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lipid species in 3,821 plasma samples collected at two 
visits (~ 5.5 years apart) from 1,930 unique American 
Indians in the Strong Heart Family Study. We first 
identified baseline lipids associated with risks for all-
cause mortality and CVD mortality (mean follow-up 
period: 17.8  years) in American Indians, followed 
by replication of top hits in European Caucasians in 
the Malmö Diet and Cancer-Cardiovascular Cohort 
(n = 3,943, mean follow-up period: 23.7  years). The 
model adjusted age, sex, BMI, smoking, hyperten-
sion, diabetes, and LDL-c at baseline. We then exam-
ined the associations between changes in lipid species 
and risk of mortality. Multiple testing was controlled 
by false discovery rate (FDR). We found that base-
line levels and longitudinal changes of multiple lipid 
species, e.g., cholesterol esters, glycerophospholip-
ids, sphingomyelins, and triacylglycerols, were sig-
nificantly associated with risks of all-cause or CVD 
mortality. Many lipids identified in American Indians 
could be replicated in European Caucasians. Network 
analysis identified differential lipid networks asso-
ciated with risk of mortality. Our findings provide 
novel insight into the role of dyslipidemia in disease 
mortality and offer potential biomarkers for early pre-
diction and risk reduction in American Indians and 
other ethnic groups.

Keywords  All-cause mortality · CVD mortality · 
Longitudinal lipidomics · Metabolomics · American 
Indians · Strong Heart Study

Abstract  Dyslipidemia is an independent and 
modifiable risk factor for aging and age-related disor-
ders. Routine lipid panel cannot capture all individual 
lipid species in blood (i.e., blood lipidome). To date, 
a comprehensive assessment of the blood lipidome 
associated with mortality is lacking in large-scale 
community-dwelling individuals, especially in a lon-
gitudinal setting. Using liquid chromatograph-mass 
spectrometry, we repeatedly measured individual 
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Introduction

Dyslipidemia is defined as having a high level of 
plasma triglycerides, total cholesterol, or low-density 
lipoprotein cholesterol (LDL-c), and/or a low level of 
high-density lipoprotein cholesterol (HDL-c). Dyslip-
idemia is an independent and one of the most impor-
tant modifiable risk factors for atherosclerosis cardio-
vascular diseases (ACVD) [1, 2], which are the major 
contributors to mortality worldwide [3]. According to 
the 2015–2018 National Health and Nutrition Exami-
nation Survey (NHANES), adults aged 40–59  years 
have the highest prevalence of high total cholesterol 
(15.7%), followed by those aged ≥ 60 years (11.4%), 
and lowest among those aged 20–39  years (7.5%) 
[4]. In addition, the prevalence of dyslipidemia var-
ies greatly among different racial/ethnic groups [5, 
6]. Non-Hispanic whites had the highest prevalence 
of dyslipidemia (30.4%), followed by African Ameri-
cans (30%), Hispanic (29.3%) and Chinese Ameri-
cans (23.9%) [7]. Moreover, there is a trend over 
the recent decades towards an increase in the preva-
lence of dyslipidemia among all ethnic groups [6, 8], 
including American Indians [9], paralleled to changes 
in lifestyle. Compared to other ethnic groups, few 
studies have reported the prevalence and incidence of 
dyslipidemia among American Indians [9], a minority 
group suffering from high rates of obesity, diabetes, 
cardiovascular diseases (CVD) and other metabolic 
disorders (e.g., chronic kidney disease) [10, 11].

Epidemiological studies have shown that indi-
viduals with metabolic disorders suffer from a higher 
mortality rate than those without [12, 13]. Decipher-
ing the metabolic pathways underlying the association 
between dysregulated lipid metabolism and mortal-
ity may lead to novel biomarkers for risk prediction, 
stratification, and early intervention. However, rou-
tine lipid panel cannot capture all molecular lipids 
in blood (i.e., blood lipidome), and thus has limited 
ability to detect perturbed lipid metabolism associ-
ated with diseases and mortality. Lipidomics is an 
emerging high-throughput biochemical technique that 
can identify and quantify hundreds to thousands of 
molecular lipid species in a biospecimen. Using this 
technology, several studies have reported associations 
of altered blood lipid species, e.g., phosphatidylcho-
lines, ceramides, and phosphatidylethanolamines, 
with all-cause or disease-specific mortality in human 
populations [14–19]. However, existing studies were 

almost exclusively cross-sectional and were largely 
limited by smaller sample size and/or low coverage 
of the blood lipidome. To date, no large-scale epi-
demiological studies have examined the relationship 
between plasma lipidome and mortality in American 
Indians. The temporal relationship between change in 
blood lipid species and risk of all-cause or CVD mor-
tality is also lacking in any racial/ethnic group.

Leveraging the lipidomic data generated in 3,821 
fasting blood samples from 1,930 unique American 
Indians attending two clinical examinations (mean 
follow-up: 5.5  years) in the Strong Heart Family 
Study (SHFS), here we report findings from the first 
large-scale longitudinal lipidomic profiling of all-
cause and CVD mortality in American Indians, fol-
lowed by replication in European Caucasians in the 
Malmö Diet and Cancer-Cardiovascular Cohort 
(MDC-CC). Our primary goals are to (1) identify 
individual lipid species associated with risk of all-
cause and CVD mortality beyond traditional risk 
factors, and (2) examine the temporal relationship 
between longitudinal changes in plasma lipidome 
and risk of all-cause and CVD mortality in American 
Indians.

Materials and methods

Study populations

The Strong Heart Family Study (SHFS, 2001-ongo-
ing), a sub-cohort of the Strong Heart Study (SHS, 
1989-ongoing), is a family-based prospective study 
designed to identify genetic and lifestyle factors for 
CVD and its risk factors in American Indians [20–22]. 
Briefly, 2,786 tribal members (aged ≥ 14) in three 
geographic regions (Arizona, North/South Dakota, 
Oklahoma) were initially examined in 2001–2003 
and re-examined in 2006–2009 (mean 5.5 years apart) 
using the same protocols. Information for demogra-
phy, family history, medical records, and lifestyle was 
collected at each visit. A total of 1,930 individuals 
(mean age at baseline: 40.4) with complete informa-
tion for clinical and lipidomic data was included in 
the current analysis. More information for covariate 
assessments was described elsewhere [23]. All partici-
pants provided informed consents. The SHFS proto-
cols were approved by the Institutional Review Boards  
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of the participating institutions and the American 
Indian tribes.

The Malmö Diet and Cancer-Cardiovascular 
Cohort (MDC-CC), a sub-cohort of the Malmö Diet 
and Cancer Study [24], is a prospective population-
based cohort designed to study the epidemiology 
of carotid artery disease (CAD) and its risk factors 
in European Caucasians in Sweden [25]. A total of 
3,943 participants (mean age at baseline: 57.7) with 
complete information for clinical phenotypes and 
lipidomic data was included in the current analysis. 
All MDC-CC participants provided written informed 
consent, and the study protocols were approved by 
the Ethics Committee at Lund University.

Study follow‑up and ascertainment of mortality

In the SHFS, baseline information was collected in 
2001–2003 and all living participants were followed 
through December 31, 2020. Detailed methods for 
ascertainment of deaths and causes of deaths in the 
SHFS have been described previously [20, 21, 26]. 
Briefly, death of a participant was identified from 
the Indian Health Service hospital records and direct 
contact with the family members. The cause of death 
was determined by physicians on the SHS Mortality 
Review Committee using medical records, autopsy 
reports, and informant interview. Information on mor-
tality was retrieved from the mortality decision form 
used for cardiovascular disease surveillance in the 
SHS. The cause of death was determined indepen-
dently by two members of the SHS Mortality Com-
mittee after reviewing information including death 
certificates and medical records including pathol-
ogy reports and informant interviews, when needed. 
Death certificate codes were recorded according to 
the International Classification of Diseases Injuries, 
and Causes of Death, 9th Revision (ICD-9) [21]. 
CVD mortality was defined as death caused by myo-
cardial infarction, stroke, sudden death from coro-
nary heart disease (CHD), or congestive heart failure 
(ICD-9 codes 390–448). 

In the MDC-CC, all subjects were followed from 
the baseline examination until death, emigration from 
Sweden, or December 31 2020, whichever came first 
[27]. Causes of death and the vital status of partici-
pants were retrieved through record linkage of the 
personal identification number and the Swedish 
Cause of Death Register and the National Tax Board 

[27, 28]. CVD mortality was defined as death caused 
by CVD on the basis of ICD-9 codes 390–459 or 
ICD-10 codes I00-I99.

Assessments of clinical covariates

In the SHFS, demographic information (age and 
sex), lifestyle habits (smoking/drinking status, physi-
cal activity), medical history, family history of ill-
nesses, and use of prescription medications were 
collected using structured questionnaires [21, 22]. 
Smoking status was categorized as current ver-
sus non-current smokers (former and never smok-
ers combined). Drinking status was categorized as 
current versus non-current drinkers (former and 
never drinkers combined). Anthropometric meas-
ures including height, weight and waist circumfer-
ences were obtained through physical examinations 
at each visit. Body mass index (BMI) was calculated 
as body weight in kilograms divided by the square of 
height in meters. Blood samples were collected into 
10  ml EDTA tubes after an overnight fast. Fasting 
glucose and blood lipids, including total cholesterol, 
triglycerides, LDL-c and HDL-c were measured by 
standard laboratory methods [21]. Hypertension was 
defined as blood pressure levels ≥ 140/90  mmHg or 
use of antihypertension medications. Type 2 diabetes 
was defined as fasting plasma glucose ≥ 126  mg/dL 
or use of hypoglycemic medications. Estimated glo-
merular filtration rate (eGFR) was calculated using 
the chronic kidney disease (CKD) Epidemiology 
Collaboration (CKD-EPI) [29]. Physical activity was 
assessed by the mean number of steps per day calcu-
lated by averaging the total number of steps recorded 
each day during the 7-day period. Information on use 
of lipid-lowering drugs was also collected at each 
visit. Diet quality was assessed using the Alternative 
Healthy Eating Index (AHEI)-2010 [30].

In the MDC-CC, information on lifestyle and 
clinical factors, such as BMI, blood pressure, use of 
antihypertensive treatment, current smoking, clinical 
lipids, and blood glucose, were obtained using previ-
ously described methods [31].

Lipidomic data acquisition, pre‑processing and 
quality control

In the SHFS, relative abundance of fasting plasma 
lipid species at two time points (mean 5.5 years apart) 
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was quantified by untargeted liquid chromatography-
mass spectrometry (LC–MS) as described previously 
[23]. After pre-processing and quality control, we 
obtained 1,542 lipids (518 known, 1,024 unknown, 
see Table S1) in 3,977 EDTA plasma samples (1,983 
at baseline, 1,994 at follow-up). Outlier samples were 
detected by principal component analysis (PCA) and 
those beyond mean ± 5 standard deviation (SD) for 
any of the first three principal components were fur-
ther removed. After further excluding outlier samples 
or those with missing covariates, 1,930 participants 
(1,930 at baseline, 1,891 at follow-up) with complete 
clinical and lipidomic data were included in the cur-
rent analysis (Figure S1).

Lipidomic profiling in the MDC-CC was per-
formed using citrate fasting plasma samples collected 
at enrollment (i.e., baseline) by mass spectrometry 
as previously described [32, 33]. Spectra were ana-
lyzed with in-house developed lipid identification 
software based on LipidXplorer [34]. Data process-
ing, normalization and batch correction was per-
formed as described previously [25, 33]. Lipids that 
were present in at least 70% of the participants were 
included in the subsequent statistical analysis, result-
ing in a total of 184 lipids [25, 33]. Missing values of 
the remaining lipids were imputed using the NIPALS 
algorithm [35]. Of the 518 known lipids measured 
in the SHFS, 178 lipids were also measured in the 
MDC-CC, and these lipids were used in the replica-
tion analysis (Table S1). No outliers were detected in 
the MDC-CC samples. A total of 3,943 participants 
(58.8% females) with available lipidomic data were 
included in the current study to replicate findings 
from the SHFS. The mean age of MDC-CC partici-
pants was 57.7 years at baseline and 81.3 years at fol-
low-up (mean 23.7 years of follow-up).

Statistical analysis

Figure  S1 illustrates the procedures for participants’ 
selection and statistical analyses. All continuous vari-
ables including lipids were standardized to zero mean 
and unit variance. Multiple testing was controlled by 
false discovery rate (FDR) using the Storey’s q-value 
method [36, 37].

Prospective association analysis  To identify base-
line plasma lipid species predictive of risk for all-
cause or CVD mortality, we constructed frailty Cox 

proportional hazards models in the SHFS. In this 
model, baseline level of each individual lipid was the 
independent variable and time to death was the out-
come, adjusting for age, sex, BMI, smoking, hyper-
tension, diabetes, LDL-c, and eGFR at baseline. The 
frailty Cox model is an extension of the Cox pro-
portional hazard model [38]. The frailty term in the 
model accounts for unobserved heterogeneity and 
relatedness among family members in the SHFS. The 
putative lipids (raw P < 0.05) in the SHFS were vali-
dated in the MDC-CC using Cox proportional hazard 
model, adjusting for age, sex, BMI, smoking, hyper-
tension, diabetes and LDL-c at baseline. The associa-
tions between the lipid species and all-cause mortality 
analysis were analyzed using the same method with 
the CVD status at baseline additionally adjusted in 
both SHFS and MDC-CC. The assumptions for pro-
portional hazards model were checked using the Sch-
oenfeld residuals. Replication was defined as lipids 
with P < 0.05 and consistent directions of association 
in both cohorts. Results from two cohorts were then 
combined by random-effects meta-analysis.

Class‑level association analysis  To identify lipid 
classes associated with mortality in American Indi-
ans, we first conducted principal component analysis 
(PCA) to identify major lipid classes (e.g., the first 
principal component of lipids) in each lipid class, and 
then tested their associations with mortality by frailty 
Cox proportional hazards model, adjusting for age, 
sex, BMI, smoking, hypertension, diabetes, LDL-c 
and eGFR at baseline. The all-cause mortality analy-
sis additionally adjusted for CVD status at baseline.

Repeated measurement analysis  To examine 
whether longitudinal change in plasma lipidome was 
associated with risk of all-cause or CVD mortal-
ity, we constructed frailty Cox proportional hazards 
model in the SHFS. In the model, time to all-cause 
or CVD mortality was the outcome and change in 
the relative abundance of lipids (between baseline 
and end of follow-up) was the predictor, adjusting for 
age, sex and smoking at baseline and changes in con-
tinuous variables (i.e., BMI, fasting glucose, systolic 
blood pressure, LDL-c, eGFR) plus baseline lipid. 
The all-cause mortality analysis additionally adjusted 
for CVD status at baseline. This analysis was per-
formed in the SHFS only as MDC-CC only measured 
blood lipid species at baseline.
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Differential lipid network analysis  To identify 
lipid networks (i.e., sets of lipids that are highly cor-
related) associated with all-cause or CVD mortal-
ity, we constructed lipid modules (subnetworks) 
using the Weighted Correlation Network Analysis 
(WGCNA) [39]. Briefly, signed weighted lipid co-
regulation networks were constructed using all 1,542 
baseline lipids among American Indians who died of 
all-causes, CVD and those who remained to be alive 
by end of study follow-up, separately. Lipid species 
were hierarchically clustered, and those with a high 
topological overlap similarity were grouped into a 
same module. Differential modular analysis was per-
formed to dissect intra-module difference (i.e., differ-
ence of connectivity among lipids within a module) 
between individuals died of all causes or CVD and 
those who remained to be alive. To quantify the intra-
module difference, we calculated modular differential 
connectivity (MDC) [40], i.e., the difference in the 
total connectivity of all lipid pairs for a specific lipid 
module between individuals died due to all causes or 
CVD and those who were alive. Gain of connectivity 
(GOC) was defined if MDC > 0 and loss of connec-
tivity (LOC) if MDC < 0. Statistical significance of 
MDC was assessed by 1,000 permutation tests [41].

Sensitivity analysis  To examine whether physical 
activity (steps/day), use of lipid-lowering drugs (yes/
no) or diet quality (assessed by the Alternate Healthy 
Eating Index-2010 [30]) affect our results, we addi-
tionally adjusted for these variables in the above 
described models. To examine the impact of diabetes 
on our results, we re-ran the analyses by excluding 
diabetic individuals at baseline (n = 356 in the all-
cause mortality analysis, n = 283 in the CVD mor-
tality analysis). The sensitivity analyses focused on 
putative lipids (P < 0.05) detected in both SHFS and 
MDC-CC.

Results

In the SHFS, 295 out of 1,930 participants died dur-
ing follow-up (mean 17.8  years). Among these, 66 
participants died of CVD. In the MDC-CC, 1,845 
out of 3,943 participants died during follow-up 
(mean 23.7 years). A total of 566 (out of 1,845) died 
of CVD. The age-standardized all-cause and CVD 
mortality rates in the SHFS were 18.2% and 4.4%, 

respectively. The age-standardized all-cause and 
CVD mortality rates in the MDC-CC were 22.9% 
and 12.5%, respectively. Table  1 presents the base-
line characteristics of participants in the two popu-
lations. In both cohorts, deceased individuals were 
more likely to be males, and had higher baseline lev-
els of blood pressure, total cholesterol, triglycerides 
and fasting glucose compared to those who remained 
to be alive by end of the follow-up. Of note, current 
smoking, higher baseline levels of BMI and LDL-c, 
and lower baseline level of HDL-c were significantly 
associated with an increased risk of mortality in 
the MDC-CC, but not SHFS. The different findings 
between these two populations could be attributed to 
many factors, e.g., different ages of study participants, 
different lifestyles, different genetic makeups, differ-
ent sample sizes, and differences in many unknown 
or unmeasured factors between SHFS and MDC-CC.

Baseline plasma lipid species significantly pre‑
dicted risk of all‑cause mortality  In the SHFS 
(discovery cohort), 552 baseline lipids (192 known) 
were associated with all-cause mortality at P < 0.05 
(Fig.  1, Table  S2). Of these, higher baseline lev-
els of 120 lipids, including 9 acylcarnitines (ACs), 
3 cholesterol esters (CEs), 6 fatty acids (FAs), 45 
phosphatidylcholines (PCs), 17 phosphatidylethano-
lamines (PEs), 1 phosphatidylglycerol (PG), 9 phos-
phatidylinositols (PIs), 1 phosphatidylserine (PS), 3 
diacylglycerols (DAGs), 16 sphingomyelins (SMs), 
6 ceramides (CERs), 3 glucosylceramides (GlcCers), 
and 1 lactosylceramide (LacCer), were associated 
with an increased risk of all-cause mortality. In con-
trast, higher baseline levels of 72 lipids, including 
CE(18:0), LPE(20:6), 19 phosphatidylcholines, 1 
diacylglycerol, 30 triacylglycerols, 2 ceramides, and 
18 sphingomyelins, were associated with a reduced 
risk of all-cause mortality. After correction for mul-
tiple testing (q < 0.05), 183 known lipids (out of 192) 
remained to be statistically significant.

Of the 192 known lipid species identified in the 
SHFS (P < 0.05), 58 lipids were also measured in 
the MDC-CC. Of these, 15 baseline lipids, includ-
ing CE(16:1), CE(18:1), LPE(18:2), 9 phosphatidyl-
cholines (e.g., PC(32:0), PC(34:1), PC(38:2)) and 
3 phosphatidylinositols, were positively, whereas 
5 lipids, including PC(38:6) B and 4 sphingomy-
elins (i.e., SM(d38:1) B, SM(d38:2) A, SM(d40:1) 
B, SM(d40:2) B), were inversely associated with 
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all-cause mortality (q < 0.05) in the MDC-CC with 
same directions of associations (Figure S2, Table S2).

Transethnic meta-analysis identified 25 lipids sig-
nificantly associated with risk of all-cause mortality 
(P < 0.05) (Fig. 2). After correction for multiple testing 
(q < 0.05), a total of 11 lipids, including 2 cholesterol 
esters (i.e., CE(16:1), CE(18:1)), 5 phosphatidylcholines 

(i.e., LPC(20:1), PC(32:1), PC(34:1), PC(34:3) A, 
PC(36:1)), LPE(18:2) and 3 phosphatidylinositols (i.e., 
PI(18:0/18:1), PI(18:0/18:2), PI(18:0/20:3) A) were 
positively, whereas 4 lipids including PC(38:6) B and 
3 sphingomyelins (i.e., SM(d38:2) A, SM(d38:1) B, 
SM(d40:2) B) were inversely associated with risk of 
all-cause mortality.

All-cause mortality CVD mortality

HR (95% CI) per standard deviation increase in baseline fasting plasma lipids

Fig. 1   Associations between baseline plasma lipid species 
and risk of all-cause or CVD mortality in American Indians in 
the SHFS (P < 0.05). Hazard ratios (HRs) and 95% confidence 
intervals (CIs) were obtained by frailty Cox proportional haz-
ard model, adjusting for age, sex, BMI, smoking, hypertension, 
diabetes, LDL-c, and eGFR at baseline. The all-cause mortal-

ity analysis additionally adjusted for CVD status at baseline. 
Family relatedness was accounted for by including a random 
effect term (i.e., a frailty term) in the model. Only the top 
known lipids in each class are shown. Lipids highlighted in 
black indicate replication in the MDC-CC. The letter A or B in 
the name of lipids indicates isomers
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Baseline plasma lipid species significantly pre‑
dicted risk of CVD mortality  In the SHFS, 326 
baseline lipids (105 known) were associated with 
CVD mortality at P < 0.05 (Fig.  1, Table  S3). Of 
these, higher baseline levels of 103 lipids, including 3 
acylcarnitines (i.e., AC(18:0), AC(24:0), AC(26:0)), 
1 cholesterol ester (i.e., CE(22:5) B), 1 diacylglycerol 
(i.e., DAG(18:0/18:1)), 67 glycerophospholipids (e.g., 
42 phosphatidylcholines (PCs), 16 phosphatidyletha-
nolamines (PEs), 9 phosphatidylinositols (PIs)), and 
31 sphingolipids (e.g., 15 sphingomyelins (SMs), 10 

ceramides (CERs), 5 glucosylceramides (GlcCers), 
and 1 lactosylceramide (LacCer)), were associated 
with an increased risk of all-cause mortality. In con-
trast, two lipids including LPC(22:5) and LPG(17:0) 
were inversely associated with risk of CVD mortal-
ity. After correction for multiple testing (q < 0.05), 10 
lipids (i.e., AC(26:0), CER(d42:2) B, GlcCer(d40:1), 
LPC(24:0), PC(p-14:0/22:1)/PC(o-14:0/22:1), PC(p-
36:1)/PC(o-36:2) A, PE(16:0/20:5), PE(p-36:2)/
PE(o-36:3) B, SM(d34:0) A, SM(d34:1) A) remained 
to be significantly associated with CVD mortality.
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Fig. 2   Associations between baseline plasma lipid species 
and risk of all-cause or CVD mortality in the meta-analysis. 
Hazard ratios (HRs) and 95% confidence intervals (CIs) were 
obtained by random-effects meta-analysis. Only known lipids 

with P < 0.05 in the SHFS and those also measured in the 
MDC-CC are shown. Significant lipids (P < 0.05) are high-
lighted in black. The letter A, B, or C in the name of lipids 
indicates isomers
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Of the 105 known lipid species identified in the 
SHFS, 33 lipids were also measured in the MDC-
CC. Of these, 3 baseline lipids (i.e., LPE(18:2), 
PE(18:1/18:1), PE(38:4)) were positively associ-
ated with CVD mortality (P < 0.05) in the MDC-CC 
(Figure S3, Table S3). One lipid (i.e., PE(18:1/18:1)) 
remained to be significant at q < 0.05.

Transethnic meta-analysis found that higher 
baseline levels of 5 known lipids (i.e., LPE(18:2), 
PE(18:1/18:1), PE(38:4), PI(18:0/18:2), PI(18:0/18:1)) 
were associated with an increased risk of CVD mor-
tality (P < 0.05) (Fig.  2). Of these, one lipid (i.e., 
PE(18:1/18:1)) remained to be statistically significant 
at q < 0.05.

Figure  3 shows the associations of 57 baseline 
lipids with the risk of both all-cause and CVD mor-
tality (P < 0.05) in American Indians. Specifically, 
higher baseline levels of 2 acylcarnitines, 1 diacylg-
lycerol (i.e., DAG(18:0/18:1)), 18 sphingolipids (e.g., 
sphingomyelins, ceramides, glucosylceramides, lacto-
sylceramide) and 36 glycerophospholipids (e.g., phos-
phatidylcholines, phosphatidylethanolamines, phos-
phatidylinositols) were significantly associated with 
an increased risk of both all-cause and CVD mortality.

Lipid classes associated with all‑cause and CVD 
mortality  Class-level association analysis showed 
that, after correction for multiple testing (q < 0.05), 
higher baseline levels of saturated acylcarnitines, 
ceramides, phosphatidylcholines, ether-phosphatidyl-
cholines, sphingomyelins, and unsaturated phosphati-
dylinositols were associated with an increased risk 
of all-cause mortality. Higher baseline levels of satu-
rated acylcarnitines and unsaturated ceramides, glu-
cosylceramides and ether-phosphatidylcholines were 
associated with an increased risk of CVD mortality at 
q < 0.05. The associations of the saturated and unsat-
urated lipid classes with all-cause and CVD mortality 
are shown in Table S4.

Longitudinal changes in plasma lipid species 
significantly predicted risk of all‑cause mortal‑
ity  After adjusting for clinical factors and baseline 
lipids, longitudinal changes in 624 lipids (223 known) 
were significantly associated with risk of all-cause 
mortality at P < 0.05 (Fig.  4, Table  S5). Of these, 
changes in 7 acylcarnitines, 10 fatty acids, 50 glyc-
erophospholipids (e.g., 29 phosphatidylcholines, 14 
phosphatidylethanolamines, 7 phosphatidylinositols) 

and 16 sphingolipids (e.g., 11 sphingomyelins, 3 cera-
mides, 1 glucosylceramide, 1 lactosylceramide) were 
positively associated with risk of all-cause mortality. 
Changes in 2 cholesterol esters, 46 glycerophospho-
lipids (e.g., 42 phosphatidylcholines, 1 phosphatidy-
lethanolamine, 3 phosphatidylinositols), 36 sphin-
golipids (e.g., 31 sphingomyelins, 5 ceramides), 56 
glycerolipids (5 diacylglycerols, 51 triacylglycerols) 
were inversely associated with risk of all-cause mor-
tality. All the 223 known lipids remained to be sig-
nificant at q < 0.05.

Longitudinal change in plasma lipid species 
predicted risk of CVD mortality  Longitudi-
nal changes in 199 lipids (58 known) were associ-
ated with risk of CVD mortality at P < 0.05 (Fig. 4, 
Table  S5). Specifically, changes in 3 acylcarnitines, 
8 fatty acids, 1 lactosylceramide, 3 sphingomyelins, 
14 phosphatidylcholines, 1 phosphatidylethanolamine 
were positively, whereas changes in 2 cholesterol 
esters, 1 glucosylceramide, 11 phosphatidylcholines, 
4 phosphatidylethanolamines, 1 phosphatidylinositol 
and 9 sphingomyelins were inversely associated with 
risk of CVD mortality. After correction for multiple 
testing (q < 0.05), changes in two known lipids (i.e., 
CE(18:0) and SM(d42:1) B) remained to be sig-
nificantly associated with an increased risk of CVD 
mortality.

Of the 58 known lipids at P < 0.05, longitudinal 
changes in 42 known lipids were significantly asso-
ciated with both all-cause and CVD mortality at 
P < 0.05 (Fig. 5). Of these, changes in 2 acylcarniti-
nes, 6 fatty acids, 12 phosphatidylcholines, 1 phos-
phatidylethanolamine, 1 sphingomyelin, and 1 lac-
tosylceramide were positively, whereas changes in 9 
phosphatidylcholines, 9 sphingomyelins and 1 phos-
phatidylethanolamine were inversely associated with 
risk for both all-cause and CVD mortality.

Differential lipid networks associated with risk of 
all‑cause and CVD mortality  Network analysis 
in the SHFS identified 9, 11 and 12 lipid modules 
among participants who died of all causes, CVD and 
those who remained to be alive, respectively (Fig-
ure S4). One of the modules (i.e., module turquoise) 
exhibited significant difference in lipid connectiv-
ity when comparing American Indians who died 
of all-causes to those who remained to be alive by 
end of follow-up (Figure  S5). Lipids in this module 
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Fig. 3   Associations between baseline plasma lipid species 
and risk of both all-cause and CVD mortality in American 
Indians in the SHFS (P < 0.05). Hazard ratios (HRs) and 95% 
confidence intervals (CIs) were obtained by frailty Cox pro-
portional hazard model, adjusting for age, sex, BMI, smoking, 
hypertension, diabetes, LDL-c, and eGFR at baseline. The all-

cause mortality analysis additionally adjusted for CVD status 
at baseline. Family relatedness was accounted for by including 
a random effect term (i.e., a frailty term) in the model. Only 
known lipids with P < 0.05 are shown. Lipids with q < 0.05 are 
highlighted in black. The letter A or B in the name of lipids 
indicates isomers
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Fig. 4   Associations between longitudinal changes in plasma 
lipid species and risk of all-cause or CVD mortality in Ameri-
can Indians in the SHFS (P < 0.05). Hazard ratios (HRs) and 
95% confidence intervals (CIs) were obtained by frailty Cox 
proportional hazard model, adjusting for age, sex and smok-
ing at baseline as well as changes in continuous covariates 
(i.e., BMI, fasting glucose, systolic blood pressure, LDL-c, and 

eGFR). The all-cause mortality analysis additionally adjusted 
for CVD status at baseline. Family relatedness was accounted 
for by including a random effect term (i.e., a frailty term) in the 
model. Only top known lipids in each class are shown. Lipids 
with q < 0.05 are highlighted in black. The letter A, B or C in 
the name of lipids indicates isomers
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Fig. 5   Associations between longitudinal changes in plasma 
lipid species and risk of both all-cause and CVD mortality 
in American Indians in the SHFS (P < 0.05). Hazard ratios 
(HRs) and 95% confidence intervals (CIs) were obtained by 
frailty Cox proportional hazard model, adjusting for age, sex 
and smoking at baseline, and changes in continuous covariates 
(i.e., BMI, fasting glucose, systolic blood pressure, LDL-c, and 

eGFR). The all-cause mortality analysis additionally adjusted 
for CVD status at baseline. Family relatedness was accounted 
for by including a random effect term (i.e., a frailty term) in 
the model. Only known lipids with P < 0.05 are shown. Lipids 
with q < 0.05 are highlighted in black. The letter A, B, or C in 
the name of lipids indicates isomers
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included ceramides, cholesterol ester, phosphatidyl-
cholines, phosphatidylinositols, and sphingomyelins. 
Compared to those who remain to be alive, deceased 
individuals exhibited gain of connectivity (GOC) for 
lipids in the module turquoise (modular differential 
connectivity (MDC) = 202.2, P = 0.046). Hub lipids in 
this module included SM(d17:0/18:2) A, SM(d39:1) 
A, SM(d41:1) A and SM(d38:1) A. Regarding differ-
ential lipid networks for CVD mortality (Figure S6), 
we observed significant difference in lipid connectiv-
ity in another module (i.e., module green). Lipids in 
this module included cholesterol esters, fatty acids, 
glucosylceramides, phosphatidylcholines, and sphin-
gomyelins. Compared to individuals who remained 
to be alive, those died of CVD exhibited gain of 
connectivity (GOC) for lipids in the module green 
(modular differential connectivity (MDC) = 92.9, 
P = 0.026). Hub lipids in this module included PC(p-
14:0/26:2)/PC(o-14:1/26:2), GlcCer(d40:1), PC(p-
16:1/26:2)/PC(o-16:2/26:2) and PC(p-16:0/26:2)/
PC(o-16:1/26:2).

Sensitivity analysis  Additional adjustments for 
physical activity, use of lipid-lowering drugs, and 
diet quality (assessed by AHEI-2010) slightly attenu-
ated the associations between the identified lipids and 
risk of all-cause or CVD mortality, but most of the 
observed associations remained to be statistically sig-
nificant (Table S6). In addition, majority of the iden-
tified lipids remained to be significant after excluding 
diabetic participants (Table S6).

Discussion

In this large-scale longitudinal lipidomic analysis that 
included over 5,800 community-dwelling individuals 
in two prospective cohorts, we had several key find-
ings. First, altered baseline levels of multiple lipid 
species were significantly associated with risk of all-
cause and/or CVD mortality beyond known risk fac-
tors. Specifically, our prospective association analy-
sis demonstrated that elevated baseline levels of 120 
individual lipid species, including 9 acylcarnitines, 
3 cholesterol esters, 3 diacylglycerols, 6 fatty acids, 
73 glycerophospholipids, and 26 sphingolipids, and 
reduced baseline levels of 72 lipid species, includ-
ing CE(18:0), 20 glycerophospholipids, 31 glyc-
erolipids, and 20 sphingolipids, were significantly 

associated with an increased risk of all-cause mor-
tality in American Indians, independent of known 
clinical factors. Of these, the associations of 20 
lipids, including 2 unsaturated cholesterol esters (i.e., 
CE(16:1), CE(18:1)), 2 unsaturated lyso-glycerophos-
pholipids (i.e., LPC(20:1), LPE(18:2)), 7 very long-
chain phosphatidylcholines (e.g., PC(32:0), PC(34:1), 
PC(38:2)), 2 very long-chain ether-phosphatidylcho-
lines (i.e., PC(o-32:0), PC(p-34:0)/PC(o-34:1)), 3 
very long-chain unsaturated phosphatidylinositols 
(i.e., PI(18:0/18:1), PI(18:0/18:2), PI(18:0/20:3) A), 
and 4 very long-chain unsaturated sphingomyelins 
(i.e., SM(d38:1) B, SM(d38:2) A, SM(d40:1) B, 
SM(d40:2) B), were confirmed in European Cauca-
sians in the MDC-CC (with same direction of asso-
ciation). Moreover, higher baseline levels of 103 
lipid species, including 3 acylcarnitines, 1 cholesterol 
ester, 1 diacylglycerol, 67 glycerophospholipids (e.g., 
PCs, PEs, PIs), 31 sphingolipids (e.g., SMs, CERs, 
GlcCers) and lower baseline levels of 2 lyso-glycer-
ophospholipids (i.e., LPC(22:5), LPG(17:0)), were 
significantly associated with an increased risk of CVD 
mortality in American Indians. Of these, 3 lipids (i.e., 
LPE(18:2), PE(18:1/18:1), PE(38:4)) were replicated 
in European Caucasians in the MDC-CC. Second, our 
repeated measurement analysis identified, for the first 
time, that longitudinal changes in fasting plasma lipi-
dome significantly predicted the risk of all-cause and 
CVD mortality, independent of clinical factors and 
baseline lipids. In particular, changes in acylcarniti-
nes, fatty acids, phosphatidylcholines, phosphatidyle-
thanolamines, and sphingomyelins were significantly 
associated with both all-cause and CVD mortality in 
American Indians. Third, our network analysis iden-
tified differential lipid clusters (i.e., modules) asso-
ciated with risk of all-cause and CVD mortality in 
American Indians. Together, these findings revealed 
the distinct lipidomic signatures associated with all-
cause mortality or CVD mortality. The newly iden-
tified molecular lipid species may serve as potential 
novel biomarkers for risk stratification and early iden-
tification of at-risk individuals.

We observed significant associations between 
baseline glycerophospholipids (e.g., PCs, PEs, PIs, 
PC(P)/PC(O), PE(P)/PE(O)) and risks of all-cause 
and CVD mortality in both American Indians and 
European Caucasians. Longitudinal changes in glyc-
erophospholipids (e.g., PCs, PEs) including ether-
glycerophospholipids (e.g., PC(P)/PC(O), PE(P)/
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PE(O)) were also associated with risks of all-cause 
and CVD mortality in American Indians. These 
results corroborated previous studies demonstrat-
ing that some species of glycerophospholipids, 
e.g., PC(32:0), PC(34:1), PC(38:6), LPC(16:1), 
LPC(20:4), PC(O-34:1), PC(O-34:3), were associ-
ated with all-cause and CVD mortality in Caucasians 
and Asians [14, 16, 42–44]. Moreover, altered glyc-
erophospholipids (e.g., PCs, PEs, PIs, PC(P)/PC(O), 
PE(P)/PE(O)) have been previously associated with 
diabetes [45], chronic kidney disease [46], CVD [47], 
biological aging and depression in various popula-
tions including American Indians [23, 48–50].

Glycerophospholipids (e.g., PCs, PEs, PIs, PC(P)/
PC(O), PE(P)/PE(O)) are key components of cell 
membrane and involved in many cellular processes 
including cell signaling and metabolism [51]. PCs 
can be hydrolyzed to lysophosphatidylcholines via 
lipoprotein-associated phospholipase A2 (Lp-PLA2) 
[52], which mediates vascular inflammation and other 
biological processes [53]. An increased blood level 
of Lp-PLA2 has been associated with atheroscle-
rotic plaque rupture and subsequent cardiovascular 
events [53]. PEs are essential for membrane integrity, 
cell division, and mitochondrial respiratory function 
[54]. Altered PEs may affect the stability and func-
tions of membrane proteins [54]. PIs are involved in 
the hormone signal transduction, neurotransmitters 
and growth factors [55]. They can be phosphorylated 
to polyphosphoinositides (PPIs), which regulate vital 
cell signaling reactions and membrane homeostasis 
[56]. Ether-glycerophospholipids facilitate membrane 
signaling and lipids oxidation [57]. Abnormal altera-
tions in any of these glycerophospholipids may affect 
membrane integrity and signaling, thereby contribut-
ing to diseases and mortality.

In addition to glycerophospholipids, altered base-
line levels of multiple long-chain sphingolipids (e.g., 
SMs and CERs) and their longitudinal changes over 
time were also significantly associated with risks of 
all-cause and CVD mortality in American Indians. 
Of these, the inverse associations between base-
line levels of four sphingomyelins (i.e., SM(d38:1) 
B, SM(d38:2) A, SM(d40:1) B, SM(d40:2) B) and 
risk of all-cause mortality were confirmed in Euro-
pean Caucasians. The observed associations of 
plasma ceramides in our study (e.g., CER(d34:1), 
CER(d36:1), CER(d42:2)) are in agreement with pre-
vious studies among Caucasians and Asians [14, 16, 

44]. Moreover, some of the identified sphingolipids 
(e.g., SM(d40:2), SM(d36:3), SM(d42:2), SM(d42:3), 
CER(d34:0), CER(d40:0)) in the present study were 
also associated with risks of diabetes and depression 
in our previous studies of the same group of Ameri-
can Indians [23, 50]. Together, these results support 
previous studies demonstrating that sphingomyelins 
and ceramides were associated with coronary artery 
disease (CAD), myocardial infarction (MI) and CVD 
[44, 58, 59]. Sphingomyelins play crucial roles in reg-
ulating cell dysfunction, apoptosis and autophagy, all 
of which have been implicated in age-related diseases 
[60, 61]. Ceramides are involved in diverse biologi-
cal processes including apoptosis, oxidative stress, 
inflammation and endoplasmic reticulum stress [62]. 
Altered metabolism in these sphingolipids may con-
tribute to mortality through disturbing one or more of 
these biological pathways.

In line with previous studies showing that ele-
vated levels of some long-chain unsaturated triacyl-
glycerols (e.g., TAG(56:9), TAG(58:10), TAG(50:4), 
TAG(56:6)) were associated with reduced risks of 
diabetes, CVD and mortality [45, 63, 64], we found 
that higher baseline levels of some long-chain unsatu-
rated triacylglycerols (e.g., TAG(56:9), TAG(52:6), 
TAG(50:5)) and their longitudinal changes were 
associated with a lower risk of all-cause mortality in 
American Indians. In addition, altered baseline levels 
of long-chain acylcarnitines and their longitudinal 
changes were associated with risks of both all-cause 
and CVD mortality in American Indians. Acylcarni-
tines are formed by the combination of free carniti-
nes and acyl-coenzyme A produced by fatty acids 
[65]. Long-chain acylcarnitines have been shown to 
function as transporters in oxidative catabolism and 
modulators of multiple biological processes, such 
as energy metabolism, cellular stress, cardiac func-
tion, mitochondrial β-oxidation, insulin signaling, 
and inflammation [65]. Perturbed metabolism of 
acylcarnitines has been associated with a variety of 
metabolic disorders, such as CVD [66], diabetes [67], 
depression [68], neurological disorders[69] and can-
cers [70]. The observed associations between long-
chain fatty acids and risks of all-cause and CVD mor-
tality could be attributed to their roles in regulating 
membrane structure and function, intracellular signal-
ing, immune response, and inflammation [71].

Our class-level association analysis showed that 
higher baseline levels of saturated lipids, such as 
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acylcarnitines, ceramides, sphingomyelins, phosphati-
dylcholines, ether-phosphatidylcholines, and unsatu-
rated lipids such as phosphatidylinositols, ether-phos-
phatidylcholines, ceramides and glucosylceramides 
were significantly associated with increased risks of 
all-cause or CVD mortality. These findings appear to 
corroborate previous research demonstrating that sat-
urated or unsaturated fatty acids may exert lipotoxic-
ity through mitochondrial β-oxidation or peroxidation 
[72–74].

Several limitations of our study should be noted. 
First, despite the large number of lipids detected in 
our study, many lipids are unknown and we were 
unable to distinguish isomeric lipids either. Addi-
tional experiments are needed to characterize these 
unknowns if considered of interest. Moreover, due 
to the use of different mass spectrometry platforms 
(and thus different lipid classes/species, and differ-
ent resolution/coverage), only a small number of 
lipids detected in the SHFS were also available in the 
MDC-CC. As such, many putative lipids identified 
in American Indians were unable to be replicated in 
European Caucasians. In this regard, lipids detected 
in both populations should assure us of the robustness 
of the findings. Those identified in one but not the 
other could be attributed to the differences between 
the two populations (e.g., demographics, genetics, 
lifestyle, environmental exposures, etc.). Second, our 
findings were derived from American Indians with 
high prevalence of obesity and type 2 diabetes. How-
ever, all our analyses adjusted for BMI and diabetes, 
and excluding diabetic participants did not affect our 
results. Moreover, given the rising tides of obesity 
and diabetes in almost all racial/ethnic groups, our 
findings should be able to generalize to other popu-
lations. Third, although our statistical models con-
trolled many known risk factors, we cannot exclude 
the possibility of residual confounding by unknown 
or unmeasured factors. Fourth, despite of the large 
sample size included in our study, we still do not have 
adequate power to examine the association between 
plasma lipidome and cause-specific mortality (e.g., 
cancer mortality). Finally, as all other observational 
studies, we cannot establish the causal relationship 
between the observed associations between perturbed 
lipid metabolism and risk of mortality.

However, our study has several strengths. First, 
the current analysis included nearly 6,000 partici-
pants in two community-based prospective cohorts 

comprising individuals with diverse backgrounds in 
demographic (e.g., age, gender, socioeconomic sta-
tus), genetic, lifestyle (e.g., diet, physical activity) and 
environmental exposures. Despite these differences, 
many identified lipids could be replicated in both 
cohorts, signifying the robustness of our findings. 
Second, the longitudinal profiling of plasma lipidome 
in a large community-based prospective cohort repre-
sents the major strength of this study. To our knowl-
edge, this represents the first of its kind in the fields 
of lipidomic studies and mortality in any racial/eth-
nic group. Third, our statistical models adjusted for a 
comprehensive list of covariates, including metabolic 
disorders (e.g., obesity, hypertension, diabetes and 
CVD). Moreover, we performed sensitivity analyses 
to examine the potential effects of physical activity, 
use of lipid-lowering medications, and diet quality on 
our results. Thus, lipids identified in our study should 
be independent of these risk factors. Finally, the high-
resolution lipidomic platform allowed us to identify 
a large number of lipid species that may have been 
missed out in previous research and offers unprece-
dented opportunities for future investigations.

In summary, altered baseline levels of multiple 
molecular lipid species and their longitudinal changes 
over time are significantly associated with risks of all-
cause and CVD mortality in American Indians. The 
newly identified lipid species provide novel insight 
into the role of dyslipidemia in disease mortality and 
offer potential biomarkers for risk stratification, early 
prevention, and risk reduction in American Indians 
and other ethnic groups.
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