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Serum lipids are associated with nonalcoholic fatty liver disease: a pilot case-control study in Mexico
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Abstract
Background
Nonalcoholic fatty liver disease (NAFLD) is a leading cause of chronic liver disease and cirrhosis. NAFLD is mediated by changes in lipid metabolism and known risk factors include obesity, metabolic syndrome, and diabetes. The aim of this study was to better understand differences in the lipid composition of individuals with NAFLD compared to controls, by performing direct infusion lipidomics on serum biospecimens from a cohort study of adults in Mexico.

Methods
A nested case-control study was conducted with a sample of 98 NAFLD cases and 100 healthy controls who are participating in an on-going, longitudinal study in Mexico. NAFLD cases were clinically confirmed using elevated liver enzyme tests and liver ultrasound or liver ultrasound elastography, after excluding alcohol abuse, and 100 controls were identified as having at least two consecutive normal alanine aminotransferase (ALT) and aspartate aminotransferase (AST) (< 40 U/L) results in a 6-month period, and a normal liver ultrasound elastography result in January 2018. Samples were analyzed on the Sciex Lipidyzer Platform and quantified with normalization to serum volume. As many as 1100 lipid species can be identified using the Lipidyzer targeted multiple-reaction monitoring list. The association between serum lipids and NAFLD was investigated using analysis of covariance, random forest analysis, and by generating receiver operator characteristic (ROC) curves.

Results
NAFLD cases had differences in total amounts of serum cholesterol esters, lysophosphatidylcholines, sphingomyelins, and triacylglycerols (TAGs), however, other lipid subclasses were similar to controls. Analysis of individual TAG species revealed increased incorporation of saturated fatty acyl tails in serum of NAFLD cases. After adjusting for age, sex, body mass index, and PNPLA3 genotype, a combined panel of ten lipids predicted case or control status better than an area under the ROC curve of 0.83.

Conclusions
These preliminary results indicate that the serum lipidome differs in patients with NAFLD, compared to healthy controls, and suggest that assessing the desaturation state of TAGs or a specific lipid panel may be useful clinical tools for the diagnosis of NAFLD.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s12944-021-01526-5.
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Background
Nonalcoholic fatty liver disease (NAFLD) is a leading cause of chronic liver disease with an estimated global prevalence of 24% [1]. NAFLD is the accumulation of excess fat in the liver, without a clear secondary cause of lipid accumulation (e.g., significant alcohol consumption, use of steatogenic medication, or genetic disorders) [2]. NAFLD ranges from simple hepatic steatosis to nonalcoholic steatohepatitis (NASH) characterized by hepatic inflammation and hepatocellular injury. NAFLD and NASH can progress to cirrhosis and hepatocellular carcinoma (HCC) [3, 4]. Treatment options for NAFLD are limited and it has become the fastest growing cause of HCC among liver transplant candidates [5]. Predicting which individuals will progress from NAFLD to more advanced liver disease remains difficult to assess, and finding prognostic markers remains an important objective. Therefore, the identification of key biomarkers that could improve the non-invasive detection of NAFLD and the development of new treatment strategies that reduce chronic liver disease incidence and mortality would be a major benefit to public health.
In the United States, NAFLD and NASH are most prevalent among Latinos [6–10], and those of Mexican origin have the highest prevalence [11, 12]. Known risk factors for NAFLD and disease progression include obesity, insulin resistance, metabolic syndrome, and diabetes. NAFLD is found in 80–90% of obese adults, 30–74% of patients with diabetes, and 90% of patients with hyper-lipidemia [6, 13]. Other risk factors include larger waist circumference [14, 15], and older age [16–19], and elevated triglycerides [14, 15, 20–22]. Hypertriglyceridemia has been identified as an important and early predictor of NAFLD [23, 24]. While total cholesterol, often measured as part of a standard lipid panel, is not generally related to NAFLD overall, but cholesterol carrying lipoproteins, including high density, low density, non-high density and very-low density lipoproteins have been associated with NAFLD [25–30].
There is also some evidence that NAFLD may be a heritable disease, in which gene-environment interactions contribute to the progress and severity of disease [31]. A single variant in the PNPLA3 gene (rs738409) has the most robust and consistent association with hepatic steatosis [32, 33]. This variant is a cytosine to guanine substitution that modifies codon 148 from isoleucine to methionine (I148M). PNPLA3 encodes a 481 amino acid protein of unknown function that belongs to the patatin-like phospholipase family [34]. The PNPLA3-I148M allele is more common among Latinos (49%), than non-Hispanic Whites (23%), or non-Hispanic Blacks (17%) [34–36]. Studies with health workers in Mexico also confirm that the PNPLA3-I148M allele is associated with a greater risk of persistently elevated aminotransferase levels [37, 38].
Dysregulation of hepatic lipid metabolism underlies the pathogenesis of NAFLD and alterations in systemic lipid metabolism are found in patients with NAFLD and NASH [3, 39–41]. Various lipid markers have also been associated with NAFLD and NASH including triglyceride [e.g., TAG (48:0)], phosphatidylethanolamine [e.g., PE (40:6)], and lysophosphatidylcholine [e.g., LPC (16:0)] [42]. The very long chain dihydroceramides and polyunsaturated PEs can discriminate NAFLD from NASH subjects [43]. Certain lipid subclasses are generally higher in NAFLD cases, including diacylglycerols [25, 26, 44, 45] and free fatty acids [26, 44], while other lipid subclasses are mostly decreased in NAFLD cases compared to controls (e.g. LPC, [46] PE [25, 46], ceramides (CER) [47], cholesterol esters (CE) [47], and phosphatidylcholines (PC) [25]. However, none of these studies included Latino adults, so very little is understood about how specific lipid types contribute to NAFLD susceptibility among Latinos.
The primary objective of this pilot study was to better understand differences in the lipid composition of individuals with NAFLD compared to healthy controls, and to identify potential detection markers for NAFLD in an understudied population that is at high-risk for developing NAFLD. Targeted direct infusion “shotgun” lipidomics were performed on serum biospecimens from 98 NAFLD cases and 100 controls in Mexico, to observe changes in the circulating lipidome of patients with NAFLD. The study hypothesis was that the circulating lipids in serum among NAFLD cases would be different than in healthy controls. A secondary objective of this study was to investigate how individual triacylglycerol (TAG) species may vary between NAFLD cases and controls.
Methods
Study design
The study used a nested case-control design and examined lipidomics, genetic, and clinical data to compare a sample of NAFLD cases to healthy controls from adult participants in a longitudinal study in Mexico. All study procedures were approved by the Institutional Review Boards, and all participants provided informed consent. This research followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guidelines [48].
Study sample
The Health Worker Cohort Study (HWCS) is investigating the genetic and lifestyle risk factors associated with various chronic diseases in Mexico. The study design and methodology are described in detail elsewhere [49–51]. At baseline (2004–2006) and follow-up (2011–2013 and 2017–2018), study participants completed self-reported questionnaires, a physical examination, and provided blood samples for laboratory testing. A convenience sample of 98 NAFLD cases and 100 healthy controls aged 36 to 78 years, who are long-term participants in the HWCS was used for the current pilot study. The inclusion criteria for this study was having a hepatologist-confirmed diagnosis of NAFLD for the cases, and a history of normal ALT and AST results (< 40 U/L) plus a normal ultrasound elastography result for the controls. Liver enzymes (ALT, AST), total cholesterol, high-density lipoprotein (HDL-C), low-density lipoprotein cholesterol (LDL-C), triglycerides, glucose, body mass index (BMI), waist circumference, and blood pressure were measured. Participants reported fasting for ≥12 h at blood draw. Serum samples that were collected during 2011–2013 and stored at − 70 °C, as well as self-reported data and laboratory results that were obtained during the same time period, were used for the cases and controls. Targeted genetic studies have also been performed in a larger sample of the HWCS participants to identify single nucleotide polymorphisms (SNPs) associated with NAFLD (n = 632), osteoporosis (n = 689) and other complex diseases (n = 1936) [37, 38, 52, 53].
Clinical confirmation of NAFLD cases and controls
The primary outcome variable was a diagnosis of NAFLD, which was determined by a hepatologist using established guidelines [2]. Liver ultrasound or ultrasound elastrography was used to assess the presence of hepatic steatosis, as well as persistently elevated ALT or AST levels ≥40 international units per litre (IU/L). Additionally, NAFLD cases were confirmed to have no significant alcohol consumption (< 20 g/day for females, < 30 g/per day for males), no competing etiologies for hepatic steatosis (e.g. chemotherapy or toxic exposures), and no coexisting causes of chronic liver disease (e.g. infection with hepatitis B or hepatitis C). Stratified randomization was used to select age- and sex-matched controls from the HWCS participants who had at least two consecutive normal ALT and AST measures (< 40 U/L) over a period of 6 months, during 2004–2006, 2011–2013, and 2017–2018. All controls were confirmed not to have a NAFLD diagnosis from the results of an ultrasound elastrography evaluation that was conducted in January 2018.
Covariates
Body mass index (BMI)
The study participants’ BMI was determined from standardized measures of weight and height and was calculated as a ratio of weight (in kilograms) to height (in square meters). Participants were classified as normal weight (18.5–24.9 kg/m2), overweight (25.0–29.9 kg/m2) or obese (≥30 kg/m2), based on recommendations from the National Heart, Lung, and Blood Institute [54].
Diabetes
Type 2 diabetes was defined as having any of the following: a medical history of diabetes (excluding during pregnancy), currently taking medication for diabetes, a plasma glucose level > 125 mg/dL after fasting 12 h, or a random glucose test > 200 mg/dL [55].
Metabolic syndrome
Based on the 2009 Criteria for Clinical Diagnosis of the Metabolic Syndrome by Alberti et al., participants were classified as having metabolic syndrome if they presented three or more of the following: (1) waist circumference ≥ 90 cm for males and ≥ 80 cm for females; (2) HDL-C < 40 mg/dL for males and < 50 mg/dL for females; (3) triglycerides ≥150 mg/dL; (4) fasting glucose ≥110 mg/dL, or currently taking medication for elevated glucose; and (5) systolic blood pressure ≥ 130 mmHg, diastolic blood pressure ≥ 85 mmHg, or currently taking medications for high blood pressure [56].

                              PNPLA3 (rs738409) genotyping
All participants were genotyped for the rs738409 I148M variant using TaqMan assays (Applied Biosystems, Foster City, CA, USA). No discordant genotypes were observed in 50 duplicate samples. The CC genotype corresponds to normal/no risk, the CG represents a medium risk, and the GG genotype corresponds to a high risk. Deviation from Hardy–Weinberg equilibrium was not observed.
Extraction procedures
Serum samples from 98 NAFLD cases and 100 controls with complete data were identified for lipid extraction. First, samples were thawed and 25ul of serum were pipetted into a glass tube for extraction. A modified Bligh and Dyer extraction [57] was carried out on the serum samples. Prior to biphasic extraction, the Lipidyzer Internal Standard Mix that contains 54 lipid standards across 13 subclasses, was added to each sample (AB Sciex, 5,040,156). The 13 subclasses include: cholesterol esters (CE), ceramides (CER), diacylglycerols (DAG), dihydroceramides (DCER), free fatty acids (FFA), hexosylceramides (HCER), lactosylceramides (LCER), lysophosphatidylcholines (LPC), lysophosphatidylethanolamines (LPE), phosphatidylcholines (PC), phosphatidylethanolamines (PE), sphingomyelins (SM), and triacylglycerols (TAGs). Following two successive extractions, pooling/concentrating of the organic layers were dried down in a Genevac EZ-2 Elite for direct infusion lipidomic analysis. Lipid samples were resuspended in 1:1 methanol/dichloromethane with 10 mM Ammonium Acetate and transferred to robovials (Thermo 10,800,107) for analysis. Samples were processed between November 2018 and February 2019 at the UCLA Lipidomics Laboratory.
Mass spectrometry lipid analysis
Samples were analyzed on the Sciex Lipidyzer Platform (Framingham, MA, USA) and quantified with normalization to serum volume. This platform has been described elsewhere [58]; briefly, it is a direct infusion-tandem mass spectrometry system utilizing differential mobility. Analysis is carried out over two infusions, with each acquiring roughly half of the lipid targets within the assay. As many as 1100 targeted lipid species can be identified using the Lipidyzer targeted multiple-reaction monitoring (MRM) list, but only 622 were quantified in at least 33% of cases or 33% of controls. The cut point of 33% was chosen to avoid correlational artifact weighted by lipids detected in very few samples. This allowed us to examine nearly 57% of the 1100 targeted lipid species in a sample that was less likely to have missing data. A total of 352 lipids had no missing data in both cases or controls (i.e. were quantified for all 198 samples tested), of which 251 were TAGs. Concentrations were reported as nmoles/mL. Lipid class totals were calculated in each sample by summing the concentration of all individual lipid species within each class and presented in units of nanomoles/mL.
Statistical analyses
SAS version 9.3 (Cary, NC, USA), Python 3.7 (Fredericksburg, Virginia, USA), R 4.0.0 (Vienna, Austria), and ClustVis [59] were used to conduct the data analyses. Lipids were tested for normal distribution and log-transformed when necessary for specific analyses. To be included in the primary analyses, lipid species had to be measured in at least 33% of either cases or controls. This was done to ensure that lipids with exceedingly low abundance across samples were not included. The median and 25–75% interquartile range (IQR) of specific lipid subclasses and species were determined and presented in box plots with whiskers representing 1.5 times the IQR bounded by the highest and lowest samples. Prior to analysis, outliers with greater than 3 standard deviations (SD) from the mean were excluded from analysis. Two-tailed unpaired Student’s t test were used to determine differences between cases and controls. NAFLD cases and healthy controls were also compared using analysis of covariance (ANCOVA), adjusting for several combinations of covariates, including: age, sex, diabetes status, metabolic syndrome status, BMI status, and PNPLA3 genotype. Six models were created to adjust for these covariates. Results were visualized using Manhattan plots. False discovery rate (FDR) was computed using the Benjamini-Hochberg method to adjust for multiple comparisons [60]. Pearson’s linear correlation coefficients were calculated for each pair of lipids and presented in a heat map.
Random forest analysis (RFA) was performed on untransformed data to identify lipids with the most impact on case/control status using Python package scikit-learn (Fredericksburg, Virginia, USA), [61]. RFA is a classification technique using thousands of decision trees (a.k.a. a “forest”). Each tree is created based on a subset of samples that are used to predict the remaining samples. Classification is determined by computing frequencies of predictions for each group over the entire forest. To determine the impact of each lipid, impurity-based feature importance was computed (also known as the Gini importance or Mean Decrease in Impurity). The importance of a lipid is computed as the total reduction of the criterion brought by that feature. Larger values suggest a greater influence of that specific lipid. A panel of the 10 most important lipids was generated to determine their sensitivity and specificity to predict NAFLD using receiver operative characteristic (ROC) curves.
Results
Study population
Table 1 reports some demographic and basic clinical characteristics of the study sample. Nearly three fourths were female (74%) with a mean age of 61 (SD ±10) years, and a significantly higher proportion of female controls than cases. NAFLD cases had higher levels of AST, ALT, glucose, and TAGs compared to healthy controls. NAFLD cases also had significantly greater rates of diabetes and metabolic syndrome. Although mean BMI was higher in the NAFLD group, a greater proportion of controls were obese (41% vs. 35%). No differences were observed in age, total cholesterol levels, or PNPLA3 genotype.
Table 1Demographic and clinical characteristics of NAFLD cases and healthy controls (n = 198)a


	 	Total
	Cases
n = 98
	Controls
n = 100
	P-valueb

	Sex

	 Females
	74.8
	63.3
	86.0
	 
	 Males
	25.2
	36.7
	14.0
	0.0002

	Age, years

	 Mean (95% CI)
	60.7 (59.3–62.2)
	59.9 (57.8–62.0)
	61.5 (59.5–63.6)
	0.2768

	 37–54
	25.3
	27.6
	23.0
	 
	 55–69
	49.0
	48.0
	50.0
	 
	 70–78
	24.8
	24.5
	27.0
	0.7523

	Biomeasures, mean (95% CI)

	 AST, IU/L
	33.8 (31.2–36.4)
	42.1 (37.7–46.4)
	25.7 (23.8–27.5)
	< 0.0001

	 ALT, IU/L
	38.0 (34.4–41.6)
	49.8 (43.9–55.8)
	26.5 (24.0–28.9)
	< 0.0001

	 Glucose, mg/dL
	116.5 (110.2–122.8)
	130.5 (119.0–142.0)
	102.8 (98.8–106.7)
	< 0.0001

	 Triglycerides, mg/dL
	173.4 (157.4–189.4)
	197.7 (168.6–226.9)
	149.5 (137.0–162.0)
	0.0031

	 Cholesterol, mg/dL
	196.5 (190.6–202.4)
	192.4 (184.1–200.6)
	200.5 (191.9–209.1)
	0.1751

	PNPLA3 Genotype

	 CC
	14.1
	14.1
	14.0
	 
	 CG
	46.2
	40.4
	52.0
	 
	 GG
	39.7
	45.5
	34.0
	0.2131

	BMI, kg/m2

	 Mean (95% CI)
	28.3 (27.6–29.0)
	29.9 (28.9–31.0)
	26.7 (25.9–27.6)
	< 0.0001

	 Normal
	28.8
	18.4
	39.0
	 
	 Overweight
	33.3
	46.9
	20.0
	 
	 Obese
	37.9
	34.7
	41.0
	< 0.0001

	Diabetes

	 No
	73.2
	60.2
	86.0
	 
	 Yes
	26.8
	39.8
	14.0
	< 0.0001

	Metabolic Syndrome

	 No
	41.4
	31.6
	51.0
	 
	 Yes
	58.6
	68.4
	49.0
	0.0057


a Results are presented as %, unless otherwise stated.
bP-value results of chi-square tests (categorical) and t-tests (continuous)
Abbreviations: NAFLD nonalcoholic fatty liver disease, CI confidence interval, AST aspartate aminotransferase, ALT alanine aminotransferase, BMI body mass index



Alterations in serum TAGs, LPCs, and CEs among NAFLD cases
An average of 576 individual lipid species were measured from a total of 729 individual lipids detected in the serum of NAFLD cases and controls from 13 distinct subclasses or classes within glycerophospholipid, glycerolipid, sphingolipid, cholesterol, and fatty acids classes [62, 63]. One sample was excluded from analysis for technical reasons. Analysis of subclass totals revealed a significant increase in the total amounts of TAG (P = 0.0198), and significant decreases in total CE (P = 0.0167) and LPC (P = 0.0328) pools (Fig. 1).
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Fig. 1Alterations in serum TAGs, LPCs, and CEs in NAFLD cases
P values indicated above compare cases and controls (two-tailed unpaired Student’s t test). * P value < 0.05. Abbreviations: CE cholesterol ester, CER ceramide, DAG diacylglycerol, DCER dihydroceramide, FFA free fatty acid, HCER hexosylceramide, LCER lactosylceramide, LPC lysophosphatidylcholine, LPE lysophosphatidylethanolamine, PC phosphatidylcholine, SM sphingomyelin, TAG triacylglycerol


For case and control groups (n = 98, n = 100), the median and 25–75% interquartile range (IQR) are presented in box plots with whiskers representing 1.5x the IQR bounded by the highest and lowest samples. Outliers with greater than 3 standard deviations (SD) from the mean were excluded from analysis.
Correlations between lipid species
Pearson correlations were performed between each pair of lipid species (Additional file 1). As expected, within the same subclass, there were strong positive correlations between lipid species across the subclasses, especially among TAGs, DAGs, FFAs, HCERs, and SMs. Between subclasses, many TAGs were strongly correlated positively with DAGs as well as a handful of PCs and CEs. CEs and CERs were also positively correlated with most LPCs, PCs, and SMs, in addition to one another. Additionally, PCs were positively correlated with LPCs and SMs. In the negative direction, several CEs were strongly correlated with DAGs, FFAs, and TAGs. DAGs and HCERs or SMs also shared mostly negative correlations, as did HCERs and LCERs with TAGs. Total concentration of TAGs measured by mass spectrometry was positively correlated with the standard bloodwork clinical measurement of TAGs (Pearson correlation = 0.85). No significant differences were found in total PC, PE, lyso-PE, DAG, SM, CER, LCER, HCER, DCER, and FFA (Additional file 1).
Despite changes in the total pool sizes of CE, LPC, and TAG in the serum of NAFLD cases, a heat map analysis of individual lipid species failed to reveal any discernable pattern of enrichment or losses (Additional files 2 and 3). Thus, it can be concluded that changes in CE, LPC, and TAG pools result from a general change across many individual lipids within these subclasses.
Enrichment of saturated TAGs in serum of NAFLD cases
The overall desaturation state of the TAG pool was also examined by summing all TAG species according to the total double bond number. For example, TAGs have three acyl tails that contain variable numbers of double bonds, and summation of these double bound numbers can reveal general information regarding the desaturation state of that lipid subclass. Individual TAG species were binned according to bulk (total) double bond number within a given sample. The concentrations of species with a given double bond number were summed and divided by three to account for the sampling of each acyl tail within the TAG species. Using this approach, we found that TAGs from NAFLD cases were preferentially enriched for acyl tails that were fully saturated or contain few double bonds (Fig. 2). Interestingly, this preferential incorporation of saturated acyl tails was not observed in other subclasses of lipids (e.g., PC or DAGs), indicating a level of specificity for this shift in desaturation state.
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Fig. 2Enrichment of saturated TAGs in serum of NAFLD cases
*P < 0.05, **P < 0.01; ***P < 0.001; (two-tailed unpaired Student’s t test). Abbreviations: NAFLD nonalcoholic fatty liver disease, TAG triacylglycerols


For double bond number 0–12, the case and control groups were compared using box and whisker plots that depict the median, 25–75% interquartile range (IQR) and 1.5x the IQR bounded by the highest and lowest samples. Outliers with greater than 3 standard deviations from the mean were excluded from analysis (Fig. 2).
Overall lipid subclass concentrations between NAFLD cases and controls
Analysis of covariance (ANCOVA) was used to compare the overall lipid subclass concentrations between the NAFLD cases and healthy controls, adjusting for appropriate covariates such as age, sex, BMI, diabetes, metabolic syndrome status, and PNPLA3 genotype. An individual lipid species was required to be present in at least 33% of either case or control samples for inclusion in these additional studies. This inclusion criteria resulted in two lipid subclasses (DCER and PE) being excluded from further analysis. Similar to the aforementioned results, CE levels were observed to be significantly lower in NAFLD cases in all six models (Table 2; P < 0.05). LPCs and SMs were also lower in serum from NAFLD cases in two of the models (P < 0.05), after additionally adjusting for age, sex, and PNPLA3 genotype. Other lipid subclasses were variably enriched or decreased but failed to show statistical significance when adjusted for specific confounders. Of note, we found that TAGs were increased in NAFLD cases (Fig. 1), however, this increase was not significant after adjusting for confounders (Table 2).
Table 2Comparison of overall lipid subclass concentrations between NAFLD cases and healthy controls*


	Lipid class
	Folda
	P-value

	Model 1b
	Model 2c
	Model 3d
	Model 4e
	Model 5f
	Model 6g

	CE
	0.941
	< 0.01
	< 0.01
	< 0.01
	< 0.01
	< 0.01
	< 0.01

	CER
	1.503
	0.19
	0.11
	0.12
	0.47
	0.35
	0.08

	DAG
	1.174
	0.26
	0.23
	0.95
	0.43
	0.35
	0.94

	FFA
	1.013
	0.26
	0.24
	0.63
	0.43
	0.38
	0.62

	HCER
	1.168
	0.64
	0.66
	0.95
	0.86
	0.88
	0.94

	LCER
	0.739
	0.97
	0.97
	0.95
	0.86
	0.88
	0.12

	LPC
	0.960
	0.01
	0.03
	0.09
	0.06
	0.14
	0.94

	LPE
	0.972
	0.94
	0.97
	0.84
	0.98
	0.88
	0.94

	PC
	0.990
	0.97
	0.97
	0.95
	0.86
	0.88
	0.20

	SM
	0.975
	0.03
	0.03
	0.18
	0.06
	0.10
	0.94

	TAG
	1.372
	0.19
	0.20
	0.95
	0.24
	0.26
	0.81


* Results presented are corrected for False Discovery Rate
a Quotient of sum of all log-transformed lipid values in cases divided by sum of all log-transformed lipid values in controls
b Adjusted for age and sex
c Adjusted for age, sex, and PNPLA3 genotype
d Adjusted for age, sex, diabetes, and metabolic syndrome status
e Adjusted for age, sex, and BMI category
f Adjusted for age, sex, BMI category, and PNPLA3 genotype
g Adjusted for age, sex, diabetes, metabolic syndrome status, and PNPLA3 genotype
Abbreviations: NAFLD nonalcoholic fatty liver disease, CE cholesterol ester, CER ceramide, DAG diacylglycerol, FFA free fatty acid, HCER hexosylceramide, LCER lactosylceramide, LPC lysophosphatidylcholine, LPE lysophosphatidylethanolamine, PC phosphatidylcholine, SM sphingomyelin, TAG triacylglycerol



TAG double bond number concentrations in NAFLD cases and healthy controls
The relative saturation or desaturation state of the acyl tails in the serum TAG pools between the NAFLD cases and healthy controls was also compared. Increases for saturated or single double bond TAGs were observed in nearly all models tested. (Table 3). Thus, measuring the fully saturated TAG pool size may provide additional information that could be of value regarding clinical status of NAFLD patients.
Table 3Comparison of TAG double bond number concentrations in NAFLD cases and healthy controls


	# of double bonds
	P-value

	Model 1a
	Model 2b
	Model 3c
	Model 4d
	Model 5e
	Model 6f

	0
	< 0.1
	< 0.01
	0.06
	< 0.01
	< 0.01
	0.04

	1
	< 0.1
	< 0.01
	0.15
	< 0.01
	< 0.01
	0.12

	2
	0.05
	0.06
	0.69
	0.06
	0.07
	0.71

	3
	0.20
	0.28
	0.86
	0.16
	0.24
	0.71

	4
	0.32
	0.48
	0.83
	0.19
	0.32
	0.62

	5
	0.26
	0.39
	0.94
	0.12
	0.21
	0.83

	6
	0.14
	0.21
	0.63
	0.05
	0.09
	0.81

	7
	0.08
	0.13
	0.42
	0.03
	0.05
	0.55

	8
	0.10
	0.14
	0.38
	0.04
	0.07
	0.50

	9
	0.26
	0.36
	0.71
	0.15
	0.22
	0.85

	10
	0.10
	0.16
	0.37
	0.05
	0.10
	0.53

	11
	0.45
	0.55
	0.37
	0.49
	0.61
	0.45

	12
	0.97
	0.90
	0.83
	0.70
	0.83
	0.77


a Adjusted for age and sex
b Adjusted for age, sex, and PNPLA3 genotype
c Adjusted for age, sex, diabetes, and metabolic syndrome status
d Adjusted for age, sex, and BMI category
e Adjusted for age, sex, PNPLA3 genotype and BMI category
f Adjusted for age, sex, diabetes, metabolic syndrome status, and PNPLA3 genotype Abbreviations: NAFLD nonalcoholic fatty liver disease, TAG triacylglycerol



Difference in individual lipid species between NAFLD cases and controls
Figure 3 presents a Manhattan plot of the individual lipid species that were observed to be different in NAFLD cases and controls. After adjusting for age, sex, diabetes, metabolic syndrome status, and PNPLA3 genotype, a total of 94 lipids were significantly different between cases and controls (P < 0.05, lipids presented above black bar). Of these lipids, 37 were decreased in NAFLD cases and 57 were increased. After further correction for false discovery rate (FDR), 22 lipids remained significant, including 13 TAGs, of which nine were lower in NAFLD cases compared to controls (P < 0.05, lipids presented above red bar). All remaining non-TAG lipids were also decreased in cases compared to controls.
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Fig. 3Manhattan plot of difference in individual lipid species between NAFLD cases and controls
Select individual lipids of interest are labelled. Lipid classes are color coded as indicated. Abbreviations: CE cholesterol ester, CER ceramide, DAG diacylglycerol, FFA free fatty acid, HCER hexosylceramide, LCER lactosylceramide, LPC lysophosphatidylcholine, LPE lysophosphatidylethanolamine, PC phosphatidylcholine, SM sphingomyelin, TAG triacylglycerol


Negative log10 of P-values are plotted. Lipid species that were significantly different between cases and controls after adjusting for age, sex, diabetes, metabolic syndrome status, and PNPLA3 genotype are presented above the black line (P < 0.05). Lipid species that remained significant after False Discovery Rate (FDR) correction are presented above the red line (P < 0.05) (Fig. 3).
Random forest analysis to identify key individual lipid species
A random forest analysis was performed using individual lipid amounts detected in cases and controls. Important individual lipid species consisted of LPCs, TAGs, PCs, and CEs, and a single DAG, with LPC 17:0 ranking as the most important (Fig. 4). Several of the lipid species were in agreement with the results presented in Fig. 3, including CE (20:0), LPC (17:0), PC (17.0/18.2), and TAG (55:5-FA18:1).
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Fig. 4Most important lipids as determined by random forest analysis
Gini importance values for indicated lipids are plotted. Although this process can produce slightly different results each time due to the random nature, LPC(17:0), LPC(15:0), and LPC(18:1) were identified as the top three lipids in all random forest analyses. Abbreviations: LPC lysohphosphatidylcholine, TAG triacylglycerol, CE cholesterol ester, PC phosphatidylcholine, DAG diacylglycerol


Inspection of lipid species identified in the random forest analysis revealed an enrichment for complex lipids containing odd chain saturated acyl tails, suggesting that these specific lipids may provide additional information for identifying NAFLD cases. However, after conducting an area under the receiver operating characteristic curve (AUROC) analysis the of top 20 lipids as determined by random forest analysis, adjusting for age, sex, diabetes, metabolic syndrome, and PNPLA3 genotype, no single lipid was able to predict NAFLD status better than 71% (Additional file 4).
Of the top 20 lipids identified in the random forest analysis, the following were significantly lower in NAFLD cases than controls: LPC(17:0), LPC(15:0), LPC(18:1), CE(24:0), CE(17:0), CE(22:2), PC(17:0/18:1), CE(22:1), PC(17:0/18:2), TAG55:5-FA18:1, CE(20:0), CE(15:0). While these lipid species were significantly higher in cases than controls: TAG54:6-FA22:6, TAG54:4-FA22:4, TAG48:0-FA16:0, TAG55:2-FA18:2, TAG52:4-FA20:4, TAG50:2-FA18:2, TAG50:0-FA16:0, DAG(16:0/16:0) (Additional file 5).
AUROC analysis of the top 10 lipids to differentiate cases from controls
An AUROC analysis was conducted to determine if a combination of the 10 most important lipids can predict case versus control status accurately, compared to other models (Fig. 5). Model 1, which only included age and sex, was able to predict case/control status 65% of the time (95% CI = 56–74%). A model that included age, sex, BMI, and PNPLA3 genotype was able to estimate case/control status 75% of the time (95% CI = 67.8–82.9%). Model 6, which included age, sex, PNPLA3 genotype, diabetes and metabolic syndrome was able to estimate case/control status 72% of the time (95% CI = 64–80%). A model that only included the top 10 lipids predicted case/control status accurately 79% of the time (95% CI = 72–86%), which is higher than the aforementioned models. Adding other covariates, including age, sex, PNPLA3 genotype, diabetes, and metabolic syndrome to the panel of lipids further improved prediction to between 81% (95% CI = 75–88%) and 83% (95% CI = 77–89%) (Fig. 5). All three models that included the top 10 lipids plus other covariates were significantly more accurate at predicting case/control status than Model 6 (P < 0.05). Together, these data suggest that the circulating lipidome of Mexicans with NAFLD can have distinct features, which may be used to better discriminate disease.
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Fig. 5Receiver Operator Characteristic (ROC) curves of the top 10 lipids and other models
Sensitivity (ability of panel to correctly identify NAFLD cases) and 1-specificity (ability of test to correctly identify healthy controls) are plotted. Area under the ROC curve (AUROC) is the predictive power of the panel to differentiate cases from controls. Perfect prediction would result in an AUROC of 1.0; random chance corresponds with an AUROC of 0.50. The top ten lipid species alone, as determined from the random forest analysis, are better predictors of NAFLD than models that include age, sex, BMI, PNPLA3 genotype, diabetes, and/or metabolic syndrome (MetS). Abbreviations: AUROC area under the ROC curve, BMI body mass index MetS metabolic syndrome, NAFLD nonalcoholic fatty liver disease, ROC Receiver Operator Characteristic


Discussion
This study identified differences in the composition of specific lipid species and subclasses in a sample of NAFLD cases and healthy controls from Mexico, where 75.2% of the population over age 20 is overweight (39.1%) or obese (36.1%) [64], and the prevalence of NAFLD among adults age 20 years or older is estimated to be over 50% [65]. Thus, this is a high-risk, yet understudied population. Another objective was to investigate whether any lipid species or a combination of specific lipids could be used to distinguish NAFLD cases from controls. To accomplish these goals, the clinical data and serum biospecimens from Mexican adults who are participating in a longitudinal study were examined. The findings of this study contribute to the lack of published research that has examined the association between serum lipids and NAFLD in Latino adults. For example, lipidomics analyses were conducted on plasma from Mexican American participants in the San Antonio Family Heart Study to investigate links with cardiovascular disease [65] and hypertension [66], but they did not examine the association between NAFLD and specific lipids. Another study examined 39 obese, Latino adolescents aged 11–17 years, of which 30 were determined to have NAFLD using magnetic resonance spectroscopy. Pathway analysis revealed that several lipid metabolism and amino acid pathways were dysregulated in the NAFLD cases. These include tyrosine metabolism, which was the most affected, as well as fatty acid activation, and branched-chain amino acid (BCAA) degradation [67]. However, there are no other published studies that have explored serum lipid signatures that are specific to NAFLD cases in adult Latino populations.
The analysis of neutral lipids conducted as part of this study indicates that the amounts of TAGs in NAFLD samples was higher than in controls, while the LPC pool was observed to be lower on average in the NAFLD serum samples. The pool size of CE was also lower in NAFLD cases compared to controls, after adjusting for covariates such as age, sex, BMI, diabetes, metabolic syndrome status, and PNPLA3 genotype. The LPC and SM pools were also decreased even after adjusting for age, sex and PNPLA3 genotype, however, after additionally adjusting for BMI, diabetes and metabolic syndrome, this significance was lost. TAG amounts were no longer significant when adjusting for any of the covariates, indicating that other factors, rather than NAFLD, are driving the observed changes in the size of the TAG pool.
The results of the individual lipid analyses are consistent with those of other studies [25, 42–44, 46, 47, 66, 67], as well as for specific lipids, such as CEs (15:0), (17:0), (18:1), (20:1), (20:2), (22:4) [66] and (22:6) [43], and LPCs (18:1) and (18:2) [42]. Controlling for variables other than age and sex led to a drop in the number of significant lipid metabolites, particularly TAGs, especially after adjusting for diabetes and metabolic syndrome status. This is expected due to the overlapping nature of metabolic diseases with triglyceride levels [68]. Another study that examined the liver lipidome in liver biopsies found that an increase in liver fat and NASH was associated with CER-enriched liver lipidome in patients with “Metabolic NAFLD”, compared to those with “PNPLA3 NAFLD [69].” However, the results of this study did not uncover a strong association between CER and NAFLD. The findings from the random forest analysis indicate that LPC(17:0) is one of the most important determinants or predictor lipids to differentiate NAFLD cases and healthy controls. This is in contrast to recent findings that have shown a negative association between circulating odd chain fatty acids, in particular C15:0 and C17:0, with metabolic disease risks [70, 71]. PCs, and LPCs, by extension, were also negatively associated with NAFLD in a study of obese patients undergoing bariatric surgery in the Netherlands [66]. Several CEs, TAGs, and PCs were also commonly in the top 20.
Current clinical lipid panels are limited in their scope, usually measuring total cholesterol, triglycerides and lipoprotein amounts in the blood of individuals. To date, these limited lipid metabolic parameters have not yielded clinically actionable information regarding NAFLD diagnosis, prognosis and disease management. The results of this pilot study suggest that developing a clinical test that measures a broader panel of lipid subclass pool sizes could be useful in the diagnosis and potential management of NAFLD. Monitoring the amounts of these lipid subclasses could also provide insights as to whether an individual will progress to more severe forms of liver disease such as NASH and cirrhosis.
Of note, the AUROC analysis indicates that no single lipid predicted case/control status better than 71% accuracy after adjusting for age, sex, PNPLA3 genotype, diabetes and metabolic syndrome. Including the top 10 lipids improved accuracy to almost 80%, which is better than a model with age, sex, BMI and PNPLA3 genotype (75%). When combined, and after adjusting for age, sex, BMI, and PNPLA3 genotype, the top 10 lipids we identified predicted case/control status better than an AUROC of 0.83, and was significantly better than just the top 10 lipids alone (p < 0.05). These findings suggest that a panel of individual lipids may be a viable option as a clinical indicator of NAFLD. However, the additional covariates included in the panel were not determined using model selection techniques and these preliminary results need to be validated in a large sample of NAFLD cases and controls.
Although the results of this study indicate that TAG amounts were not specifically associated with NAFLD after adjusting for covariates, measuring the desaturation state of TAGs provided useful information. By applying an algorithm that determines the utilization of saturated, monounsaturated and polyunsaturated acyl tails in the TAG pool, the NAFLD cases in this cohort were observed to have an enrichment for TAGs that were highly saturated (i.e. containing little or no polyunsaturated acyl tails). It has been shown that saturated FFAs are associated with a greater lipotoxicity in NAFLD when compared to monounsaturated FFAs [72, 73]. Another study conducted among HCC patients found that the more serious the disease, the higher the saturated TAG concentration in affected tissues [74]. They also found that TAGs with more than 2 double bonds in particular were down-regulated in HCC [74]. Thus, it may be of value to specifically monitor the desaturation state of the TAG pool to facilitate diagnosis and progression of NAFLD.
Strengths and limitations
This is the first lipidomics study among Latino adults with NAFLD, an understudied, high-risk group. The findings of this study confirm the results of previous studies in other populations [25, 42–44, 46, 47, 66] and provide novel results that could inform the clinical management of NAFLD patients. However, due to limitations in sample size, these findings will need to be replicated in larger cohorts and future investigations. This study has some limitations. First, the Health Worker Cohort Study (HWCS) participants are mostly women (75%) who have a higher education level and overall better health than the general population of Mexico. The HWCS participants are primarily middle-income, which represents an estimated 34% of the population. Although the sample is not generalizable to the Mexican population, the internal validity of the study is unlikely to be compromised. Second, the study was conducted with Mexicans and does not include other Latino groups. Therefore, these results might not be representative of other Latino groups due to the heterogeneity of health status among Latinos. Third, certain analyses (e.g. sex-, menopause, or PNPLA3 status-stratified analyses) could not be performed due to sample size limitations, which affected power. Fourth, although histology is considered the “gold standard” to diagnose and stage NAFLD, the NAFLD cases included in this analysis were clinically confirmed using elevated liver enzyme tests and ultrasound of the liver, after excluding alcohol abuse. As a result, these findings should be interpreted with caution since ultrasonography is unreliable at detecting smaller amounts of fat in the liver [3], and cannot detect inflammation or fibrosis, which can indicate more advanced NAFLD. There might also be misclassification bias if some participants reported that they were not drinkers when in fact they were. Additionally, we were unable to assess whether participants had NASH and therefore, could not identify lipids which may be unique to NASH patients, to differentiate from both normal controls as well as NAFL. In several studies, some lipid concentrations were only significantly different between NASH and healthy controls or NASH vs NAFL, while others found that the concentration difference between NAFL vs NASH was opposite of that for NAFL vs controls [25, 42, 43, 73, 75]. Future analyses could include per unit-concentration differences in odds of NAFLD, testing both linear and non-linear relationships between lipid species and NAFLD (e.g. quadratic, cubic, etc.). Finally, although homogenization of tissue results in dilution and averaging of molecules, and serum lipids do not exclusively reflect liver lipids [76–79].
Other areas of future research should examine why highly saturated TAGs are enriched in Latino NAFLD patients. A study that investigated if a sub-set of TAGs were associated with hepatic steatosis found that TAGs containing saturated and mono-saturated FFAs with 16–18 carbons were related to a greater intake of carbohydrates and saturated fat [80]. Another study examined how dietary macronutrient composition influences intrahepatic triglyceride content and found that an increase in carbohydrate consumption increases hepatic de novo lipogenesis, while saturated fat induced the greatest increase in intrahepatic triglyceride content [81]. Future studies should also explore the association between the PNPLA3-I148M variant and lipid composition among Latino patients with NAFLD. Studies with non-Latino populations have found that the PNPLA3-I148M variant increases hepatic retention of polyunsaturated fatty acids [82] and polyunsaturated triglycerides in human adipose tissue [83]. Since Latinos have the highest prevalence of the PNPLA3-I148M variant [34–36] and the highest rates of NAFLD in the U.S. [6–10], there should be more research studies that focus on this high-risk, understudied population.
Conclusion
This study examined lipidomics, genetic, and clinical data to investigate the association between specific lipids and risk of NAFLD in a sample of adults from Mexico. Significant differences were identified in the prevalence of certain lipids and lipid features between the NAFLD cases and the healthy controls. A panel of 10 lipids was generated that, in tandem with other covariates, distinguished NAFLD cases from controls with an AUROC of 83%. These findings suggest that a targeted panel of specific lipids and other covariates could be used to detect NAFLD, and provide clinically relevant information regarding progression and response to treatments. Currently, there are no FDA-approved medications to treat NAFLD or NASH, but several drugs are expected to become available in the next few years. Thus, it is becoming increasingly relevant to identify non-invasive ways to diagnose NAFLD patients, so they can be targeted for treatment. Although additional studies are needed to validate these findings in Latinos and other populations, the results of this study point to a better understanding of how lipid dysregulation may contribute to the increased liver disease susceptibility observed among Mexicans. This study also contributes to the identification of potential lipid biomarkers that may help to improve the detection and treatment of NAFLD.
Acknowledgements
We are grateful to the Health Workers Cohort Study team and the study participants for their contributions to this research.

Authors’ contributions
Y.N.F. and A.T.A. contributed equally and should be regarded as equal first authors. Y.N.F., J.S., S.J.B., J.S.S., and R.B. designed the study. A.T.A., and P.R.P. performed the statistical analysis. Y.N.F, A.T.A., S.J.B., K.J.W., and B.S. drafted the manuscript. Y.N.F., J.S., R.V.C., P.R.P., S. J.B., K.J.W., R.B., B.A.G., F.P.M. and B.R.P. contributed to data acquisition. A.T.A., Y.N.F, S.J.B., K.J.W., R.V.C., P.R.P., A.J.L., A.H.V. and B. S contributed to the interpretation of data. All authors also gave final approval and agree to be accountable for all aspects of work ensuring integrity and accuracy. All authors read and approved the final manuscript.

Funding
This research was funded by the Instituto Mexicano del Seguro Social (IMSS), and the Consejo Nacional de Ciencia y Tecnología (CONACYT) grants #26267 M and SALUD-2011-01-161930 (YNF). Additional funding was provided by the Jonsson Comprehensive Cancer Center, David Geffen School of Medicine, and Clinical Translational Science Center at the University of California, Los Angeles (UL1TR001881) (RB, BG), and by NIH grant U2C-DK119886. YNF was supported by NIH/NCI K07CA197179. SJB was supported by NIH HL146358. The content is solely the responsibility of the authors and does not necessarily represent the official views of the National Institutes of Health.

Availability of data and materials
Post Processed lipid species concentration data is in Supplemental Lipidomics File 1. Lipidomics data will be made available at the NIH Common Fund’s National Metabolomics Data Repository website, the Metabolomics Workbench (https://​www.​metabolomicswork​bench.​org) upon acceptance of the manuscript.

Declarations
Ethics approval and consent to participate
The Institutional Review Boards of the Mexican Social Security Institute (IMSS 2005–785-012) and the University of California, Los Angeles (IRB#17–001748), approved this study. All participants provided informed consent prior to initiating any research activities.

Consent for publication
All authors read and approved of this manuscript for publication.

Competing interests
The authors declare that they have no competing interests.


References
	1.
Younossi Z, Anstee QM, Marietti M, Hardy T, Henry L, Eslam M, et al. Global burden of NAFLD and NASH: trends, predictions, risk factors and prevention. Nat Rev Gastroenterol Hepatol. 2018;15(1):11–20. https://​doi.​org/​10.​1038/​nrgastro.​2017.​109.CrossrefPubMed

	2.
Chalasani N, Younossi Z, Lavine JE, Charlton M, Cusi K, Rinella M, et al. The diagnosis and management of nonalcoholic fatty liver disease: practice guidance from the American Association for the Study of Liver Diseases. Hepatology. 2018;67(1):328–57. https://​doi.​org/​10.​1002/​hep.​29367.CrossrefPubMed

	3.
Starley BQ, Calcagno CJ, Harrison SA. Nonalcoholic fatty liver disease and hepatocellular carcinoma: a weighty connection. Hepatology. 2010;51(5):1820–32. https://​doi.​org/​10.​1002/​hep.​23594.CrossrefPubMed

	4.
Ertle J, Dechene A, Sowa JP, Penndorf V, Herzer K, Kaiser G, et al. Non-alcoholic fatty liver disease progresses to hepatocellular carcinoma in the absence of apparent cirrhosis. Int J Cancer. 2011;128(10):2436–43. https://​doi.​org/​10.​1002/​ijc.​25797.CrossrefPubMed

	5.
Younossi Z, Stepanova M, Ong JP, Jacobson IM, Bugianesi E, Duseja A, et al. Nonalcoholic steatohepatitis is the fastest growing cause of hepatocellular carcinoma in liver transplant candidates. Clin Gastroenterol Hepatol. 2019;17(4):748–55 e743. https://​doi.​org/​10.​1016/​j.​cgh.​2018.​05.​057.CrossrefPubMed

	6.
Williams CD, Stengel J, Asike MI, Torres DM, Shaw J, Contreras M, et al. Prevalence of nonalcoholic fatty liver disease and nonalcoholic steatohepatitis among a largely middle-aged population utilizing ultrasound and liver biopsy: a prospective study. Gastroenterology. 2011;140(1):124–31. https://​doi.​org/​10.​1053/​j.​gastro.​2010.​09.​038.CrossrefPubMed

	7.
Browning JD, Szczepaniak LS, Dobbins R, Nuremberg P, Horton JD, Cohen JC, et al. Prevalence of hepatic steatosis in an urban population in the United States: impact of ethnicity. Hepatology. 2004;40(6):1387–95. https://​doi.​org/​10.​1002/​hep.​20466.CrossrefPubMed

	8.
Rich NE, Oji S, Mufti AR, Browning JD, Parikh ND, Odewole M, et al. Racial and ethnic disparities in nonalcoholic fatty liver disease prevalence, severity, and outcomes in the United States: a systematic review and meta-analysis. Clinical Gastroenterology and Hepatology. 2018;16:198–210. e192.Crossref

	9.
Weston SR, Leyden W, Murphy R, Bass NM, Bell BP, Manos MM, et al. Racial and ethnic distribution of nonalcoholic fatty liver in persons with newly diagnosed chronic liver disease. Hepatology. 2005;41(2):372–9. https://​doi.​org/​10.​1002/​hep.​20554.CrossrefPubMed

	10.
Saab S, Manne V, Nieto J, Schwimmer JB, Chalasani NP. Nonalcoholic Fatty Liver Disease in Latinos. Clinical Gastroenterology and Hepatology. 2016;14:5–12 quiz e19–10.Crossref

	11.
Fleischman MW, Budoff M, Zeb I, Li D, Foster T. NAFLD prevalence differs among hispanic subgroups: the multi-ethnic study of atherosclerosis. World J Gastroenterol. 2014;20(17):4987–93. https://​doi.​org/​10.​3748/​wjg.​v20.​i17.​4987.CrossrefPubMedPubMedCentral

	12.
Kallwitz ER, Daviglus ML, Allison MA, Emory KT, Zhao L, Kuniholm MH, et al. Prevalence of suspected nonalcoholic fatty liver disease in Hispanic/Latino individuals differs by heritage. Clin Gastroenterol Hepatol. 2015;13(3):569–76. https://​doi.​org/​10.​1016/​j.​cgh.​2014.​08.​037.CrossrefPubMed

	13.
Bellentani S, Scaglioni F, Marino M, Bedogni G. Epidemiology of non-alcoholic fatty liver disease. Dig Dis. 2010;28(1):155–61. https://​doi.​org/​10.​1159/​000282080.CrossrefPubMed

	14.
Sung KC, Kim BS, Cho YK, Park DI, Woo S, Kim S, et al. Predicting incident fatty liver using simple cardio-metabolic risk factors at baseline. BMC Gastroenterology. 2012;12:84.Crossref

	15.
Xu C, Yu C, Ma H, Xu L, Miao M, Li Y. Prevalence and risk factors for the development of nonalcoholic fatty liver disease in a nonobese Chinese population: the Zhejiang Zhenhai study. Am J Gastroenterol. 2013;108(8):1299–304. https://​doi.​org/​10.​1038/​ajg.​2013.​104.CrossrefPubMed

	16.
Mongraw-Chaffin M, Golden SH, Allison MA, Ding J, Ouyang P, Schreiner PJ, et al. The sex and race specific relationship between anthropometry and body fat composition determined from computed tomography: evidence from the multi-ethnic study of atherosclerosis. PLoS One. 2015;10(10):e0139559. https://​doi.​org/​10.​1371/​journal.​pone.​0139559.CrossrefPubMedPubMedCentral

	17.
Amarapurkar D, Kamani P, Patel N, Gupte P, Kumar P, Agal S, et al. Prevalence of non-alcoholic fatty liver disease: population based study. Ann Hepatol. 2007;6(3):161–3. https://​doi.​org/​10.​1016/​S1665-2681(19)31922-2.CrossrefPubMed

	18.
Frith J, Day CP, Henderson E, Burt AD, Newton JL. Non-alcoholic fatty liver disease in older people. Gerontology. 2009;55(6):607–13. https://​doi.​org/​10.​1159/​000235677.CrossrefPubMed

	19.
Caballería L, Pera G, Auladell MA, Torán P, Muñoz L, Miranda D, et al. Prevalence and factors associated with the presence of nonalcoholic fatty liver disease in an adult population in Spain. Eur J Gastroenterol Hepatol. 2010;22(1):24–32. https://​doi.​org/​10.​1097/​MEG.​0b013e32832fcdf0​.CrossrefPubMed

	20.
Kim NH, Kim JH, Kim YJ, Yoo HJ, Kim HY, Seo JA, et al. Clinical and metabolic factors associated with development and regression of nonalcoholic fatty liver disease in nonobese subjects. Liver Int. 2014;34(4):604–11. https://​doi.​org/​10.​1111/​liv.​12454.CrossrefPubMed

	21.
Lee K. Metabolic syndrome predicts the incidence of hepatic steatosis in Koreans. Obes Res Clin Pract. 2010;4(3):e217–24. https://​doi.​org/​10.​1016/​j.​orcp.​2010.​02.​004.Crossref

	22.
Speliotes EK, Massaro JM, Hoffmann U, Vasan RS, Meigs JB, Sahani DV, et al. Fatty liver is associated with dyslipidemia and dysglycemia independent of visceral fat: the Framingham heart study. Hepatology. 2010;51(6):1979–87. https://​doi.​org/​10.​1002/​hep.​23593.CrossrefPubMed

	23.
Lonardo A, Loria P, Leonardi F, Borsatti A, Neri P, Pulvirenti M, et al. Fasting insulin and uric acid levels but not indices of iron metabolism are independent predictors of non-alcoholic fatty liver disease. A case-control study. Dig Liver Dis. 2002;34(3):204–11. https://​doi.​org/​10.​1016/​S1590-8658(02)80194-3.CrossrefPubMed

	24.
Ogawa Y, Imajo K, Yoneda M, Nakajima A. Pathophysiology of NAsh/NAFLD associated with high levels of serum triglycerides. Nihon Rinsho. 2013;71(9):1623–9.PubMed

	25.
Puri P, Baillie RA, Wiest MM, Mirshahi F, Choudhury J, Cheung O, et al. A lipidomic analysis of nonalcoholic fatty liver disease. Hepatology. 2007;46(4):1081–90. https://​doi.​org/​10.​1002/​hep.​21763.CrossrefPubMed

	26.
Puri P, Wiest MM, Cheung O, Mirshahi F, Sargeant C, Min HK, et al. The plasma lipidomic signature of nonalcoholic steatohepatitis. Hepatology. 2009;50(6):1827–38. https://​doi.​org/​10.​1002/​hep.​23229.CrossrefPubMed

	27.
Hoyles L, Fernández-Real J-M, Federici M, Serino M, Abbott J, Charpentier J, et al. Molecular phenomics and metagenomics of hepatic steatosis in non-diabetic obese women. Nat Med. 2018;24(7):1070–80. https://​doi.​org/​10.​1038/​s41591-018-0061-3.CrossrefPubMedPubMedCentral

	28.
Kalhan SC, Guo L, Edmison J, Dasarathy S, McCullough AJ, Hanson RW, et al. Plasma metabolomic profile in nonalcoholic fatty liver disease. Metab Clin Exp. 2011;60(3):404–13. https://​doi.​org/​10.​1016/​j.​metabol.​2010.​03.​006.CrossrefPubMed

	29.
Park SH, Kim BI, Yun JW, Kim JW, Park DI, Cho YK, et al. Insulin resistance and C-reactive protein as independent risk factors for non-alcoholic fatty liver disease in non-obese Asian men. J Gastroenterol Hepatol. 2004;19(6):694–8. https://​doi.​org/​10.​1111/​j.​1440-1746.​2004.​03362.​x.CrossrefPubMed

	30.
Männistö VT, Simonen M, Soininen P, Tiainen M, Kangas AJ, Kaminska D, et al. Lipoprotein subclass metabolism in nonalcoholic steatohepatitis. J Lipid Res. 2014;55(12):2676–84. https://​doi.​org/​10.​1194/​jlr.​P054387.CrossrefPubMedPubMedCentral

	31.
Wree A, Broderick L, Canbay A, Hoffman HM, Feldstein AE. From NAFLD to NASH to cirrhosis—new insights into disease mechanisms. Nat Rev Gastroenterol Hepatol. 2013;10(11):627–36. https://​doi.​org/​10.​1038/​nrgastro.​2013.​149.CrossrefPubMed

	32.
Hooper AJ, Adams LA, Burnett JR. Genetic determinants of hepatic steatosis in man. J Lipid Res. 2011;52(4):593–617. https://​doi.​org/​10.​1194/​jlr.​R008896.CrossrefPubMedPubMedCentral

	33.
Anstee QM, Day CP. The genetics of NAFLD. Nat Rev Gastroenterol Hepatol. 2013;10(11):645–55. https://​doi.​org/​10.​1038/​nrgastro.​2013.​182.CrossrefPubMed

	34.
Romeo S, Kozlitina J, Xing C, Pertsemlidis A, Cox D, Pennacchio LA, et al. Genetic variation in PNPLA3 confers susceptibility to nonalcoholic fatty liver disease. Nat Genet. 2008;40(12):1461–5. https://​doi.​org/​10.​1038/​ng.​257.CrossrefPubMedPubMedCentral

	35.
Speliotes EK, Yerges-Armstrong LM, Wu J, Hernaez R, Kim LJ, Palmer CD, et al. Genome-wide association analysis identifies variants associated with nonalcoholic fatty liver disease that have distinct effects on metabolic traits. PLoS Genet. 2011;7(3):e1001324. https://​doi.​org/​10.​1371/​journal.​pgen.​1001324.CrossrefPubMedPubMedCentral

	36.
Chambers JC, Zhang W, Sehmi J, Li X, Wass MN, Van der Harst P, et al. Genome-wide association study identifies loci influencing concentrations of liver enzymes in plasma. Nat Genet. 2011;43(11):1131–8. https://​doi.​org/​10.​1038/​ng.​970.CrossrefPubMedPubMedCentral

	37.
Flores YN, Velázquez-Cruz R, Ramírez P, Bañuelos M, Zhang Z-F, Yee HF, et al. Association between PNPLA3 (rs738409), LYPLAL1 (rs12137855), PPP1R3B (rs4240624), GCKR (rs780094), and elevated transaminase levels in overweight/obese Mexican adults. Mol Biol Rep. 2016;43(12):1359–69. https://​doi.​org/​10.​1007/​s11033-016-4058-z.CrossrefPubMedPubMedCentral

	38.
Larrieta-Carrasco E, Flores YN, Macias-Kauffer LR, Ramirez-Palacios P, Quiterio M, Ramirez-Salazar EG, et al. Genetic variants in COL13A1, ADIPOQ and SAMM50, in addition to the PNPLA3 gene, confer susceptibility to elevated transaminase levels in an admixed Mexican population. Experimental Molecular Pathology. 2018;104(1):50–8. https://​doi.​org/​10.​1016/​j.​yexmp.​2018.​01.​001.CrossrefPubMed

	39.
Wree A, Kahraman A, Gerken G, Canbay A. Obesity affects the liver–the link between adipocytes and hepatocytes. Digestion. 2011;83(1-2):124–33. https://​doi.​org/​10.​1159/​000318741.CrossrefPubMed

	40.
Yu J, Marsh S, Hu J, Feng W, Wu C. The pathogenesis of nonalcoholic fatty liver disease: interplay between diet, gut microbiota, and genetic background. Gastroenterol Res Pract. 2016;2016:1–13. https://​doi.​org/​10.​1155/​2016/​2862173.Crossref

	41.
Mato JM, Alonso C, Noureddin M, Lu SC. Biomarkers and subtypes of deranged lipid metabolism in non-alcoholic fatty liver disease. World J Gastroenterol. 2019;25(24):3009–20. https://​doi.​org/​10.​3748/​wjg.​v25.​i24.​3009.CrossrefPubMedPubMedCentral

	42.
Zhou Y, Orešič M, Leivonen M, Gopalacharyulu P, Hyysalo J, Arola J, et al. Noninvasive detection of nonalcoholic steatohepatitis using clinical markers and circulating levels of lipids and metabolites, Clinical Gastroenterology and Hepatology. 2016;14:1463–1472. e1466.

	43.
Gorden DL, Myers DS, Ivanova PT, Fahy E, Maurya MR, Gupta S, et al. Biomarkers of NAFLD progression: a lipidomics approach to an epidemic. J Lipid Res. 2015;56(3):722–36. https://​doi.​org/​10.​1194/​jlr.​P056002.CrossrefPubMedPubMedCentral

	44.
Barr J, Caballería J, Martínez-Arranz I, Domínguez-Díez A, Alonso C, Muntané J, et al. Obesity-dependent metabolic signatures associated with nonalcoholic fatty liver disease progression. J Proteome Res. 2012;11(4):2521–32. https://​doi.​org/​10.​1021/​pr201223p.CrossrefPubMedPubMedCentral

	45.
Gorden DL, Ivanova PT, Myers DS, McIntyre JO, VanSaun MN, Wright JK, et al. Increased diacylglycerols characterize hepatic lipid changes in progression of human nonalcoholic fatty liver disease; comparison to a murine model. PLoS One. 2011;6(8):e22775. https://​doi.​org/​10.​1371/​journal.​pone.​0022775.CrossrefPubMedPubMedCentral

	46.
Orešič M, Hyötyläinen T, Kotronen A, Gopalacharyulu P, Nygren H, Arola J, et al. Prediction of non-alcoholic fatty-liver disease and liver fat content by serum molecular lipids. Diabetologia. 2013;56(10):2266–74. https://​doi.​org/​10.​1007/​s00125-013-2981-2.CrossrefPubMedPubMedCentral

	47.
Papandreou C, Bullò M, Tinahones FJ, Martínez-González MÁ, Corella D, Fragkiadakis GA, et al. Serum metabolites in non-alcoholic fatty-liver disease development or reversion; a targeted metabolomic approach within the PREDIMED trial. Nutrition & Metabolism. 2017;14(1):58. https://​doi.​org/​10.​1186/​s12986-017-0213-3.Crossref

	48.
von Elm E, Altman DG, Egger M, Pocock SJ, Gotzsche PC, Vandenbroucke JP, et al. The strengthening the reporting of observational studies in epidemiology (STROBE) statement: guidelines for reporting observational studies. Int J Surg. 2014;12(12):1495–9. https://​doi.​org/​10.​1016/​j.​ijsu.​2014.​07.​013.Crossref

	49.
Denova-Gutiérrez E, Flores YN, Gallegos-Carrillo K, Ramírez-Palacios P, Rivera-Paredez B, Muñoz-Aguirre P, et al. Health workers cohort study: methods and study design. Salud Publica Mex. 2016;58(6):708–16. https://​doi.​org/​10.​21149/​spm.​v58i6.​8299.CrossrefPubMed

	50.
Denova-Gutiérrez E, Castañón S, Talavera JO, Flores M, Macías N, Rodríguez-Ramírez S, et al. Dietary patterns are associated with different indexes of adiposity and obesity in an urban Mexican population. J Nutr. 2011;141(5):921–7. https://​doi.​org/​10.​3945/​jn.​110.​132332.CrossrefPubMed

	51.
Denova-Gutiérrez E, Huitrón-Bravo G, Talavera JO, Castañón S, Gallegos-Carrillo K, Flores Y, et al. Dietary glycemic index, dietary glycemic load, blood lipids, and coronary heart disease. J Nutr Metabol. 2010;2010:1–8. https://​doi.​org/​10.​1155/​2010/​170680.Crossref

	52.
Rivera-Paredez B, Macias N, Martinez-Aguilar MM, Hidalgo-Bravo A, Flores M, Quezada-Sanchez AD, et al. Association between vitamin D deficiency and single nucleotide polymorphisms in the vitamin D receptor and GC genes and analysis of their distribution in Mexican postmenopausal women. Nutrients. 2018;10(9). https://​doi.​org/​10.​3390/​nu10091175.

	53.
Rivera-Paredez B, Macias-Kauffer L, Fernandez-Lopez JC, Villalobos-Comparan M, Martinez-Aguilar MM, de la Cruz-Montoya A, et al. Influence of genetic and non-genetic risk factors for serum uric acid levels and hyperuricemia in Mexicans. Nutrients. 2019;11(6). https://​doi.​org/​10.​3390/​nu11061336.

	54.
National Heart Lung and Blood Institute (NHLBI). Managing Overweight and Obesity in Adults. Systematic Evidence Review from the Obesity Expert Panel [http://​www.​nhlbi.​nih.​gov/​guidelines/​obesity/​ob_​gdlns.​htm]. Accessed 21 Aug 2021.

	55.
Association AD. Classification and diagnosis of diabetes: standards of medical Care in Diabetes-2018. Diabetes Care. 2018;41(Supplement 1):S13–27. https://​doi.​org/​10.​2337/​dc18-S002.Crossref

	56.
Alberti KG, Eckel RH, Grundy SM, Zimmet PZ, Cleeman JI, Donato KA, et al. Harmonizing the metabolic syndrome: a joint interim statement of the international diabetes federation task force on epidemiology and prevention; National Heart, Lung, and Blood Institute; American Heart Association; world heart federation; international atherosclerosis society; and International Association for the Study of obesity. Circulation. 2009;120(16):1640–5. https://​doi.​org/​10.​1161/​CIRCULATIONAHA.​109.​192644.CrossrefPubMed

	57.
Hsieh WY, Williams KJ, Su B, Bensinger SJ. Profiling of mouse macrophage lipidome using direct infusion shotgun mass spectrometry. STAR Protoc. 2021;2(1):100235. https://​doi.​org/​10.​1016/​j.​xpro.​2020.​100235.CrossrefPubMed

	58.
Ubhi BK. Direct infusion-tandem mass spectrometry (DI-MS/MS) analysis of complex lipids in human plasma and serum using the Lipidyzer platform. Methods Mol Biol. 1730;2018:227–36.

	59.
Metsalu T, Vilo J. ClustVis: a web tool for visualizing clustering of multivariate data using principal component analysis and heatmap. Nucleic Acids Res. 2015;43(W1):W566–70. https://​doi.​org/​10.​1093/​nar/​gkv468.CrossrefPubMedPubMedCentral

	60.
Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. J R Stat Soc Ser B Methodol. 1995;57:289–300.

	61.
Pedregosa FVG, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: machine learning in Python. J Mach Learn Res. 2011;12:2825–30.

	62.
Liebisch G, Vizcaino JA, Kofeler H, Trotzmuller M, Griffiths WJ, Schmitz G, et al. Shorthand notation for lipid structures derived from mass spectrometry. J Lipid Res. 2013;54(6):1523–30. https://​doi.​org/​10.​1194/​jlr.​M033506.CrossrefPubMedPubMedCentral

	63.
Fahy E, Subramaniam S, Murphy RC, Nishijima M, Raetz CR, Shimizu T, et al. Update of the LIPID MAPS comprehensive classification system for lipids. J Lipid Res. 2009;50(Suppl):S9–14. https://​doi.​org/​10.​1194/​jlr.​R800095-JLR200.CrossrefPubMedPubMedCentral

	64.
Encuesta Nacional de Salud y Nutrición. Informe de Resultadosde la Encuesta Nacional de Salud y Nutrición - 2018 [https://​ensanut.​insp.​mx/​encuestas/​ensanut2018/​informes.​php]. Accessed 21 Aug 2021.

	65.
Bernal-Reyes R, Castro-Narro G, Male-Velazquez R, Carmona-Sanchez R, Gonzalez-Huezo MS, Garcia-Juarez I, et al. The Mexican consensus on nonalcoholic fatty liver disease. Rev Gastroenterol Mex. 2019;84(1):69–99. https://​doi.​org/​10.​1016/​j.​rgmx.​2018.​11.​007.Crossref

	66.
Peng K-Y, Watt MJ, Rensen S, Greve JW, Huynh K, Jayawardana KS, et al. Mitochondrial dysfunction-related lipid changes occur in nonalcoholic fatty liver disease progression. J Lipid Res. 2018;59(10):1977–86. https://​doi.​org/​10.​1194/​jlr.​M085613.CrossrefPubMedPubMedCentral

	67.
Perakakis N, Polyzos SA, Yazdani A, Sala-Vila A, Kountouras J, Anastasilakis AD, et al. Non-invasive diagnosis of non-alcoholic steatohepatitis and fibrosis with the use of omics and supervised learning: a proof of concept study. Metab Clin Exp. 2019;101:154005. https://​doi.​org/​10.​1016/​j.​metabol.​2019.​154005.CrossrefPubMed

	68.
Tomizawa M, Kawanabe Y, Shinozaki F, Sato S, Motoyoshi Y, Sugiyama T, et al. Triglyceride is strongly associated with nonalcoholic fatty liver disease among markers of hyperlipidemia and diabetes. Biomedical Reports. 2014;2(5):633–6. https://​doi.​org/​10.​3892/​br.​2014.​309.CrossrefPubMedPubMedCentral

	69.
Luukkonen PK, Zhou Y, Sadevirta S, Leivonen M, Arola J, Oresic M, et al. Hepatic ceramides dissociate steatosis and insulin resistance in patients with non-alcoholic fatty liver disease. J Hepatol. 2016;64(5):1167–75. https://​doi.​org/​10.​1016/​j.​jhep.​2016.​01.​002.CrossrefPubMed

	70.
Forouhi NG, Koulman A, Sharp SJ, Imamura F, Kröger J, Schulze MB, et al. Differences in the prospective association between individual plasma phospholipid saturated fatty acids and incident type 2 diabetes: the EPIC-InterAct case-cohort study. Lancet Diabetes Endocrinol. 2014;2(10):810–8. https://​doi.​org/​10.​1016/​S2213-8587(14)70146-9.CrossrefPubMedPubMedCentral

	71.
Khaw K-T, Friesen MD, Riboli E, Luben R, Wareham N. Plasma phospholipid fatty acid concentration and incident coronary heart disease in men and women: the EPIC-Norfolk prospective study. PLoS Med. 2012;9(7):e1001255. https://​doi.​org/​10.​1371/​journal.​pmed.​1001255.CrossrefPubMedPubMedCentral

	72.
Svegliati-Baroni G, Pierantonelli I, Torquato P, Marinelli R, Ferreri C, Chatgilialoglu C, et al. Lipidomic biomarkers and mechanisms of lipotoxicity in non-alcoholic fatty liver disease. Free Radic Biol Med. 2019;144:293–309. https://​doi.​org/​10.​1016/​j.​freeradbiomed.​2019.​05.​029.CrossrefPubMed

	73.
Musso G, Cassader M, Paschetta E, Gambino R. Bioactive lipid species and metabolic pathways in progression and resolution of nonalcoholic steatohepatitis. Gastroenterology. 2018, 155:282–302. e288.

	74.
Li Z, Guan M, Lin Y, Cui X, Zhang Y, Zhao Z, et al. Aberrant lipid metabolism in hepatocellular carcinoma revealed by liver lipidomics. Int J Mol Sci. 2017;18(12):2550. https://​doi.​org/​10.​3390/​ijms18122550.CrossrefPubMedCentral

	75.
Barr J, Vázquez-Chantada M, Alonso C, Pérez-Cormenzana M, Mayo R, Galán A, et al. Liquid chromatography− mass spectrometry-based parallel metabolic profiling of human and mouse model serum reveals putative biomarkers associated with the progression of nonalcoholic fatty liver disease. J Proteome Res. 2010;9(9):4501–12. https://​doi.​org/​10.​1021/​pr1002593.CrossrefPubMedPubMedCentral

	76.
Kr Š, Soons Z, Gk E, Pierzchalski KA, Eijkel GB, Ellis SR, et al. Spatial systems lipidomics reveals nonalcoholic fatty liver disease heterogeneity. Anal Chem. 2018;90:5130–8.Crossref

	77.
Hall Z, Bond NJ, Ashmore T, Sanders F, Ament Z, Wang X, et al. Lipid zonation and phospholipid remodeling in nonalcoholic fatty liver disease. Hepatology. 2017;65(4):1165–80. https://​doi.​org/​10.​1002/​hep.​28953.CrossrefPubMed

	78.
Hall Z, Chu Y, Griffin JL. Liquid extraction surface analysis mass spectrometry method for identifying the presence and severity of nonalcoholic fatty liver disease. Anal Chem. 2017;89(9):5161–70. https://​doi.​org/​10.​1021/​acs.​analchem.​7b01097.CrossrefPubMed

	79.
Wattacheril J, Seeley EH, Angel P, Chen H, Bowen BP, Lanciault C, et al. Differential intrahepatic phospholipid zonation in simple steatosis and nonalcoholic steatohepatitis. PLoS One. 2013;8(2):e57165. https://​doi.​org/​10.​1371/​journal.​pone.​0057165.CrossrefPubMedPubMedCentral

	80.
Sanders FWB, Acharjee A, Walker C, Marney L, Roberts LD, Imamura F, et al. Hepatic steatosis risk is partly driven by increased de novo lipogenesis following carbohydrate consumption. Genome Biol. 2018;19(1):79. https://​doi.​org/​10.​1186/​s13059-018-1439-8.CrossrefPubMedPubMedCentral

	81.
Luukkonen PK, Sadevirta S, Zhou Y, Kayser B, Ali A, Ahonen L, et al. Saturated fat is more metabolically harmful for the human liver than unsaturated fat or simple sugars. Diabetes Care. 2018;41(8):1732–9. https://​doi.​org/​10.​2337/​dc18-0071.CrossrefPubMedPubMedCentral

	82.
Luukkonen PK, Nick A, Holtta-Vuori M, Thiele C, Isokuortti E, Lallukka-Bruck S, et al. Human PNPLA3-I148M variant increases hepatic retention of polyunsaturated fatty acids. JCI Insight. 2019;4(16). https://​doi.​org/​10.​1172/​jci.​insight.​127902.

	83.
Qadri S, Lallukka-Bruck S, Luukkonen PK, Zhou Y, Gastaldelli A, Orho-Melander M, et al. The PNPLA3-I148M variant increases polyunsaturated triglycerides in human adipose tissue. Liver Int. 2020;40(9):2128–38. https://​doi.​org/​10.​1111/​liv.​14507.CrossrefPubMed



Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/12944_2021_1526_Fig5_HTML.png
Sensitivity

1.00

0.75 -

0.50 -

0.25

0.00 -

I [ I [ I

0.00 0.25 0.50 0.75 1.00
1 - Specificity

ROC Curve (Area)

Age and Sex only [Model 1] (0.6475)

Age, Sex, BMI, PNPLA3 [Model 4] (0.7534)

Age, Sex, PNPLA3, Diabetes, MetS [Model 6] (0.7246)
Top 10 Lipids only (0.7919)

Top 10 + Model 1 (0.8126)

Top 10 + Model 4 (0.8302)

Top 10 + Model 6 (0.8183)






OEBPS/navigation.xhtml

    
      Contents


      
        		Serum lipids are associated with nonalcoholic fatty liver disease: a pilot case-control study in Mexico


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/12944_2021_1526_Fig2_HTML.png
nmoles/mL

*
d d [ Case
[ Control
60
2000
o
1500
.
40
L]
% %k ¥
L]
1000 ° °
° *
L] —
o
L]
e 20 '
L]
[ ] L]
500 . s e
* X % o
- L]
L]
o *
° ° —_—
] ‘ ' i ! i
== !
0 L; ** 0 *+ et e e
0 1 2 3 4 5 3 9 10 11 12

6 7
TAG Total Double Bond Number





OEBPS/images/12944_2021_1526_Fig3_HTML.png
-Log10(p)

LPC(17:0)
5 |
TAG(5525.)-FA(18:1)
4] CE£2():O)
L
L] P °
SM(26:0) S e
o PC(17:0/18:2)
3 ] .
. - e e o
° - O o
. e © .
L] L] L
- .
e o . ° ° . S
2. DAGUG0IED) o % . J ¢ ° .
L L
CER(24:0) .« . R . & 5 i Sehe ° .
PO ) ° . o
. FRA(ED) '. . e ; . . . °
e o L4 - Ul ° - /e g
1]° o ®e ° . ° ¥ oo ° °e o o o o ® .
o8 . o® iy “ Y ° % . . ® e . ® oo ° ° e PO
. %0° ® . 0% e o % . ] e ,°° .: e © . o P .‘.. e
. . 0® o : . °s ° o o *°% een0e o %o L ® e o o LS
. oo S . AATY XL e~ ,° - '9. oy a0 o 0% ....”' e
L) .0 ° ° 0 ® ° O.. %o © ° O. ®, 4 c. . - o.. L) '.0 ® e e °
[ o, e 0% % oo . ..'.. ° o O‘“ * = x4 ° LANC S P L .y % e°
3 ...‘.’.‘ :o’.. ® eey ... LY . '}.’. ...ﬁo. '."..-‘. < ® ::’. ... ." Ty
0. L2d > ,° % ®% .‘.’. & ° ... e o ®y LI .‘.0.".\ ‘e ..’ s“’.. .9§°o.
@ CE ® CER DAG ® FFA ©® HCER ©® LCER ® LPC ©® LPE ® PC © SM @ TAG

—— FDR P-Value <0.05
——— Raw P-Value <0.05






OEBPS/css/envelope.png





OEBPS/images/12944_2021_1526_Fig1_HTML.png
nmoles/mL

5000 4

40004

30004

2000 4

P=0.0167

800 4

600 4

4004

FFA
P=0.4065

LPE
P=0.6413

s

©

o

IS

9

3000

2500

2000

1500

CER DAG DCER
P=0.4763 P=0.6230 P=0.3897
° 80 [] 0.7
Y °
° .
°
0.6
60
05
40
0.4
20
03
HCER LCER LPC
P=0.2458 P=0.0710 P=0.0328
*
° ° 400 : o
° °
4 °
300
3
III‘IIII 2 IIIJIIII 200
L]
1 °
PC SM TAG
P=0.8480 P=0.0650 P=0.0198
*
800 ° °
5000
00 4000 L
IIIIIIIII ) IIII}IIII
3000
2000
400
1000

300

I Case I Control






OEBPS/images/12944_2021_1526_Fig4_HTML.png
LPC(17:0)
LPC(15:0)
LPC(18:1)

TAG54:6-FA22:6

CE(24:0)
CE(17:0)
CE(22:2)
PC(17:0/18:1)
CE(22:1)
TAG54:4-FA22:4
TAG48:0-FA16:0
PC(17:0/18:2)

TAG55:5-FA18:1

TAG55:2-FA18:2

TAG52:4-FA20:4

TAG50:2-FA18:2

CE(20:0)
CE(15:0)
TAG50:0-FA16:0
DAG(16:0/16:0) 1 |

T T T T
0.000 0.005 0.010 0.015 0.020
Relative Importance





OEBPS/css/sidebar.gif





