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Abstract
Recent advances in mass spectrometry-based techniques have inspired research into lipidomics, a subfield of ‘–omics’, which aims to identify and quantify large numbers of lipids in
biological extracts. Although lipidomics is becoming increasingly popular as a screening tool
for understanding disease mechanisms, it is largely unknown how the lipidome naturally varies by age and sex in healthy individuals. We aimed to identify cross-sectional associations
of the human lipidome with ‘physiological’ ageing, using plasma from 100 subjects with an
apolipoprotein E (APOE) E3/E3 genotype, and aged between 56 to 100 years. Untargeted
analysis was performed by liquid chromatography coupled-mass spectrometry (LC-MS/MS)
and data processing using LipidSearch software. Regression analyses confirmed a strong
negative association of age with the levels of various lipid, which was stronger in males than
females. Sex-related differences include higher LDL-C, HDL-C, total cholesterol, particular
sphingomyelins (SM), and docosahexaenoic acid (DHA)-containing phospholipid levels in
females. Surprisingly, we found a minimal relationship between lipid levels and body mass
index (BMI). In conclusion, our results suggest substantial age and sex-related variation in
the plasma lipidome of healthy individuals during the second half of the human lifespan. In
particular, globally low levels of blood lipids in the ‘oldest old’ subjects over 95 years could
signify a unique lipidome associated with extreme longevity.

Introduction
In recent times, mass spectrometry-based lipidomics techniques have emerged as important
technological platforms enabling the identification of hundreds to thousands of lipids in
plasma and tissue extracts [1]. Lipids play an important role in cellular metabolism by
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maintaining structural integrity, and acting as signalling molecules, and may have important
implications in health and disease. Lipidomics is commonly used to identify and quantify metabolic changes associated with age related disorders such as cardiovascular disease, diabetes,
metabolic syndrome [2], cancer [3], and neurological disorders, such as Alzheimer’s disease
[4–6]. It therefore forms a strong and relatively novel starting point for the study of disease
mechanisms or disease-related biomarkers. However, before investigating pathological
changes to the lipidome involved in disease states, it is important to understand how the
human lipidome naturally varies in normal healthy individuals based on anthropometric variables such as age, sex and BMI. This knowledge is not only of intrinsic interest to better understand the biology of ageing, but will also aid in appropriate experimental design and subject
selection to address major research questions.
In this study, we focused on blood as an important source of biomarkers and which is already
widely used for both clinical and research purposes [6, 7]. Furthermore, venepuncture is a relatively safe, minimally invasive procedure and blood is easy to collect (even for repeat analyses)
and store and therefore represents a convenient medium for investigating lipidomics [6, 8].
We applied a recently described technique [9] to extract lipids from human plasma samples.
Plasma lipid extracts were then analysed using liquid chromatography electrospray ionisation
tandem mass spectrometry (LC-ESI MS/MS) to investigate how major lipid classes were
altered as a function of age. We also wished to avoid the minor APOE allele variants ε2 and ε4,
which are frequently reported disease modulators [10, 11], and given the known APOE association with plasma lipids, we particularly wished to eliminate this confounder. We therefore
selected exclusively APOE ε3 homozygous individuals to explore relationships between plasma
lipids and other anthropomorphic variables such as sex, BMI and cholesterol levels (HDL-C
and LDL-C). In younger age groups (aged 20 to 50 years), it has previously been reported that
plasma lipid levels are associated with age [8, 12], sex [8, 13] and BMI [14, 15]. We therefore
hypothesised that lipid profiles in normal healthy individuals will be associated with age, sex
and BMI during the second half of the human lifespan, and these relationships will be different
in the ‘oldest old’ who exemplify exceptional ageing.

Materials and methods
Subject cohorts
Our study sample comprised cognitively ‘healthy’ subjects (i.e. without dementia or MCI)
aged between 56–100 years (n = 100) enrolled in three independent population ageing studies,
which included the Sydney Memory and Ageing Study (MAS, n = 40), the Sydney Centenarian
Study (SCS, n = 20) and the Hunter Community Study (HCS, n = 40). These longitudinal studies involve collection of patient data, including results from blood chemistry, MRI, neuropsychiatric assessment/cognitive tests, and medical exams performed over several waves, at an
interval of 2–3 years [16–18]. Since no single study can provide plasma samples from subjects
over the entire age range required, plasma was taken from wave 1 of the three independent
cohorts in order to capture the age range of interest and enable comparison between the youngest and oldest ages. In particular, the HCS sample comprises subjects aged from 56 to 75,
residing in Newcastle, New South Wales, while the MAS sample comprises subjects aged from
75 to 90 years of age, and the SCS sample comprises exceptionally long-lived subjects aged 95
through 100 years. The study protocol for each cohort has been previously published [16–18].
The inclusion criteria included subjects enrolled in MAS, SCS or HCS, and with APOE E3/
E3 genotype. Participants who were of non-English speaking background, or who had mini
mental state examination (MMSE) scores<20, or had significant neuropsychiatric disorders,
cancer, or had cardiovascular complications were excluded from this study.
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Experimental design
To ensure adequate distributions of age, sex and BMI in the sample, as well as in joint distributions of these variables, our sample was selected as follows. From the three studies, 20 participants were selected in each age decade (55–64, 65–74, 75–84, 85–94, >94), and with
approximately equal numbers of males and females in each age group. Subjects were also
selected so that approximately half of the subjects within each age group, and also within each
sex, were in “high” and “low” BMI ranges. (These ranges were chosen so that subjects in the
low-BMI group were those with BMI in the so-called “normal” range 18–25, and those in the
high-BMI group (BMI >28) corresponding approximately to those classified as obese (defined
as BMI>29).)

Ethics approval
The SCS and MAS were approved by the Ethics Committees of the University of New South
Wales and the South Eastern Sydney and Illawarra Area Health Service (ethics approval
HC12313 and HC14327, respectively). The HCS was approved by the University of Newcastle
and Hunter New England Human Research Ethics Committees (HREC 03/12/10/3.26). All
work involving human subjects was done in accordance with the principles of the Declaration
of Helsinki of the World Medical Association. Informed consent was obtained from all participants/and or guardians.

Lipid-lowering medication
To lessen the potential effects of lipid-lowering medication on overall plasma lipids [19], we
aimed to minimise the number of the subjects on lipid-lowering medication. Nevertheless,
based on the pool of subjects available some subjects were included who were on lipid-lowering medication at the time of blood extraction. In all, 26 out of 100 subjects (14 males, 12
females) were on lipid-lowering medication, and half of these subjects were aged 85 years or
older.

Plasma collection, handling and storage
Blood collection, processing and storage were performed under strict conditions to minimize
pre-analytical variability [6, 20]. Fasting EDTA plasma was separated from whole blood within
2–4 hours of venepuncture and immediately stored at -80˚C prior to bio-banking. Samples
then undergo a single freeze thaw cycle for the purpose of creating aliquots, which minimizes
subsequent freeze thaw cycles for specific experiments. EDTA plasma was chosen as anticoagulant since it chelates divalent metals, thereby protecting plasma constituents from oxidation,
which is particularly important for lipids. Thereafter, lipid extractions were performed within
15 minutes of freeze thawing and extracts stored at -80˚C.

Targeted assays of plasma lipids
Plasma total cholesterol, LDL-C, HDL-C and TG were measured by enzymatic assay at SEALS
pathology (Prince of Wales Hospital) as previously described [21], using a Beckman LX20
Analyzer with a timed-endpoint method (Fullerton, CA). LDL-C was estimated using the Friedewald equation (LDL-C = total cholesterol—HDL-C—triglycerides/2.2).

Internal standards
Internal standards were purchased from Avanti (Alabaster, United States). An equal volume
(100pmol/10μL) of internal standards for each lipid class was added to samples and controls
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prior to lipid extraction. Internal standard peak areas were used to normalise plasma lipid
peak areas and to correct for matrix effects and run to run variability [22]. The deuterated
internal standards used were: Cer(d18:1/12:0), SM (d18:1/12:0), d5TG(d16:0/18:0/16:0) and
d5DG(19:0/19:0). The odd-carbon chain structural analog internal standards were cholesterol
ester (CE) CE(19:0), phosphatidylcholine PC(19:0/19:0), phosphatidylethanolamine PE(17:0/
17:0), and lysophosphatidylcholine (LPC) LPC(19:0).

Lipid extraction from plasma: Single phase 1-butanol/methanol
We added 10 μL of internal lipid standards mixture (described above) to 10 μL plasma in
Eppendorf 0.5 mL tubes. 100μl of 1-butanol/methanol (1:1 v/v) containing 5 mM ammonium
formate was then added to the sample. Afterwards, samples were vortexed for 10 seconds, then
sonicated for one hour. Tubes were centrifuged at 13,000 g for 10 minutes. The supernatant
was then removed via a 200 μl gel-tipped pipette into a fresh Eppendorf tube. A further 100μl
of 1-butanol/methanol (1:1 v/v) was added to the white pellet to re- extract any remaining lipids. The combined supernatant was dried by vacuum centrifugation and resuspended in 100 μl
of 1-butanol/methanol (1:1 v/v) containing 5 mM ammonium formate and transferred into
300 μl Chromacol autosampler vials containing a glass insert. Samples were stored at -80˚ C
prior to LC-MS analysis.

Liquid chromatography/ mass spectrometry
Lipid analysis was performed by LC ESI-MS/MS using a Thermo QExactive Plus Orbitrap
mass spectrometer (Bremen, Germany). A Waters ACQUITY UPLC CSHTM C18 1.7um,
2.1x100mm column was used for liquid chromatography at a flow rate of 260 μL/min, using
the following gradient condition: 32% solvent B to 100% over 25 min, a return to 32% B and
finally 32% B equilibration for 5 min prior to the next injection. Solvents A and B consisted of
acetonitrile:MilliQ water (6:4 v/v) and isopropanol:acetonitrile (9:1 v/v) respectively, both containing 10 mM ammonium formate and 0.1% formic acid. Product ion scanning in positive
and negative ion modes were performed to maximise the breadth of lipid species coverage.
Sampling order was randomised prior to analysis.

Alignment and peak detection/analysis
The raw data was aligned, chromatographic peaks selected, specific lipids identified and their
peak areas integrated using Lipidsearch software v4.1 (Thermo Fischer Scientific, Waltham
MA). Data were then exported to an Excel spreadsheet for manual processing and statistical
analysis. The raw abundances (peak areas) were normalised by dividing each peak area by the
raw abundance of the corresponding internal standard for that lipid class e.g. all ceramides
were normalised using Cer(d18:1/12:0). The intra-assay coefficient of variation (CV) was calculated by dividing the standard deviation of the normalised abundances by the mean across
lipid species. Lipid ion identifications were filtered using the LipidSearch parameters rej = 0
and average peak quality>0.85. Furthermore, identifications with CV<0.4 from repeated
injections of quality control plasma samples were included (see supporting methods in S1
Appendix).

Data analysis
Normalised peak areas for each lipid were exported to IBM SPSS 24.0 and R. Sums of normalised abundances for each lipid class/subclass were calculated and compared across age, sex and
BMI (see S1 Table for list of lipid classes and subclasses examined). The Shapiro-Wilk test was

PLOS ONE | https://doi.org/10.1371/journal.pone.0214141 March 20, 2019

4 / 22

Lipidomics of ageing human plasma

performed to assess the normality of the distribution of lipid levels. If distributions were found
to be non-normal, either non-parametric statistical procedures were used, or else variables
log-10 transformed to more closely approximate the normal distribution (in the case of ordinary least squares regression). Since these variables tended to violate normality (p<0.05), the
Mann-Whitney U test (non-parametric equivalent of Student’s t-test) was used to compare
lipid class abundances between pairs of groups, such as by sex, lipid lowering medication
usage, and binary BMI group, while the Kruskall-Wallis test (non-parametric equivalent of
ANOVA) was used to examine the statistical significance of relationships with categorical variables with more than two levels, particularly differences in lipid abundance by age decade.
Pearson’s product moment coefficient was used to calculate the correlations between normalised abundances of lipid classes and LDL-C, HDL-C and total cholesterol. Hierarchical clustering was used to group lipid classes with similar patterns of correlations with other lipid classes.
The lipid classes were then ordered by group in the correlation matrices. The agglomeration
method used in hierarchical clustering was “complete linkage” with Euclidean distance metric.
This method identifies clusters of lipid classes that have similar correlations with other lipid
classes.
Factor analysis was applied in order to reduce multiple dependent variables (lipid classes)
into a smaller set of factors that combines the maximum common variance of these variables.
Individual lipid classes were factor analysed using principal component analysis and direct
oblimin rotation with Kaiser normalisation, yielding two factors, explaining 64.7% of the variance for the entire set of variables. The component scores were used as dependent variables for
further regression analyses. Ordinary least squares linear regression was used to examine the
effects of age, sex and BMI on normalised lipid abundances. A product term representing the
interaction between age and sex was also included in the models. Thus we modelled normalised lipid abundance as a linear combination of age, sex, BMI and age by sex interaction. Age
was centred at 75 years (i.e. true age minus 75 years) to reduce collinearity between age and
the interaction between age and sex. For these analyses, those dependent variables found to be
non-normal were log10-transformed to reduce skewness and so more closely approximate the
normal distribution. In these analyses, sex was coded as male = 0 and female as 1. So, with the
interactions of age and sex included in the models, the regression coefficient of age represents
the relationship for males. We then repeated this regression analysis by recoding the sex as
male = 1 and female = 0 in order to isolate the effect of age on lipids in females only, thus providing analyses of associations between lipid abundances and age, stratified by sex. We corrected levels of statistical significance for multiple testing using the Benjamini-Hochberg false
discovery method [23].

Lipid shorthand notation
For each lipid class/subclass analysed, specific lipids are named according to LIPID MAPS
convention [24], with slight modification to denote summation of lipids of a particular class/
subclass. We have applied the following shorthand notation: Cer(d18:1/X) refers to the sum of
all Cer with an 18:1 fatty acid in the sn-1 position, while CE(18:X) refers to the sum of all CE
with an 18 carbon chain length.

Results
Participant demographics
A summary of the demographics and lipid profile of the five age decades used in this study is
shown in Table 1. The overall statistical test for inequality of years of education was not significant (p>0.05). The mini-mental state examination (MMSE) score was lower for the 95+ age
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Table 1. Patient characteristics and lipid profiles by age decade.
56-<65 yrs

65-<75 yrs

75-<85 yrs

85-<95 yrs

95+ yrs

Chi-square

19

20

20

20

N/A

Age 58.5 (2.6)

68.4 (2.3)

79.1 (2.9)

87.1 (1.9)

96.6 (1.4)

94.8�

BMI 28.9 (5.2)

27.5 (5.3)

28.3 (5.0)

27.9 (5.2)

26.6 (5.8)

2.459
2.029

N 21

Lipid-lowering medication 2 (9.5%)

5 (26.3%)

6 (30%)

8 (40%)

5 (25%)

Years of Education 12.3 (1.9)

11.4 (2.3)

11.25 (3.8)

10.6 (4.3)

10.1 (2.8)

9.076

MMSE score 28.7 (1.1)

27.8 (1.2)

29.1 (0.8)

29.3 (0.73)

26.0 (3.5)

25.94�
3.951

0.88 (0.08)

0.92 (0.06)

0.94 (0.11)

N/A

LDL-C (mmol/L) 3.37 (0.79)

WHR 0.89 (0.11)

3.06 (1.0)

2.85 (0.9)

3.22 (1.19)

2.94 (1.06)

2.840

HDL-C (mmol/L) 1.38 (0.35)

1.37 (0.38)

1.4 (0.29)

1.38 (0.39)

1.47 (0.38)

0.539

5.13 (1.0)

4.77 (1.0)

5.21 (1.32)

4.93 (1.10)

4.384

1.29 (0.82)

1.09 (0.49)

1.34 (0.75)

1.13 (0.42)

1.348

Total Cholesterol (mmol/L) 5.39 (0.7)
Triglycerides (mmol/L) 1.33 (0.97)

Abbreviations: body mass index (BMI), mini-mental examination (MMSE), waist-hip ratio (WHR), low density lipoprotein cholesterol (LDL-C), high density
lipoprotein cholesterol (HDL-C).
Values represent mean (SD).
�

p<0.05
Kruskall Wallis test was used for all variables except the use of Lipid-lowering medications, in which case the Chi-square test for equality of proportions was used.
https://doi.org/10.1371/journal.pone.0214141.t001

group compared to younger age groups (p<0.01, Kruskall Wallis test), except for the 65–75
age group. The waist-hip ratio (WHR) was reported for subjects in the HCS and MAS studies
(data unavailable for SCS) and was not significantly different between age groups. The levels of
LDL-C, HDL-C, total cholesterol and TGs were also not significantly different between age
groups (p>0.05, Kruskall Wallis test), nor cohorts (S2 Table).
Comparing subjects by sex (S3 Table), age, BMI and years of education of males and
females in our study were not statistically different (p>0.05, Mann-Whitney U test), though
WHR was significantly higher in males (p<0.001). Females also had higher LDL-C, HDL-C
and total cholesterol levels compared to males (p<0.05).

Effect of lipid-lowering medication on lipids
Subjects on lipid-lowering medication had lower total cholesterol, LDL-C, and triglycerides
(p<0.05, Mann-Whitney U-test). By contrast, these subjects had higher HDL-C levels, and significantly higher HDL-C to LDL-C ratio (HLR) (Fig 1A), and had lower levels of Cer(d18:0/X)
(dihydroceramides) and trended lower Cer and CE(18:X) levels (p = 0.07) compared to their
drug naïve counterparts (Fig 1B). There were no other significant differences in the abundance
of other lipid classes by lipid-lowering medication.

Correlations of LDL-C, HDL-C and total cholesterol with lipid classes
Pearson correlations of LDL-C, HDL-C and total cholesterol with lipid classes are shown in heatmap form (Fig 2A). LDL-C and total plasma cholesterol were significantly and positively correlated with total Cer(d18:1/X) species, as well as total SM(d18:1/X) species (r = 0.45 and 0.40 for
LDL-C with Cer and SM respectively, p<0.001, and r = 0.46 and 0.42 for cholesterol with Cer and
SM respectively, p<0.001). All other correlations were not significant (p>0.05). The only significant correlations of HDL-C with lipid class were negative correlations with DG and TG, (r = -0.33
and r = -0.23, respectively, p<0.05). TGs were significantly correlated with total DG levels
(r = 0.68, p<0.001). Most lipid subclasses were positively inter-correlated, especially within a class,
except for PS, which was not associated with DG, TG or most phospholipids (Fig 2B).
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Fig 1. Lipid-lowering medications and plasma lipids. Effect of lipid-lowering medication usage on a) concentrations (mmol) of cholesterol, LDL-C
and HDL-C, triglycerides and HLR (� p<0.05, Mann-Whitney U test) and (b) on normalised lipid abundances for lipid classes.
https://doi.org/10.1371/journal.pone.0214141.g001
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Fig 2. Correlation matrices of traditional lipid measures and lipid classes. (a) Correlation matrix of cholesterol,
LDL-C, HDL-C and triglyceride levels with LC-MS measured lipid classes; numbers show 2-digit rounded correlation
values; dendrograms represent the hierarchical clustering of lipid classes according to their correlation measures. All
correlations above r = 0.30 are considered significant at the p = 0.05 level. (b) Correlation matrix of lipid classes with
each other ordered by hierarchical clustering to group together the correlated lipid classes. Heatmap scale represents
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correlation strength, with red and blue for positive and negative correlations respectively. All correlations above
r = 0.30 or below -0.30 are considered significant at the p = 0.05 level.
https://doi.org/10.1371/journal.pone.0214141.g002

Principal component analysis of lipid classes
Principal component analysis yield two factors (see Table 2 for the factor pattern matrix). The
correlation between the two factors was 0.40. The first factor (FAC1) is likely linked to LDL-C
and ApoB particles, since the factors that loaded strongly to it included Cer, SM, as well as
LPC and PE, while the second factor (FAC2) is likely linked to TG-rich VLDL due to high
loadings by DG, TG and PC. These two factors explained 51.6% and 13.0% of the variance
respectively.

Age decade comparisons of lipid abundances
Upon comparing abundances by age group, subjects from the oldest age decade (subjects from
the SCS aged 95+) had significantly lower lipids for all lipid classes examined relative to all
other age groups (Fig 3, p<0.05, Kruskall Wallis test and post-hoc pairwise Mann-Whitney U
tests), with the exception of DG lipids and their subclasses. Negative relationships of lipids by
raw age are also shown in S1 Fig, and in S4 Table.

Linear regression
Multiple linear regressions were applied to model lipid abundances using age centred at 75
years of age (age c75) as independent variables and BMI, sex and the interaction of age with
sex as control variables (Table 3). Since the distributions of lipid abundances were found to be
positively skewed, they were first log10 transformed to more closely approximate the normal
Table 2. Principal component analysis: Component pattern matrix.
h2

Component
1

2

SM(d18:1/X)

Lipid Class

.940

-.152

0.793

LPC

.871

-.208

0.656

Cer(d18:1/X)

.809

.051

0.689

Cer(d18:0/X)

.783

.075

0.666

PE(16:0/X)

.698

.326

0.776

CE(20:X)

.683

.204

0.619

PE(18:0/X)

.672

.395

0.82

CE(18:X)

.666

.239

0.689

PS

.521

-.040

0.256

DG(18:0/X)

-.291

.871

0.641

DG(16:0/X)

.041

.821

0.703

DG(18:1/X)

.151

.760

0.692

PC(18:0/X)

.215

.639

0.565

TG

.348

.586

0.627

PC(16:0/X)

.354

.537

0.566

Factors were extracted by principal component analysis and solution rotated by to simple oblique structure with
Kaiser normalisation. Loadings are displayed for each factor/component. Percentage of variance explained = 64.7%.
h2 = communalities (proportion of each variable’s variance explained by the factors, defined as the sum of squared
factor loadings for each variable).
https://doi.org/10.1371/journal.pone.0214141.t002
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Fig 3. Boxplots of lipid class normalised abundance across age groups. The 95+ group had significantly lower abundance compared to
younger age groups (Kruskall Wallis test and pairwise Mann Whitney U-tests, p<0.05) for all lipid classes with the exception of DG lipids and
subclasses.
https://doi.org/10.1371/journal.pone.0214141.g003
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Table 3. Regression models of log-10 transformed lipid abundances as a function of age, BMI, sex and age by sex interaction.
Plasma Lipid Category

B Agec75 Fa

B Agec75

B BMI

Cer(d 18:0/X)

-0.013���

-0.008���

Cer(d 18:1/X)

���

��

���

CE(18:X)
CE(20:X)
CE

-0.009

���

-0.014

���

-0.015

���

-0.014

-0.005
-0.011

���

-0.01

���

-0.011

B Sex

B Interaction
Sex × Agec75

R Squared

0.019

0.007��

0.32���

-0.005

0.038

†

0.25���

†

-0.002

0.005

-0.003

0.003

0.47���

��

-0.005

��

0.47���

��

-0.001

0.004

0.47���

-0.08

��

0.014

0.09�

0.007
0.009
0.008

0.006

���

0.002

DG(18:0/X)

†

-0.007

0.007�

0.004

-0.027

0.014��

0.06�

DG(18:1/X)

-0.009��

-0.001

0.001

-0.044

0.008†

0.05†

��

0.08�

DG(16:0/X)

DG
LPC
PC(16:0/X)
PC(18:0/X)
PC(34:X)

-0.012

0.003

���

0.001

0.002

-0.046

���

���

��

-0.006

0.002

0.39���

0.002

��

0.06�

��

0.16���

��

0.21���

��

0.006

0.30���

-0.01
-0.011

-0.009

��

-0.001

���

†

-0.005
-0.01

���

-0.008

���

-0.003

�

-0.004

-0.007

-0.004
0.002
-0.001

�

-0.003

0.001

-0.002
-0.008

0.005

0.007
0.004

PC(38:X)

-0.009

PE(16:0/X)

-0.011���

-0.005��

-0.002

0.01

0.006��

0.35���

PE(18:0/X)

-0.011���

-0.004�

-0.001

0.026

0.006��

0.36���

���

���

0.002

-0.03

†

0.37���

†

-0.005

0.011

0.009

0.11���

���

-0.002

0.04

0.001

0.33���

���

-0.001

0.037

-0.00003

0.33���

-0.014

��

0.007

0.21���

PE
PS
SM(d 18:1/X)
SM
TG

-0.011

-0.007

���

-0.02

���

-0.007

���

-0.007

���

-0.012

-0.01
-0.008
-0.007

†

0.003

-0.004

-0.001

0.01

0.004

Principal Component Analysis Exploratory Factors
FAC1

-0.066���

-0.042���

-0.009

0.053

0.024��

0.55���

FAC2

-0.042���

0.007

0.016

-0.098

0.049��

0.14���

Plasma lipids were log10-transformed to reduce skewness of dependent variables. B represents unstandardized regression coefficients. Agec75 is age centred at 75 years
(i.e. actual age– 75 years). R squared is the adjusted R squared value. Interaction refers to the product term Agec75� Sex. Factor scores (FAC1 and FAC2) were derived
from principal component analysis of lipid class variables. Sex was coded male = 0; female = 1. Hence positive regression coefficients for the interaction terms indicate
stronger negative effects of age for males.
a
Regression coefficients were also calculated separately for females by recoding female = 0, male = 1. Thus B Agec75 F represents the effect of age on lipids in females
only, compared against B Agec75 which represents the effect of age on lipids in males only.
p<0.10
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https://doi.org/10.1371/journal.pone.0214141.t003

distribution. All lipid classes were significantly and negatively affected by age from 56–100
years (p<0.05), with the exception of DG(18:0/X) (p<0.10), while DG(18:1/X) did not yield a
significant model (p>0.05).
BMI was significantly associated with increased CE (p<0.05, and p<0.10 for CE(18:X)),
and decreased LPC (p<0.05), though there were no overall no statistically significant relationships with the other lipid classes. None of regression coefficients representing the main effects
of sex were statistically significant (note that, since a sex by age interaction term was included
in the model, these regression coefficients represent the effects of sex at the centred value of
age, namely at age 75). To assess sex differences in the relationship between age and lipid classes, we included a product term to represent the interaction of age with sex. While sex was not
significant for all classes at age 75, there were significant positive interactions of age with sex

PLOS ONE | https://doi.org/10.1371/journal.pone.0214141 March 20, 2019

11 / 22

Lipidomics of ageing human plasma

Fig 4. Boxplots of lipid normalised abundances for specific sphingomyelins and phospholipids. Note phospholipids presented were taken from subjects
aged over 75 years by sex; p-values derived based on Mann-Whitney U test.
https://doi.org/10.1371/journal.pone.0214141.g004

for Cer, DG, TG, PC and PE subclasses, as well as CE(20:X), suggesting the negative effect of
age was stronger in males (p<0.05). In addition, we determined sex-specific effects of age on
the lipidome by recoding the sex term (swapping males and females) to isolate regression coefficients of age for females only (Table 3). This confirmed stronger negative effects of age on lipids in males compared to females for most lipid classes. In general, the combined effect of all
variables in the equation explained from 6% up to 47% of the variance in each model.
We also examined as dependent variables the two sets of component scores the two factors
derived from principal component analyses. The overall models were significant, with component scores FAC1 and FAC2 both significantly and negatively associated with age, and with
positive and statistically significant age-sex interaction, with the predictor variables in combination explaining 56% and 14% of the total variance of FAC1 and FAC2, respectively.

Associations of sex with lipid classes
Our regression model (Table 3) did not find independent sex differences between lipid classes
(all p>0.05). However, we did find individual species of SM were higher in females than in
males (Fig 4, p<0.05, Mann-Whitney U test). In particular, SM(d18:1/24:2) and SM(d18:1/
23:1) were higher in females than males, and SM(d18:1/25:3) trended higher in females
(p = 0.07). Among subjects aged over 75 years, females also had higher levels of DHA–containing phospholipids including PE(18:0/22:6) and PC(18:0/22:6) in positive mode, and PE(18:1/
22:6), and PE(16:0/22:6) in negative mode, with PI(16:0/22:6) trending higher but not reaching
significance (Fig 4, p = 0.06).
Additionally, among females, PC(18:0/22:6), PE(16:0/22:6), PE(18:0/22:6) and PE(18:1/
22:6) correlated with enzymatically assayed TG levels (r = 0.48, 0.48, 0.59 and 0.43 respectively,
p<0.01), while PE(16:0/22:6), PE(18:0/22:6) and PE(18:1/22:6) were also negatively correlated
with LDL-C levels (r = -0.37, -0.35, and -0.46 respectively, p<0.02) independent of age and
BMI.
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Discussion
Our study examined how plasma lipids are differentially associated with ageing, sex and BMI
during the second half of the human lifespan in APOE ε3 homozygous individuals. Our untargeted LC-MS experiment, using a cross-sectional approach, detected a general decline in
plasma lipid metabolites among older participants, especially in the oldest subjects aged
between 95 to 100 years. Furthermore, we found some sex specific differences in lipid profiles,
particularly in levels of specific SMs and DHA-containing phospholipids. Surprisingly, few
associations of lipid level and BMI were identified.
Untargeted metabolomics approaches have commonly been used to identify relative changes
in the plasma lipidome in health and disease [2, 8]. Previous studies have identified associations
of plasma lipid profiles with age, in age brackets up to about 65 years of age. For example, one
study focusing on individuals aged between 20–65 years [12], found that the concentrations of
100 metabolites are differentially altered with age, with fewer lipids noted to differ by sex and
race. Selected lipid metabolites, including fatty acids and cholesterol were increased in concentration in subjects aged between 51–65 years of age compared to younger subjects. The study
also reported higher levels of lipid metabolites in females compared to males, independent of
age, indicating potential sex related differences. Another study described changes in concentrations of plasma lipids between two age groups, a young (25–35 years) and an old (55–65) age
group [8]. In males and females, eight and 89 lipids, respectively, showed significant associations with age. Thus, the study indicates that a majority of lipids remain stable with age, especially in males, while some lipids may be increased from young through to middle age.

Age–specific differences in lipid profiles
There is a major point of difference between the present study and previous work, in that we
focused on individuals from 56 up to 100 years of age (mean = 77.8), while most published
work report a maximum age of 65. Herein, we have investigated the plasma lipidome during
the second half of the human lifespan, including a cohort of subjects aged 95 and above
enrolled in the SCS [17]. These extreme aged subjects are important as they represent a model
of successful ageing [25], typically surviving 20 years longer than the average life expectancy.
The mechanism(s) which confer this extreme longevity are unclear, and possibilities include
(i) lower incidences of serious diseases and risk of morbidity compared to younger cohorts
[25–27], (ii) a surplus of protective mechanisms which either circumvent the impact of stressors or else confer resilience in spite of disease or the impact of stressors or (iii) “compression
of morbidity” [26]. Investigating the lipidome of aged and super-aged individuals may identify
indices related to healthy ageing, where certain blood-borne factors may be implicated in longevity [28], especially as lipids have previously been linked to age-related disease and brain
ageing [2, 6, 29]. Furthermore, there is evidence that centenarians are likely to have unique
and heritable genetic makeup that predisposes them to a longer life [30, 31]. These genetic protective factors may manifest in altered lipid composition or lipoprotein particle size [32],
although modifiable lifestyle factors, such as diet, also play a role in longevity and regulation of
lipid homeostasis [30].
The results of our study suggest that there is a universal decline in the plasma concentration
of all major lipid classes during the second half of the human lifespan in healthy individuals. In
particular, the concentration of plasma lipids was lowest in the 95+ age group, irrespective of
lipid class. Interestingly, this particular group of extreme aged individuals were largely taken
from the SCS and markedly reduced lipid concentrations compared to all other (younger) age
groups, which we further confirmed using linear regression models by age. In contrast with
previous studies which compare young adults to middle aged adults, where lipids are generally
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reported to be increased with age [8, 12], in our cohort of much older individuals, the trend is
to a plateau or slight lowering of plasma lipid levels in middle to older age, and a marked drop
in the centenarian age bracket. Our data suggest that the lipidome in ‘oldest-old’ people could
differ substantially to that observed in middle-aged adults, possibly with a reversal to patterns
seen among younger subjects [33], though data in younger subjects is required for direct
comparison.
Various studies have indicated a lipidomic signature predictive of longevity [33, 34]. For
example, longevity has been specifically associated with reduced concentrations of plasma long
chain free fatty acids in mammals, especially polyunsaturated fatty acids. A distinct lipidomic
signature for ageing has also been identified in humans, where a lower double bond index, or
reduced lipid peroxidisability of fatty acids was found to correlate with increasing longevity
[35]. These differences were only noted in subjects aged over 95 years, and not in elderly subjects with a mean age of 75 years [33], thus necessitating the study of the human lipidome into
extreme age to fully uncover these age specific effects. Additionally, it is important to examine
functional consequences of lipid and lipoprotein modulating gene variants, which have previously been identified in genomic studies [36].
Other studies comparing centenarians against elderly subjects (mean age = 70 yrs) from
Northern Italy [7, 34] found SM to be elevated in centenarians, while some phospholipids
were also different between groups. In contrast, we found an overall reduction of SM species
with extreme ageing. These differences could be related to the fact that the centenarians sampled in the Montoliu study [7] focused largely on females, in which we found SM and LDL-C
levels to be elevated compared to males. Secondly, the data is derived from an ageing population in Northern Italy, where dietary, lifestyle and genetic influences could be substantially different from that of the typical older Australian recruited in the SCS [17]. Also, we stratified for
APOE ε3 homozygous individuals while it is unlikely this study selected for APOE genotype.
However, the Montoliu study did find that most other phosphocholines were significantly
decreased in the elderly [7], which mirrors our overall findings.
We further showed that plasma lipid levels may be predicted by a linear combination of
age, BMI, sex and the interaction of age and sex, and this is lipid class dependent. In particular,
all lipids apart from DG(18:0/X) covaried with age. DG lipids had the lowest variance
explained and this may be a result of an inverted U-shaped trajectory across age (Fig 2).
Although the sex term was not significant for any lipid class, significant interactions of age
with sex for Cer, phospholipids, DG and TG indicate that some lipid classes could decline with
age differently between the sexes, with a steeper decline among males, also confirmed by the
more negative regression coefficients for age in males compared to females. We were also able
to factor-analyse lipid classes using principal component analysis to identify two factors
explaining most of the variance, which are likely related to LDL or ApoB, and TG-rich VLDL.
As with individual lipid classes, both factors when entered into our linear regression model
were significantly and negatively associated with age, as well as age-sex interaction, such that
females had higher levels of lipids compared to males. The results are consistent with previous
findings from a study in individuals aged from 50–55 years where females had increased levels
of ApoB to overtake that of males. Previously, our laboratory also showed that apolipoprotein
expression is altered in older individuals, with most plasma apolipoproteins being reduced in
older subjects, but are also higher among females compared to males over the age of 55 [37].
Therefore, it is possible that the decline in plasma lipids could be related to marked changes in
circulating lipid transporters and carrier proteins in older age. Other mechanisms such as
altered hepatic lipid metabolism, expression of LDL receptors, and intestinal uptake of lipids is
known to affect plasma lipid profiles in middle aged adults under the age of 60 [38–40], though
this may be different in older aged adults.
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Impact of lipid-lowering medication on lipid profiles
One potential confounder is that some of the subjects taken from the SCS were also on lipidlowering medication. Our analysis revealed that subjects on lipid-lowering medication had
reduced LDL-C and total cholesterol, and increased HDL-C. Nevertheless, even after excluding these subjects from analysis, the negative association of lipid levels with age was preserved.
In fact, there were more subjects on lipid-lowering medications in the 85-<95 group compared to the 95+ group (n = 8 vs n = 5 respectively). We note that many ageing studies fail to
report the use of lipid-lowering medication in their subjects and the potential effect this might
have on lipid profiles. In any case, our data suggest that while lipid-lowering medication can
alter lipid profiles, namely LDL-C, HDL-C and total cholesterol, an age-related reduction in
plasma lipids may be independent of these effects, though only a small number of subjects
were on lipid-lowering medication in our study.

Sex–specific differences in lipid profiles
Previous studies in younger subjects have shown substantial sex differences in the plasma lipidome [8, 13]. Our results confirm that some sex differences hold up even in this older age
range. Of note, we found significant sex differences in the levels of particular lipids in the SM,
PC and PE families. In particular, SM(d18:1/23:1) and SM(d18:1/24:2) were elevated in
females, which has previously been reported [8, 41] and could potentially be accounted for by
differences in LDL-C cholesterol levels. We found that elderly females have higher levels of
LDL-C, HDL-C and total cholesterol compared to elderly males and this could be linked to
increased levels of apoA-I and apoB in females [37, 42]. However, there is some variance in the
literature on this topic, since another study found that males had higher LDL-C levels compared to females in subjects aged under 55 years, although among females, LDL-C and apoB
levels increased post-menopause [42, 43]. Additionally, it has been suggested that physical
activity could confer greater benefits towards increasing HDL-C levels among middle aged
and elderly females [44] compared to similarly aged males. If so, this necessitates differential
approaches to treatment and prevention of dyslipidaemia and atherosclerosis between sexes,
such as lipidomic screening of postmenopausal women [43].
DHA-containing fatty acids in plasma phospholipids, such as PE(18:0/22:6), PE(16:0/22:6)
and PE(18:1/22:6) and PC(18:0/22:6), were also reduced in males aged over 75 years, relative
to females, an observation also reported in previous studies [8, 45]. This is potentially attributable to differences in liver expression of enzymes involved in DHA biosynthesis, particularly
desaturases and elongases [46]. Whether this confers a difference in longevity between sexes is
still unclear, though we were able to show a negative correlation between some of these phospholipids with triglyceride and LDL-C levels among females, which could be indicative of an
anti-atherogenic profile in extreme aged females. Additionally, DHA is considered vital in
maintaining brain health and cognition [47], and higher levels of phospholipid DHA has been
shown to be associated with decreased mortality due to late-life disease [48].
In young females, levels of sphingolipids and cholesterol are increased from young age to
middle age, and this effect is elevated when contraceptives are used [49], suggesting a strong
interplay between sex hormones and lipid levels. Given that our cohort features solely postmenopausal women, lipid differences by sex appear to persist in older age. Previous studies
have reported that postmenopausal women typically have a more pro-atherogenic lipid profile
compared to pre-menopausal women [49, 50]. There were no other sex differences in lipid levels apart from LDL-C, HDL-C, total cholesterol, various species of SM and DHA-fatty acid
containing PL levels, although we did note that the decline of lipid levels with increasing age
may be different between sexes. In particular, the significant interaction of age with sex and
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stronger negative regression coefficients of age in males in our regression models indicate that
males tend to show a steeper rate of decline in lipids (especially phospholipids) with age compared to females. While the mechanism is unclear, it could be related to inherent differences in
metabolism between sexes, where males tend to oxidise lipids faster than females [51], as well
as the effects of menopause and hormone replacement therapy [52]. Genetic and epigenetic
factors could also be involved, as some lipids are associated with familial longevity among
female offspring of nonagerians [53]. Overall, our results indicate plasma lipidomic changes
with age is modifiable by sex in healthy individuals, and it is likely that sex also impacts on the
lipidome in age-related diseases such as Alzheimer’s disease, modifying risk and severity [54–
57].

BMI association with lipids
One surprising finding was the minimal association between BMI with most lipid classes studied. While high BMI is typically associated with obesity and related conditions such as diabetes
and cardiovascular disease, the exact relationship between BMI and lipid levels in ‘healthy’
individuals remains unclear. Some studies have shown a lack of association between LDL-C
and higher BMI. For example, Manjareeka, Nanda [58] found that BMI had a very weak association with LDL-C, HDL-C and total cholesterol [58], with no discernible differences between
normal (BMI = 20–25 kg/m2) and overweight or obese subjects (BMI>25 kg/m2). The authors
suggested that BMI may not be an accurate indicator of fat mass since measured weight does
not discriminate between lean and fat mass. BMI also does not take into account intrinsic differences in fat mass between sexes, and at different ages [59, 60]. In particular, BMI tends to
overestimate fat mass in males and underestimate fat mass among the elderly, which could
complicate our understanding of our results in relation to the elderly. Another study comparing monozygotic twins with notable BMI differences of at least 4 kg/m2 found that obesity is
associated with increases in lysophosphatidylcholines, while some other lipid classes, such as
SM, remained largely unchanged among twin pairs [15]. A similar BMI difference is defined
in our groups (18–25 vs 28+) but we found surprisingly few associations of BMI with lipid
class. In particular, we did not find any differences between BMI groups (<25 vs 28+) and
regression analysis only showed a significant association of BMI with increased CE levels and
reduced LPC levels after controlling for age and sex. The findings regarding LPC levels contradicts the above study, but there is variance in the literature regarding the LPC and obesity,
where other studies suggest lower LPC levels is correlated with obesity, insulin resistance and
BMI [61, 62]. The apparent contradiction may be due to the vast age differences in the various
studies, with the study of twins undertaken in young subjects under the age of 30 years, while
other studies of obesity and type II diabetes recruited middle-aged subjects up to the age of 60
years, which is an age range closer to that of our study. Our study is one of the first lipidomics
studies of BMI in older aged individuals, and we found minimal associations of lipids with
BMI, apart from an increase in CE and a reduction in LPC.

Limitations
Although our study provides a good overview of lipidomic changes that are associated with
age, sex and BMI in older individuals, there are also some limitations: (i) we focused on subjects aged over 55 years, which prevents direct comparisons with younger and middle aged
adults; (ii) a largely Caucasian population living in South-eastern Australia was used, so caution must be taken when interpreting results against that of studies in non-Caucasian subjects,
where racial differences may be evident [44]; (iii) our sample size of 100 subjects, split by sex,
is modest from a statistical standpoint (though similar or even larger than some studies
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reported in the literature). Ideally, a larger range of subjects in the order of several hundred
subjects should be used to increase power; and (iv) most studies, including the present study,
use cross-sectional designs and may therefore be influenced by cohort effects. We suggest that
further studies should be conducted in a longitudinal setting to fully understand intra-individual variation in lipids with age, although longitudinal studies over several decades are generally
impractical unless historical samples are available.
The question then remains as to the potential mechanism behind the global decline in lipids
noted in subjects from the SCS cohort. Our study is limited in that we did not include subjects
over the age of 95 from any other cohorts, and thus it is difficult to ascertain whether the sudden decrease in lipids noted in the 95+ group could potentially be a specific cohort effect rather
than an age effect. Even so, all participants were sampled from Eastern Australia with similar
socio-economic backgrounds and we attempted to control for other patient variables as much
as possible so that they were similar between cohorts (S2 Table). Furthermore, the blood collection process performed is routine for all studies and analysis of samples was performed at
wave 1. We previously used the same cohorts with a larger number of subjects to quantify apolipoproteins among participants aged from 55–100 and found changes in most apolipoproteins
with age consistent with the lipidomics data gathered here [37]. Our results indicate that the
SCS is a unique cohort with a significant reduction in lipid levels likely a result of advanced
age [26], but further work is required to verify this.
Another limitation is that we largely used total lipids within a class/subclass in order to simplify analysis, with arbitrary grouping according to total number of carbons or double bonds.
Nevertheless, we uncovered a great deal of redundancy in that many individual lipid species
and subclasses of a single class behaved similarly with respect to age and sex, and were also
largely inter-correlated. This suggests that summing lipids as a group could be a simple and
efficient way to analyse global lipid changes, although it is important to note particular species
of lipids within a class may have distinct functions, and could be differentially implicated for
some conditions. Indeed, although we found total SM(d18:1/X) was not significantly different
between males and females across age, some individual SM(d18:1/X) species were different
based on sex. Our study covered a large range of different lipid classes found in plasma, though
further coverage of the lipidome is possible through other analytical techniques, such as
nuclear magnetic resonance spectroscopy (NMR) [7, 34], and GC-MS [12, 33, 35]. Finally, we
emphasise that as this is a basic research study (and not an epidemiological study) as the subject group was comprised of healthy individuals and we removed the APOE allele confounder
by selecting individuals with the APOE E3/E3 genotype. We acknowledge that this approach
could have a bearing on the abundance of lipids uncovered, especially as the APOE genotype is
a common risk factor for age related diseases such as Alzheimer’s disease [10] and late life cognitive decline [21, 37, 56]. Even so, we expect our results to be largely reflective of ageing in the
general eastern Australian population, with >70% being APOE ε3 homozygous, and furthermore, the prevalence of APOE E3/E3 genotype is typically enhanced in older subjects relative
to APOE ε4 carriers [63]. In addition, focusing on a single and common APOE genotype
increases the power of our study where we would otherwise have to statistically control for this
variable. In future work, we intend to survey the impact of APOE genotypes on lipid profiles.

Conclusions
Our untargeted lipidomics approach using plasma from 100 healthy subjects aged from 56 to
100 indicates a universal reduction in lipid profiles in older subjects independent of sex and
BMI, which is especially apparent in the oldest subjects over 95 years of age. Our study also
suggests that the lipid profile with age is substantially different in the elderly population
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compared to previous reports in young and middle aged adults. There were fewer sex related
differences in lipids, which included higher levels of specific SMs and DHA-containing phospholipids, as well as LDL-C, HDL-C and total cholesterol among females. Also, the reduction
of most lipids in older age was strongest among males. BMI was only associated with increased
CE and reduced LPC. Results of our small study highlight the importance of understanding
and accounting for natural variation in the plasma lipidome in experimental designs. Further
studies in larger independent cohorts are recommended to clarify and validate these findings,
which could highlight important processes involved in healthy ageing and longevity.
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