambas. Y por tanto, la hipertriacilgliceridemia, hipoalfalipoproteinemia, la presión 

arterial elevada, la obesidad abdominal, la hiperglucemia y RI se consideran factores 

de riesgo para SM (Fernández-Travieso, 2016; Sánchez-Arias et al., 2016).  

 

De manera notable, se ha observado que alteraciones en las concentraciones 

plasmáticas de los aminoácidos también se relacionan con diferentes factores de 

riesgo para SM como la obesidad abdominal, presión arterial alterada, glucosa en 

ayunas elevada, dislipidemia y RI (Asghari et al., 2018).   
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Los aminoácidos son indispensables para la síntesis de proteínas, entre muchas otras 

moléculas y funciones fisiológicas (Bröer & Bröer, 2017). Sin embargo, cuando ocurre 

alguna alteración en sus niveles plasmáticos pueden asociarse con alteraciones 

metabólicas y desarrollo de enfermedades.  

 

Por otra parte, se ha observado que la interacción de VG comunes, puede contribuir 

al desarrollo de enfermedades cardiometabólicas (Regla et al., 2013). En los últimos 

años, los estudios de asociación de todo el genoma (GWAS) han identificado 

numerosas VG asociados a RI y SM. Estos estudios tienen como objetivo identificar a 

individuos con alto riesgo de desarrollar anormalidades que definen el SM (Brown & 

Walker, 2016; Lowry et al., 2019) Además, hay evidencia de que varias VG también 

podrían influir en la alteración del metabolismo de aminoácidos y en sus 

concentraciones plasmáticas (Lotta et al., 2016; Mahendran et al., 2017). 

 

Aunque las VG han sido evaluadas individualmente, sus efectos clínicos sobre el 

riesgo a SM suelen ser pequeños. Por esta razón, se ha buscado evaluar estos efectos 

mediante la contribución de múltiples VG (Igo et al., 2019). Para integrar los efectos 

de estas VG y comprender la compleja relación con los factores de riesgo del SM, se 

pueden emplear las diferentes VG presentes en genes de interés. Estas VG se 

combinan en índices genéticos, también conocidos como puntajes de riesgo genético 

(Genetic Risk Score [GRS]) o puntajes de predicción genética (Genetic Predisposition 

Score [GPS]), que se calculan mediante puntuaciones. Esto implica sumar el número 

de alelos de riesgo (0 cuando no está presente ninguno, 1 cuando está presente uno 

de los alelos de riesgo, o 2 cuando están presentes ambos) en cada VG que porta 

cada individuo, y luego multiplicar por el tamaño del efecto (el coeficiente β del SNP 

del modelo de regresión lineal o logística) (Corella & Ordovas, 2017). Estos puntajes 

permiten evaluar las contribuciones genéticas al desarrollo y los resultados de la 

enfermedad, incluyendo, entre otros aspectos, la predicción, la susceptibilidad, la 

progresión de la enfermedad así como la respuestas al tratamiento farmacológico o no 

farmacológico como intervenciones dietarías (Igo et al., 2019).   
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Por consiguiente, un GRS o GPS que se base en la suma de las contribuciones de 

múltiples VG asociados tanto a las concentraciones séricas de aminoácidos como a 

los factores de riesgo SM (Choi et al., 2020) podría mejorar la comprensión de cómo 

la susceptibilidad genética influye en diversas alteraciones bioquímicas y metabólicas 

(Guevara-Cruz et al., 2018; Kettunen et al., 2012), así como en el riesgo de desarrollar 

enfermedades cardiometabólicas (Morandi et al., 2016) y ayudar a predecir respuestas 

a intervenciones dietarías (Guevara-Cruz et al., 2019). 

 

2. ANTECEDENTES 

 

En relación a los estudios que se han enfocado en investigar la asociación de los 

aminoácidos plasmáticos con diferentes factores de riesgo metabólico, se ha reportado 

que el aumento de niveles plasmáticos como leucina, isoleucina y valina se asocian 

con la obesidad, la aparición futura de RI (Asghari et al., 2018) y las dislipidemias 

(Abdalla & Elfaghi, 2014).  

 

En un estudio realizado en población mexicana, se observó que un incremento en las 

concentraciones plasmáticas de alanina, aspartato, prolina y tirosina se correlacionaba 

positivamente con RI y obesidad. Mientras que las concentraciones de glicina se 

asociaban negativamente. Además, los niveles elevados de aminoácidos de cadena 

ramificada (BCAA) los cuales incluyen a la valina, isoleucina y leucina se relacionaron 

positivamente con los niveles de insulina, RI y el colesterol total mientras que los 

niveles séricos de fenilalanina y leucina se asociaron con mayores concentraciones de 

triglicéridos y presión arterial alterada (Guevara-Cruz et al., 2018). De igual 

importancia, existe evidencia de que el aumento de los BCAA y aminoácidos 

aromáticos como tirosina y fenilalanina, contribuye al desarrollo de la DM2 (Lotta et al., 

2016; Mardinoglu et al., 2018; Zheng et al., 2016).Y en efecto, se ha encontrado que 

la combinación de isoleucina, tirosina y fenilalanina aumenta el riesgo de desarrollar 

DM2 en más de cinco veces (Wang et al., 2011).  
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Por otro lado, se ha reportado que algunas VG presentes en diferentes genes se 

asocian con alteraciones en los niveles plasmáticos de aminoácidos. Por ejemplo en 

TAT (tirosina aminotransferasa), SLC2A4 (transportador de glucosa), SLC1A4 

(transportador de alanina, serina, cisteína y treonina ), SLC16A10 (transportador de 

aminoácidos aromáticos), F12 (factor de coagulación XII), PPM1K (proteína fosfatasa, 

dependiente de Mg2+/Mn2+/K) y GCKR (proteína reguladora de glucoquinasa) están 

relacionados con las diferencias en las concentraciones plasmáticas de fenilalanina, 

tirosina, leucina, isoleucina, valina y glutamina (Kettunen et al., 2012). 

 

También se ha informado que genes como PYCR1 (pirrolina-5-carboxilato reductasa), 

BCAT2 (transaminasa de aminoácidos de cadena ramificada), BCKDH (complejo 

cetoácido deshidrogenasa de cadena ramificada), ASGR1 (receptor de 

asialoglicoproteína), DDX19A (helicasa de ARN dependiente de ATP), TRMT61A 

(metiltransferasa) y CBLN1 (precursor de cerebelina) se asocian principalmente con 

alteraciones en los niveles de glicina y de BCAA (Lotta et al., 2016; Mahendran et al., 

2017; Serralde-Zúñiga et al., 2014; Teslovich et al., 2018). 

 

Por lo anterior, para comprender mejor los posibles efectos de la presencia simultánea 

de VG sobre la aparición de factores de riesgo para el SM, se podría desarrollar un 

GRS o GPS (Lowry et al., 2019). Sin embargo, hay pocas investigaciones centradas 

en la construcción de estos puntajes, especialmente aquellos asociados al 

metabolismo de aminoácidos. Por ejemplo, en un estudio realizado en Dinamarca con 

1321 sujetos, se descubrió que el puntaje genético, basado en los alelos de riesgo de 

VG de SLC1A4, PPM1K y ASGR, estaba vinculado a un aumento en los niveles 

plasmáticos totales de BCAA, en 0.045 mg/L (p = 0.04), así como en los niveles de 

leucina en 0.057 mg/L (p = 0.007), y en los niveles de valina en 0.048 mg/L (p = 0.036) 

(Mahendran et al., 2017). 
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Por otro lado, en una investigación prospectiva en sujetos europeos donde se 

construyeron tres GRS, los cuales fueron creados sumando el número de alelos de 

riesgo para DM2, RI e índice de masa corporal (IMC) utilizando VG de SLC30A8 

(transportador de zinc), GBE1 (enzima ramificadora de glucógeno), PEPD (peptidasa), 

POC5 (proteína centrosomal), GCKR, y DGKG (diacilglicerol quinasa). Se encontró 

que para cualquiera de los tres GRS construidos, los participantes con mayores 

puntajes se asociaron positivamente con la incidencia de DM2 (Li et al., 2018). Y en 

otro estudio realizado en mujeres iraníes, se observó una asociación positiva entre un 

GRS construido por los genes MC4R (receptor de melanocortina 4), CAV-1 (caveolina-

1) y Cry-1 (criptocromos) y el IMC, siendo que las mujeres con un GRS más alto se 

asociaron a obesidad (Gholami et al., 2022) (Gráfico 1). 

 

 

 

 

 

 

 

 

 

Gráfico 1. Puntaje de riesgo genético estratificado por bajo, medio y alto riesgo para obesidad  

según el índice de masa corporal en mujeres iraníes (n=391). Fuente: Tomado de Gholami et 

al., 2022. 

 

Además, en otro estudio realizado en 692 sujetos estadounidenses con un IMC entre 

25-40 kg/m2, se asignaron a una de cuatro dietas, que incluían: 1) una dieta baja en 

grasas y con una proporción promedio de proteínas (% de grasa / proteína / 

carbohidrato: 20/15/65); 2) una dieta baja en grasas y alta en proteínas (20/25/55); 3) 

una dieta alta en grasas y con una proporción media de proteínas (40/15/45); 4) una 

dieta alta en grasas y proteínas (40/25/35).   
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Asimismo, la construcción del GRS incluyó 66 VG presentes en múltiples genes, como 

SLC30A8, RSPO3 (trombospondina), PSMD5 (subunidad reguladora del proteasoma 

no ATPasa), ADAMTS9 (metalopeptidasa con motivo de trombospondina), entre otros. 

Se encontró que, en respuesta a una dieta alta en proteínas, los participantes con un 

puntaje genético más bajo para la presión arterial sistólica (PAS) o diastólica (PAD) 

mostraron una mayor reducción de la presión arterial. En resumen, los adultos con 

sobrepeso u obesidad y un puntaje genético bajo, ya sea para PAS o PAD, presentaron 

una disminución en la presión arterial en combinación de una dieta rica en proteínas 

para perder peso (Sun et al., 2019). 

 

Otro estudio evaluó la asociación de VG y su influencia en la magnitud del cambio en 

el riesgo de SM durante una intervención de estilo de vida de un año. Esta intervención 

incluyó un plan dietético individualizado, además de rutinas de ejercicio. Se examinó 

un puntaje genético considerando los alelos de riesgo para el SM de diferentes VG de 

los genes como GLUT2 (transportador de glucosa tipo 2), TCF7L2 (factor de 

transcripción específico de células T4), ADIPOQ (adiponectina) y APOA5 

(apolipoproteína A5). Se encontró que los pacientes que presentaban un puntaje 

genético bajo, es decir, que no portaban ninguno de los alelos de riesgo, 

experimentaron reducciones significativas en el riesgo de SM después de un año de 

intervención en comparación con las personas que tenían un puntaje genético alto, es 

decir, que portaban al menos un alelo de riesgo para el SM. Los individuos sin alelos 

de riesgo experimentaron un mayor beneficio en una intervención dietaría para el SM 

(Lowry et al., 2019) (Gráfico 2). 
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Gráfico 2. Puntaje de riesgo genético (uwGRS) asociado al cambio en la puntuación de riesgo 

a SM durante un año de intervención (n=159).Un GRS con más de un alelo de riesgo se asocia 

con un mayor riesgo a SM. Fuente: Tomado de Lowry et al., 2019. 

 

Finalmente, en otro estudio realizado en una población mexicana, donde se diseñó un 

GPS, se encontró que aquellos sujetos previamente definidos con SM y que 

presentaron un GPS más bajo, tuvieron una mejor respuesta a una intervención 

dietaría de dos meses, destacándose un aumento en los niveles de colesterol HDL 

(Guevara-Cruz et al., 2019).  

Por tanto, estos estudios sugieren que dependiendo del genotipo de cada individuo, 

se tendrá un efecto diferente en la respuesta dietética o a una enfermedad. 
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3. JUSTIFICACIÓN 

 

Algunos metabolitos se han utilizado para evaluar el riesgo clínico, diagnosticar, 

pronosticar y evaluar la eficacia del tratamiento. Por ejemplo, los niveles de 

aminoácidos plasmáticos pueden considerarse como biomarcadores clínicos, ya que 

una concentración elevada de algunos de estos aumenta el riesgo de desarrollar 

enfermedades cardiometabólicas. De manera interesante, la presencia de VG en 

SLC1A4, PPM1K, GCKR, TAT, y también BCAT2, concretamente el rs11548193, y 

BCKDH, en particular el rs45500792, entre otros, se ha relacionado con alteraciones 

en la concentración plasmática de los aminoácidos y RI.  

 

Por ello, la construcción de un GRS mediante la combinación de múltiples VG 

asociadas con alteraciones en los niveles de aminoácidos y factores de riesgo para el 

SM puede emplearse como un indicador para estratificar los estados clínicos mediante 

una puntuación, mejorando así la identificación temprana de sujetos con riesgo de SM 

y explicando mejor el impacto de estas VG en el desarrollo de enfermedades 

cardiometabólicas.  

Por otro lado, la implementación de intervenciones dietarías puede ayudar a fomentar 

patrones de alimentación adecuados, facilitar la planificación de las comidas y 

aumentar la adherencia a la dieta, lo que se traduce en efectos benéficos sobre los 

marcadores antropométricos, clínicos y bioquímicos. A su vez estas intervenciones 

basadas en cambios en la alimentación tienen como objetivo prevenir enfermedades 

cardiometabólicas y reducir el impacto en los gastos de salud pública. Por 

consiguiente, la aplicación de un GPS podría tener un valor terapéutico al predecir la 

respuesta a estas intervenciones dietarías en sujetos con factores de riesgo para SM. 

Esta predicción puede ayudar a identificar a aquellos individuos que se beneficiarían 

de estas dietas, así como a aquellos que no. Esto a su vez permitiría establecer nuevas 

alternativas, como la asignación de dietas personalizadas adaptadas a su 

predisposición genética y características clínicas individuales, y/o tratamientos 

farmacológicos.  
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4. HIPÓTESIS 
 

La determinación de índices genéticos asociados al metabolismo de aminoácidos 

predicen el riesgo a síndrome metabólico y la respuesta a intervenciones dietarías en 

adultos mexicanos. 

 

5. OBJETIVOS 

 

Diseñar y validar un índice genético asociado al metabolismo de aminoácidos para 

predecir la respuesta a una intervención dietaria en adultos jóvenes mexicanos con 

factores de riesgo para síndrome metabólico. 

 

5.1 Objetivos específicos 
 

1. Identificar los genes asociados con los niveles plasmáticos de aminoácidos y 

factores de riesgo a síndrome metabólico.  

2. Seleccionar los SNPs funcionales de los genes más prevalentes en México.  

3. Determinar los SNPs de los genes seleccionados y establecer su frecuencia en 

sujetos de SLP.  

4. Determinar la asociación de los SNPs de los genes seleccionados más 

frecuentes en sujetos de SLP con los niveles de aminoácidos y factores de 

riesgo a síndrome metabólico.  

5. Diseñar un índice genético de riesgo a síndrome metabólico con los SNPs 

determinados en sujetos de SLP.  

6. Validar el índice genético de riesgo a síndrome metabólico en un ensayo clínico 

antes y después de una intervención dietaria en sujetos con al menos un factor 

de riesgo a síndrome metabólico.  

7. Determinar los parámetros bioquímicos, clínicos, antropométricos y actividad 

física de los sujetos antes y después de la intervención dietaria.  
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8. Determinar los SNPs en sujetos con al menos un factor de riesgo para síndrome 

metabólico y establecer un índice genético de predicción de respuesta diseñado 

a la intervención dietaria en sujetos con factores de riesgo para síndrome 

metabólico de SLP.  
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Abstract 

Background and Aim 

Circulating concentration of arginine, alanine, aspartate, isoleucine, leucine, 

phenylalanine, proline, tyrosine, taurine and valine are increased in subjects with insulin 

resistance, which could in part be attributed to the presence of single nucleotide 

polymorphisms (SNPs) within genes associated with amino acid metabolism. Thus, the 

aim of this work was to develop a Genetic Risk Score (GRS) for insulin resistance in 

young adults based on SNPs present in genes related to amino acid metabolism. 

Methods and Results  

We performed a cross-sectional study that included 452 subjects over 18 years of age. 

Anthropometric, clinical, and biochemical parameters were assessed including 

measurement of serum amino acids by high performance liquid chromatography. 

Eighteen SNPs were genotyped by allelic discrimination, which were used to construct 

the GRS by multiple linear regression modeling. The GRS was calculated using the 

number of risk alleles of the SNPs in HGD, PRODH, DLD and SLC7A9 genes. Subjects 

with high GRS (≥ 0.836) had higher levels of glucose, insulin, homeostatic model 

assessment- insulin resistance (HOMA-IR), total cholesterol and triglycerides, and 

lower levels of arginine than subjects with low GRS (p < 0.05). 

Conclusion 

The application of a GRS based on variants within genes associated to amino acid 

metabolism may be useful for the early identification of subjects at increased risk of 

insulin resistance. 

Keywords 

GRS, Metabolic syndrome, BCAA, Polymorphism.  
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Introduction 

The presence of different cardiometabolic risk factors and components of the metabolic 

syndrome such as obesity, dyslipidemia, hypertension, hyperglycemia and insulin 

resistance (IR) increase the risk of cardiovascular disease and type 2 diabetes (T2D) 

(Brown & Walker, 2016; Drozdz et al., 2021). Notably, changes in the circulating amino 

acid profile are related to IR (Chen et al., 2022). In fact, subjects with IR have higher 

serum concentrations of branched chain amino acids (BCAA), aromatic amino acids 

(AAA), glutamine, glutamate and lower levels of glycine than subjects without IR 

(Palmer et al., 2015). Even young adults with IR have higher plasma concentration of 

arginine, alanine, aspartate, isoleucine, leucine, phenylalanine, proline, tyrosine, 

taurine and valine (Guevara-Cruz et al., 2018). Moreover, different epidemiological 

studies have reported that BCAA (isoleucine, leucine and valine), AAA (phenylalanine 

and tyrosine) and glutamine could predict the development of T2D (Guasch-Ferré et 

al., 2016; Wang et al., 2011; Zheng et al., 2016). Amino acid levels change with age 

and the presence of SNPs involved in BCAA metabolism in subjects with obesity and 

MetS (Guizar-Heredia et al., 2021; Serralde-Zúñiga et al., 2014). 

 

Interestingly, the joint presence of two SNPs, the BCAT2 (Branched Chain Amino Acid 

Transaminase 2) rs11548193 and BCKDH (Branched Chain Keto Acid 

Dehydrogenase) rs45500792, has higher circulating levels of aspartate, isoleucine, 

methionine, and proline than the subjects homozygotes for the most common allele 

(Vargas-Morales et al., 2021). This evidence reflects that the sum of various risk alleles 

may provide a better estimation of plasma amino acid levels and IR. Actually, genome-

wide association studies (GWAS) have identified multiple SNPs that influence serum 

concentrations of circulating metabolites, including amino acids such as BCAA, AAA, 

histidine and glutamine (Kettunen et al., 2012). This has led us to speculate whether 

the presence of different SNPs related to amino acid metabolism could alter their 

plasma concentrations and moreover, help us to predict subjects with higher risk to 

develop IR.  
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This could be achieved through the development of a GRS, which represents the 

cumulative contribution of risk alleles from various SNPs on a specific outcome of 

interest within an individual.  

 

Combining several variants into a GRS can capture an individual’s susceptibility to a 

disease (Corella & Ordovas, 2017; Igo et al., 2019; Lewis & Vassos, 2020). Therefore, 

the aim of this study was to develop a GRS to predict the risk of IR in young Mexican 

adults based on the determination of some SNPs of genes related to the metabolism 

of amino acids 

 

Methods 

Study population 

We carried out a cross-sectional study. Subjects were recruited in July 2014 at the 

Universidad Autónoma de San Luis Potosí (UASLP) (San Luis Potosí, México). 

Subjects received detailed information about the study and then gave their informed 

consent. The study was designed in accordance with the Declaration of Helsinki and 

the ethical treatment of human subjects, and was approved by the Ethics Committee 

of the National Institute of Medical Sciences and Nutrition Salvador Zubirán 

(Registration number 669). The participants were Mexicans from 18 to 25 years old 

with body mass index (BMI) >20 and <40 kg/m2. The exclusion criteria included, 

pregnancy, substance abuse, history of cardiovascular events, chronic diseases, and 

treatment with hypoglycemic, antihypertensive agents, agents used to treat 

dyslipidemias, steroids and immunosuppressors. The elimination criterion was the 

voluntary withdrawal of the participants. Subjects were evaluated by medical 

examination to collect anthropometric and clinical measurements, and underwent blood 

sample collection for biochemical analysis, DNA extraction and SNPs determination. 

Among the biochemical variables, amino acids were determined (alanine, arginine, 

aspartic and glutamic acids, glycine, histidine, isoleucine, leucine, lysine, methionine, 

phenylalanine, proline, serine, threonine, tyrosine and valine).   
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Anthropometric measurements 

Anthropometric evaluation was performed after a 12-h fast. Height was measured with 

a mobile SECA ® stadiometer (Seca 213, USA), and weight was obtained twice using 

a TANITA ® calibrated electronic device (Tanita UM-081, Kyoto, Japan). Body mass 

index (BMI) was calculated using Quetelet’s formula (weight/height2 [kg/m2]). The 

subjects were classified according to the BMI based on the World Health Organization 

(Schetz et al., 2019).  

 

Clinical measurements 

Systolic blood pressure (SBP) and diastolic blood pressure (DBP) measurement was 

performed in the dominant right arm and in a sitting position using an OMRON ® digital 

sphygmomanometer (HEM-7130, Kyoto, Japan) and appropriately sized cuffs 

according to clinical standards (Secretaría de salud, 2009). 

 

Biochemical analyses 

Blood samples were collected from the subjects after a 12-hour fast, and serum was 

subsequently extracted. Glucose, total cholesterol, high density lipoprotein (HDL), low 

density lipoprotein (LDL) and triglycerides were measured enzymatically using an Ortho 

Clinical Vitros 250 Chemistry System (©Ortho-Clinical Diagnostics, Inc. Raritan, NJ.). 

Insulin and leptin were measured by radioimmunoassay (RIA, Millipore, Billerica, MA, 

USA). IR was obtained through the HOMA-IR (glucose [mg/dL]*insulin [µU/mL]/405) 

(Matthews et al., 1985).IR was established with a HOMA-IR value ≥ 2.5 (Sahmay et al., 

2018; Serralde-Zúñiga et al., 2014). 

 

Amino acids were measured by high performance liquid chromatography (HPLC). 

Briefly, 50 μL of 10 % sulfosalicylic acid was added to 200 μL of serum, incubated for 

30 min at 4 °C, and centrifuged at 14,000 rpm for 20 min.   
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The supernatant was obtained and one microliter of internal standard (25 mM 

norvaline) was added prior to derivatization and injection. For derivatization, o-

phthalaldehyde (OPA) and 9-fluorenylmethyl chloroformate (FMOC) were used. 

Derivatization and injection were carried out using a sampling device (Agilent; G1367F) 

coupled to an Agilent 1260 Infinity HPLC with fluorescent detector (Agilent; G1321B). 

A ZORBAX Eclipse AAA column was used at 40 °C and the chromatographic conditions 

indicated by the manufacturer (Agilent; 5980-1193) were applied (Tovar et al., 1996). 

 

SNP selection 

We performed a bibliographic search to identify SNPs present in genes encoding amino 

acid catabolic enzymes or proteins related to amino acid catabolism, such as amino 

acid transporters. The SNPs of the genes were selected when a frequency > 10% was 

reported for the Mexican or Latino population using data managers such as: Genecards 

(https://www.genecards.org/), GWAS catalog (https://www.ebi.ac.uk/gwas/), DisgeNet 

(https://www.disgenet.org/) and NCBI dbSNP (https://www.ncbi.nlm.nih.gov/snp/). 

Finally, 18 SNPs that met the selection criteria were chosen (Supplementary table 1). 

 

Genotyping 

The buffy coat was extracted from 5 mL of whole blood by centrifugation following 

established procedures (Miller et al., 1988). DNA isolation was performed with the mini 

kit QIAamp® DNA Blood Mini (QIAGEN, Hilden, Germany). The DNA was adjusted to 

a concentration of 10 ng/µL. The SNPs assessed were as follows: TAT (Tyrosine 

Aminotransferase) rs74344827 (C_102105963_10); HGD (Homogentisate 1,2-

Dioxygenase) rs2255543 (C__22272709_10); GSTZ1 (Glutathione S-Transferase Zeta 

1) rs1046428 (C__25922638_20); GPT (Glutamic-Pyruvate Transaminase) rs1063739 

(C___1922246_20); OTC (Ornithine Transcarbamylase) rs1800321 

(C__26644158_20); ASPG (Asparaginase) rs1744284 (C___7504721_10);  

  

https://www.ncbi.nlm.nih.gov/snp/
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HAL (Histidine Ammonia-Lyase) rs7297245 (C__25981584_20); BCAT2 rs11548193 

(C__25473139_20); BCKDH  rs45500792 (C__25600774_10); PRODH (Proline 

Dehydrogenase 1) rs5747933 (C_175679135_20); DLD (Dihydrolipoamide 

Dehydrogenase) rs6943999 (C___3268599_10); SHMT1 (Serine 

Hydroxymethyltransferase 1) rs1979277 (C___3063127_10); MTR (5-

Methyltetrahydrofolate-Homocysteine Methyltransferase) rs1805087 

(C__12005959_10); SLC1A4 (Solute Carrier Family 1 Member 4) rs759458 

(C___2681351_10); SLC7A9 (Solute Carrier Family 7 Member 9) rs1007160 

(C___2885706_1_); PPM1K (Protein Phosphatase, Mg2+/Mn2+ Dependent 1K) 

rs9637599 (C___9510031_10) and rs1440581 (C___9509992_10); and GCKR 

(Glucokinase Regulator) rs1260326 (C___2862880_1_). These 18 SNP were analyzed 

using polymerase chain reaction based TaqMan allele discrimination assays 

(AppliedBiosystems®) on a LightCycler 480 instrument (Roche®).  

 

GRS calculation 

We constructed a multilocus GRS using the SNPs that were in Hardy-Weinberg 

equilibrium (p > 0.05) (Supplementary table 2). The GRS was calculated for each 

individual as the sum of the number of IR risk alleles according to the HOMA-IR. Thus, 

we developed a simple GRS in apparently healthy subjects, using the allele of the SNP 

that, according to our hypothesis and what was reported, would influence the risk of IR 

(Burgess et al., 2021; Guizar-Heredia et al., 2021; Hu et al., 2021; Xuan et al., 2018) 

(Supplementary table 3). Briefly, for each of the SNPs, we assigned a value of 0, 1, or 

2, with the highest value representing homozygotes with the high-risk alleles for IR, and 

the lowest value representing homozygotes with the low-risk alleles. A value of 1 

denoted heterozygotes. Multiple linear regression was performed to develop a GRS for 

IR risk, using the HOMA-IR value as the dependent variable and each SNP as an 

independent variable.  
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This process resulted in distinct models. The model of SNPs exhibiting a significant 

association was selected. Among these SNPs, three were found to be significantly 

associated with IR (p < 0.05), while one exhibited marginal significance (p = 0.057).  

Thus, only four SNPs served as predictors of IR risk and were used to calculate a 

weighted GRS for each individual. This involved multiplying the standardized β 

coefficient by the effect size (0, 1 or 2) for each SNP, followed by summing the scores 

obtained from the four SNPs for each subject. 

 

Statistical analyses 

Continuous variables were presented as mean ± standard deviation or median and 

interquartile range (25th-75th percentiles). These variables were evaluated using the 

Kolmogorov-Smirnov Z Test to analyze their distribution. The dichotomous or nominal 

variables were expressed as frequencies and percentages. We used the Mann-

Whitney U statistic to analyze the difference in anthropometric, clinical, and biochemical 

variables based on sex. Genotype frequencies were analyzed using chi-square 

analysis to assess Hardy-Weinberg equilibrium (p > 0.05).  

 

Multiple linear regression analysis was used to assess the association between HOMA-

IR (dependent variable) and SNPs (independent variables). Non-collinearity was 

previously evaluated between the independent variables. The backward-stepwise 

method was used to select the final model. Significant SNPs were used for the GRS. 

The GRS was categorized into tertiles. This categorization was used to compare the 

differences in each anthropometric, clinical, and biochemical variable among the 

subjects using Kruskal-Wallis statistical tests and Games-Howell post-hoc tests. 

Subsequently, we evaluated the association between the GRS and HOMA-IR adjusted 

for age, sex, and BMI using a generalized linear model. Differences were considered 

significant at p < 0.05. Data were analyzed using SPSS software version 20.0 (SPSS 

Inc., USA).   
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Results 

Characteristics of subjects  

We analyzed 452 subjects, 46.7% women and 53.3% men with a median age of 19 

(18-20) years. Based on the clinical and biochemical evaluation, SBP, DBP, serum 

glucose levels, total cholesterol, HDL, LDL, triglycerides, insulin, leptin and HOMA-IR 

were within reference limits. However, considering the 75th percentile, 25% of the 

subjects exhibited HOMA-IR levels > 3.08, 30.5% were classified as overweight, and 

10.6% as obese according to their BMI (Table 1).  

When classified by sex, weight, SBP, DBP, glucose and triglycerides levels were higher 

in men, while HDL, insulin and leptin levels were higher in women (Table 1). Regarding 

serum amino acids levels, aspartate, serine and arginine were significantly higher in 

women, while histidine, methionine, isoleucine, leucine, valine and the sum of BCAAs 

were higher in men (Table 1). 

When categorizing the subjects based on IR, we observed that 44.5% of the subjects 

presented IR. As expected, individuals with IR showed higher weight, BMI, SBP, DBP, 

glucose, triglycerides, insulin and leptin levels, while their HDL levels were lower 

compared to those without IR (Table 2).  

Moreover, we observed that subjects with IR had higher levels of aspartate, glutamate, 

arginine, alanine, tyrosine, methionine, phenylalanine, lysine, isoleucine, leucine, 

valine and the sum of BCAAs, while glycine levels were lower than subjects without IR 

(Table 2). 

Genotype frequencies 

We determined the genotypic frequencies of the 18 SNPs among the subjects. We 

found that all homozygotes with the common allele had a frequency higher than 35%, 

and particularly, the SNPs present in TAT, OTC, HAL, BCAT2 and BCKDH had a 

frequency higher than 80%.   



 
                                    

34 
 

Regarding heterozygotes, the frequency in 15 SNPs was greater than 15%; and finally, 

for the homozygotes of the non-common allele (variant), 6 SNPs had a frequency 

greater than 10% (GPT, DLD, SLC1A4, PPM1K [rs9637599 y rs1440581], and GCKR).  

Furthermore, among the 18 evaluated SNPs, 10 SNPs were found to be in Hardy-

Weinberg equilibrium (TAT, HGD, GPT, HAL, BCAT2, PRODH, DLD, SLC7A9, 

PPM1K, and GCKR) (Supplementary table 2). 

 

GRS for HOMA-IR 

Among all the models analyzed in the multiple linear regression analysis 

(Supplementary table 4), the model with the highest number of SNPs significantly 

associated with HOMA-IR included the following: rs2255543 (HGD), rs5747933 

(PRODH), rs6943999 (DLD) and rs1007160 (SLC7A9) (Table 3). Subsequently, the 

GRS was calculated based on the standardized β coefficient and the effect size for 

each SNP. The GRS explained 24.6% of the HOMA-IR variability adjusted by BMI, sex 

and age (R2 = 0.246, p < 0.01).  

 

Characteristics of subjects based on GRS 

The GRS was categorized into tertiles, revealing that subjects in the highest tertile (high 

GRS) with a cutoff point ≥ 0.836 had significantly higher HOMA-IR values than subjects 

in the first and second tertiles (Figure 1). Interestingly, subjects with a high GRS 

showed higher levels of total cholesterol, triglycerides and insulin levels than subjects 

with a low GRS (≤ 0.624, p < 0.05). In addition, subjects with high GRS showed a trend 

toward increased weight, BMI, glucose, total cholesterol, triglycerides and leptin levels 

whem compared to subjects with medium GRS (Table 4). Finally, subjects with a high 

GRS had slightly higher arginine levels than subjects with a low GRS (p < 0.05). Some 

amino acids, such as aspartate and glutamate, showed an upward trend, while glycine 

and proline exhibited a downward trend in their concentrations among subjects with a 
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high GRS compared to those with a low GRS, although they were not statistically 

significant (Table 5). 

Discussion 

Our study shows that a GRS calculated using the number of risk alleles of the SNPs 

rs2255543 in HGD, rs5747933 in PRODH, rs6943999 in DLD, and rs1007160 in 

SLC7A9 was associated with HOMA-IR. Subjects with a high GRS had higher total 

cholesterol, triglycerides levels and lower arginine levels than subjects with a low GRS.  

Information regarding the potential causal relationship between these SNPs and IR 

remains limited. At this point, we can only speculate about their implications. 

Homogentisate 1,2-dioxygenase (HGD) is an enzyme involved in tyrosine metabolism 

that converts homogentisic acid (HGA) to malate and acetoacetate (Zatkova et al., 

2020). Mutations in the HGD gene (Ascher et al., 2019) lead to an autosomal recessive 

disorder known as alkaptonuria, which is characterized by the absence of HGD causing 

an accumulation of HGA (Sharabi & Goudar, 2022). Alkaptonuria is characterized by 

dark urine, bluish-black pigmentation in the connective tissue and arthritis (Davison et 

al., 2019; Introne et al., 2021). Moreover, a decrease in HGD activity could potentially 

result in decreased malate levels, thereby impacting the tricarboxylic cycle, oxidative 

phosphorylation, as well as amino acid and glucose metabolism, as suggested for clear 

cell renal carcinoma (Wang et al., 2022). However, to our knowledge this is the first 

finding of a possible relationship between the rs2255543 in HGD and IR. Further 

studies are needed to understand the effect of this SNP and the activity of HGD and its 

consequences on IR development. 

Proline dehydrogenase (PRODH) participates in the first step of proline catabolism. A 

previous study found that rs5747933 in PRODH was associated with high serum proline 

concentrations (Koshiba et al., 2020), suggesting that this SNP may decrease PRODH 

activity.  
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High proline concentrations are associated with a higher incidence of T2D in the 

Chinese (Chen et al., 2021) and Japanese (Nakamura et al., 2014) adult population. 

Additionally, proline levels are positively correlated with IR in Mexican young adults 

(Guevara-Cruz et al., 2018).  

 

The exact mechanism by which altered proline levels are related to T2D or IR remains 

unclear. However, some hypotheses could be the following: a) the increase in proline 

might be related to pancreatic cell dysfunction. Prolonged proline exposure increased 

basal insulin secretion and decreased glucose-stimulated insulin secretion in both 

clonal INS1-E insulinoma cells and isolated rat islets (Liu et al., 2016; Vettore et al., 

2021). b) Proline may function as a redox modulator. Both proline synthesis and 

catabolism are intricately involved in redox-active mechanisms. For instance, the 

catabolic activity of PRODH generates ATP and, when excessively active, leads to an 

elevation in reactive oxygen species (ROS) production (Vettore et al., 2021). Several 

studies have linked the production of ROS to IR (Di Meo et al., 2017; Henriksen et al., 

2011; Luc et al., 2019) c) The modulation of glutamate production can impact glucagon 

secretion. Proline oxidation results in glutamate production, which in turn induces 

glucagon release in pancreatic alpha cells (Cabrera et al., 2008; Zmazek et al., 2022). 

Additionally, glutamate facilitates the conversion of pyruvate to alanine. Glucagon 

secretion stimulates hepatic gluconeogenesis, while the high availability of alanine 

serves as a gluconeogenic substrate, potentially amplifying this metabolic pathway 

(Chen et al., 2021).  

 

Regarding the SNP rs6943999, it is located in the promoter region of the DLD gene. 

Dihydrolipoamide dehydrogenase (DLD) is an enzyme that catalyzes the oxidation of 

NADH to NAD+ in the glycine cleavage system. Moreover, DLD is the E3 component of 

three multienzyme dehydrogenase complexes (pyruvate, alpha-ketoglutaramate, and 

BCKDH complex). The BCKDH complex modulates BCAA catabolism. Subjects with 

IR and obesity have increased serum BCAAs levels (Wurtz et al., 2013), which could 

be due to both a decrease in the expression of BCAA catabolic enzymes or a decrease 
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in its activity (Lackey et al., 2013). The increase in BCAAs may cause the activation of 

the mammalian target of rapamycin (mTOR) pathway, subsequently activating 

downstream kinases such as p70S6 ribosomal kinase (p70S6K or S6K). This kinase 

can phosphorylate insulin receptor substrate (IRS-1), potentially leading to the 

suppression of insulin signaling on serine/threonine residues (Lu et al., 2013; Nie et al., 

2018). Furthermore, DLD also conforms the pyruvate dehydrogenase complex, 

implying that a decrease in DLD expression might be associated to an accumulation of 

pyruvate, a gluconeogenic substrate, particularly during prolonged fasting. An excess 

of pyruvate would increase gluconeogenesis (Rui, 2014). That said further research is 

needed to determine whether the presence of rs6943999 affects DLD expression 

altering BCAA and pyruvate homeostasis, and thus, IR. 

SLC7A9 encodes for a sodium-independent cationic amino acids transporter, which is 

primarily responsible for the uptake of certain amino acids, such as cystine, lysine, 

arginine and neutral amino acids (Kandasamy et al., 2018).  

 

However, to our knowledge, there are no studies reporting an association between 

rs1007160 and IR. Lower expression of amino acid transporters, including SLC7A9, 

has been observed in hepatocytes from mice with diet-induced obesity, and this 

decrease was associated with hepatic steatosis, hyperlipidemia, obesity, and IR (Le et 

al., 2021; Schumann et al., 2020) As a non-synonymous SNP, rs1007160 could 

potentially impact the structure or function of the transporter (Ramensky et al., 2002), 

resulting in a lower uptake of amino acids such as arginine and potentially affecting 

regulatory mechanisms. For example, arginine is the main substrate for nitric oxide 

synthesis. Through this pathway, arginine modulates glucose and lipid oxidation, and 

insulin sensitivity (Jobgen et al., 2006). In addition, arginine can also activate the mTOR 

signaling mechanism, promoting protein synthesis and cell growth (Alves et al., 2019). 
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Concerning the differences on amino acids levels observed between men and women, 

our results are consistent with previous reports demonstrating that men have higher 

histidine, methionine, tyrosine and BCAA concentrations than women (Mikkola et al., 

2020; Palacios-González et al., 2022; Seibert et al., 2015). A possible explanation to 

the lower concentration of BCAAs in women could be related to the high catabolism of 

BCAAs in adipocytes (Green et al., 2016), and the higher amount of body fat present 

in women (Bredella, 2017). Moreover, methionine has been positively associated with 

adiposity; in fact, methionine restriction is thought to improve insulin sensitivity and 

increase weight loss in humans and mice (Epner et al., 2002; Stone et al., 2014). Our 

study has several strengths. Firstly, it stands as one of the initial studies to evaluate 

various SNPs in genes associated with amino acid metabolism, and their relationship 

with IR risk in a population of young Mexican adults. Secondly, these results provide 

evidence of novel SNPs linked to IR, along with the identification of amino acids as 

potential biomarkers for cardiometabolic risk. Thirdly, the implementation of the GRS 

might facilitate the early identification of young subjects at increased risk of IR. This 

approach, involving the evaluation of diverse SNPs, could have a greater clinical impact 

than the assessment of a single SNP alone. While our findings must be validated in an 

independent population, subjects with higher GRS may benefit from preventive lifestyle 

interventions and/or pharmacological treatment to reduce obesity to prevent the 

development of IR. Moreover, another limitation of our study lies in its cross-sectional 

design, which precludes to determine the causality of the results. Further research is 

required to evaluate whether these SNPs indeed harbor a causal relationship with the 

development of IR over a time interval. 

 

In conclusion, we calculated a GRS using the number of risk alleles of the SNPs in 

HGD, PRODH, DLD and SLC7A9 genes. Subjects with high GRS had higher levels of 

HOMA-IR, insulin, total cholesterol and triglycerides, and lower levels of arginine than 

subjects with low GRS. The application of a GRS based on variant of genes associated 

with amino acid metabolism may be useful for the early identification of subjects at 

increased risk of IR. 
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Figure 1. Insulin resistance, quantified by the HOMA-IR, across groups stratified into tertiles 

according to the genetic risk score (GRS) derived from the best model in a total of 452 subjects. 

Data are shown as median (25th - 75th percentile). **Kruskal-Wallis. The difference is significant 

p < 0.01. 

 

 

 

 

  
* * * * * * * * 

* * * * * * * * * * * 
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Table 1. Anthropometric, clinical, and biochemical characteristics of participants 

(n=452).  

Data are shown as median (25th - 75th percentile). BMI: Body Mass Index; HDL: High-density lipoprotein; LDL: Low-

density lipoprotein; HOMA-IR: Homeostatic model assessment; BCAA: Branched Chain Amino Acids. 

1 Mann-Whitney U test.  

Characteristic Total sample 
(n=452) 

Male 
(n=241) 

Female 
(n=211) 

p1 

 
Age (years) 

Weight (kg) 

BMI (kg/m2) 

Systolic blood pressure (mmHg) 

Diastolic blood pressure(mmHg) 

Glucose (mg/dL) 

Total cholesterol (mg/dL) 

HDL cholesterol (mg/dL) 

LDL cholesterol (mg/dL) 

Triglycerides (mg/dL) 

Insulin (µU/mL) 

Leptin (ng/mL) 

HOMA-IR 

Aspartate (µM) 

Glutamate (µM) 

Serine (µM) 

Histidine (µM) 

Glycine (µM) 

Threonine (µM) 

Arginine (µM) 

Alanine (µM) 

Tyrosine (µM) 

Valine (µM) 

Methionine (µM) 

Phenylalanine (µM) 

Isoleucine (µM) 

Leucine (µM) 

Lysine (µM) 

Proline (µM) 

BCAA (µM) 

 
19 (18-20) 

65.5 (58-75.8) 

23.9 (21.5-26.8) 

110 (100-110) 

70 (60-80) 

79 (74-85) 

151 (132-173) 

66.4 (57.6-75.3) 

61.1 (44-79.7) 

100 (73-135) 

12 (8.94-15.7) 

11.4 (4.7-20.7) 

2.33 (1.73-3.08) 

28.3 (22.8-34.2) 

85.9 (71-102) 

127 (108-147) 

61.8 (39.2-72.5) 

258 (205-322) 

160 (120-198) 

84 (70.9-96.2) 

557 (464-645) 

55.1 (46.4-64.7) 

179 (136-230) 

70.7 (43.4-99.5) 

68.4 (53.7-83.7) 

55.2 (45.4-65.3) 

116 (96.5-132) 

168 (140-200) 

176 (123-229) 

358 (290-425) 

 
19 (18-20) 

70.5 (63-79.7) 

23.8 (21.6-26.5) 

110 (100-115) 

70 (70-80) 

80 (76-86) 

151 (128-174) 

64 (56.3-74.3) 

61.2 (42-81) 

108 (77-147) 

11.3 (8.65-14.5) 

5.27 (3.14-9.05) 

2.27 (1.68-2.95) 

26.5 (22-31.6) 

86.4 (72-101) 

124 (108-145) 

63.2 (41.5-74.7) 

258 (207-322) 

161 (125-197) 

81.1 (69.6-94.1) 

550 (463-639) 

55 (46.6-65.9) 

186 (146-244) 

77.2 (49-103) 

67.4 (53.3-83.2) 

59.5 (50.1-68.3) 

123 (105-138) 

170 (141-203) 

182.5 (133-239) 

375 (308-448) 

 
19 (18-20) 

60 (52.5-69) 

23.9 (21.3-26.9) 

110 (100-110) 

70 (60-70) 

78 (73-83) 

153 (135-173) 

68.9 (59.1-76.9) 

61 (48-79) 

92 (71-123) 

12.3 (9.6-16.8) 

20.4 (14.2-28.6) 

2.34 (1.83-3.34) 

30.8 (24.2-37.3) 

85 (69.3-103) 

134 (111-155) 

60.9 (20.5-69.7) 

256 (202-323) 

159 (119-200) 

88.7 (73.9-97.7) 

561 (464-647) 

55 (46.1-64) 

174 (131-220) 

60.1 (37.5-89.9) 

69.4 (54.6-84.6) 

52 (43.5-61) 

109 (88.6-125) 

167 (137-197) 

171.2 (117-220) 

343 (274-391) 

 
- 

<0.001 

     0.867 

< 0.001 

0.001 

< 0.001 

     0.513 

0.001 

     0.729 

0.002 

0.007 

< 0.001 

     0.086 

< 0.001 

     0.366 

0.007 

0.045 

     0.917 

     0.741 

 0.005 

     0.587 

     0.408 

0.009 

0.006 

     0.256 

< 0.001 

< 0.001 

     0.142 

     0.075 

< 0.001 

* * * * * * * * * * * * * * * * * * * 
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Table 2. Anthropometric, clinical, and biochemical characteristics in subjects with or 

without insulin resistance (n=452). 

Data are shown as mean median (25th - 75th percentile). HDL: High-density lipoprotein; LDL: Low-density lipoprotein; 

BCAA: Branched Chain Amino Acids. 

1Mann-Whitney U test. 

 

Characteristic With IR 

(n=201) 

Without IR 

(n=251) 

p1 

 

Weight (kg) 

BMI (kg/m2) 

Systolic blood pressure (mmHg) 

Diastolic blood pressure (mmHg) 

Glucose (mg/dL) 

Total cholesterol (mg/dL) 

HDL cholesterol (mg/dL) 

LDL cholesterol (mg/dL) 

Triglycerides (mg/dL) 

Insulin (µU/mL) 

Leptin (ng/mL) 

Aspartate (µM) 

Glutamate (µM) 

Serine (µM) 

Histidine (µM) 

Glycine (µM) 

Threonine (µM) 

Arginine (µM) 

Alanine (µM) 

Tyrosine (µM) 

Valine (µM) 

Methionine (µM) 

Phenylalanine (µM)  

Isoleucine (µM) 

Leucine (µM) 

Lysine (µM) 

Proline (µM) 

BCAA (µM) 

 
70.5 (60.7-80) 

25.6 (22.4-29.2) 

110 (100-120) 

70 (70-80) 

82 (77-88) 

153 (135-174) 

62.6 (55.1-72) 

64.4 (44.8-80) 

119 (85.7-163) 

16.2 (14.1-19.9) 

15.8 (8.52-26.6) 

30.7 (24-37) 

91.4 (74.1-107) 

127 (108-146) 

60.4 (28.1-69.6) 

249 (196-305) 

161 (120-205) 

87 (72-97.9) 

586 (488-693) 

59.1 (51-68.2) 

200 (150-247) 

77.1 (46.2-103) 

74.9 (60.5-86.9) 

56.4 (48-68.4) 

122 (104-140) 

178 (149-205) 

184 (124-242) 

381 (317-449) 

 
63 (56-71) 

22.7 (21-25) 

110 (100-110) 

70 (60-70) 

78 (72-81) 

150 (130-173) 

68.8 (60.3-77.2) 

59.4 (42.8-79.5) 

86 (67-117) 

9.41 (7.77-10.9) 

7.63 (3.66-16) 

27 (21.7-32) 

82.8 (69.4-94) 

128 (110-150) 

62.2 (42.4-74.3) 

262 (209-337) 

159 (121-195) 

82 (70.6-94) 

539 (446-613) 

51 (44.3-61.4) 

167 (128-222) 

61.7 (38.2-96.8) 

64.7 (51-79) 

54.2 (44.8-62.8) 

110 (93.7-129) 

164 (135-191) 

168 (121-220) 

339 (278-406) 

 
< 0.001 

< 0.001 

< 0.001 

< 0.001 

< 0.001 

      0.296 

< 0.001 

      0.364 

< 0.001 

< 0.001 

< 0.001 

< 0.001 

< 0.001 

      0.575  

      0.169 

0.011 

      0.887 

0.045 

< 0.001 

< 0.001 

< 0.001 

0.049 

< 0.001 

0.040 

< 0.001 

0.001 

      0.093 

0.008 
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Table 3. Genotype frequencies associated with risk of insulin resistance as assessed by HOMA-IR (n=452). 

HGD: Homogentisate 1,2-Dioxygenase; PRODH: Proline Dehydrogenase 1; DLD: Dihydrolipoamide Dehydrogenase; SLC7A9: Solute Carrier Family 7 Member 9; SNP: Single 

Nucleotide Polymorphism; EE: Typical error. 

1Risk allele for insulin resistance (IR) based on the Homeostatic Model Assessment (HOMA-IR).  

2The association between the SNP and HOMA-IR was obtained with a multiple linear regression model. 

aThe difference is marginally significant. 

 

 

 

 

 
 

Gene 
 

 
 

Chromosom
e 

 
 

SNP 

Genotype 
 

Risk allele  
IR1 

β Coefficient   
 

p2  
n (%) 

 
n (%) 

 
n (%) 

Not 
Standardized ± EE 

 
Standardized 

 
HGD 

 
 
 

PRODH 

 
 
 

DLD 

 
 

SLC7A9 
 

 
3 
 
 
 

22 
 
 
 

7 
 
 

19 

 
rs2255543 

 
 
 

rs5747933 
 
 
 

rs6943999 
 
 

rs1007160 

TT 

312 (69) 
 
 

GG 

311 (68.8) 
 
 

AA 

179 (39.6) 
 

GG 

342 (75.7) 

TA 

125 (27.6) 
 
 

GT 

129 (28.5) 
 
 

AT 

217 (48) 
 

GT 

97 (21.5) 

AA 

15 (3.31) 
 
 

TT 

12 (2.65) 
 
 

TT 

56 (12.4) 
 

TT 

13 (2.88) 

 
T 

 
 
 

G 
 
 
 

A 
 
 

G 

 
0.25 ± 0.13 

 
 

0.34 ± 0.13 
 
 
 

0.21 ± 0.10 
 
 
 

0.35 ± 0.14 

 
0.088 

 
 

0.119 
 
 
 

0.094 
 
 
 

0.117 

 
0.057a 

 
 

0.011 
 
 
 

0.044 
 
 
 

0.012 

* * 

* 
* * * 
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Table 4. Anthropometric, clinical, and biochemical parameters of subjects according to 

the genetic risk score for HOMA-IR (n=452) 

Data are shown as median (25th - 75th percentile). GRS: Genetic Risk Score; T1: First tertile; T2: Second 

tertile; T3: Third tertile; HOMA-IR: Homeostatic model assessment; BMI: Body mass index; SBP: systolic 

blood pressure; DBP: diastolic blood pressure; TC: total cholesterol; HDL: High-density lipoprotein 

cholesterol; LDL: Low-density lipoprotein cholesterol; TG: Triglycerides. 

1Differences are based on Kruskal-Wallis. Games-Howell's multiple comparisons post-hoc test where 

groups with different letters are statistically significant, where a > b. 

* The difference is significant p ≤ 0.05. 

 

 

 

 

 

  

Characteristic 

 

 

 

Weight (kg) 

BMI (kg/m2) 

SBP (mmHg) 

DBP (mmHg) 

Glucose (mg/dL) 

TC (mg/dL) 

HDL (mg/dL) 

LDL (mg/dL) 

TG (mg/dL) 

Insulin (µU/mL) 

Leptin (ng/mL) 

HOMA-IR 

GRS-low 

T1 (0.624) 

GRS-medium 

T2 (0.742) 

GRS-high 

T3 (0.836) 

 

p1 

 

 

0.120 

0.073 

0.545 

0.972 

0.057 

  0.044* 

0.480 

0.168 

 0.003* 

 0.002* 

0.063 

 0.001* 

n=149 n=211 n=92 

 

64 (57-74) 

23.5 (21.6-26.1) 

110 (100-110) 

70 (60-80) 

78 (73-85) 

150 (125-167)b 

66 (56.7-74.9) 

69 (40.1-79) 

91 (73-127)b 

10.8 (8.14-14.2)b 

13.3 (4.22-17.9) 

2.12 (1.52-2.82)b 

 

65 (57-77) 

23.7 (21.2-27) 

110 (100-110) 

70 (60-80) 

79 (74-85) 

151 (133-173)ab 

67 (58.5-76.2) 

61 (44.7-80) 

99 (71-133)ab 

12 (9.64-16)a 

11.6 (4.83-20.7) 

2.34 (1.79-3.08)a 

 

68.2 (60.2-76.5) 

25.2 (22-27) 

110 (100-110) 

70 (60-809 

80 (75-87.7) 

160 (135-179)a 

64.3 (56-74) 

65.8 (47.7-85) 

115 (85-156)a 

13.1 (9.37-17.5)a 

15.5 (4.80-26.1) 

2.51 (1.84-3.50)a 

* * * * * * 
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Table 5. Serum amino acid concentrations of subjects according to the genetic risk 

score for HOMA-IR (n=452). 

Data are shown as median (25th - 75th percentile). GRS: Genetic Risk Score; T1: First tertile; T2: Second tertile; T3: 

Third tertile; HOMA-IR: Homeostatic model assessment; BCAA: Branched Chain Amino Acids. 

1Differences are based on Kruskal-Wallis. Games-Howell's multiple comparisons post-hoc test where groups with 

different letters are statistically significant, where a > b. 

 

 

 

 

 

 

Characteristic 

 

 

 

Aspartate (µM) 

Glutamate (µM) 

Serine (µM) 

Histidine (µM) 

Glycine (µM) 

Threonine (µM) 

Arginine (µM) 

Alanine (µM) 

Tyrosine (µM) 

Valine (µM) 

Methionine (µM) 

Phenylalanine (µM) 

Isoleucine (µM) 

Leucine (µM) 

Lysine (µM) 

Proline (µM) 

BCAA (µM) 

GRS-low 

T1 (0.624) 

GRS-medium 

T2 (0.742) 

GRS-high 

T3 (0.836) 

p1 

 

 

 

0.123 

0.134 

0.216 

0.378 

0.180 

0.402 

0.014   

0.310 

0.751 

0.996 

0.245 

0.258 

0.596 

0.812 

0.720 

0.070 

0.919 

n=149 n=211 n=92 

 

28.5 (22.7-35) 

86.9 (72-100) 

131 (112-150) 

63.2 (39.9-73.6) 

272 (213-326) 

163 (125-201) 

86.3 (74-99)a 

549 (457-621) 

55.1 (47.5-64) 

180 (134-229) 

70.7 (37.3-94.8) 

71 (53.2-86.9) 

56.1 (48.4-66) 

116 (97-132) 

169 (136-202) 

191 (128-250) 

356 (294-421) 

 

27 (22.1-33.1) 

83.6 (68.4-103) 

123 (108-147) 

62.5 (41-73.5) 

258 (200-326) 

155 (119-193) 

81.2 (70-93.5)b 

561 (461-656) 

53.8 (46.1-64.1) 

180 (135-233) 

68 (44.4-97.6) 

66.5 (52.3-82.7) 

54.9 (45.2-63.6) 

116 (94.3-133) 

167 (140-199) 

175 (123-229) 

361 (288-433) 

 

30 (25.2-35) 

89 (73.9-107) 

133 (107-150) 

58.5 (27-67) 

244 (201-293) 

164 (120-208) 

86.2 (69.5-95.7)a,b 

565 (484-669) 

56 (46.4-67) 

174 (144-228) 

85.6 (46-107) 

70 (57.3-82.9) 

55 (44.5-66.6) 

119 (96-134) 

169 (149-200) 

160 (116-207) 

372 (287-426) 
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Supplementary Data 
 

Supplemental Table 1. Single nucleotide polymorphisms associated with cardiometabolic risk factors. 

GEN NAME CHR SNP 
ALLELE 

(REFERENCE/VARIANT) 
 

CARDIOMETABOLIC RISK 

FACTORS OR ASSOCIATED 

ALTERATIONS OF PLASMA 

AMINO ACIDS 

 

REPORTED 

RISK 

ALLELE 

 

REFERENCE 

TAT Tyrosine Aminotransferase 16 rs74344827 G/A Enzyme associated with tyrosine 

increase. 

A 

 

(Kettunen et al., 2012). 

 

HGD Homogentisate 1,2-

Dioxygenase 

 

3 

rs2255543 T/A Gene related to alterations in 

amino acid and glucose 

metabolism. 

 

- 

(Wang et al., 2022) 

 

GSTZ1 Glutathione S-Transferase 

Zeta 1 

 

14 

rs1046428 T/C Gene related to alterations in 

amino acid and glucose 

metabolism. 

- (Wang et al., 2022) 

 

GPT Glutamic-Pyruvate 

Transaminase 

 

8 

 

rs1063739 

C/A Gene predictive of T2D, CVD, 

MetS and IR. 

A 

 

(Sookoian & Pirola, 2015) 

OTC Ornithine Transcarbamylase 38 rs1800321 A/G Hypertension A (Dumont et al., 2009) 

ASPG Asparaginase 14 rs1744284 C/G - - - 

HAL Histidine Ammonia-Lyase 12 rs7297245 C/T - - - 

BCAT2 Branched Chain Amino Acid 

Transaminase 2 

 

19 

rs11548193 G/C Increased BCAA levels in obese 

subjects. Relationship with IR.  

C (Guizar-Heredia et al., 2021) 

(Vargas-Morales et al., 2021) 

(González-Salazar et al., 2021) 

(Teslovich et al., 2018) 

BCKDH Branched Chain Keto Acid 

Dehydrogenase 

 

19 

rs45500792 T/G Increased BCAA levels in obese 

subjects.Relationship with MetS 

and IR. 

G (Guizar-Heredia et al., 2021) 

(Serralde-Zúñiga et al., 2014). 

PRODH Proline Dehydrogenase 1 22 rs5747933 G/T Associated with high levels of 

circulating proline. 

T (Imaizumi et al., 2019) 

(Koshiba et al., 2020) 

DLD Dihydrolipoamide 

Dehydrogenase 

7 rs6943999 A/T - - - 

SHMT1 Serine 

Hydroxymethyltransferase 1 

17 rs1979277 G/A Increases the risk of CVD. A (Poddar, 2020) 

MTR 5-Methyltetrahydrofolate-

Homocysteine 

Methyltransferase 

1 rs1805087 A/G Increases the risk of CVD. 

Relationship with dyslipidemias. 

 

 

G 

(Poddar, 2020) 

(Li et al., 2015) 

(Lei et al., 2008) 

SLC1A4 

 

Solute Carrier Family 1 

Member 4 

2 

 

rs759458 G/A Gene related to serum valine 

levels. 

 

- (Kettunen et al., 2012). 

 

SLC7A9 Solute Carrier Family 7 

Member 9 

19 rs1007160 G/T - 

 

- - 

 

PPM1K 

Protein Phosphatase, 

Mg2+/Mn2+ Dependent 1K  

 

4 

rs9637599 A/C Association with fasting circulating 

BCAA levels. Relationship with 

valine levels. 

C (Mahendran et al., 2017) 

(Kettunen et al., 2016) 
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GEN NAME CHR SNP 
ALLELE 

(REFERENCE/VARIANT) 

 

CARDIOMETABOLIC RISK 

FACTORS OR ASSOCIATED 

ALTERATIONS OF PLASMA 

AMINO ACIDS 

 

REPORTED 

RISK 

ALLELE 

 

REFERENCE 

PPM1K Protein Phosphatase, 

Mg2+/Mn2+ Dependent 1K 

 

4 

rs1440581 

 

T/C Increased serum BCAA and risk of 

T2D. 

C (Hu et al., 2021) 

(Xuan et al., 2018) 

(Lotta et al., 2016). 

GCKR Glucokinase Regulator 2 rs1260326 T/C Increased serum isoleucine. 

Association with hyperglycemia 

and high LDL-C levels. 

Association with MetS. 

T (Lotta et al., 2016). 

(Burgess et al., 2021) 

(Zahedi et al., 2021) 

SNP: Single nucleotide polymorphism; CHR: Chromosome; T2D: Type 2 diabetes; CVD: Cardiovascular disease; MetS: Metabolic syndrome; IR: Insulin resistance; BCAA: Branched chain amino acids. LDL-

C: Low-density lipoprotein cholesterol. 
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Supplemental Table 2. Genotypic frequencies of the study subjects (n=452). 

SNP: Single nucleotide polymorphism; HWE: Hardy-Weinberg equilibrium.  

* Hardy-Weinberg equilibrium p > 0.05. 

  

Gen SNP Homozygotes 

n (%) 

Heterozygotes 

n (%) 

Variant Homozygotes 

n (%) 

HWE 

p 

TAT rs74344827 

 

GG 

379 (83.8) 

GA 

72 (15.9) 

AA 

1 (0.22) 

 

0.200* 

HGD rs2255543 

 

TT 

312 (69) 

TA 

125 (27.6) 

AA 

15 (3.31) 

 

0.570* 

GSTZ1 rs1046428 

 

TT 

168 (37.1) 

TC 

284 (62.8) 

CC 

0 (0.0) 

 

<0.001 

GPT rs1063739 
 

CC 

159 (35.1) 

CA 

218 (48.2) 

AA 

75 (16.5) 

 

0.980* 

OTC rs1800321 

 

AA 

395 (87.3) 

AG 

32 (7.07) 

GG 

25 (5.53) 

 

<0.001 

ASPG rs1744284 

 

CC 

203 (44.9) 

CG 

245 (54.2) 

GG 

4 (0.88) 

 

<0.001 

HAL rs7297245 

 

CC 

371 (82.1) 

CT 

76 (16.8) 

TT 

5 (1.11) 

 

0.610* 

BCAT2 rs11548193 

 

GG 

381 (84.3) 

GC 

68 (15) 

CC 

3 (0.66) 

 

0.980* 

BCKDH rs45500792 

 

TT 

402 (88.9) 

TG 

41 (9.07) 

GG 

9 (1.99) 

 

<0.001 

PRODH rs5747933 

 

GG 

311 (68.8) 

GT 

129 (28.5) 

TT 

12 (2.65) 

 

0.750* 

DLD rs6943999 

 

AA 

179 (39.6) 

AT 

217 (48) 

TT 

56 (12.4) 

 

0.430* 

SHMT1 rs1979277 

 

GG 

342 (75.7) 

GA 

91 (20.1) 

AA 

19 (4.20) 

 

<0.001 

MTR rs1805087 

 

AA 

303 (67) 

AG 

122 (27) 

GG 

27 (6) 

 

<0.001 

SLC1A4 rs759458 

 

GG 

327 (72.3) 

GA 

24 (5.3) 

AA 

101 (22.3) 

 

<0.001 

SLC7A9 rs1007160 

 

GG 

342 (75.7) 

GT 

97 (21.5) 

TT 

13 (2.88) 

 

0.060* 

PPM1K rs9637599 

 

AA 

240 (53.1) 

AC 

81 (17.9) 

CC 

131 (29) 

 

<0.001 

PPM1K rs1440581 

 

TT 

172 (38.1) 

TC 

213 (47.1) 

CC 

67 (14.8) 

 

0.930* 

GCKR rs1260326 

 

TT 

194 (42.9) 

TC 

209 (46.2) 

CC 

49 (10.8) 

 

0.510* 
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Supplemental Table 3. Candidate single nucleotide polymorphisms associated with 

insulin resistance of the study subjects (n=452) 

SNP: Single nucleotide polymorphism.1 The risk allele was selected based on the highest median HOMA-IR (Homeostatic Model 

Assessment). Data presented in median (percentile 25th-75th).  

Gen SNP 
Homozygotes 
 

Heterozygotes 
 

Variant 
Homozygotes 

Presumed 
Risk Allele 1 

Presumed 
Reference 
Risk Allele  

  
GG 
n=379 

GA 
n=72 

AA 
n=1 

  

TAT rs74344827 2.34 (1.74-3.18) 2.19 (1.66-2.95) 0.99 (0.99-0.99) G A  

  
TT 
n=312 

TA 
n=125 

AA 
n=15 

  

HGD rs2255543 2.35 (1.75-3.21) 2.32 (1.69-2.91) 2.20 (1.67-3.01) T - 

  
CC 
n=159 

CA 
n=218 

AA 
n=75 

  

GPT  rs1063739 2.67 (1.88-3.35) 2.19 (1.61-2.87) 2.33 (1.80-2.94)  C A 

  
CC 
n=371 

CT 
n=76 

TT 
n=5 

  

HAL rs7297245 2.32 (1.71-3.10) 2.35 (1.83-3.12) 2.36 (1.52-3.01) T - 

  
GG 
n=381 

GC 
n=68 

CC 
n=3 

  

BCAT2 rs11548193 2.32 (1.72-3.06) 2.48 (1.79-3.18) 2.28 (1.78-8.0) C C  

  
GG 
n=311 

GT 
n=129 

TT 
n=12 

  

PRODH rs5747933 2.39 (1.74-3.25) 2.19 (1.75-2.88) 2.22 (1.30-2.79) G 
 
T 
 

  
AA 
n=179 

AT 
n=217 

TT 
n=56 

  

DLD rs6943999 2.41 (1.82-3.24) 2.30 (1.68-2.94) 2.11 (1.67-2.95) A - 

  
GG 
n=342 

GT 
n=97 

TT 
n=13 

  

SLC7A9 rs1007160 2.39 (1.79-3.19) 2.19 (1.60-2.76) 2.02 (1.57-3.73) G - 

  
TT 
n=172 

TC 
n=213 

CC 
n=67 

  

PPM1K rs1440581 2.22 (1.78-2.87) 2.44 (1.70-3.26) 2.33 (1.62-3.22) C C  

  
TT 
n=194 

TC 
n=209 

CC 
n=49 

  

GCKR rs1260326 2.31 (1.66-3.05) 2.36 (1.82-3.22) 2.26 (1.75-2.97) T T  



 
                                    

50 
 

Supplemental Table 4. Multiple linear regression models for the choice of genetic risk 

score for HOMA-IR (n=452) 

SNP: Single nucleotide polymorphism; HOMA-IR: Homeostatic Model Assessment.   

  

Model 
 

Gen 
 

SNP 
Coefficient (β) 

SD p  R2 Unstandardized Standardized 

 
1 
 
 
 
 
 
 
 
 
 
 

2 
 
 
 
 
 
 
 
 
 

3 
 
 
 
 
 
 
 
 

4 
 
 
 
 
 
 
 

5 
 
 
 
 
 
 

6 
 
 
 
 
 

7 

 
TAT 
HGD 
GPT 
HAL 
BCAT2 
PRODH 
DLD 
SLC7A9 
PPM1K 
GCKR 
 
TAT 
HGD 
GPT 
HAL 
BCAT2 
PRODH 
DLD 
SLC7A9 
PPM1K 
 
TAT 
HGD 
GPT 
HAL 
PRODH 
DLD 
SLC7A9 
PPM1K 
 
TAT 
HGD 
GPT 
HAL 
PRODH 
DLD 
SLC7A9 
 
TAT 
HGD 
GPT 
PRODH 
DLD 
SLC7A9 
 
HGD 
GPT 
PRODH 
DLD 
SLC7A9 
 
HGD 
PRODH 
DLD 
SLC7A9 

 
rs74344827 
rs2255543 
rs1063739 
rs7297245 
rs11548193 
rs5747933 
rs6943999 
rs1007160 
rs1440581 
rs1260326 
 
rs74344827 
rs2255543 
rs1063739 
rs7297245 
rs11548193 
rs5747933 
rs6943999 
rs1007160 
rs1440581 
 
rs74344827 
rs2255543 
rs1063739 
rs7297245 
rs5747933 
rs6943999 
rs1007160 
rs1440581 
 
rs74344827 
rs2255543 
rs1063739 
rs7297245 
rs5747933 
rs6943999 
rs1007160 
 
rs74344827 
rs2255543 
rs1063739 
rs5747933 
rs6943999 
rs1007160 
 
rs2255543 
rs1063739 
rs5747933 
rs6943999 
rs1007160 
 
rs2255543 
rs5747933 
rs6943999 
rs1007160 

 
0.099 
0.246 
0.136 
0.087 
-0.030 
0.358 
0.194 
0.335 
0.027 
0.000 

 
0.099 
0.246 
0.136 
0.087 
-0.030 
0.358 
0.194 
0.335 
0.027 

 
0.100 
0.246 
0.137 
0.085 
0.356 
0.194 
0.335 
0.028 

 
0.100 
0.246 
0.137 
0.087 
0.357 
0.193 
0.334 

 
0.101 
0.240 
0.136 
0.352 
0.195 
0.332 

 
0.240 
0.137 
0.354 
0.194 
0.336 

 
0.249 
0.345 
0.215 
0.352 

 
0.024 
0.087 
0.062 
0.024 
-0.008  
0.124 
0.085 
0.111 
0.012 
0.000 

 
0.024 
0.087 
0.062 
0.024 
-0.008 
0.124 
0.085 
0.111 
0.012 

 
0.025 
0.087 
0.062 
0.023 
0.123 
0.085 
0.111 
0.013 

 
0.025 
0.087 
0.063 
0.024 
0.123 
0.085 
0.111 

 
0.025 
0.085 
0.062 
0.122 
0.086 
0.110 

 
0.085 
0.063 
0.122 
0.085 
0.112 

 
0.088 
0.119 
0.094 
0.117 

 
0.189 
0.132 
0.104 
0.171 
0.184 
0.137 
0.108 
0.141 
0.103 
0.109 

 
0.189 
0.132 
0.103 
0.170 
0.184 
0.137 
0.108 
0.141 
0.103 

 
0.188 
0.132 
0.103 
0.170 
0.136 
0.108 
0.141 
0.103 

 
0.188 
0.131 
0.103 
0.169 
0.136 
0.107 
0.141 

 
0.188 
0.131 
0.103 
0.135 
0.107 
0.140 

 
0.131 
0.103 
0.135 
0.107 
0.140 

 
0.131 
0.135 
0.106 
0.140 

 
0.600 
0.063 
0.190 
0.611 
0.870 
0.009 
0.075 
0.018 
0.793 
0.998 

 
0.599 
0.062 
0.188 
0.610 
0.869 
0.009 
0.073 
0.018 
0.792 

 
0.597 
0.063 
0.187 
0.616 
0.009 
0.072 
0.018 
0.786 

 
0.595 
0.062 
0.184 
0.609 
0.009 
0.073 
0.018 

 

0.592 
0.068 
0.188 
0.009 
0.070 
0.018 

 

0.067 
0.184 
0.009 
0.071 
0.017 

 

0.057 
0.011 
0.044 
0.012 

 
0.027 

 
 
 
 
 
 
 
 
 
 

0.029 
 
 
 
 
 
 
 
 
 

0.031 
 
 
 
 
 
 
 
 

0.034 
 
 
 
 
 
 
 

0.035 
 
 
 
 
 
 

0.037 
 
 
 
 
 

0.035 
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7. CONCLUSIONES 

 

El índice genético demostró que los sujetos con un puntaje más alto presentaban 

valores más elevados de HOMA-RI, indicando que tienen una mayor predisposición al 

riesgo de RI y de SM en comparación con aquellos sujetos con un índice genético bajo. 

Además, mostraron niveles más altos de glucosa, colesterol total y triglicéridos, así 

como de insulina, y niveles ligeramente más bajos de arginina. Por otro lado, estos 

índices genéticos también pueden ser aplicados para evaluar la respuesta a 

intervenciones dietarías. Donde en nuestra investigación también encontramos que un 

índice genético bajo se asoció con una mejor respuesta a isoleucina a diferencia de 

aquellos sujetos con un índice genético alto (Anexo). 

 

Finalmente, podemos destacar tres aspectos. En primer lugar, estos resultados indican 

que la susceptibilidad genética puede influir en los cambios en diversos componentes 

metabólicos concretamente los aminoácidos, lo que aumenta el riesgo de desarrollar 

RI y SM. En segundo lugar, los factores genéticos como las VG también pueden tener 

efectos sobre la respuesta a intervenciones dietarías. En tercer lugar, la construcción 

de índices genéticos podría ser una excelente herramienta para identificar tanto a 

individuos con mayor riesgo a RI así como a los individuos que responderán 

favorablemente a estas intervenciones, esto con el fin de implementar estrategias 

preventivas que involucren modificaciones en el plan de alimentación o modificaciones 

en el estilo de vida y reducir el desarrollo de enfermedades cardiometabólicas.  
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ANEXO 

 Desarrollo de una puntuación genética para predecir la respuesta a una 

intervención dietaría en adultos con factores de riesgo de síndrome metabólico 

Resumen 

Introducción: Los cambios en los niveles plasmáticos de aminoácidos se 

correlacionan con los factores de riesgo del Síndrome Metabólico (SM). Aunque las 

intervenciones dietarías (ID) pueden reducir estos niveles, no todos los pacientes 

tienen una buena respuesta, debido potencialmente a variantes genéticas. Una 

puntuación de predicción genética (GPS) podría estimar la respuesta de un individuo 

a las ID, facilitando la implementación de dietas personalizadas adaptadas a la 

predisposición genética de cada individuo y a sus características clínicas. 

Objetivo: Desarrollar un GPS para predecir la respuesta dietaría en sujetos mexicanos 

con factores de riesgo de SM. 

Métodos: Este estudio empleó un diseño de cohorte prospectivo. Los participantes 

eran mexicanos de entre 18 y 60 años con uno o más factores de riesgo de SM. 

Durante un período de 2 meses, se llevó a cabo una ID de acuerdo con las 

recomendaciones del NCEP-ATP III. Se evaluaron variables antropométricas, clínicas 

y bioquímicas, incluidos los aminoácidos medidos mediante cromatografía líquida de 

alta resolución (HPLC; Agilent 1260 Infinity). Todos los parámetros se evaluaron antes 

y después de la ID. Para construir el GPS se utilizaron variantes genéticas previamente 

relacionadas con alteraciones en el metabolismo de los aminoácidos. Los valores del 

GPS, destinados a predecir la respuesta de la isoleucina a la ID, se calcularon para 

cada individuo sumando el número de alelos de efecto en 4 genes (TAT, HGD, BCAT2 

y SLC7A9). El análisis de los datos se realizó con el programa SPSS versión 20.0 

(SPSS Inc., EE.UU.). 

Resultados: De un total de 98 participantes, 35 (35.7%) eran varones y 63 (64.3%) 

mujeres, con una mediana de edad de 34 años. Los 98 sujetos se inscribieron en el 

estudio; sin embargo, sólo 65 participantes completaron la ID.  
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El GPS para la respuesta de isoleucina a la dieta se clasificó en categorías de 

respuesta alta y baja: ≤ 0.676 para respuesta alta y > 0.676 para respuesta baja. Los 

individuos con un GPS más alto mostraron concentraciones elevadas de isoleucina 

tras la ID, mientras que aquellos con un GPS más bajo mostraron una disminución de 

las concentraciones de isoleucina (p < 0.05). 

Conclusiones: Los individuos con un GPS bajo demostraron una respuesta dietaría 

más favorable, caracterizada por niveles más bajos de isoleucina, en comparación con 

aquellos con un GPS alto. Así pues, el GPS podría resultar valioso para predecir la 

respuesta de la isoleucina a la dieta. 


