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Abstract. Alzheimer’s disease (AD) is a neurodegenerative disorder lacking early biochemical diagnosis and treatment.
Lipids have been implicated in neurodegenerative disorders including AD. A shotgun lipidomic approach was undertaken
to determine if lipid biomarkers exist that can discriminate AD cases from controls. The discovery study involved sera from
29 different stage AD cases and 32 controls. Lipid extraction was performed using organic solvent and the samples were
directly infused into a time-of-flight mass spectrometer. Differences between AD cases and controls were detected with 87
statistically significant lipid candidate markers found. These potential lipid markers were reevaluated in a second confirmatory
study involving 27 cases and 30 controls. Of the 87 candidates from the first study, 35 continued to be statistically significant
in the second confirmatory set. Tandem MS studies were performed and almost all confirmed markers were characterized and
classified. Using a Bayesian lasso probit regression model on the confirmed markers, a multi-marker set with AUC = 0.886
was developed comparing all stages of AD with controls. Additionally, using confirmed biomarkers, multi-marker sets with
AUCs >0.90 were developed for each specific AD Clinical Dementia Rating versus controls, including the earliest stage of
AD. More conservative and likely more realistic statistical analyses still found multi-marker sets that appeared useful in
diagnosing AD. Finally, using ordinal modeling a set of markers was developed that staged AD accurately 70% of the time,
p = 0.0079. These results suggest that these serum lipidomic biomarkers may help diagnose and perhaps even stage AD.
Keywords: Alzheimer’s disease, biomarkers, diagnosis, disease staging, lipidomics, mass spectrometry

INTRODUCTION
Alzheimer’s disease (AD) is a progressive neurodegenerative disorder and the most common cause
of age-related dementia [1, 2]. As many as 25 million
people worldwide may have AD with more than 4
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million new cases reported every year [3]. General
risk factors for AD include age, female sex, and certain genetic backdrops. However, the actual risk of
an individual to develop AD cannot be determined
currently. This in turn has limited drug trials.
Several hypotheses exist for AD etiology. The most
common theory proposes that increased amyloid-␤
protein (A␤) deposits, resulting from the cleavage
of amyloid-␤ protein precursor by ␤-secretase and
␥-secretase, lead to amyloid plaque formation and

ISSN 1387-2877/17/$35.00 © 2017 – IOS Press and the authors. All rights reserved

278

S. Anand et al. / Diagnostic Serum Lipidomic AD Biomarkers

AD [4]. However, recent results from a clinical trial
of a drug targeting A␤ accumulation did not reduce
AD progression [5]. Another hypothesis proposes
the cause to be formation of neurofibrillary tangles
of abnormally phosphorylated tau protein leading to
loss of synapses and neurons with the resulting AD
sequelae [6].
Mild cognitive impairment (MCI) precedes AD
but also occurs with other types of dementia. The
definitive diagnosis of AD can only be made by postmortem histopathological analysis. Currently, the
clinical diagnosis of AD is still subjective and based
on neuropsychological evaluation, including memory tests, and in the research setting neuroimaging.
Early diagnosis is challenging, although clinical centers specializing in AD appear better able to identify
subjects with MCI that will progress to AD, but more
generally accuracies vary from 20–100% [7].
More quantitative methods of AD diagnosis
exist but are not routinely used. These include
fluoro-deoxyglucose positron emission tomography
(FDG-PET) to assess reduced glucose metabolism
[8], magnetic resonance imaging (MRI) to determine
hippocampal volume, [9], and PET using ligands
such as Pittsburgh compound B (11 C-PIB) that bind
A␤ plaques [10, 11]. Other ligands, e.g., (S)-[18 F]THK5117, target tau aggregates and may be useful
[12]. Some of these techniques are quite sensitive but
are not routinely used due to their clinical complexity,
risk and substantial expense [13].
Studies of A␤ and phosphorylated tau levels in
cerebrospinal fluid have found them to be reasonably
accurate for mid to late stage AD but of limited use
in early stage AD [7]. Blood levels of tau protein are
below the detection limit for many assays [14], and
the measurement of serum or plasma A␤ peptide has
provided poor diagnostic value for AD in a number of
studies [15, 16] and do not correlate with the severity
of dementia [17]. While there is a clear increase in AD
risk for individuals having the apolipoprotein E 4
(ApoE4) allele or alleles, ApoE genotyping provides
unacceptably low predictive values [18].
Currently then, there are as yet no accepted
serologic or radiologic tests to diagnose AD,
most especially early stage AD. Imaging using
radio-ligands is promising but is expensive, time consuming, and invasive. Consequently, there is an unmet
need to find serum biomarkers for AD, especially for
very early stage disease. Moreover, other assessments
such as the future risk of AD, rates of AD progression, and responsiveness to therapies may be possible
with as yet undiscovered serum biomarkers.

Lipids are frequently altered by disease but
also occasionally act as participants [19]. In AD,
neurodegeneration involves the breakdown of cell
membranes, resulting in abnormal abundances of
membrane lipids [20]. Also, there is a strong evidence of oxidative damage in the brains of AD
patients [21, 22]. Sustained oxidative stress can
increase oxidized lipid species, e.g., isoprostanes [23]
or malondialdehyde [24]. Some studies have demonstrated alterations in ceramides with differing stages
of AD [25–27]. Others observed the breakdown
of phosphatidylcholines accompanying neurodegeneration [20]. More recently, a mass spectrometric
metabolomics approach, that included measurement
of some plasma lipids, has shown substantial promise
in identifying individuals who will develop cognitive
impairment and AD [28, 29].
Therefore, it is reasonable that ‘global’ or broad
characterization of alterations in the serum lipidome
between AD cases and controls would reveal
biomarkers for the diagnosis of AD, perhaps even
for early AD. The research reported here tested this
hypothesis by applying an untargeted, label free,
global lipidomic approach that employs direct electrospray ionization, time-of-flight mass spectrometry
(ESI-TOFMS) to the extracts of the serum of AD
patients and controls. Diagnostically useful AD lipid
biomarker panels were sought and the results suggest
that such lipid biomarkers exist and represent in many
cases biologically plausible changes in consequence
of AD.

METHODS
Study population
The serum specimens were obtained from
the Knight Alzheimer’s Disease Research Center
(Knight ADRC) at the Washington University School
of Medicine, St. Louis, MO. The study was approved
by Institutional Review Boards (IRB) at both the
Knight ADRC and Brigham Young University (BYU)
for specimen analysis.
In an initial discovery study, sera from 29 cases
and 32 age- and gender-matched controls were analyzed. AD cases included patients having different
stages of AD as indicated by previously determined
Clinical Dementia Ratings (CDR). Cases included 10
subjects with MCI, also termed very mild AD (CDR
0.5), 10 with mild AD (CDR 1), and 9 with moderate
AD (CDR 2). A second confirmatory study included
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27 cases and 30 controls. AD cases included 9 patients
with CDR 0.5, 9 with CDR 1, and 9 with CDR
2. Postmortem autopsies to unequivocally confirm
AD were not available for these cases. The demographics of the patients whose samples were used
for the discovery and confirmatory studies are summarized in Tables 1A and 1B. Cases and controls
excluded patients with co-morbidities including thyroid disease, diabetes, etc. Medication records were
not available for these subjects. Blood specimens at
the time of collection, were allowed to clot at room
temperature for 30 min followed by separation of
serum by centrifuge with its removal and aliquoting
followed by immediate freezing. Serum specimens
◦
were maintained frozen at –80 C until used in these
studies.
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data analysis. Each specimen generated a mass spectrum from m/z 100 to 3000. A peak list having m/z
values for each peak with their abundances was generated from the mass spectrum.
To reduce analytical variability all MS peaks were
normalized. For normalization, seven abundant peaks
representing different classes of lipids but with similar abundances between comparison groups were
chosen as a reference set. The sum of the intensities (ion counts) of these seven peaks was used for
normalizing all the peaks in each mass spectrum.
For the second confirmatory study, all the samples were processed and directly infused into the MS
instrument using the same method. All the candidate
markers significant in the initial, discovery set were
reanalyzed for their diagnostic performance in the
second confirmation set.

Sample preparation
Lipids were extracted from serum using a published method [30]. This was selected over four other
lipid extraction methods because it provided more
peaks with better signal to noise [31]. To 200 L of
serum, 1.8 mL of a mixture of hexane and isopropanol
(3:2, v:v) and 300 L of 0.5 M KH2 PO4 were added
to a glass tube followed by 60 s of vortexing. The stoppered tubes were further mixed on a motorized shaker
at room temperature for 1 h at 80 rpm. To enhance
phase separation, 150 L of water was added and
the samples were then centrifuged at 2000 × g for
12 min. The upper organic phase containing the lipids
was collected and dried under nitrogen. Dried lipid
samples were re-dissolved in 200 L of chloroform:
◦
methanol (3:1) and stored at –80 C until MS analysis.
Mass spectrometric analysis of the lipid extract
To 20 L of the sample extract, 23 L of chloroform, 46 L of methanol, and 14 L of 12 M
ammonium acetate were added and mixed. The samples were directly injected into the mass spectrometer
(6530 LC/MS ESI-QTOF, Agilent Technologies,
Santa Clara, CA) through an electrospray ionization (ESI) source operated in the positive ion mode.
A syringe pump injected samples at a flow rate of
10 L/min for 4 min. The ESI spray needle had an i.d.
of 120 m. The capillary voltage was set at 3500 V.
MS data was collected from mass to charge ratios
(m/z) of 100–3000 with an acquisition rate of 1 spectrum/s. The drying gas was set to 5 L/min at 325◦ C
with a nebulization gas pressure of 1.03 bar. Mass
Hunter-Qualitative software (Agilent) was used for

Chemical characterization of the replicating
lipid biomarkers by tandem MS
Tandem MS studies were performed on all 35
replicating lipid AD biomarkers. Fragmentation was
accomplished using collision-induced dissociation
on an ESI-quadrupole-TOFMS. Both a QSTAR Pulsar 1 quadrupole (Applied Biosystems /Thermo
Fisher, Foster City, CA) and an Agilent 6530 Q-TOF
MS were employed using the positive ion mode.
For the QSTAR, the capillary voltage set to 4200 V.
Samples were injected directly at a flow rate of
2 L/min and a specific precursor ion targeted. A
spectral acquisition rate of 1 spectrum/s was used.
Focusing and de-clustering potentials were set to
290 V and 65 V. Collision-induced dissociation was
performed using nitrogen or argon gas. Multiple
fragmentation energies were used. MS/MS spectra
were collected for 2 min. The multi-channel analyzer
function was used to sum all 120 MS/MS spectra
improving signal to noise.
For the Agilent 6530, samples were injected at the
flow rate of 10 L/min with the capillary voltage set
to 3500 V. The drying gas flow rate and temperature
were 5 L/min and 300◦ C. The targeted MS/MS mode
was used to select and fragment the parent ion of
interest with MS/MS spectra collected 1 spectrum /s.
Multiple collision energies were used to obtain maximum fragmentation coverage. Individual scans were
summed to improve the signal to noise.
Exact mass studies were accomplished by reference to a set of internal standards added to specimens.
Lipidmaps.org was used to tentatively determine all
the possible lipid species for each parent peak mass.
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Table 1
1A AD demographics for the first discovery set of samples
N

Gender

Age (mean+SD)

Apo E4 status

Cases

29

62% F, 38% M

79.7 ± 6.6

Controls

32

56% F, 44% M

78.1 ± 6.3

Allele E4 positive - 20
Allele E4 negative - 9
Allele E4 positive - 7
Allele E4 negative - 25

1B AD demographics for the second confirmatory set of samples
N

Gender

Age (years)

ApoE4 status

Cases

27

59% F, 41% M

79.6 ± 8.5

Controls

30

40% F, 60% M

77.2 ± 6.2

Allele E4 positive - 14
Allele E4 negative - 13
Allele E4 positive - 12
Allele E4 negative - 18

Furthermore, product ions, neutral fragment losses,
fragmentation patterns and exact masses of parent
and daughter ions were evaluated and where possible
compared with published fragmentation patterns or
with in silico predicted fragmentations to clarify the
classes and composition of the markers.

CDR 0.5, (3) controls to CDR 1, and (4) controls
to CRD 2. Model 1 had n = 57; 30 controls and 27
cases. Model 2 had n = 39; 30 controls and 9 AD
CDR 0.5. Model 3 had n = 39; 30 controls and 9 AD
CDR 1 and model 4 had n = 39; 30 controls and 9
AD CDR 2.

Statistical analyses

Ordinal model

All lipids whose monoisotopic peaks had an ion
count >150 (∼2,000) were normalized and subjected
to a two-tailed Student’s t-test. Peaks having a
p-value < 0.05 in the first study were further reevaluated in a second, independent, confirmatory study
involving different subjects and their specimens. The
markers that continued to show p-values < 0.05 in the
second set were then considered candidates and used
for biomarker panel development. In addition, species
with p-values < 0.10 were also included recognizing
that they might be more specific to a subgroup and
hence be complementary.
Models of both binary classification (i.e. cases
versus controls) and ordinal regression (i.e., marker
intensity versus AD stage) models were created. A
few missing values were estimated from multivariate imputation using fully conditional specification
[32]. Analyses used R software and packages (see
the Supplementary Material for details).

Some markers showed changes that progressed
with disease stage. A Bayesian Lasso Probit Ordinal regression model was used. This ordinal model
utilizes a normally-distributed latent response variable and the Bayesian lasso formulation of Park and
Casella [33]. Because of sparse numbers for CDR
0.5 and 1, they were combined for the ordinal analysis. For details about the model framework, see the
Supplementary Material.

Binary classiﬁcation models
Several methods were compared via crossvalidation and a Bayesian lasso probit regression
model was chosen [33]. A fuller rationale and further details of the model framework are provided in
the Supplementary Material.
Four classification models were created: (1) comparing controls to all stages of AD, (2) controls to

RESULTS
We tested the hypothesis that there would be one
or more serum lipids useful in the diagnosis of
patients with AD. A ‘global’ or ‘shotgun’ serum
lipidomics approach was used to seek and confirm
lipid biomarkers that correctly classified patients clinically diagnosed with AD, including those with early
stage AD. The approach was used in two independent
patient series and results from both appear to support
the hypothesis.
Discovery of candidate serum lipid AD
diagnostic biomarkers
The first study revealed 87 lipids of interest
(p < 0.05). These are summarized in Table 2.
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Table 2
Candidate AD lipid biomarkers from first study
m/z
228.2
229.1
243.2
281.1
282.2
295.1
371.35
387.17
391.17
415.2
430.3
432.2
437.1
447.3
453.1
463.3
488.3
496.3
514.4
520.3
522.3
524.3
577.5
579.5
601.5
602.4
603.5
610.5
611.3
614.5
616.4
620.4
627.4
630.5
639.4
640.6
642.6
654.3
664.6
666.9
669.6
688.6
701.5
703.5
714.6
717.5
724.5
727.5
729.6
731.6
742.6
744.6
750.5
752.5
754.5
759.1
760.8
760.9
761.1

Table 2
(Continued)

p value

Higher in

m/z

0.06
0.10
0.004
2.6 × 10−5
8.8 × 10−5
6.7 × 10−5
0.001
0.04
0.009
2.3 × 10−5
0.03
2.6 × 10−5
0.01
2.2 × 10−10
0.07
0.02
0.004
1.1 × 10−6
0.01
0.0004
5.4 × 10−6
2.7 × 10−5
0.008
0.001
0.04
0.02
0.01
0.05
0.1
0.07
0.08
0.004
0.07
0.03
0.03
0.0001
5.3 × 10−9
7.4 × 10−7
0.1
0.01
4.4 × 10−6
0.01
0.008
0.02
0.07
0.06
0.0007
2.3 × 10−10
3.6 × 10−8
0.04
0.07
0.04
4 × 10−5
0.001
0.03
0.007
0.09
0.08
0.08

Controls
Controls
Controls
Controls
Controls
Controls
Controls
Cases
Controls
Controls
Cases
Controls
Controls
Cases
Cases
Cases
Controls
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Controls
Controls
Controls
Cases
Cases
Cases
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Cases
Cases
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls

766.6
768.6
778.5
786.6
792.6
794.6
799.6
810.8
812.6
820.7
822.7
824.6
842.6
844.7
846.7
848.7
850.7
860.7
862.7
864.6
881.7
886.7
888.8
890.8
907.8
912.7
915.8
930.8

(Continued)
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p value

Higher in

0.02
0.0008
0.005
0.02
0.005
0.02
0.1
0.02
0.07
0.07
0.03
0.02
0.02
0.06
0.01
0.02
0.03
0.01
0.007
0.003
0.0005
0.02
0.01
0.01
0.009
0.005
2.3 × 10−5
0.01

Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Controls
Cases
Cases
Cases
Cases
Controls
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases

Conﬁrmation of candidate AD biomarkers from
the ﬁrst study
A second confirmatory study evaluated the performance of the 87 candidates from the discovery set in
samples from other subjects. Of the 87 markers, 35
continued to show statistically significant or near significant p-values comparing AD cases and controls.
These are listed in Table 3.
Chemical characterization of the validated AD
diagnostic lipid biomarkers
Tandem MS studies were performed on all 35 confirmed, replicating lipid biomarkers to chemically
characterize them. The exact mass, elemental composition, lipid class and molecular components were
successfully determined for most (See Table 4). The
rationales for these structural chemical assignments
are explained hereafter (Table 4).
Tandem MS studies on biomarker m/z 430.4 produced fragments at m/z 165 and m/z 205 consistent
with the published fragmentation pattern of vitamin
E [34]. Additional peaks in the broader fragmentation
MS2 spectrum and the predicted elemental composi-
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Table 3
Candidate markers continued to be statistically significant in the second confirmatory set
Exact mass
229.14
430.38
488.39
496.33
514.38
522.35
577.51
601.52
603.53
602.44
610.53
620.42
630.47
703.56
714.62
724.52
778.54
766.57
799.66
820.73
822.75
824.62
842.61
846.75
848.77
850.78
862.78
860.77
864.61
881.74
886.78
888.80
890.81
912.76
930.84

p value in first discovery set

p value in confirmatory set

Higher in

0.1
0.03
0.004
10−5
0.01
10−6
0.008
0.04
0.02
0.02
0.05
0.004
0.03
0.02
0.07
0.0007
0.005
0.02
0.1
0.07
0.03
0.02
0.02
0.01
0.02
0.03
0.007
0.01
0.001
0.0005
0.02
0.01
0.005
0.005
0.01

0.003
0.001
0.09
0.06
0.01
0.02
0.009
0.02
0.003
0.006
0.001
0.0003
0.007
0.1
0.002
0.04
0.09
0.07
0.05
0.02
0.01
0.01
0.007
0.002
0.004
0.01
0.007
0.006
0.08
0.1
0.01
0.008
0.003
0.05
0.01

Controls
Cases
Controls
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Controls
Cases
Controls
Controls
Controls
Controls
Controls
Controls
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases
Cases

tion (C29 H50 O2 + ) from exact mass studies were also
consistent with its being vitamin E [34].
Fragmentation spectra of markers, m/z 496.3 and
522.3, displayed a prominent peak at m/z 184.07
corresponding to a phosphocholine moiety. Fragments indicating neutral losses from the parent
precursor ion suggested fatty acids as components
that were determined by comparing theoretical fragments generated by the Lipid MS predictor feature of
Lipid Maps with the experimentally observed fragments. Elemental compositions were predicted by
exact mass studies. Both peaks were classified as
lysophosphatidylcholines (LPC) with m/z 496.3 and
m/z 522.3 likely being LPC-16:0 and LPC-18:1. Our
MS data was also consistent with previously published spectra [35].
The elemental composition of candidate marker
m/z 577.5 was predicted to be C37 H69 O4 + . This
species is likely a diacylglycerol remnant produced

by the neutral loss of a fatty acid from a triacylglycerol during the ionization step [36], but it
could potentially arise from the cleavage of the head
group from a parent phospholipid (i.e., M+H+ –
head group), e.g., a glycerophosphoserine. We also
observed product ion peaks at m/z 265 and m/z 239,
that have been shown previously to be acylium ions
(RCO+ ) of 18:1 and 16:0 fatty acids [36].
Elemental compositions of markers m/z 601.5
and m/z 603.5 were likely C39 H69 O4 + and
C39 H71 O4 + and are predicted to be diacylglycerol remnants arising from the neutral loss of a
fatty acid from a triacyglycerol (TAG) during ionization or possibly due to the removal of the
head group from a glycerophosphoserine, glycerophosphoethanolamine, glycerophosphoglycerol,
or glycerophosphatidylcholine. Based on the published literature, the acylium ions we observed in the
MS2 spectrum of marker 601.5 were consistent with
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Table 4
Chemical characterization of the replicating lipid biomarkers
m/z
229.1
430.4
488.4
496.3
514.4
522.3
577.5
601.5
603.5
602.4
610.5
620.4
630.4
703.5
714.6
724.5
778.5
766.6
799.6
820.7
822.7
824.6
842.6
846.7
848.7
850.7
862.7
860.7
864.6
881.7
886.7
888.8
890.8
912.7
930.8

Exact mass

Adduct

Elemental composition

Class

M+
M+NH4 +
M+H+

C12 H21 O4 +
C29 H50 O2 +
C27 H50 O6+ NH4 +
C24 H50 NO7 P+H+

Novel lipid
Sterol
Triacylglycerol
Lysophosphocholine

M+H+
M+NH4 +
M+H+
M+H+
M+H+
M+H+
M+NH4 +
M+NH4 +

C26 H52 NO7 P+H+
C37 H69 O4 +
C39 H69 O4 +
C39 H71 O4 +
C44 H58 O+
C41 H70 O3 +
C43 H56 O3 + or C47 H56
C46 H62 O+
C43 H76 N2 O6 +H+
C49 H76 O2+ NH4 +
C41 H74 NO7 P +H+
C45 H80 NO7 P +H
C44 H80 NO7 P +H+
C46 H91 N2 O6 P +H+
C51 H94 O6+ NH4 +
C51 H96 O6+ NH4 +

Lysophosphocholine
Diacylglycerol remnant
Diacylglycerol remnant
Diacylglycerol remnant
Novel lipid
Novel lipid
Novel lipid
Novel lipid
Sphingomyelin
Cholesterol ester
Glycerophosphatidylethanolamine
Glycerophosphatidylethanolamines
Glycerophosphocholine
Sphingomyelin
Triacylglycerol
Triacylglycerol

SM(d18:1/16:0) or SM(d16:1/18:0)
C22:6 cholesterol ester
PE(16:0p/ 20:4)
PE(18:0p/ 22:5)
PC(O-16:1/20:4)
Insufficient fragments
TG-16:0/16:1/16:1
TG-16:0/16:0/16:1

842.61
846.75
848.77
850.78
862.78
860.77

M+H+
M+NH4 +
M+NH4 +
M+NH4 +
M+NH4 +
M+NH4 +

C46 H84 NO10 P +H+
C53 H96 O6 +NH4 +
C53 H98 O6 +NH4 +
C53 H100 O6 +NH4 +
C54 H100 O6 +NH4 +
C54 H98 O6 +NH4 +

Glycerophosphocholine
Triacylglycerol
Triacylglycerol
Triacylglycerol
Triacylglycerol
Triacylglycerol

PC(18:0/20:4)+OOH
TG-16:0/16:1/18:2
TG-16:0/16:1/18:1
TG16:0/16:0/18:1
TG16:0/17:0/18:2
TG16:1/17:1/18:1

881.74
886.78
888.80
890.81
912.76
930.84

M+H+
M+NH4 +
M+NH4 +
M+NH4 +
M+NH4 +
M+NH4 +

C56 H100 O6 +H+
C56 H100 O6 +NH4 +
C56 H102 O6+ NH4 +
C56 H104 O6+ NH4 +
C57 H98 O7 +NH4 +
C59 H108 O6+ NH4 +

Triacylglycerol
Triacylglycerol
Triacylglycerol
Triacylglycerol
Oxidized triacylglycerol
Triacylglycerol

TG-16:0/18:0/20:5
TG-17:0/18:1/18:3
TG-17:0/18:1/18:2
TG-17:0/18:0/18:2
18:1/18:2/18:2 epoxide
TG-18:1/18:2/20:0

229.14
430.38
488.39
496.33
514.38
522.35
577.51
601.52
603.53
602.44
610.53
620.42
630.47
703.56
714.61
724.52
778.57
766.57
799.66
820.73
822.75

M+H+
M+
M+
M+

loss of an 18:1 (m/z 265) and 18:2 (m/z 263) fatty
acid [36]. The fragmentation spectrum of marker m/z
603.5 was consistent with acylium ions from an 18:1
(m/z 265) fatty acid [36].
The markers with m/z 229.1, 602.4, 610.5, 620.4,
and 630.4 while very likely lipids yielded tandem
MS fragmentation patterns and fragments not previously described in the literature or in lipid databases.
Their predicted elemental compositions, based on
exact mass studies, are summarized in Table 4.
A dominant peak at m/z 184.06 was observed
in the MS2 spectra of markers with m/z 703.5
and 799.6, indicating a phosphocholine containing
species. Therefore, the fragmentation spectra of the
markers m/z 703.5 and m/z 799.5 were most consistent with and predicted to be sphingomyelins (SMs)
(for 703.5: SM (d18:1/16:0) or SM (d16:1/18:0)) [37]
but for 799.5 while likely a SM, no neutral loss fragments were observed.

Possible identity
Vitamin E
TG-8:0/8:0/8:0
LysoPC 16:0
–––
LysoPC 18:1
16:0/18:1
18:1/18:2
18:1/18:1

Fragmentation studies of marker m/z 714.6
resulted in an ion m/z 369.4. This fragment is known
to be highly characteristic of cholesterol esters [38].
The fragmentation results were consistent with and
suggested it to be a cholesterol ester of docosahexaenoic acid (22:6) [39].
The markers m/z 724.5 and m/z 778.5 were
very likely glycerophosphoethanolamines (GPETn)
as indicated by a characteristic neutral loss peak of
141 amu. MS/MS spectra of m/z 724.5 displayed
product ions at m/z 364 and m/z 361 consistent with
previous studies as being a16:0p fatty acid group at
the sn-1 position and a 20:4 fatty acid at sn-2 position [40]. Its putative identification as (16:0p/20:4)
GPETn was also consistent with its predicted elemental composition of C41 H74 NO7 P+H+ . Similarly,
fragmentation of the marker m/z 778.5 yielded product ions at m/z 392 and m/z 387, potentially indicating
the presence of an 18:0p fatty acyl group at the sn-1
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position and a 22:5 acyl group at the sn-2 position
as reported previously [40] and was predicted to be
(18:0p/22:5) GPETn by its elemental composition of
C45 H80 NO7 P +H+ .
A product ion at m/z 184.06 was also observed for
markers m/z 766.6 and 842.6 indicating glycerophosphocholines (PCs). Based on its MS2 fragmentation
pattern, Lipid Maps, and exact mass studies, our
results were most consistent with m/z 766.6 being
an oxidized PC (O-16:1/20:4). The marker m/z 842.6
displayed fragment ions at m/z 808.6 and m/z 824.6,
likely corresponding to loss of hydrogen peroxide
(H2 O2 ) and water consistent with previous published
literature [41]. An additional fragment ion at m/z
524.3 indicated the presence of a C18:0 fatty acid.
All this suggests a hydroperoxide group attached to
PCs (18:0/20:4).
The markers m/z 824.6 and m/z 864.6 overlapped
a peak adjacent to them and could not be fully mass
resolved. The fragmentation spectra displayed a product ion at m/z 184.06 indicating a phosphocholine
group, but it cannot be conclusively determined as to
which precursor peak it belonged.
Those peaks with m/z 488.3, 820.7, 822.7, 846.7,
848.7, 850.7, 860.7, 862.7, 886.7, 888.8, 890.8,
912.7, and 930.8 were highly likely to be ammoniated
adducts of TAGs as indicated by a product ion representing the neutral loss of ammonia characteristic
of TAGs that readily form ammonium adducts [42].
The species m/z 881.7 was potentially the protonated
form (M+H+ ) of a TAG. While the protonated ion
is less common that the ammoniated, it does occur
as observed with TG standards. The neutral loss of
acylium ions allowed for prediction of fatty acid components but not location (Table 4).
The species with m/z 912.8 displayed fragment ions at m/z 599.5, m/z 601.6, and m/z
615.5 corresponding to diacylglycerol fragments of
(18:2/18:2)+ , (18:2/18:1)+ , and (18:1/18:2epoxide )+
consistent with an epoxide of 18:1/18:2/18:2
(OLLep )+NH4 + as published previously [43].
Modeling of multi-marker sets of the veriﬁed
diagnostic AD biomarkers to increase their
ability to classify AD subjects
Statistical modeling was performed on the 35 validated markers to develop multi-marker sets with
higher diagnostic capability. Several panels involving
10 or fewer markers were found to have AUCs >0.80,
the best of which provided an AUC of 0.866 comparing all stages of AD to controls with a corresponding

sensitivity of 93% at a specificity of 80%. A summary of the selected markers, coefficient estimates,
95% credible intervals, and probabilities for the best
four models are found in Supplementary Tables 1–4.
Receiver operator characteristic curves (ROC curves)
for each analysis are shown in Fig. 1. Panels providing
high sensitivities and high specificities were found
for combined AD stages and individual AD stages,
as grouped by CDR (Table 5).
Internal cross-validation modeling to predict
future performance of AD diagnostic biomarker
sets
The apparent performance of a model is almost
always optimistic, so additionally a Bayesian Lasso
Probit Regression analysis with internal validation via n-fold cross-validation was performed to
obtain more unbiased estimates for future model
performance. The results are provided in Table 6.
More complete summaries of the cross-validated
performance of the four models are given in the Supplementary Material.
Ordinal modeling to stage AD disease using the
validated AD lipid biomarkers
Some markers changed in proportion to disease
stage and could be potentially useful in staging AD.
To test this, a Bayesian Lasso Probit Ordinal regression model that included n-fold cross validation was
used. This optimized set of biomarkers correctly
assigned disease stage to 70.2% of subjects in cross
validation. A summary of the selected markers is
given in Table 7. Additional information about the
framework is provided in the Supplementary Material. Figure 2 shows selected markers that increased
or decreased with advancing stage of disease.
This ordinal model may also be used for binary
classification (i.e., control versus any stage of AD).
Binary performance of the cross-validated model provided an AUC of 0.806, a classification rate of 79%,
a sensitivity of 78% at a specificity of 80%.
DISCUSSION
The early diagnosis of AD remains challenging but
most concede that a method to diagnose early AD
would facilitate drug development and evaluation.
Newer ligand imaging methods may allow earlier
AD diagnosis; however, they are expensive, invasive, and time intensive and not suitable for routine
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Fig. 1. Optimized combination of diagnostic serum lipid biomarker sets for binary classification of AD subjects versus controls. Receiver
operator characteristic curves (ROC) were generated by a Bayesian Lasso Probit Regression model. A) The ROC curve for any stage AD
versus control included 9 lipid biomarkers having mass to charge ratios of 229.1, 430.4, 514.5, 602.4, 610.5, 620.4, 630.5, 714.6, and 824.6.
The AUC was 0.886 with a sensitivity of 92.6% with a specificity of 80.0%. B) The ROC curve for CDR 0.5 versus controls and included
biomarkers having mass to charge ratios of 229.1, 514.4, 602.4, 603.5, 610.5, 620.4, 630.5, 714.6, and 824.6. The AUC was 0.922 with a
sensitivity of 100% at a specificity of ∼78%. C) The ROC curve for CDR 1 versus controls and included biomarkers having mass to charge
ratios of 430.4, 514.4, 620.4, 630.5, 714.6, and 824.6. The AUC was 0.911 with a sensitivity of 100% at a specificity of ∼78 %. D) The ROC
curve for CDR 2 versus controls and included biomarkers having mass to charge ratios of 229.1, 430.4, 514.4, 602.4, 603.5, 620.4, 630.5,
714.6, and 842.7. The AUC was 0.904 with a sensitivity of ∼94% at a specificity of ∼78%.

screening or assessment. Moreover, recent studies
suggest that a sensitive measurement of A␤ may
not account for the earliest changes in AD [5].
Still, many believe that neurodegeneration in AD

begins before the appearance of clinical symptoms.
Such changes would necessarily involve molecular
changes. Consequently, there is a reasonable presumption that very early AD can be biochemically
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Table 5
Optimized verified biomarker combinations for controls versus any stage AD or versus individual AD CDR stage
Model

AUC

Classification Rate

Sensitivity

Specificity

Threshold

CTL versus All AD
CTL versus AD CDR 0.5
CTL versus AD CDR 1
CTL versus AD CDR 2

0.886
0.922
0.911
0.904

0.86
0.82
0.80
0.85

0.93
0.88
0.78
0.89

0.80
0.87
0.87
0.83

0.52
0.47
0.46
0.54

CTL, control subjects; AD, Alzheimer’s disease; CDR, Clinical dementia rating. There were 9 markers in the set
of CTL versus All AD, 9 markers in the set of CTL versus AD CDR 0.5, 9 markers in the set of CTL versus CDR
1, and 6 markers in the set of CTL versus AD CDR 2. Binary comparisons used Bayesian Lasso Probit Regression
Classification Models.
Table 6
Cross validated biomarker performance of the previous verified biomarker sets considered in Table 5
Model

AUC

Classification Rate

Sensitivity

Specificity

Threshold

CTL versus All AD
CTL versus AD CDR 0.5
CTL versus AD CDR 1
CTL versus AD CDR 2

0.786
0.696
0.685
0.815

0.79
0.67
0.74
0.77

0.73
0.30
0.40
0.50

0.74
0.79
0.79
0.89

0.48
0.48
0.48
0.48

CTL, control subjects; AD, Alzheimer’s disease; CDR, Clinical dementia rating. There were 9 markers in the set
of CTL versus All AD, 9 markers in the set of CTL versus AD CDR 0.5, 9 markers in the set of CTL versus CDR
1 and 6 markers in the set of CTL versus AD CDR 2. Binary comparisons used n-fold cross validated Bayesian
Lasso Probit Regression Classification Models.
Table 7
Set of optimized verified biomarkers that showed progression with
disease stage and allowed for staging of AD
Marker
(m/z)

Coefficient
Estimate*

Lower
Boundary

Upper
Boundary

229.13
514.38
602.40
620.42
630.47
703.56
724.52
778.54
799.66
824.60
842.66

–0.126
0.117
0.105
–0.407
0.092
0.122
–0.080
–0.175
–0.080
0.209
0.088

–0.557
–0.205
–0.207
–1.037
–0.229
–0.163
–0.429
–0.693
–0.417
–0.096
–0.183

0.161
0.593
0.556
0.030
0.519
0.552
0.180
0.111
0.180
0.682
0.443

A 10-fold cross-validated Bayesian Lasso Probit Ordinal Regression Model was used. This model had a classification rate of 0.702,
p-value 0.0079. A positive coefficient estimate indicates that the
marker increased in abundance with an increase in disease severity whereas a negative coefficient estimate changed inversely with
disease stage. This same set of markers could also be used for
binary classification of cases and controls. CTL, control subjects;
AD, Alzheimer’s disease; CDR, Clinical dementia rating. There
were 9 markers in the set of CTL versus All AD, 9 markers in the
set of CTL versus AD CDR 0.5, 9 markers in the set of CTL versus
CDR 1 and 6 markers in the set of CTL versus AD CDR 2.

identified with a simple blood test. Indeed, other
recent work suggests that peptides and lipids are
altered early in AD [44].
Lipids are an emerging area of biomedical interest [45], even in the pathogenesis of AD [6]
and may reflect pathology or even mediators of
disease [46].

Fig. 2. Serum lipid biomarkers showing progressive changes with
disease stage. The y-axis plots the mean peak abundance for a specific lipid marker versus the disease stage as indicated by AD CDR
rating on the x-axis. Five biomarkers that demonstrated strong positive or negative correlations with AD stage are plotted (m/z 514.4,
602.4, 620.4, 824.6, listed in inset). The overall Bayesian Lasso
Probit Ordinal Regression model had a classification rate of 0.70,
p = 0.0079.

We and others have employed a global lipidomic
approach using direct infusion mass spectrometry to
interrogate serum. Direct infusion mass spectrometry
using ESI-MS can be quantitative and is faster than
other MS analyses [47] and allows for the screening of
many diverse lipids. This study sought lipid changes
that discriminated AD cases from controls, especially
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patients with very early stage AD. It is also recognized that such markers may provide insight into AD
pathology.
Our approach discovered and confirmed 35 lipid
biomarkers differentiating any stage AD from controls across two independent studies. We observed
alterations in sterols, SMs, PCs, glycerophosphoethanolamines (PEs), LPCs, DAGs, and TAGs.
Combinations provided panels with ROC curves
having AUCs greater than 0.90 for all-stage AD,
with a sensitivity of 93% and a specificity of 80%.
Other combinations of these 35 markers provided
sensitivities approaching or above 90% at specificities near or above 80% for each CDR stage.
While the numbers were few, the results nonetheless suggest strongly that serum lipid biomarkers
are present that diagnose AD, even very early
stage AD.

Limitations
Although we performed a confirmation study with
35 markers replicating, it is recognized that further
validation is needed. Moreover, the cases included
here did not have autopsies and therefore a definitive AD diagnosis based on neuropathological data is
not available. It is possible that marker levels change
with disease stage but markers were not measured
repeatedly in the same subjects. While equivalent
numbers of men and women of comparable age were
included as cases and controls, markers specific to
gender were not evaluated. Likewise, specimens from
other neurologic or neurodegenerative diseases were
not available to analyze to determine the specificity
of these markers. However, our using multi-marker
panels increases the probability of disease specificity. Diet may affect some lipids, e.g., TAGs, but
none of the TAG markers figured into the optimized
panels. Moreover, dietary differences would increase
measurement variability making it harder to find
significant, replicating markers. Effects due to medications cannot be ruled out but the subjects had no
intercurrent disease. Nevertheless, one cannot rule
out drugs contributing to the differences seen. Other
AD biomarker studies, including those targeting A␤
and tau, have used similar subject sets and have also
not had the numbers to assess the potential contribution of dozens of variables. While our results were
consistent and promising, these limitations should
be addressed in future studies to fully validate these
markers.
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Biological plausibility
Direct infusion ESI-MS interrogated ∼2000 serum
lipids having diverse biological functions. As such,
a second element of this study was to chemically
classify these biomarkers and to consider, based on
published research, the biologic plausibility of the
changes we observed.
Marker m/z 430.4 was likely vitamin E and was
found to be increased in AD. Previous results found
decreased vitamin E levels in the cerebrospinal fluid
of AD patients [48, 49]. It is possible that AD cases
may have selectively had increased supplement use,
but we do not have data to support or refute this in
these subjects.
Markers m/z 496.3 and 522.3 were higher in AD
cases and were LPCs. Neurodegeneration, a feature
of AD, results in breakdown of cell membranes [20]
and the release of membrane lipids. Other studies
report the activation of phospholipase A2 , leading
to increased production of LPCs [20]. Furthermore,
LPCs serve as precursors of platelet activating factor
involved in inflammation [50]. There is strong evidence of inflammation in the brains of AD patients
[51, 52]. Our results appear consistent with previous
findings.
Markers m/z 703.5 and m/z 799.6 were SMs and
reduced in AD. This is consistent with a previous
study [53]. SMs are metabolized to ceramides which
can affect cell differentiation, proliferation, and apoptosis [54] and may be involved in atherosclerosis [55],
another feature of AD [56, 57].
Biomarkers m/z 724.5 and m/z 778.5 were
decreased in AD cases and were PEs. Ethanolamine
plasmalogen, representing ∼90% of all PEs, is
enriched in white and grey matter of the brain and
helps provide an axon sheath and acts as a source
of lipid messengers participating in signal transduction in grey matter. Several studies report reduction
in plasmalogen with worsening AD [58, 59], likely
contributing to myelin sheath defects and axonal
dysfunction. Plasmalogen deficiency could result in
synapse loss [60], another feature of AD [61]. This
same process, if somewhat more generalized, might
explain the reduced PE seen in AD patients in our
study.
The marker m/z 842.6 was predicted to be an
oxidized PC having a hydroperoxide group. It was
increased in AD cases. Oxidative stress is observed
in neurodegenerative disorders [62], including AD
[63], resulting in increased lipid oxidation. Similarly,
marker m/z 912.7 was found to be an ammoniated
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adduct of an oxidized TAG and was higher in
AD cases. F2-isoprostane, produced from free radical peroxidation of polyunsaturated fatty has been
reported to be higher in AD patients [64].
Several markers, those with m/z 820.7, 822.7,
846.7, 848.7, 850.7, 860.7, 862.7, 881.7, 886.7,
888.8, 890.8, and 930.8, were TAGs and higher in AD
cases. Elevated TAG levels precede amyloid deposition in an AD mouse model [65], although the
connection is unclear.
While our study provided robust, previously undescribed diagnostic biomarkers for AD, it is not the
only study to describe serum lipid AD biomarkers.
A previously published metabolomics study used
a water miscible organic/water mixture to extract
polar metabolites and highly polar lipids and analyzed them by LC-MS. While the approach was
described as untargeted, it appears to survey a defined
set of metabolites and polar lipids that this group
had assessed. Their biomarker panel identified normal individuals who would phenoconvert to MCI
or AD within 3 years with high accuracy [28]. A
follow up study of the same specimens found additional potential markers from these same specimens
[29]. Both studies importantly were prospective and
found markers predicting phenoconverters. These
reports differ from ours in a number of ways: They
appear targeted. They measure different molecules
that included single amino acids and water soluble
metabolites. In their study, only ten subjects phenoconverted and half of these demonstrated conversion
to MCI, not always an early stage of AD. Moreover,
there was likely no opportunity, given the very small
numbers, to have matched cases and controls or to
assess biomarker panels for individual stages of AD
or the ability to stage AD as was done in our study.
There was no overlap in specific biomarkers between
our and their studies, but there were similar alterations
in PCs for both groups. At a minimum, our study provides complementary biomarkers and affirms that a
lipidomics approach can likely diagnose and potentially stage AD.

changes and abnormalities, some of which potentially
contribute to the disease. These are novel, previously
undescribed lipid biomarkers for AD. Some appeared
to change progressively with disease stage. If verified,
they might allow for staging AD. It would also be
interesting to know if these particular markers might
be altered prior to clinical AD changes, a finding that
might aid in the design of drug trials.
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