UC Davis
UC Davis Previously Published Works

Title

Lipidomic profiling in the Strong Heart Study identified American Indians at risk of chronic

kidney disease.

Permalink

|https://escholarship.orgc/item/&gx1 254g

Journal

Kidney International, 102(5)

Authors

Zeng, Wenjie
Beyene, Habtamu
Kuokkanen, Mikko

Publication Date
2022-11-01

DOI
10.1016/j.kint.2022.06.023

Peer reviewed

eScholarship.org Powered by the California Digital Library

University of California


https://escholarship.org/uc/item/8qx1254x
https://escholarship.org/uc/item/8qx1254x#author
https://escholarship.org
http://www.cdlib.org/

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Kidney Int. Author manuscript; available in PMC 2023 December 28.

-, HHS Public Access
«

Published in final edited form as:
Kidney Int. 2022 November ; 102(5): 1154-1166. doi:10.1016/j.kint.2022.06.023.

Lipidomic profiling in the Strong Heart Study identified American
Indians at risk of chronic kidney disease
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Abstract

Dyslipidemia associates with and usually precedes the onset of chronic kidney disease (CKD), but
a comprehensive assessment of molecular lipid species associated with risk of CKD is lacking.
Here, we sought to identify fasting plasma lipids associated with risk of CKD among American
Indians in the Strong Heart Family Study, a large-scale community-dwelling of individuals,
followed by replication in Mexican Americans from the San Antonio Family Heart Study

and Caucasians from the Australian Diabetes, Obesity and Lifestyle Study. We also performed
repeated measurement analysis to examine the temporal relationship between the change in the
lipidome and change in kidney function between baseline and follow-up of about five years apart.

Correspondence: Jinying Zhao, Department of Epidemiology, College of Public Health and Health Professions and College of
Medicine, University of Florida, 2004 Mowry Rd, Gainesville, Florida 32610, USA. jzhao66@ufl.edu.

DISCLOSURE
All the authors declared no competing interests.

SUPPLEMENTARY MATERIAL
Supplementary File (Excel)



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Zeng et al.

Page 2

Network analysis was conducted to identify differential lipid classes associated with risk of CKD.
In the discovery cohort, we found that higher baseline level of multiple lipid species, including
glycerophospholipids, glycerolipids and sphingolipids, was significantly associated with increased
risk of CKD, independent of age, sex, body mass index, diabetes and hypertension. Many lipid
species were replicated in at least one external cohort at the individual lipid species and/or the
class level. Longitudinal change in the plasma lipidome was significantly associated with change
in the estimated glomerular filtration rate after adjusting for covariates, baseline lipids and the
baseline rate. Network analysis identified distinct lipidomic signatures differentiating high from
low-risk groups. Thus, our results demonstrated that disturbed lipid metabolism precedes the
onset of CKD. These findings shed light on the mechanisms linking dyslipidemia to CKD and
provide potential novel biomarkers for identifying individuals with early impaired kidney function
at preclinical stages.

Keywords

American Indians; AusDiab; chronic kidney disease; lipidomics; Mexican Americans; San
Antonio Family Heart Study; Strong Heart Study

American Indians experience a disproportionately high burden of chronic kidney disease
(CKD).! The prevalence of kidney failure in American Indians is >2 times higher than
that in non-Hispanic Whites.2 Epidemiologic studies have identified many risk factors

for CKD, including hypertension,3 type 2 diabetes,® obesity,*>, family history of CKD,%
and ethnicity.” Dyslipidemia is a common risk factor for all these conditions. Patients
with CKD often exhibit elevated triglycerides and total cholesterol, reduced high-density
lipoprotein, and altered lipoprotein compositions compared with individuals with normal
kidney function.8 Dyslipidemia may occur many years before the recognition of overt
CKD, suggesting that blood lipids may serve as prognostic and diagnostic markers.
However, standard lipoproteins do not reflect the diversity and complexity of human plasma
lipidome. There is an unmet need to identify novel biomarkers for early detection and risk
stratification among community-dwelling individuals with high risk for CKD.

Lipidomics by mass spectrometry can simultaneously identify and quantify hundreds to
thousands of individual molecular lipid species in biological samples. Altered lipid species,
such as free fatty acids, triacylglycerols (TAGS), diacylglycerols (DAGS), ceramides (CERS),
phosphatidylcholines (PCs), phosphatidylethanolamines (PEs), and sphingomyelins (SMs),
have previously associated with CKD or related traits in different populations.19-18 Lipid
dysregulation has also been associated with risk factors for CKD, such as obesity,19-21
diabetes, 2226 hypertension,2’-28 and cardiovascular disease (CVD).2%-31 However, previous
studies were largely cross-sectional, were limited by small sample size, or had a relatively
low coverage of plasma lipidome. No large-scale epidemiologic study has examined the
relationship between a full spectrum of blood lipidome and risk of CKD in any racial/
ethnic group, especially in a longitudinal setting among community-dwelling individuals.
The goal of this study is to identify lipidomic markers predictive of risk for CKD in 3

large community-based prospective cohorts (American Indians, Mexican Americans, and
European white populations).

Kidney Int. Author manuscript; available in PMC 2023 December 28.
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METHODS

Study participants

The discovery cohort included American Indians in the Strong Heart Family Study (SHFS),
a family-based prospective study designed to identify genetic and metabolic factors for
CVD and risk factors in American Indians, as previously described.32-34 Briefly, 2780 tribal
members (aged =14 years) in 3 geographic regions (Arizona, North/South Dakota, and
Oklahoma) were initially examined in 2001 to 2003 and reexamined in 2006 to 2009 (mean,
5.5 years apart) using the same protocols. Information for demography, family history,
medical records, and lifestyle was collected at each visit. A total of 1970 individuals (aged
18-75 years; mean age, 40 years) with complete information for clinical and lipidomic

data were included in this analysis. More information for covariate assessments was
described elsewhere.24 All participants provided informed consents. The SHFS protocols
were approved by the Institutional Review Boards of each participating institution and
tribes.

Independent external replication was conducted in the Australian Diabetes, Obesity, and
Lifestyle (AusDiab) Study and the San Antonio Family Heart Study (SAFHS). Briefly,
AusDiab Study is a population-based longitudinal study established to examine the
prevalence of diabetes and related risk factors in Australia.3® A subset of 5541 individuals
(aged 38-62 years; mean age, 50 years) who were free of CKD at baseline and had complete
clinical and lipidomic data were used in this analysis. Of these, 228 individuals developed
incident CKD over a period of 5-year follow-up. SAFHS is a family-based prospective study
comprising 1431 individuals in 42 extended families at baseline and investigates the genetics
and risk factors of CVD in Mexican Americans.36-38 A subset of 632 individuals (aged
18-84 years; mean age, 42 years) who were free of CKD at baseline and had complete
information for clinical phenotypes and lipidomic data were included in the analysis. Of
these, 38 individuals developed incident CKD over 5-year follow-up.

Clinical measures and ascertainment of CKD

In all 3 cohorts, we calculated the estimated glomerular filtration rate (eGFR) using the
CKD Epidemiology Collaboration formula.3® CKD was defined as eGFR <60 ml/min per
1.73 m2 or a history of dialysis or kidney transplant, as previously described.40:41 This
corresponds to stage 3 or higher CKD, according to the Kidney Disease Outcome Quality
Initiative.42 Incident CKD was identified if participants were free of CKD at baseline but
develpoed CKD by end of follow-up.4041 Clinical covariates, including age, sex, body

mass index, diabetes, hypertension, and standard lipid panels, were measured using standard
protocols and are available in all 3 cohorts.

Lipidomic profiling
In the discovery cohort (SHFS), fasting plasma lipids at 2 time points (x5 years apart)
were quantified by untargeted liquid chromatography—mass spectrometry, as described
previously.24 After preprocessing and quality control, we obtained 1542 lipids (518 known;
Supplementary Table S1) in 3916 plasma samples from 1958 unique individuals at 2 time
points. After further excluding individuals with prevalent CKD and/or CVD and those with

Kidney Int. Author manuscript; available in PMC 2023 December 28.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Zeng et al.

Page 4

missing covariates, 1910 participants with complete clinical and lipidomic data at both time
points were included in the analysis.

Lipidomic profiling in the replication cohorts (AusDiab Study and SAFHS) was
performed using fasting plasma samples collected at enrollment (i.e., baseline) by

liquid chromatography—electrospray ionization—tandem mass spectrometry, as previously
described.20:21,26,28,30.31,43-45 A total of 311 lipids in AusDiab Study and 288 lipids in
SAFHS were also available in the SHFS and used in this analysis.

Statistical analysis

Before statistical analysis, all continuous variables, including lipids, were standardized to 0
mean and unit SD. Multiple testing was controlled using the Storey g-value method.4®

Prospective association analysis.—To identify baseline plasma lipids predictive of
risk for CKD, we performed mixed-effect logistic regression (SHFS and SAFHS) or logistic
regression (AusDiab Study), in which baseline lipid was the predictor and incident CKD
status was the outcome, adjusting for age, sex, body mass index, diabetes, and hypertension
at baseline. The analysis in SAFHS additionally adjusted for individual-specific estimates
of relative Amerindian and African admixture (as estimated from genome-wide genetic
markers). Family relatedness in the SHFS was accounted for by including a random effect
(i.e., family) in the model. Mixed-effect probit logistic regression was used to account for
family relatedness in the SAFHS by including underlying genetic variation as a random
effect in the model via a variance component that was structured by the genetic relatedness
matrix. Probit regression coefficients were converted to the logit equivalents by multiplying
by 1.6, as suggested by Amemiya.*’ Meta-analysis was performed by inverse-variance
weighted random-effect models to combine results across cohorts. We used a stringent cutoff
(i.e., 0 < 0.05) in the discovery cohort (SHFS). Lipids significantly associated with risk of
CKD in the SHFS were then validated in the SAFHS and AusDiab Study, in which < 0.05
was considered statistically significant.

Repeated measurement analysis.—To examine the temporal relationship between
change in lipidome and change in kidney function, we conducted mixed-effect linear
regression. In the model, level difference in eGFR (baseline to follow-up) was the dependent
variable and difference in lipid was the independent variable, adjusting for clinical factors
(age, sex, study center, changes in body mass index, systolic blood pressure, fasting glucose,
total cholesterol, triglyceride, and urine albumin—creatinine ratio [UACR] at baseline) and
baseline lipid and eGFR. Family relatedness was accounted for by including family as a
random effect in the model. Proportion of variance in eGFR change explained by change in
lipid was also calculated. Multiple testing was controlled by the Storey g-value method,46
and g < 0.05 was considered statistically significant. The repeated measurement analysis was
done in SHFS only as AusDiab Study and SAFHS only measured lipids at baseline.

Lipid network analysis.—Given the high correlations between lipids, we performed

network analysis to identify lipid classes associated with risk of CKD. Using the R package
WGCNA,*8 we built an unsigned weighted lipid coregulation network using all 1542

Kidney Int. Author manuscript; available in PMC 2023 December 28.
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baseline lipids in the SHFS. Lipid features were hierarchically clustered, and those with

a high topological overlap similarity were grouped into a same module. For each identified
module, we examined its association with risk of CKD and clinical covariates. For modules
significantly associated with risk of CKD, we defined hub lipids between cases (those who
developed incident CKD during follow-up) and noncases (those who did not). Differential
correlation was calculated using the program DGCA*? by comparing the correlation patterns
between cases and noncases. Gain of correlation was defined if the correlation among cases
was more positive than that among noncases, and loss of correlation was defined if the
correlation among cases was more negative than that among noncases.

Sensitivity analysis.—This was done by further adjusting for standard lipids (e.qg., total
cholesterol and triglyceride), UACR, and lipid-lowering medications in the above-described
models.

Over an average of 5-year follow-up, a total of 324 incident CKD cases (58 in SHFS,
38 in SAFHS, and 228 in AusDiab Study) were identified. Table 1 presents the clinical
characteristics of study participants in the 3 cohorts at enrollment.

Baseline plasma lipids associated with risk for CKD

After adjusting for covariates and correction for multiple testing (g < 0.05), 29 baseline
lipids (of 518 known lipids; see Supplementary Table S1) were significantly associated with
incident CKD in the SHFS (discovery cohort; Table 2). Specifically, higher baseline levels of
17 glycerophospholipids (e.g., PEs, PCs, and phosphatidylinositols [Pls]), 9 glycerolipids
(e.g., TAGs and DAG), and 2 sphingolipids (e.g., SMs and CERs) were significantly
associated with increased risk of CKD. One sphingomyelin (SM[d40:2]) was inversely
associated with risk of CKD.

Of the 29 lipids identified in SHFS (q < 0.05), 24 and 25 lipids were also available in
SAFHS and AusDiab Study, respectively. Of the 24 overlapping lipids in SAHFS, 7 lipids,
including 6 Pes and 1 SM (SM[d32:1]), were significantly associated with risk of CKD (P<
0.05) with same direction. Of the 25 overlapping lipids in AusDiab Study, 6 lipids, including
3 PEs, 2 PCs, and 1 TAG (i.e., TAG[53:2]), were significantly associated with risk of CKD
(P < 0.05) with same direction. In particular, 3 PEs (i.e., PE[34:2], PE[36:4]/PE[18:2/18:2],
and PE[38:3]/[18:0/20:3]) were significantly associated with risk of CKD in all 3 cohorts.
Results for replication are shown in Table 3.

Transethnic meta-analysis of 23 lipid species measured in all 3 cohorts identified 14 lipids
significantly associated with risk for CKD at £ < 0.05, of which 13 lipids reached g < 0.05
(Table 4). Figure 1 schematically illustrates the associations between baseline lipids and risk
of CKD in the 3 cohorts and meta-analysis. Further adjustments for standard lipids (e.g.,
total cholesterol and triglyceride), UACR, and lipid-lowering medications slightly attenuated
the associations, but most lipids (19 of 29 lipids) remained to be significant (Table 5).

Kidney Int. Author manuscript; available in PMC 2023 December 28.
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Longitudinal change in plasma lipidome associated with change in kidney function

After adjusting for covariates, including baseline lipids and eGFR, and correction for
multiple testing (g < 0.05), longitudinal changes in 258 lipids (88 known and 170 unknown)
were either positively or inversely associated with change in eGFR between baseline and
follow-up (Supplementary Table S2). On average, changes in plasma lipidome explained
6.98% (range, 0.36%-13.59%) of the variability in eGFR change between baseline and
5-year follow-up. Figure 2 schematically illustrates the association patterns between change
in known lipids and change in eGFR among American Indians in the SHFS.

Differential lipid networks associated with risk of CKD

Network analysis in the SHFS identified 13 distinct modules. On module (brown), enriched
in TAGs, PEs, and CEs, was significantly associated with risk of CKD (Figure 3a). This
module included 154 lipids (73 known), with PE(36:1), PE(36:2), and TAG(51:1) being

the hub lipids (Figure 3b). Lipids in the brown module were also significantly correlated
with clinical variables, especially bulk triglycerides and total cholesterol. In addition, 44
known lipids (mainly TAGs and PEs) in the module were differentially correlated with other
lipids in the same module (Figure 3b). Comparing noncases with cases, several TAGs (e.g.,
42:1, 42:2, and 46:3) demonstrated significant gain of connectivity, whereas other TAGs
(e.g., 51:0 and 53:1) exhibited significant loss of connectivity. Moreover, the correlation
patterns between module lipids (e.g., TAGs, PEs, PCs, CEs, and sphingolipids [CERs or
SMs]) and clinical variables, especially bulk triglycerides and total cholesterol, appeared to
be similar across the 3 cohorts (see Figure 3a for SHFS; Figure 4 for SAFHS; and Figure 5
for AusDiab Study), albeit the magnitude of correlation varies between cohorts.

DISCUSSION

In this large-scale lipidomic profiling comprising >8000 community-dwelling individuals
from diverse cohorts, we had several key findings. First, we demonstrated that baseline
individual lipid species, including glycerophospholipids (PEs, PCs, and PIs), glycerolipids
(TAGs and DAGS), and sphingolipids (SMs and CERs), were significantly associated with
future risk for CKD, independent of clinical factors. Specifically, among American Indians,
higher baseline level of 17 glycerophospholipids, including 9 PEs, 5 PCs, and 3 Pls, were
significantly associated with increased risk of CKD. Of these, 6 PEs and 2 PCs (i.e.,
PCJ[33:1] and PC[35:1]) were replicated (with same direction of association) in at least one
external cohort (Mexican Americans in SAFHS and white populations in AusDiab Study).
Three PEs (i.e., PE[34:2], PE [36:4]/PE[18:2/18:2], and PE[38:3]/PE[18:0/20:3]) were
significantly associated with incident CKD in all 3 ethnic groups. We also found that altered
baseline levels of 9 glycerolipids (8 TAGs and DAG[34:2]) and 3 sphingolipids (SM [d32:1],
SM[d40:2], and CER[d44:1]) were significantly associated with risk of CKD in American
Indians. Of these, TAG(53:2) and SM(d32:1) were replicated in AusDiab Study and SAFHS,
respectively. Transethnic meta-analysis combining results of 23 lipids measured in all 3
cohorts identified 13 lipids (8 PEs, 2 TAGs, 1 DAG, 1 PC, and 1 SM) significantly
associated with incident CKD at q < 0.05. Further adjustments for standard lipoproteins,
UACR, and lipid-lowering medications did not materially change the associations. Second,
our repeated measurement analysis demonstrated, for the first time, that longitudinal change

Kidney Int. Author manuscript; available in PMC 2023 December 28.
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in fasting plasma lipidome was significantly associated with change in kidney function,
independent of clinical factors and baseline lipids and eGFR. Specifically, changes in 258
individual lipid species (88 known) were significantly associated with change in eGFR

over 5-year follow-up in American Indians. The 88 known lipid species largely included
TAGs, PCs, PEs, SMs, fatty acids, and acylcarnitines (ACs). On average, change in plasma
lipidome explains ~7% of the variance in eGFR over 5-year follow-up. Third, our network
analysis identified differential lipid clusters (i.e., modules) associated with risk of CKD. The
identified lipid module was enriched in TAGs and PEs, and lipids in this module showed
strong correlations with clinical variables. As we built the networks based on baseline lipids,
the disturbed lipid coregulations may have occurred at least 5 years before CKD onset.
These findings are consistent with a previous study showing that lipid networks enriched in
TAG and cardiolipins-PEs discriminated progressors and non-progressors with stage 2 or 3
CKD.} Together, our results revealed a distinct lipidomic signature associated with risk for
CKD and provide insight into the mechanisms through which dyslipidemia may contribute
to CKD. Moreover, because aberrant expression of plasma lipidome associated with CKD

is clearly present at preclinical stages, before the onset of CKD, the identified lipids may
provide potential biomarkers for identifying individuals with impaired kidney function at
earlier stages.

We identified significant associations of multiple PEs with risk of CKD in 3 diverse cohorts
comprising individuals with different genetic and environmental (or lifestyle) backgrounds.
Also, these associations were consistently detected in different statistical models. Many

of the identified PEs (e.g., PE[34:1], PE[34:2], PE[36:2], PE[36:4]/PE[18:2/18:2], PE
[16:0/16:1], and PE[38:3]/PE[18:0/20:3]) were also significantly associated with diabetes
and prediabetes in American Indians,24 Mexican Americans, and white populations.26 The
associations of PEs with CKD are also in line with previous studies reporting that some
PEs (e.g., 38:3, 38:4, 38:6, 40:4, 40:5, and 40:6) were associated with CKD in Chinese
individuals8 or blood pressure in white populations.® Collectively, our results suggest a
potential important role of dysregulated PE metabolism in CKD.

PE is the second most abundant phospholipid, after PC, in the membranes of all
mammalian cells. Besides serving as the backbone of cellular membranes and precursor
for other lipids, PEs and their derived lipid mediators are involved in many biological
processes, such as signal transduction, apoptosis, mitochondrial function, and modulation
of cellular responses.51-53 Dysregulation in PE metabolism has been implicated in
neurodegeneration,34:55 cancer,56 and metabolic disorders, such as nonalcoholic liver
disease, atherosclerosis, insulin resistance, and obesity.>1:57 Although the precise
mechanisms linking PEs and CKD remains to be determined, it is possible that PEs

may cause nephrotoxicity through their roles in insulin resistance, inflammation, oxidative
stress, lipid peroxidation, and impaired p-oxidation, as well as other as yet unknown
mechanisms,9:58-63

Besides PEs, we also identified significant associations of other glycerophospholipids
(e.g., PCs and PIs), glycerolipids (e.g., TAGs and DAGS), and sphingolipids (e.g., SMs
and CERs) with risk of CKD. Many lipids, such as PC(33:1), PC(35:1), TAG(53:2),
TAG(52:4), DAG(34:2), and SM(d32:1), were validated in at least one external cohort

Kidney Int. Author manuscript; available in PMC 2023 December 28.
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and/or meta-analysis. The associations of SMs, ceramide, and PCs with CKD are
consistent with previous studies reporting that they were associated with microalbuminuria/
macroalbuminuria or kidney impairment.16:18.64-66 The associations of glycerolipids (TAGs
and DAGs) with CKD are supported by our previous studies showing that altered baseline
levels of various TAGs and DAGs were significantly associated with risk of diabetes in
American Indians2* or hypertension in Mexican Americans.28 The current study also found
that higher baseline level of 3 Pls (e.g., 17:0/20:4, 18:0/20:3, and 18:0/20:4) predicted

the risk of CKD in American Indians. Although these results were not replicated in
external cohorts, the observed associations appear to be in line with a previous study
demonstrating that altered plasma Pls were associated with diabetes in Mexican Americans
and Causasians.26

Our repeated measurement analysis revealed, for the first time, the temporal relationship
between change in plasma lipidome and change in kidney function, independent of
covariates and baseline lipids and eGFR. Specifically, changes in long-chain unsaturated
fatty acids, long-chain saturated acylcarnitines, and PCs with a lower degree of unsaturation
were positive, whereas changes in polyunsaturated TAGs, PCs with a higher degree of
unsaturation, unsaturated SMs, polyunsaturated PEs, and intermediate-chain acylcarnitines
were inversely associated with change in eGFR. These processes are likely a reflection of
impaired mitochondrial p-oxidation of saturated fatty acids (such as palmitate), in parallel
with upregulation of elongation/desaturation processes, leading to higher abundance of
unsaturated fatty acids and their incorporation into longer polyunsaturated complex lipids,
such as TAGs.11:12,67.68

In addition, we observed differential correlation patterns between prospective association
and repeated measurement analyses. Despite the fact that some lipid species (e.g., TAGS)
were detected in both statistical models, lipids identified in the 2 analyses were largely not
overlapped. For instance, PEs showed strong and consistent associations with risk of CKD in
prospective analysis, whereas repeated measurement analysis revealed that change in other
lipid species (e.g., PCs, TAGs, SMs, fatty acids, and ACs) were associated with change in
eGFR. The reasons behind these differential association patterns are unclear. It is likely that
baseline lipids and longitudinal changes in the lipidome reflect different aspects of disease
pathophysiology. Future research should investigate the temporal relationship between
plasma lipidome and disease outcomes to comprehensively understand the mechanisms
underlying dyslipidemia and metabolic disorders.

In the field of lipidomics, replication of individual lipid species across populations has
proved to be challenging. This is largely due to the following facts: (i) Different studies
often employ different mass spectrometry platforms, which usually result in different
resolution and/or coverage of the lipidome. This impedes replication of individual lipid
species across studies. (ii) Blood lipidome is determined by genetic, environmental, and
lifestyle factors, all of which may vary across populations. (iii) Given the high correlation
between lipids, different statistical models may detect different individual lipids, even in a
same population. This is especially true for complex diseases, such as CKD. Lipidomic
signature of CKD progression is the net effect of differential lipolysis, lipogenesis,
elongation, desaturation, and p-oxidation of fatty acids at various stages of the disease

Kidney Int. Author manuscript; available in PMC 2023 December 28.
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processes that impact many lipid classes or clusters with high degrees of similarities. As
such, no single lipid can have a large enough effect to represent the variation in lipidomic
signature, nor any one lipid may gain advantageous predictive power over other structurally
similar significant lipids in predicting a complex disease outcome. Hence, it is not surprising
that approaches based on individual lipid species often fail to be replicated in independent
cohorts. Replication at the class/clusters (with similar structures or class) level may be

a reasonable approach. Nevertheless, multiple individual lipids (e.g., PEs, PCs, SMs, and
TAGsS) identified in American Indians could be replicated in external cohorts in our study.
This further highlights the robustness of our findings and signifies the potential important
role of dysregulation in the metabolism of these lipids in CKD.

Several limitations of our study should be noted. First, because of our focus on participants
without overt CKD and CVD at baseline, along with a relatively short period of follow-up,
the number of participants with incident CKD in each cohort was relatively small, and

thus our study could be underpowered in detecting lipidomic markers. Nevertheless, the
current analysis included >8000 individuals without prevalent CKD at baseline, of whom
324 developed incident CKD over ~-year follow-up. To our knowledge, this represents

the largest lipidomic profiling of risk for CKD in 3 large community-based prospective
cohorts of multiethnic individuals. Second, despite the large number of lipids detected

in our discovery cohort, many lipids are unknowns; and we were unable to distinguish
isomeric lipids either. Additional experiments are needed to characterize these unknowns if
considered of interest. Also, the lack of absolute quantification does not allow clinical utility.
Moreover, the static lipidomic platforms may not disclose the contribution of upstream

lipid regulators with differential flux and yet steady-state concentrations. Third, as emerging
evidence suggests that lipidomic signature of CKD progression may vary, depending on the
etiology of CKD progression, the lipidomic alterations identified in our study may not point
to specific underlying etiologies of CKD progression. Fourth, although our statistical models
controlled many clinical factors known to be associated with CKD, we cannot exclude

the possibility of residual confounding by unknown or unmeasured factors. Finally, as in

all other observational studies, we cannot determine whether the observed associations are
cause or consequence of CKD.

However, our study has several strengths. First, the current study included >8000
community-dwelling individuals of diverse cohorts, which, to our knowledge, represents

the largest lipidomic profiling of risk for CKD. Second, the longitudinal profiling of plasma
lipidome in a large community-based cohort represents another major strength of this study.
Third, our statistical analyses in all 3 cohorts adjusted for chronic conditions associated with
CKD (e.g., obesity, diabetes, and hypertension). In addition, we examined the relationship
between plasma lipidome and CKD development at both individual lipid species and lipid
class level. Moreover, we performed sensitivity analysis to additionally adjust for bulk lipids
(total cholesterol and triglyceride), UACR, and use of lipid-lowering medications in the
SHFS. Thus, lipids identified in our study should be independent of these conventional risk
factors. Finally, our high-resolution lipidomic platforms in both discovery and replication
cohorts identified a larger number of molecular lipid species, allowing us to identify novel
lipid species associated with risk of CKD and offering unprecedented opportunities for
future investigations.

Kidney Int. Author manuscript; available in PMC 2023 December 28.
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In summary, we identified a range of novel molecular lipids associated with risk of CKD

at both individual lipid species and lipid class levels, independent of clinical factors. Our
results demonstrated that dysregulated lipid metabolism occurs years before CKD onset.
Thus, the newly identified lipids may help identify individuals with early impaired kidney
function at preclinical stages. Our findings offer potential opportunities for new intervention
strategies (e.g., lifestyle/drug) to prevent/attenuate CKD progression by modifying lipid
metabolism. Our results further highlight the need for mechanistic studies to characterize the
role of lipid species in CKD.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

ACKNOWLEDGMENTS

The authors thank participants in the Strong Heart Study (SHS), the San Antonio Family Heart Study (SAFHS),
and the Australian Diabetes, Obesity, and Lifestyle (AusDiab) Study. We also thank the Indian Health Service
facilities and the participating American Indian tribes for their extraordinary cooperation and involvement, which
has contributed to the success of the SHS. The content expressed in this article is solely the responsibility of the
authors and does not necessarily represent the official views of the National Institutes of Health (NIH) or the Indian
Health Service.

The AusDiab Study, initiated and coordinated by the International Diabetes Institute, and subsequently coordinated
by the Baker Heart and Diabetes Institute, gratefully acknowledges the support and assistance given by A. Aliman,
B. Atkins, S. Bennett, A. Bonney, S. Chadban, M. de Courten, M. Dalton, D. Dunstan, T. Dwyer, H. Jahangir, D.
Jolley, D. McCarty, A. Meehan, N. Meinig, S. Murray, K. O’Dea, K. Polkinghorne, P. Phillips, C. Reid, A. Stewart,
R. Tapp, H. Taylor, T. Welborn, T. Whalen, F. Wilson, P. Zimmet, and all the study participants. Also, for funding or
logistical support, we are grateful to the National Health and Medical Research Council (grant 233200), Australian
Government Department of Health and Ageing, Abbott Australasia Pty Ltd, Alphapharm Pty Ltd, AstraZeneca,
Bristol-Myers Squibb, City Health Centre-Diabetes Service-Canberra, Department of Health and Community
Services—Northern Territory, Department of Health and Human Services-Tasmania, Department of Health—New
South Wales, Department of Health—-Western Australia, Department of Health—-South Australia, Department of
Human Services—Victoria, Diabetes Australia, Diabetes Australia Northern Territory, Eli Lilly Australia, Estate of
the Late Edward Wilson, GlaxoSmithKline, Jack Brockhoff Foundation, Janssen-Cilag, Kidney Health Australia,
Marian & FH Flack Trust, Menzies Research Institute, Merck Sharp & Dohme, Novartis Pharmaceuticals, Novo
Nordisk Pharmaceuticals, Pfizer Pty Ltd, Pratt Foundation, Queensland Health, Roche Diagnostics Australia, Royal
Prince Alfred Hospital, Sydney, Sanofi Aventis, and sanofi-synthelabo.

This study was supported by the NIH grant RO1DK107532. The SHS has been funded in whole or in part with
federal funds from the National Heart, Lung, and Blood Institute, NIH, Department of Health and Human Services,
under contract numbers 75N92019D00027, 75N92019D00028, 75N92019D00029, and 75N92019D00030. The
study was previously supported by research grants ROIHL109315, RO1HL109301, R01HL109284, RO1HL 109282,
and RO1HL 109319 and by cooperative agreements U01HL 41642, U01HL41652, U01HL 41654, U01HL65520, and
U01HL65521.

Data collection for the SAFHS was funded in part by P01 HL045522. Lipidomic profiling of SAFHS individuals
was funded by RO1 HL140681. SAFHS analytical methods and software used was supported by R37 MH059490
and R0O1 EB015611. This work was conducted in part in facilities constructed under the support of NIH grant C06
RR020547.

The AusDiab Study was supported by the National Health and Medical Research Council of Australia (project grant
APP1101320). This work was also supported in part by the Victorian Government’s Operational Infrastructure
Support Program. DJM is supported by a Senior Research Fellowship and PJM is supported by an L3 Investigator
grant (2009965) from the National Health and Medical Research Council of Australia. HBB was supported by
Baker Institute and Monash University Scholarships.

Kidney Int. Author manuscript; available in PMC 2023 December 28.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Zeng et al.

Page 11

DATA STATEMENT

Li
co

pidomic data generated in the Strong Heart Family Study (SHFS) are available from the
rresponding author on reasonable request. Clinical data in the SHFS can be requested

through the Strong Heart Study at https://strongheartstudy.org/. Data used in the Australian

Di
au
E.

abetes, Obesity, and Lifestyle Study can be requested via https://www.baker.edu.au/
sdiab/. Data used in the San Antonio Family Heart Study can be requested via Dr. Joanne
Curran (joanne.curran@utrgv.edu) or Dr. John Blangero (john.blangero@utrgv.edu).

REFERENCES

1.

10

11.

12.

13.

14.

15.

16.

17.

Narva AS. Reducing the burden of chronic kidney disease among American Indians. Adv Chronic
Kidney Dis. 2008;15:168-173. [PubMed: 18334242]

. United States Renal Data System. 2007 USRDS Annual Data Report: Atlas of Chronic Kidney

Disease and End-Stage Renal Disease in the United States. National Institutes of Health, National
Institute of Diabetes and Digestive and Kidney Diseases; 2007.

. Lea JP, Nicholas SB. Diabetes mellitus and hypertension: key risk factors for kidney disease. J Natl

Med Assoc. 2002;94, 7s-15s. [PubMed: 12152917]

. Ejerblad E, Fored CM, Lindblad P, et al. Obesity and risk for chronic renal failure. J Am Soc

Nephrol. 2006;17:1695-1702. [PubMed: 16641153]

. Kwakernaak AJ, Zelle DM, Bakker SJ, et al. Central body fat distribution associates with

unfavorable renal hemodynamics independent of body mass index. J Am Soc Nephrol.
2013;24:987-994. [PubMed: 23578944]

. Song EY, McClellan WM, McClellan A, et al. Effect of community characteristics on familial

clustering of end-stage renal disease. Am J Nephrol. 2009;30:499-504. [PubMed: 19797894]

. Nzerue CM, Demissochew H, Tucker JK. Race and kidney disease: role of social and environmental

factors. J Natl Med Assoc. 2002;94:28s—38s. [PubMed: 12152910]

. Mikolasevic 1, Zutelija M, Mavrinac V, et al. Dyslipidemia in patients with chronic kidney disease:

etiology and management. Int J Nephrol Renovasc Dis. 2017;10:35-45. [PubMed: 28223836]

. Trevisan R, Dodesini AR, Lepore G. Lipids and renal disease. J Am Soc Nephrol. 2006;17:S145-

S147. [PubMed: 16565240]

. Afshinnia F, Jadoon A, Rajendiran TM, et al. Plasma lipidomic profiling identifies a novel complex
lipid signature associated with ischemic stroke in chronic kidney disease. J Transl Sci. 2020;6:419.
[PubMed: 33240530]

Afshinnia F, Nair V, Lin J, et al. Increased lipogenesis and impaired p-oxidation predict type 2
diabetic kidney disease progression in American Indians. JCI Insight. 2019;4:e130317. [PubMed:
31573977]

Afshinnia F, Rajendiran TM, Soni T, et al. Impaired B-oxidation and altered complex lipid

fatty acid partitioning with advancing CKD. J Am Soc Nephrol. 2018;29:295-306. [PubMed:
29021384]

Afshinnia F, Rajendiran TM, Wernisch S, et al. Lipidomics and biomarker discovery in kidney
disease. Semin Nephrol. 2018;38:127-141. [PubMed: 29602396]

Ma J, Karnovsky A, Afshinnia F, et al. Differential network enrichment analysis reveals novel lipid
pathways in chronic kidney disease. Bioinformatics. 2019;35:3441-3452. [PubMed: 30887029]
Afshinnia F, Rajendiran TM, Karnovsky A, et al. Lipidomic signature of progression of chronic
kidney disease in the Chronic Renal Insufficiency Cohort. Kidney Int Rep. 2016;1:256-268.
[PubMed: 28451650]

Reis A, Rudnitskaya A, Chariyavilaskul P, et al. Top-down lipidomics of low density lipoprotein
reveal altered lipid profiles in advanced chronic kidney disease. J Lipid Res. 2015;56:413-422.
[PubMed: 25424003]

Rhee EP, Souza A, Farrell L, et al. Metabolite profiling identifies markers of uremia. J Am Soc
Nephrol. 2010;21:1041-1051. [PubMed: 20378825]

Kidney Int. Author manuscript; available in PMC 2023 December 28.


https://strongheartstudy.org/
https://www.baker.edu.au/ausdiab/
https://www.baker.edu.au/ausdiab/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Zeng et al.

18.

19.

20.

21.

22.

23.

24

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Page 12

Chen H, Chen L, Liu D, et al. Combined clinical phenotype and lipidomic analysis reveals

the impact of chronic kidney disease on lipid metabolism. J Proteome Res. 2017;16:1566-1578.
[PubMed: 28286957]

Tonks KT, Coster AC, Christopher MJ, et al. Skeletal muscle and plasma lipidomic signatures of
insulin resistance and overweight/obesity in humans. Obesity (Silver Spring). 2016;24:908-916.
[PubMed: 26916476]

Beyene HB, Olshansky G, Giles C, et al. Lipidomic signatures of changes in adiposity: a large
prospective study of 5849 adults from the Australian Diabetes, Obesity and Lifestyle Study.
Metabolites. 2021;11:646. [PubMed: 34564462]

Mamtani M, Meikle PJ, Kulkarni H, et al. Plasma dihydroceramide species associate with waist
circumference in Mexican American families. Obesity. 2014;22:950-956. [PubMed: 23929697]

Knebel B, Strassburger K, Szendroedi J, et al. Specific metabolic profiles and their relationship
to insulin resistance in recent-onset type 1 and type 2 diabetes. J Clin Endocrinol Metab.
2016;101:2130-2140. [PubMed: 26829444]

Zhao C, Mao J, Ai J, et al. Integrated lipidomics and transcriptomic analysis of peripheral
blood reveals significantly enriched pathways in type 2 diabetes mellitus. BMC Med Genom.
2013;6(suppl 1):S12.

. Miao G, Zhang Y, Huo Z, et al. Longitudinal plasma lipidome and risk of type 2 diabetes in a large

sample of American Indians with normal fasting glucose: the Strong Heart Family Study. Diabetes
Care. 2021;44: 2664-2672. [PubMed: 34702783]

Zhao J, Zhu Y, Hyun N, et al. Novel metabolic markers for the risk of diabetes development in
American Indians. Diabetes Care. 2015;38:220-227. [PubMed: 25468946]

Meikle PJ, Wong G, Barlow CK, et al. Plasma lipid profiling shows similar associations with
prediabetes and type 2 diabetes. PL0oS One. 2013;8: e74341. [PubMed: 24086336]

Graessler J, Schwudke D, Schwarz PE, et al. Top-down lipidomics reveals ether lipid deficiency in
blood plasma of hypertensive patients. PLoS One. 2009;4:e6261. [PubMed: 19603071]

Kulkarni H, Meikle PJ, Mamtani M, et al. Plasma lipidomic profile signature of hypertension

in Mexican American families: specific role of diacylglycerols. Hypertension. 2013;62:621-626.
[PubMed: 23798346]

Sutter 1, Velagapudi S, Othman A, et al. Plasmalogens of high-density lipoproteins (HDL) are
associated with coronary artery disease and anti-apoptotic activity of HDL. Atherosclerosis.
2015;241:539-546. [PubMed: 26093887]

Meikle PJ, Wong G, Tsorotes D, et al. Plasma lipidomic analysis of stable and unstable coronary
artery disease. Arterioscler Thromb Vasc Biol. 2011;31:2723-2732. [PubMed: 21903946]

Huynh K, Barlow CK, Jayawardana KS, et al. High-throughput plasma lipidomics: detailed
mapping of the associations with cardiometabolic risk factors. Cell Chem Biol. 2019;26:71-
84.e74. [PubMed: 30415965]

Howard BV, Lee ET, Cowan LD, et al. Rising tide of cardiovascular disease in American Indians.
Circulation. 1999;99:2389-2395. [PubMed: 10318659]

Lee ET, Welty TK, Fabsitz R, et al. The Strong Heart Study: a study of cardiovascular disease

in American Indians: design and methods. Am J Epidemiol. 1990;132:1141-1155. [PubMed:
2260546]

North KE, Howard BV, Welty TK, et al. Genetic and environmental contributions to cardiovascular
disease risk in American Indians: the Strong Heart Family study. Am J Epidemiol. 2003;157:303—
314. [PubMed: 12578801]

Dunstan DW, Zimmet PZ, Welborn TA, et al. The Australian Diabetes, Obesity and Lifestyle Study
(AusDiab)-methods and response rates. Diabetes Res Clin Pract. 2002;57:119-129. [PubMed:
12062857]

Mitchell BD, Kammerer CM, Blangero J, et al. Genetic and environmental contributions

to cardiovascular risk factors in Mexican-Americans: the San Antonio Family Heart Study.
Circulation. 1996;94:2159-2170. [PubMed: 8901667]

MacCluer JW, Stern MP, Almasy L, et al. Genetics of atherosclerosis risk factors in Mexican-
Americans. Nutr Rev. 1999;57:59-65.

Kidney Int. Author manuscript; available in PMC 2023 December 28.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Zeng et al.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.
48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Page 13

Voruganti VS, Lopez-Alvarenga JC, Nath SD, et al. Genetics of variation in HOMA-IR and
cardiovascular risk factors in Mexican-Americans. J Mol Med. 2008;86:303-311. [PubMed:
18204828]

Levey AS, Stevens LA, Schmid CH, et al. A new equation to estimate glomerular filtration rate.
Ann Intern Med. 2009;150:604-612. [PubMed: 19414839]

Zheng LY, Umans JG, Yeh F, et al. The association of urine arsenic with prevalent and incident
chronic kidney disease: evidence from the Strong Heart Study. Epidemiology. 2015;26:601-612.
[PubMed: 25929811]

Bash LD, Coresh J, Kottgen A, et al. Defining incident chronic kidney disease in the research
setting: the ARIC Study. Am J Epidemiol. 2009;170:414-424. [PubMed: 19535543]

Kidney Foundation National. K/DOQI clinical practice guidelines for chronic kidney disease:
evaluation, classification, and stratification. Am J Kidney Dis. 2002;39:51-S266. [PubMed:
11904577]

Beyene HB, Hamley S, Giles C, et al. Mapping the associations of the plasma lipidome with
insulin resistance and response to an oral glucose tolerance test. J Clin Endocrinol Metab.
2020;105: e1041-e1055.

Kulkarni H, Meikle PJ, Mamtani M, et al. Variability in associations of phosphatidylcholine
molecular species with metabolic syndrome in Mexican—American families. Lipids. 2013;48:497—
503. [PubMed: 23494580]

Weir JM, Wong G, Barlow CK, et al. Plasma lipid profiling in a large population-based cohort [S].
J Lipid Res. 2013;54:2898-2908. [PubMed: 23868910]

Storey JD. A direct approach to false discovery rates. J R Stat Soc Series B Stat Methodol.
2002;64:479-498.

Amemiya T Qualitative response models: a survey. J Econ Lit. 1981;19: 1483-1536.

Langfelder P, Horvath S. WGCNA: an R package for weighted correlation network analysis. BMC
Bioinformatics. 2008;9:559. [PubMed: 19114008]

McKenzie AT, Katsyv I, Song W-M, et al. DGCA: a comprehensive R package for differential gene
correlation analysis. BMC Syst Biol. 2016;10:106. [PubMed: 27846853]

Liu J, de Vries PS, Del Greco MF, et al. A multi-omics study of circulating phospholipid markers
of blood pressure. Sci Rep. 2022;12:574. [PubMed: 35022422]

van der Veen JN, Kennelly JP, Wan S, et al. The critical role of phosphatidylcholine and
phosphatidylethanolamine metabolism in health and disease. Biochim Biophys Acta Biomembr.
2017;1859:1558-1572. [PubMed: 28411170]

van der Veen JN, Lingrell S, da Silva RP, et al. The concentration of phosphatidylethanolamine

in mitochondria can modulate ATP production and glucose metabolism in mice. Diabetes.
2014,63:2620-2630. [PubMed: 24677714]

Vance JE. Phospholipid synthesis and transport in mammalian cells. Traffic. 2015;16:1-18.
[PubMed: 25243850]

Nesic I, Guix FX, Vennekens K, et al. Alterations in phosphatidylethanolamine levels affect the
generation of AB. Aging Cell. 2012;11:63-72. [PubMed: 22023223]

Wang S, Zhang S, Liou L-C, et al. Phosphatidylethanolamine deficiency disrupts a-synuclein
homeostasis in yeast and worm models of Parkinson disease. Proc Natl Acad Sci U S A.
2014;111:E3976-E3985. [PubMed: 25201965]

Chidley C, Trauger SA, Birsoy K, et al. The anticancer natural product ophiobolin A

induces cytotoxicity by covalent modification of phosphatidylethanolamine. Elife. 2016;5:14601.
[PubMed: 27403889]

Calzada E, Onguka O, Claypool SM. Phosphatidylethanolamine metabolism in health and disease.
Int Rev Cell Mol Biol. 2016;321: 29-88. [PubMed: 26811286]

Chang W, Chen L, Hatch GM. Berberine treatment attenuates the palmitate-mediated inhibition
of glucose uptake and consumption through increased 1,2,3-triacyl-sn-glycerol synthesis and
accumulation in H9c2 cardiomyocytes. Biochim Biophys Acta. 2016;1861:352-362. [PubMed:
26774040]

Li Z, Zhang H, Liu J, et al. Reducing plasma membrane sphingomyelin increases insulin
sensitivity. Mol Cell Biol. 2011;31:4205-4218. [PubMed: 21844222]

Kidney Int. Author manuscript; available in PMC 2023 December 28.



1duosnue Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Zeng et al.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Page 14

Peebles RS, Boyce JA. 9: Lipid mediators of hypersensitivity and inflammation. In: Adkinson
NF, Bochner BS, Burks AW, et al., eds. Middleton’s Allergy (Eighth Edition). W.B. Saunders;
2014:139-161.

Pohl EE, Jovanovic O. The role of phosphatidylethanolamine adducts in modification of

the activity of membrane proteins under oxidative stress. Molecules. 2019;24:4545. [PubMed:
31842328]

Ruan XZ, Varghese Z, Moorhead JF. An update on the lipid nephrotoxicity hypothesis. Nat Rev
Nephrol. 2009;5:713-721. [PubMed: 19859071]

Gai Z, Wang T, Visentin M, et al. Lipid accumulation and chronic kidney disease. Nutrients.
2019;11:722. [PubMed: 30925738]

Liu J-J, Ghosh S, Kovalik J-P, et al. Profiling of plasma metabolites suggests altered mitochondrial
fuel usage and remodeling of sphingolipid metabolism in individuals with type 2 diabetes and
kidney disease. Kidney Int Rep. 2017;2:470-480. [PubMed: 29142974]

Makinen V-P, Tynkkynen T, Soininen P, et al. Sphingomyelin is associated with kidney disease in
type 1 diabetes (the FinnDiane Study). Metabolomics. 2012;8:369-375. [PubMed: 22661917]
Tofte N, Suvitaival T, Ahonen L, et al. Lipidomic analysis reveals sphingomyelin and
phosphatidylcholine species associated with renal impairment and all-cause mortality in type 1
diabetes. Sci Rep. 2019;9: 16398. [PubMed: 31705008]

Console L, Scalise M, Giangregorio N, et al. The link between the mitochondrial fatty acid
oxidation derangement and kidney injury. Front Physiol. 2020;11:794. [PubMed: 32733282]
Houten SM, Violante S, Ventura FV, et al. The biochemistry and physiology of mitochondrial
fatty acid p-oxidation and its genetic disorders. Annu Rev Physiol. 2016;78:23-44. [PubMed:
26474213]

Kidney Int. Author manuscript; available in PMC 2023 December 28.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Zeng et al.

Sphingolipids

(510 TAG(16:0/17:0/18.0)

HSISYTAG(16V17:1/20.4)

Page 15

SHFS SAFHS AusDiab Meta-analysis

. . -
PC(34:1) ' ° e v ° : .
PC(3%:1) H ° o . ° : -
PClp-36:4)PC(0-36.5) L] g ° B o
PClp-38:4)PC(0-38:5)8 e v - o e
PE(I:)A ! . A
PE(34:1)
PE(M42)B
PE(Y%:2)
PE(3%:3)
PE(I6:4)PE(18.218.2)
PE(16.0/16:1)
PE(16:0/18°3)
PE(18.020:3)PE(38 3)
P17.020 4) i . i L '
PI(18020:3) A { ° n . 4 v i
PI(18.0/20 4) ' S *— . ° s
DAG(34:2) Ve 4 —-—e - ‘e
'

TAG(S51:1) ' :
TAG(524) :
TAG(53:1)
TAG(532) i ¢

TAG(53 3)

'
TAG(S43) i 3 }
SW3402) C

SM(@32:1)8

' ' '
CER(g44:1) ‘e ' o ol
A e

10 15 20 25 o8 10 12 14 os 10 12

OR (95% CIl) per SD increase in baseline lipids

Figure 1|. Baseline plasma lipids associated with risk of chronic kidney disease in the discovery
(Strong Heart Family Study [SHFS]) and replication (San Antonio Family Heart Study [SAFHS]
zgﬁ;gralian Diabetes, Obesity, and Lifestyle [AusDiab] Study) cohorts aswell as meta-
Odds ratios (ORs) and 95% confidence intervals (Cls) were obtained by mixed-effect
logistic regression (SHFS and SAFHS) or logistic regression (AusDiab Study), adjusting
for age, sex, body mass index, hypertension, and diabetes at baseline. The analysis in
SAFHS additionally adjusted for individual-specific estimates of relative Amerindian and
African admixture (as estimated from genome-wide genetic markers). Family relatedness
in the SHFS was accounted for by including a random effect (i.e., family) in the

model. Family relatedness in the SAFHS was accounted for by including underlying
genetic variation as a random effect in the model via a variance component that

was structured by the genetic relatedness matrix. CER, ceramide; DAG, diacylglycerol;
PC, phosphatidylcholine; PE, phosphatidylethanolamine; PI, phosphatidylinositol; SM,
sphingomyelin; TAG, triacylglycerol.
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Figure 2|. Longitudinal association between changesin plasma lipidome and changein estimated
glomerular filtration rate (eGFR) over 5-year follow-up in the Strong Heart Family Study.

The heat map was arranged on the basis of lipid classes. Only known lipids (top 5 in each
class) whose longitudinal changes were significantly associated with change in eGFR (q
< 0.05) are shown. Color of the heat map was based on regression coefficients obtained
from mixed-effect linear regression, adjusting for clinical factors, including baseline age,
sex, study site, and changes in body mass index, systolic blood pressure, fasting plasma
glucose, total cholesterol, triglyceride, and urine albumin—creatinine ratio (between baseline
and follow-up) plus baseline lipids and eGFR. Family relatedness was accounted for by
including a random effect (i.e., family) in the model. **P< 0.001, *P< 0.01, and *P

< 0.05. AC, acylcarnitine; FA, fatty acid; FAHFA, fatty acyl esters of hydroxy fatty

acid; GlcCer, glycosylceramide; PC, phosphatidylcholine; PE, phosphatidylethanolamine;
PI1, phosphatidylinositol; SM, sphingomyelin; TAG, triacylglycerol.
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Figure 3|. Lipid network analysisin the Strong Heart Family Study (SHFS).
(a) Dendrogram showing the hierarchical clustering of lipid modules (top) and heat map

displaying the correlations between lipid modules and clinical traits (bottom) in the SHFS.
The name of lipid modules reflects the dominating lipid class within each cluster. (b)
Circos plot showing differential correlations between lipid pairs in the brown module. The
difference in lipid correlations between incident chronic kidney disease (CKD) cases and
noncases was calculated by the R package DGCA. Only known lipids with significant
differential correlations (P < 0.05) were included. Edges are colored according to the
differential correlation type, categorized as gain of correlation (GOC) or loss of correlation
(LOC). Edge width represents differential correlation strength, defined as the absolute
value of the z-score for differential correlations between cases and noncases. Node color
represents lipid class. Node size is proportional to the intramodular connectivity, defined
as the connectivity of a specific lipid to other lipids in the same WGCNA module.

Hub lipids of the brown module are bolded. AC, acylcarnitine; BMI, body mass index;

FA, fatty acid; FPG, fasting plasma glucose; GlcCer, glycosylceramide; LC, long chain;
LPC, lysophosphatidylcholine; PC, phosphatidylcholine; PE, phosphatidylethanolamine;
PI1, phosphatidylinositol; SBP, systolic blood pressure; SFA, saturated fatty acid; SM,
sphingomyelin; TAG, triacylglycerol; TC, total cholesterol; TG, triglyceride; UACR, urine
albumin—creatinine ratio; US, unsaturated.
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Figure 4 |. Correlations between module lipids and clinical variablesin the San Antonio Family
Heart Study.
Top panel: dendrogram showing the hierarchical clustering of lipid modules. Bottom panel:

heat map displaying the correlations between lipid modules and clinical traits. The name

of lipid modules reflects the dominating lipid class within each cluster. AC, acylcarnitine;
BMI, body mass index; CE, cholesteryl ester; CER, ceramide; CKD, chronic kidney disease;
DAG, diacylglycerol; FA, fatty acid; FPG, fasting plasma glucose; LC, long chain; LPC,
lysophosphatidylcholine; LPE, lysophosphatidylethanolamine; PC, phosphatidylcholine;
PE, phosphatidylethanolamine; PS, phosphatidylserine; SBP, systolic blood pressure; SM,
sphingomyelin; TAG, triacylglycerol; TC, total cholesterol; TG, triglyceride; UACR, urine
albumin—creatinine ratio; US, unsaturated.
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Figure5|. Correlations between module lipids and clinical variablesin the Australian Diabetes,
Obesity, and Lifestyle Study.
Top panel: dendrogram showing the hierarchical clustering of lipid modules. Bottom

panel: heat map displaying the correlations between lipid modules and clinical traits.

The name of lipid modules reflects the dominating lipid class within each cluster. AC,
acylcarnitine; BMI, body mass index; CE, cholesteryl ester; CER, ceramide; CKD, chronic
kidney disease; DAG, diacylglycerol; FPG, fasting plasma glucose; LC, long chain; LPC,
lysophosphatidylcholine; LPE, lysophosphatidylethanolamine; PC, phosphatidylcholine;
PE, phosphatidylethanolamine; SBP, systolic blood pressure; SM, sphingomyelin; TAG,
triacylglycerol; TC, total cholesterol; TG, triglyceride; UACR, urine albumin—creatinine
ratio; US, unsaturated.
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Table 1.

Clinical characteristics of study participants at enroliment in the three cohorts

Characteristics SHFS(n=1,910) SAFHS(n=632) AusDiab (n=5541)
Age (years) 40.1+13.9 42.2+14.9 50.2+12.4
Female (%) 1190 (62.0) 405 (64.0) 2,944 (53.1)
BMI (kg/m2) 31.8+7.7 31.046.9 26.8+4.8
SBP (mmHg) 122+15.3 124+19.1 127.9+17.2
DBP (mmHg) 77.3+10.6 71.8+10.7 70.3+11.6
Hypertension (%) 545 (28.5) 175 (28.0) 1,559 (28.2)
FPG (mg/dL) 109+46.2 106+40.2 99.0£18.0
Diabetes (%) 340 (17.8) 114 (18.0) 295 (5.3)
Total cholesterol (mg/dL) 185+36.7 178+35.9 217.7+18.7
Triglyceride (mg/dL) 171+201 1544307 107.1+85.8
HDL (mg/dL) 51.7+14.5 47.9+12.5 55.3+32.0
LDL (mg/dL) 102+29.9 102+29.3 136.5+34.8
UACR (mg/g) 47.3+281.6 69.3+431 11.5457.9
eGFR (mL/min/1.73 m2) 115+16.7 103+23.1 77.7£10.3

Page 20

Results are expressed as mean + SD unless otherwise noted. BMI: body mass index, SBP: systolic blood pressure, DBP: diastolic blood pressure,
FPG: fasting plasma glucose, HDL.: high-density lipoprotein, LDL: low-density lipoprotein, UACR: urine albumin-to-creatinine ratio, eGFR:

estimated glomerular filtration rate.
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Table 2.
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Baseline plasma lipids associated with risk for CKD (discovery cohort, SHFS). Only lipids with q <0.05 are

shown.

Lipid

Class

OR (95% Ccl)#

q*

PC(33:1)

PC(34:1)

PC(35:1)
PC(p-36:4)/PC(0-36:5)
PC(p-38:4)/PC(0-38:5) B
PE(36:1) A

PE(34:1)

PE(34:2) B

PE(36:2)

PE(36:3)
PE(36:4)/PE(18:2/18:2)
PE(16:0/16:1)
PE(16:0/18:3)
PE(18:0/20:3)
PI(17:0/20:4)
PI(18:0/20:3) A
PI(18:0/20:4)

DAG(34:2)
TAG(51:0)/TAG(16:0/17:0/18:0)
TAG(51:1)

TAG(52:4)

TAG(53:1)

TAG(53:2)

TAG(53:3)

TAG(53:5)/ TAG(16:0/17:1/20:4)
TAG(54:3)

SM(d40:2) C

SM(d32:1) B
CER(d44:1)

Phosphocholines
Phosphocholines
Phosphocholines
Phosphocholines

Phosphocholines

Phosphoethanolamines
Phosphoethanolamines
Phosphoethanolamines
Phosphoethanolamines
Phosphoethanolamines
Phosphoethanolamines
Phosphoethanolamines
Phosphoethanolamines

Phosphoethanolamines

Phosphoinositols
Phosphoinositols
Phosphoinositols
Diacylglycerols
Triacylglycerols
Triacylglycerols
Triacylglycerols
Triacylglycerols
Triacylglycerols
Triacylglycerols
Triacylglycerols
Triacylglycerols
Sphingomyelins
Sphingomyelins

Ceramides

1.59 (1.23, 2.06)
1.75 (1.23, 2.49)
1.65 (1.27, 2.15)
1.05 (1.04, 1.06)
1.07 (1.06, 1.08)
1.36 (1.15, 1.6)

157 (1.26, 1.97)
1.47 (1.16, 1.87)
1.46 (1.17, 1.83)
1.36 (1.13, 1.64)
1.48 (1.17, 1.87)
1.38(1.13,1.7)

1.37 (1.12, 1.68)
1.41 (1.14, 1.75)
1.47 (119, 1.8)

1.5 (1.15, 1.96)

1.52 (1.16, 1.99)
113 (1.12, 1.14)
1.36 (1.1, 1.69)

1.37 (1.11, 1.69)
1.02 (1.01, 1.03)
1.36 (1.14, 1.62)
1.36 (1.1, 1.68)

1.43 (1.15, 1.77)
1.26 (1.08, 1.46)
1.52 (1.14, 2.01)
0.81(0.81, 0.82)
1.49 (1.15, 1.95)
113 (1.12, 1.14)

0.012
0.026
0.006
<.001
<.001
0.008
0.003
0.024
0.017
0.024
0.018
0.026
0.031
0.024
0.008
0.033
0.031
<.001
0.048
0.038
<.001
0.014
0.048
0.024
0.031
0.038
<.001
0.034
<.001

#Obtained by the mixed-effect logistic regression, adjusting for age, sex, BMI, hypertension, and diabetes at baseline.

*
Adjust for multiple testing using the Storey’s g-value method.
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Table 3.

Page 22

Replication in external cohorts (SAFHS, AusDiab). Only lipids matched to SHFS are shown. Lipids with

P<0.05 are bolded

SAFHS AusDiab

Lipid Class OR(95% c¥ P?#  OR(®% CI)* P
PC(33:1) Phosphocholines 1.03(0.88,1.22) 0.686 1.2(1.06,136) 0.004
PC(34:1) Phosphocholines 1.04 (0.87,1.24) 0.676 1.11(0.97,1.28) 0.129
PC(35:1) Phosphocholines 1.07 (0.91,1.25) 0.427 1.20(1.05,1.36) 0.006
PC(p-36:4)/PC(0-36:5) Phosphocholines 1.07 (0.9, 1.27) 0.469 0.90(0.77,1.06) 0.281
PC(p-38:4)/PC(0-38:5) B Phosphocholines 1.13(0.97,1.31) 0.131 0.94(0.81,1.08) 0.391
PE(36:1) A Phosphoethanolamines 1.10(0.96,1.27) 0.191 1.07(0.93,1.22) 0.338
PE(36:4)/PE(18:2/18:2) Phosphoethanolamines  1.19(1.01,1.4) 0037 1.17(1.04,1.31) 0.009
PE(34:1) Phosphoethanolamines 1.20(1.02,1.41) 0.030 1.12(0.99,1.26) 0.079
PE(34:2) B Phosphoethanolamines  1.28(1.09,1.5)  0.003 1.15(1.02,1.29) 0.019
PE(36:2) Phosphoethanolamines -/~ -/~ 1.09 (0.96, 1.23)  0.202
PE(36:3) Phosphoethanolamines 1.26 (1.1, 1.43) 0.002 1.13(1,1.27) 0.074
PE(16:0/16:1) Phosphoethanolamines 1.10(0.95,1.27) 0.212 1.11(1,1.24) 0.055
PE(16:0/18:3) Phosphoethanolamines 1.20(1.03,1.41) 0.024 1.11(1,1.24) 0.081
PE(38:3)/PE(18:0/20:3) Phosphoethanolamines  1.17 (1, 1.37) 0043 1.15(1.02,1.29) 0.024
P1(17:0/20:4) Phosphoinositols -/- -/~ 1.09 (0.96, 1.23) 0.167
P1(18:0/20:3) A Phosphoinositols 116 (0.97,1.38) 0.113 1.00(0.88,1.14) 0.989
PI(18:0/20:4) Phosphoinositols 0.93(0.77,1.13) 0.470 1.08(0.95,1.23) 0.236
DAG(34:2) Diacylglycerols 1.00(0.83,1.20) 0.974 1.1(0.97,1.25) 0.187
TAG(51:0)/TAG(16:0/17:0/18:0)  Triacylglycerols 0.98(0.83,1.16) 0.849 1.11(0.97,1.28) 0.156
TAG(51:1) Triacylglycerols 0.99(0.84,1.17) 0924 -/- -/-
TAG(52:4) Triacylglycerols 1.05 (0.9, 1.23) 0.575 0.99(0.86,1.14) 0.462
TAG(53:2) Triacylglycerols 1.01(0.85,1.21) 0913 1.18(1.03, 135 0.020
TAG(54:3) Triacylglycerols 1.07 (0.94,1.21) 0.388 1.00(0.86,1.15) 0.799
SM(d40:2) C Sphingomyelins 1.19(1.03,1.37) 0.019 1.04(0.9,1.2) 0.321
SM(d32:1) B Sphingomyelins 125(1.07,1.46) 0.004 1.12(0.98,61.27) 0.110
CER(d44:1) Ceramides 1.14 (0.98,1.34) 0.097 0.94(0.81,1.09) 0.412

¢Obtained by mixed-effect logistic regression, adjusting for age, sex, BMI, ethnicity, hypertension, and diabetes at baseline.

*
Obtained by logistic regression, adjusting for age, sex, BMI, hypertension, and diabetes at baseline.

—/- denotes lipid not measured in that cohort.
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Results from transethnic meta-analysis. Lipids with <0.05 are bolded

Table 4.

OR (95% C)#

p#

*

Lipid Class q
CER(d44:1) Ceramides 1.08(0.95,1.24) 0.249  0.302
DAG(34:2) Diacylglycerols 1.13(1.12,1.14) <0.001 <0.001
PC(33:1) Phosphocholines 1.25(1.01,1.55) 0.037 0.061
PC(34:1) Phosphocholines 1.24(0.94,1.62) 0.129 0.177
PC(35:1) Phosphocholines 1.29(1.04,1.59) 0020 0038
PC(p-36:4)/PC(0-36:5) Phosphocholines 1.02(0.92,1.13) 0.756  0.790
PC(p-38:4)/PC(0-38:5) B Phosphocholines 1.05 (0.96, 1.16) 0.305 0.351
PE(16:0/16:1) Phosphoethanolamines  1.19(1.04,1.36) 0.010  0.023
PE(16:0/18:3) Phosphoethanolamines  1.23(1.06, 1.44) 0.007  0.020
PE(38:3)/PE(18:0/20:3) Phosphoethanolamines  1.24(1.09,1.42) 0.001  0.006
PE(34:1) Phosphoethanolamines  1.31(1.06,1.61) 0.012  0.024
PE(34:2) B Phosphoethanolamines  1.32 (110, 1.59) 0.003  0.010
PE(36:1) A Phosphoethanolamines  1.19(1.02,1.38)  0.026 0.046
PE(36:3) Phosphoethanolamines  1.28(1.10, 1.50) 0.002  0.007
PE(36:4)/PE(18:2/18:2) Phosphoethanolamines  1.28(1.10, 1.48) 0.001  0.006
P1(18:0/20:3) A Phosphoinositols 1.21(0.94,1.55) 0.131 0.177
P1(18:0/20:4) Phosphoinositols 1.14 (0.86,1.51) 0.372 0.408
SM(d32:1) B Sphingomyelins 1.30(1.07,1.58) 0.008  0.022
SM(d40:2) C Sphingomyelins 1.02 (0.77,1.34) 0.902 0.902
TAG(51:0)/TAG(16:0/17:0/18:0)  Triacylglycerols 1.14 (0.97,1.35) 0.117 0.177
TAG(52:4) Triacylglycerols 1.02(1.01,1.03) <0.001 0.001
TAG(53:2) Triacylglycerols 1.20(1.07,1.33)  0.001 0.006
TAG(54:3) Triacylglycerols 1.16 (0.93,1.46) 0.197 0.252
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Obtained by inverse-variance weighted random-effects meta-analysis combining results across all 3 cohorts. The analysis included 23 lipids

measured in all 3 cohorts.

*
Adjusted for multiple testing using the Storey’s g-value method.
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Results from sensitivity analysis in the SHFS. Lipids with P<0.05 are bolded

Table 5.

Lipid Class OR (5% c*  p#
PC(33:1) Phosphocholines 1.55(1.15,2.09) 0.004
PC(34:1) Phosphochalines 151(1.02,2.24) 0.039
PC(35:1) Phosphocholines 151(1.10,2.06) 0.010
PC(p-36:4)/PC(0-36:5) Phosphocholines 1.12 (0.83,1.52) 0.458
PC(p-38:4)/PC(0-38:5) B Phosphocholines 1.09 (0.81,1.47) 0.576
PE(36:1) A Phosphoethanolamines  1.71(1.12,2.61) 0.013
PE(34:1) Phosphoethanolamines  1.52 (1.13,2.03)  0.005
PE(34:2) B Phosphoethanolamines  1.39(1.03,1.86) 0.029
PE(36:2) Phosphoethanolamines  1.49 (1.10,2.02) 0.011
PE(36:3) Phosphoethanolamines  1.46 (1.09, 1.96) 0.011
PE(36:4)/PE(18:2/18:2) Phosphoethanolamines  1.31(1.00, 1.71)  0.047
PE(16:0/16:1) Phosphoethanolamines 1.26 (0.98,1.61) 0.070
PE(16:0/18:3) Phosphoethanolamines  1.34(1.03,1.73)  0.028
PE(18:0/20:3) Phosphoethanolamines  1.34(1.03,1.75)  0.029
PI(17:0/20:4) Phosphoinositols 154(1.22,1.93) <0.001
P1(18:0/20:3) A Phosphoinositols 1.45(1.06,1.98) 0.019
PI(18:0/20:4) Phosphoinositols 152(1.10,2.08) 0.010
DAG(34:2) Diacylglycerols 1.11(0.83,1.48) 0.475
TAG(51:0)/TAG(16:0/17:0/18:0)  Triacylglycerols 1.28(0.98,1.68) 0.071
TAG(51:1) Triacylglycerols 1.34(1.02,1.76) 0.037
TAG(52:4) Triacylglycerols 0.97 (0.71,1.33) 0.841
TAG(53:1) Triacylglycerols 1.30(1.03,1.64) 0.028
TAG(53:2) Triacylglycerols 1.31(0.98,1.75) 0.073
TAG(53:3) Triacylglycerols 1.39(1.01,1.89) 0.040
TAG(53:5)/TAG(16:0/17:1/20:4)  Triacylglycerols 1.36(1.11,1.68) 0.003
TAG(54:3) Triacylglycerols 1.35(0.96, 1.88) 0.083
SM(d40:2) C Sphingomyelins 0.85(0.60,1.21) 0.372
SM(d32:1) B Sphingomyelins 1.47(1.08,2.000 0.014
CER(d44:1) Ceramides 1.05 (0.76, 1.45)  0.763
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¢Obtained by mixed-effect logistic regression, adjusting for age, sex, BMI, hypertension, diabetes, total cholesterol, triglyceride, UACR, and use of

lipid-lowering medications at baseline.
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