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Abstract.
Background: Alzheimer’s disease (AD) remains challenging to diagnose, especially early disease. Having serum AD biomarkers
would be of significant interest both in the clinical setting and in drug development efforts.
Objective: We applied a novel serum proteomic approach to interrogate the low-molecular weight proteome for serum AD
biomarkers.
Methods: A discovery study used sera from 58 any-stage AD cases and 55 matched controls analyzed by capillary liquid chromatography-electrospray ionization-tandem mass spectrometry. Candidate biomarkers were statistically modeled and
promising biomarkers were retested in a second, blinded confirmatory study (AD cases = 68, controls = 57). Biomarkers that
replicated in the second study were modeled for the diagnosis of any-stage and very early stage AD. Further, they were chemically
identified by tandem MS.
Results: The initial discovery study found 59 novel potential AD biomarkers. Thirteen recurred in more than one multi-marker
panel. In a second, blinded, confirmatory study, these same biomarkers were retested in separate specimens. In that study, four
markers validated comparing controls to patients with any-stage AD and also with very early AD. The four biomarkers with
replicable ability to diagnose AD were then chemically identified.
Conclusion: These results suggest novel serum AD diagnostic biomarkers can be found using this approach.
Keywords: Alzheimer’s disease, diagnosis, lipidomics, mass spectrometry, proteomics, serum biomarkers

INTRODUCTION
Alzheimer’s disease (AD) is the sixth leading cause
of death in the US and is predicted to become three
∗ Correspondence to: Dr. Steven W. Graves, Department of Chemistry and Biochemistry, BNSN C212, Brigham Young University,
Provo, 84602 UT, USA. Tel.: +1 801 422 2148; Fax: +1 801 422
0153; E-mail: swgraves@chem.byu.edu.

times more prevalent by 2050 [1]. AD is a fatal disease without cure or treatment [1, 2]. This absence of
therapy is largely due to the inability to diagnose AD
early. Therapeutics are less likely to be useful as the
characteristic tissue pathology becomes more extensive. These changes include amyloid-␤ protein (A␤)
plaque development and often neurofibrillary tangles
of tau protein [3].
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At present, diagnosis of early stage AD remains
problematic [4]. The most promising biomarkers have
been those identified in cerebrospinal fluid (CSF) and
include reduced levels of A␤42 found in many but not
all individuals with AD [5, 6]. Also, increased CSF levels of tau protein (tau) or phosphorylated tau (P-tau) are
observed in many subjects with AD, more often with
advanced disease. These changes are not entirely specific to AD [7]. The combination of low CSF A␤42 and
increased tau or P-tau may predict disease progression
[8]. Yet, levels of A␤42 , tau, and P-tau in patients with
very mild AD are frequently indistinguishable from
controls and their use in predicting or diagnosing very
early AD would be challenging [9].
There have been improvements in CSF-introduced,
PET ligands that bind A␤ aggregates in the brain, diagnosing AD better and earlier [10]. These ligands seem
to overcome much of the insensitivity of CSF-based
biochemical markers. Their ability to detect very early
AD universally remains to be established. There is still
debate as to whether aggregating A␤42 is the initiating
pathological event or the sole mediator of AD progression [11]. However, even if CSF-introduced imaging
agents are reliable, screening the extraordinarily large
population of aging, and hence at-risk, individuals to
assess asymptomatic disease would be difficult and
expensive. For this, a blood test for AD would be
valuable [12].
Evidence suggests AD patients have some disruption of the blood-brain barrier, enabling A␤ to enter
the peripheral circulation [13–15]. This may be important in that alterations in the brain may be reflected
in blood biomarkers. Not surprisingly, research seeking blood AD biomarkers has focused on A␤42 , tau,
and P-tau. Unfortunately, existing studies find changes
in these infrequently and to a lesser degree in serum
compared with their performance in CSF [16].
Using an unbiased proteomics approach that considers all observable proteins to find serum or plasma
AD biomarkers has been attempted [17–19]. With
few exceptions approaches pooled serum from individuals with AD and pooled specimens from controls
without AD and then performed two-dimensional gel
electrophoresis (2DGE) on each pool then compared
[20–29]. Spots that appeared quantitatively different
were typically identified by matrix-assisted laser desorption ionization-mass spectrometry (MALDI-MS).
In a number of these reports, a second confirmatory
study was conducted using immunoassays to measure
the candidate biomarkers. However, 2DGE is frequently limited to high abundance proteins and method
reproducibility is difficult [30, 31]. The results of AD

biomarker studies using 2D-GE proteomics studies
can be summarized as follows: The markers found in
the 2DGE discovery phase with few exceptions were
no longer different in the validation phase. Further,
there were not consistent AD markers across studies
[17–25]. These results should not be interpreted as an
absence of blood AD biomarkers, but rather a reflection
of the insensitivity and poor reproducibility of 2DGE.
Top-down ‘global’ or ‘shotgun’ proteomic approaches, e.g., Multidimensional Protein Identification
Technology (MudPIT), are used in detailing the complement of proteins present in a tissue or cell [32], but
do not work well for quantitative comparisons.
Recently, a metabolomics/lipidomics approach was
used as part of a partially prospective study of AD [33].
In this group’s discovery phase, metabolites, including
amino acids, serotonin, DOPA, certain acyl-carnitines
and certain phosphatidylcholines were found to be different in controls versus a group of 18 non-cognitively
impaired subjects that later converted to MCI or mild
AD. They developed a separate panel of 10 lipids that
were significantly different between non-converting
controls versus phenotype-converting subjects. This
was tested in a validation study of 10 converters and the
panel continued to discriminate well between normal
controls and mild cognitive impairment or mild AD
patients. Results for the metabolites and amino acids
that had useful markers in the discovery set were not
reported. This study seems promising but the numbers
were few and the results unconfirmed by others.
Here we applied another global serum proteomics
approach that interrogates the low abundance, low
molecular weight molecules in serum [34–36]. This
approach has been successfully applied to other clinical
indications [32]. When applied to serum, it routinely
surveys ∼8,000 species [37]. We hypothesized that
this method, in conjunction with appropriate biostatistical analyses, would provide useful panels of serum
biomarkers for AD diagnosis.
METHODS
Study population
For both the initial discovery and later confirmatory
studies, serum specimens were obtained from the
Knight Alzheimer’s Disease Research Center (Knight
ADRC) at the Washington University School of
Medicine, St. Louis, MO. These specimens had been
obtained as part of previous studies. No patient was
enrolled and consented for the current study. Those earlier studies had received approval from the Institutional

D.J. Shah et al. / Serum Proteomic AD Biomarkers

Review Board of the Washington University School of
Medicine and all subjects gave signed, written consent
prior to blood being drawn. As part of that consent,
permission was granted to allow those specimens to be
further used for later laboratory analysis provided no
personal information was disclosed. Prior to specimens
being sent to Brigham Young University (BYU) for
laboratory analysis, approval was obtained from the
Institutional Review Board at BYU for these studies
prior to specimen analysis. Specimens analyzed at
BYU had been alpha-numerically coded without any
personal information provided by personnel at Knight
ADRC prior to their being sent to BYU.
In the initial, discovery study, sera from 58 cases
and 55 controls were analyzed. Specimens were
selected randomly by personnel at Knight ADRC. AD
cases were randomly selected and represented different clinical dementia ratings (CDR): mild cognitive
impairment (MCI) or very mild AD (CDR 0.5, n = 7),
mild AD (CDR 1, n = 4), moderate AD (CDR 2, n = 19),
and severe AD (CDR 3, n = 28). However, in the initial
study a greater focus was placed on patients with more
severe AD. Controls (CDR 0, n = 55) were matched to
AD cases for gender, age and, as possible, ApoE4 status. No subject whose specimen was part of either study
had major, known co-morbidities, including diabetes
or any other neurological disorder. All individuals were
screened using the Mini-Mental State Exam (MMSE)
and CDR. Cases had a clinical diagnosis of dementia
of the Alzheimer’s type (probable/definite) according to NINCDS-ADRDA [38]. Non-demented controls
were screened for dementia (MMSE >27, CDR = 0)
and sampled from the same source population as their
matched cases. Descriptive statistics are found in the
Supplementary Material.
Specimens when originally collected were allowed
to clot for 30 min, then immediately centrifuged and
the serum aliquoted and frozen. Specimens were
maintained at –80◦ C until analyzed at BYU. At
BYU specimens were stored at –80°C, pre and post
processing.
A second, blinded, confirmatory study of promising
biomarkers from the discovery study was carried out
with additional specimens provided by Knight ADRC.
A set of 125 previously unanalyzed serum samples was
provided, including 68 AD cases and 57 controls from
non-demented subjects matched for age and gender.
The 68 cases included n = 24 CDR 0.5, n = 23 CDR 1,
and n = 21 CDR 2. The choice to include more subjects with early stage disease was by design to allow
assessment of biomarkers for very early stage AD. This
comparison was not possible in the discovery study due
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to small numbers. An independent arbiter, not part of
the analysis team but aware of case/control status, created analysis sets that included both cases and controls
randomized and submitted to our laboratory for analysis in a blinded fashion. In all, 11 sets of 10–13 sera
each were analyzed. Each set had approximately the
same number of cases and controls as well as a similar
number of men and women to avoid batch effects. All
MS results were provided to the arbiter for statistical
analysis without breaking the blind.
Specimen processing
Serum contains ∼30 highly abundant proteins
which mask other molecules through ion suppression
when analyzed by MS. To markedly increase the
number of biomolecules in serum interrogated by MS,
high abundance proteins were removed as described
previously [39, 40]. This sacrifices most proteins but
allows several thousand otherwise unobservable small
proteins, peptides, lipids and other biomolecules to be
studied by MS.
Proteomic analysis
Capillary liquid chromatography (cLC) was used to
fractionate protein-depleted serum by gradient elution
using an aqueous phase of 98% H2 O, 2% acetonitrile,
0.1% formic acid, and an organic phase of 2% H2 O,
98% acetonitrile, 0.1% formic acid. A 1 mm (16.2 L)
microbore guard column (Upchurch Scientific, Oak
Harbor, WA) and a 15 cm × 250 m i.d. capillary column were employed in the cLC step. The columns
were packed with POROS-R1 reversed-phase media
(Applied Biosystems, Framingham, MA). Using a flow
rate of 5.0 L/min, the gradient began with 3 min 95%
aqueous/5% organic phase, followed by an increase in
organic phase to 60% over 24 min. The organic phase
was then increased to 95% over 7 min, held at 95% for
7 min, and returned to initial conditions over 5 min and
maintained there to re-equilibrate the column.
The cLC was interfaced through an IonSpray source
to a QSTAR Pulsar I quadrupole, time-of-flight tandem mass spectrometer used in positive ion mode
(Applied Biosystems). MS data was collected from
m/z 500–2500 from 5–55 min elution at a scan rate
of 1 spectrum/s. Analyst QS® allowed for data collection, mass spectra comparison, and analysis. Each set
was processed and analyzed by MS during a single day.
Tandem MS with fragmentation to chemically identify biomarkers in the final panel was accomplished
using the same tandem MS as described previously
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[41]. Stability of the final biomarkers in the proteindepleted specimen was determined before and after
24 h at room temperature with no change in abundance.
Between the first and second studies, the mass spectrometer required replacement. For the blinded, followup study specimens were processed as described
but analyzed using an Agilent 6530 Accurate-Mass
Q-TOF LC/MS system. Both instruments are ESI-QTOF-MS-MS instruments. Again one set of specimens
was analyzed in a single day.
For the second study, an Agilent 1260 Infinity Series
HPLC system was used, equipped with guard columns
and analytical columns that employed the same packing. The loaded amount (5 g), flow rate, and gradient
were identical to those used in the initial study. The
ESI source was operated in positive ion mode and MS
scans were collected at a rate of 8 spectra/s from m/z
400–3200. MassHunter Data Acquisition B.05.01 [42]
and MassHunter Qualitative Analysis B.06.00 permitted data collection, specific ion extraction, and post hoc
analysis.
MS data analysis
Ten endogenous species, occurring every 2-3 min
in the cLC chromatogram, were used for normalizing chromatographic times [36]. In the discovery
study, spectra were aligned using these peaks and
2 min windows created around each time marker.
Then comparison groups were color coded, overlaid, and analyzed for peaks differing in abundance
(>1.5×) [32]. Differences were determined first visually and then using instrument software to provide
peak height in ion counts which were evaluated statistically between cases and controls using Student’s t-test.
Molecular species that were statistically significant
(alpha = 0.05) were considered candidate biomarkers.
Potential biomarkers were submitted to additional
statistical analysis. To compensate for the non-biologic
variability between samples, the peak intensity of a
candidate species was ratioed to the intensity of a
co-eluting species that was quantitatively comparable in specimens of cases and controls to reduce
variability due to sample processing, loading, ionization efficiencies and instrument performance. Raw
(un-normalized) and log-normalized values were
calculated for each of the potential biomarkers.
Those candidate biomarkers that continued to demonstrate statistical significance after normalization were
further evaluated by receiver operator curve characteristic analysis to determine individual sensitivity
and specificity. Statistical analysis was conducted

using the R statistical programming language. All
analysis code is freely available for download at:
https://github.com/wevanjohnson/alzheimers.
Combinations of candidate AD biomarkers were
modeled. Candidates with p-values less than 0.10
were also included because they may provide complementary diagnostic utility. Development of panels
was accomplished using logistic regression analysis
to model the log-odds of developing AD. A forwardselection procedure was used where each marker was
considered, testing the effects of combining other
markers one at a time. The marker that increased
the area under the curve (AUC) the most was then
included in the model, hence a ‘leave-one out’ prediction approach [37]. The algorithm stopped adding
markers when no additional marker increased the AUC
of the combination by more than 0.03. Receiver operator characteristic (ROC) curves were again plotted and
AUCs were calculated for the multi-marker combinations using the ‘ROCR’ R package [43]. In addition to
requiring that candidate markers demonstrate statistical significance in both the discovery and confirmation
studies, a Bonferonni cutoff was applied to validating
markers. R code for the step-wise regression procedure is given in GitHub repository mentioned above.
Given that each candidate was considered as the index
marker and additional candidate markers were added
to form one panel for each index candidate, several
of the panels included the same candidate. Only those
candidate markers that occurred in 10% of all panels
were considered in the second, confirmatory study.
RESULTS
Initial discovery of candidate serum AD
biomarkers
The hypothesis predicted serum biomarkers useful in the diagnosis of AD could be found. A novel
serum proteomic approach was employed that focused
on the low molecular weight components in serum.
Using raw, un-normalized mass spectral data, 44 candidate serum AD biomarkers were found in the initial
study that were statistically significant comparing any
stage AD (CDR 0.5–3) to non-demented controls
(CDR 0). Another 25 biomarkers showed quantitative differences between cases and controls having
near-significant p-values between 0.05 and 0.10. After
log normalization of each candidate to an endogenous control, the number of biomarkers was reduced
to 38 significant and 21 near-significant candidates
(p = 0.05 to <0.10). All biomarkers significant after
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normalization had been significantly or near significantly different in the un-normalized results. Candidate
biomarkers were further evaluated by logistic regression analysis, leading to ROC curves, providing AUCs,
sensitivities, and specificities. Some biomarkers were
increased in AD while others decreased. The best
serum AD biomarker provided an AUC of 0.645.
Samples from cases and controls were always run
together, although batches were run on different days.
When the data were clustered using a hierarchical algorithm, there were no batch effects. Likewise, cluster
analysis did not find any gender bias.
Evaluation of the panels of biomarkers in initial
study
Combinations of serum biomarkers, evaluated as
described above, identified markers that appeared in
multiple models, suggesting they may be more promising. Thirteen biomarkers appeared in 10% or more of
all multi-marker models (Table 1). When reanalyzed
as a subset, the best combination provided an AUC of
0.912 (Fig. 1) with a sensitivity of 88% at a specificity
of 87%. Five additional multi-marker sets provided
AUCs >0.80.
Conﬁrmation study of previously found biomarkers
The second confirmation study focused on how these
13 biomarkers would perform in a separate set of specimens analyzed in a blinded fashion. This set included

Fig. 1. Best performing multimarker model from the initial study.
Shown is an ROC curve produced for biomarkers 531.3, 1568.2,
804.6, 602.3, and 708.3 by logistic regression analysis. The AUC
was 0.912 with a sensitivity of ∼88% at a specificity of ∼87%.
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Table 1

Candidate serum AD biomarkers from initial study. Values were
compared after log normalization to an endogenous species
Marker m/z
921.4
1091.4
515.3
531.3
602.3
701.8
821.3
971.4
1107.5
1194.5
1396.6
587.3
583.3
616.4
660.5
704.5
734.5
778.6
822.5
880.6
542.4
560.4
564.3
614.4
687.4
701.5
804.6
938.7
1126.8
1156.9
1170.9
513.3
660.4
530.4
790.6
804.6
830.6
848.6
856.6
878.6
730.6
874.6
1516.2
1540.2
675.6
784.6
808.6
810.6
834.6
1568.2
1576.2
1592.2
1616.2
1618.2
1642.2

cLC Retention
time (min)

Charge

p-value

8–15
8–15
11–15
11–15
11–15
11–15
11–15
11–15
11–15
11–15
11–17
13–19
16–22
16–22
16–22
16–22
16–22
16–22
16–22
16–22
17–25
17–25
17–25
17–25
17–25
17–25
17–25
17–25
17–25
17–25
17–25
22–32
22–32
25–34
25–34
25–34
25–34
25–34
25–34
25–34
29–37
29–37
29–37
29–37
31–38
31–38
31–38
31–38
31–38
31–38
31–38
31–38
31–38
31–38
31–38

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

0.035∗
0.019∗
0.048∗
0.041∗
0.079
0.095
0.045∗
0.099
0.022∗
0.085
0.086
0.014∗
0.017∗
0.038∗
0.053
0.040∗
0.028∗
0.021∗
0.058
0.073
0.098
0.022∗
0.023∗
0.067
0.020∗
0.086
0.019∗
0.046∗
0.015∗
0.066
0.021∗
0.016∗
0.011∗
0.018∗
0.051
0.082
0.013∗
0.005∗
0.003∗
0.009∗
0.097
0.004∗
0.016∗
0.027∗
0.071
0.041∗
0.006∗
0.005∗
0.042∗
0.002∗
0.009∗
0.010∗
0.066
0.011∗
0.061

Significant and near significant markers were considered when
developing multi-marker models. ∗ 37 markers with p < 0.05, 18
markers with p > 0.05 to <0.10.
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68 cases, many having a CDR of 0.5, and 57 controls,
matched for age and gender. Of the 13 AD biomarker
candidates, the biomarkers m/z 708.3 and 660.4 could
Table 2
Biomarkers that appeared in >10% of all the multi-marker models
in initial study
Biomarker
Number
1
2
3
4
5
6
7
8
9
10
11
12
13

Biomarker
(m/z ratio)

AUC

1568.2
874.6
810.6
1618.2
660.4
804.6
531.3
583.3
701.8
602.3
989.3
892.4
708.3

0.654
0.640
0.630
0.599
0.582
0.568
0.550
0.539
0.519
0.507
0.487
0.431
0.425

not be clearly evaluated due to ion suppression and/or
unrelated overlapping peaks.
The raw extracted MS data obtained for the remaining biomarkers was sent to the independent arbiter
who conducted statistical analyses and maintained the
blind. The data was tested in four ways: i) controls versus any-stage AD cases; ii) controls versus CDR >0.5;
iii) controls versus moderate AD (CDR 2); and finally
iv) controls versus very early AD only.
Among the remaining 11 biomarkers, m/z 602.3,
804.55, and 874.6 were significantly different between
cases and controls for all four comparisons, using
a conservative Bonferroni cutoff, and with the same
trend as observed in the original study (Table 2).
As we reviewed data from the initial study, we found
that there were two candidate biomarkers with the same
nominal m/z of 804.5, but offset somewhat in elution
time. To insure that there was no misinterpretation
of the data, both species were included. The second

Table 3
Promising initial study biomarkers performance in the second study
Window
1
2
3
4
5
5
5
6
7
8
9
9
9
10
11
12

m/z

z

531.3
602.3
701.8
892.4
989.3
1318.7
989.3 + 1318.7
583.3
804.55
874.6
810.6
832.6
810.6 + 832.6
1568.2
1618.2
804.53

1
1
2
1
4
3
1
1
1
1
1
1
1
1

Retention

P-values for CDR comparisons

(min)

0 versus >0

0 versus >0.5

0 versus 2

0 versus 0.5

19–21
19.5–22.5
19–21
18.5–20.5
21.5–23.5
21.5–23.5
21.5–23.5
28–30
33–35
40–44
45–48
43–46
43–46
44–47
44–47
39.5–41.5

0.5669
0.0014
0.3251
0.5819
0.0586
0.4336
0.0709
0.101
<0.0001
<0.0001
0.4717
0.2827
0.3948
<0.0001
0.9239
<0.0001

0.3645
0.0584
0.2837
0.6021
0.0691
0.39
0.0787
0.2172
<0.0001
0.0006
0.4593
0.5921
0.4181
0.0001
0.6117
<0.0001

0.6203
0.0465
0.8336
0.5393
0.0787
0.3264
0.0877
0.02
<0.0001
0.0025
0.9367
0.4973
0.9792
0.0142
0.0835
<0.0001

0.1037
<0.0001
0.6766
0.7325
0.2012
0.6888
0.2321
0.0727
<0.0001
<0.0001
0.68
0.0489
0.5536
0.0115
0.3607
<0.0001

Trend

Verified?

NA
Same
NA
NA
Opposite
NA
NA
Opposite
Same
Same
NA
NA
NA
Mixed
Same
Same

No
Passed
No
No
No
No
No
No
Passed
Passed
No
No
No
No
No
Passed

Different stages were compared and p-values for them are listed. A biomarker ‘Passed’ if in this confirmatory study, quantitative differences
were still statistically significant as determined by a two-tailed Student’s t-test with a stringent Bonferroni cutoff and follow the same trend.
Table 4
Raw and normalized results for the 4 markers with continued utility in the second study
m/z
602.3
ref 857
804.53
ref 566
804.55
ref 830
874.6
ref 830

p-values all stage AD versus CTL

p-values CDR 0.5 versus CTL

raw

log normalized

raw

log normalized

0.0014
0.0057
1.80 × 10−6
0.0126
1.89 × 10−6
0.88
6.37 × 10−5
0.88

8.23 × 10−5
NA
2.02 × 10−7
NA
6.06 × 10−5
NA
5.30 × 10−5
NA

8.41 × 10−5
0.222
1.37 × 10−6
0.118
1.75 × 10−8
0.74
3.00 × 10−5
0.74

0.0013
NA
0.0034
NA
0.0013
NA
0.0074
NA

higher in
cases
controls
cases
controls
cases
cases
cases
cases

P-values are provided for statistical comparisons of all stage AD versus controls and CDR 0.5 versus controls. The reference used for normalization
is also shown.
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species had an m/z of 804.53 (compared with 804.55)
and eluted somewhat later. This species had been a significant biomarker in the initial study but was not part
of the subset of 13. This candidate also validated. A
summary of the performance of these four biomarkers
is provided in Table 3.
In the initial study candidate peaks had been normalized to endogenous controls. These four validating
candidates were normalized to endogenous controls
used in the first study. All four candidates were still
significantly different (Table 4).
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prone to oxidation. The second fatty acid (18:2) has
likely been oxidized [45].
Constructing multi-marker diagnostic panels
for AD
For the four validated markers, logistic regression
analysis was sufficient to test multi-marker sets diagnosing AD. Statistics were carried out for controls

Identiﬁcation of the validated biomarkers
The four biomarkers that validated in the confirmation study were characterized by tandem MS. One
of these was a peptide and three were glycerophosphatidylcholines. Structural features obtained from
MS-MS studies are summarized as follows:
Biomarker 602.3 (z = 1) was a peptide with an amino
acid sequence of L/IAENR. The parent protein cannot
be unambiguously identified as this sequence is found
in a few proteins.
Biomarker 804.55 (z = 1, elution 33–35 min) was a
phosphatidylcholine with two fatty-acyl side chains,
one with 18 carbon atoms and 2 double bonds (18:2)
and the other having 20 carbon atoms and 5 double bonds (20:5). Positions of double bonds cannot
be determined by MS. A fragment at m/z = 542.321
suggests the loss and hence presence of a fatty acid
(18:2) and a fragment at m/z = 520.334 affirms the presence of a fatty acid (20:5). The molecular formula was
[C46 H78 NO8 P]+H+ .
Biomarker 874.6 (z = 1) was a peroxidated phosphatidylcholine. Previous research determined this
molecule to be a PC (38:4)-(OOH)2 [44]. It was oxidatively modified to contain a bis-peroxide of one fatty
acid (20:4) plus an unmodified second fatty acyl group
(18:0). The elemental composition was C46 H84 NO12 P.
Given the saturated nature of the one fatty acid (18:0),
it is almost certain that the second, oxidized fatty acid
was arachidonic acid (20:4).
Biomarker 804.53 (z = 1) elution 39.5–41.5 min
was an oxidized glycerophosphatidylcholine of formula C42 H78 NO11 P+H+ . There were three primary
possible structures: 1-palmitoyl-2-(14,15-di-hydroxy9-keto-10, 12-octadecadienoyl) glycerophosphatidyl
choline; 1-palmitoyl-2-(13,14-di-hydroxy-10-keto-8,
11-octadecadienoyl) glycerophosphatidyl choline;
or 1-palmitoyl-2-(13-hydroperoxy-8-keto-9, 11octadecadienoyl) glycerophosphatidyl choline. Again,
palmitic acid is one of the fatty acyl groups and less

Fig. 2. Receiver operator characteristic curve modeled on the four
validated biomarkers m/z 602.3, 804.6, 874.6, and 804.5 using logistic regression analysis. The analysis compared controls (CDR = 0)
to any stage AD (CDR = 0.5, 1.0, 2.0). The AUC was 0.805 with a
sensitivity of ∼78% at a specificity of 80%.

Fig. 3. Receiver operator characteristic curve modeled on three of
the four validated markers, m/z 602.3, 804.53, and 874.59. The analysis compared controls with very early AD (CDR 0.5). The AUC was
0.817 providing a sensitivity of ∼78% at a specificity of ∼77%.
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versus any-stage AD and for controls versus very
early AD (CDR = 0.5). All possible combinations were
considered. Analysis provided ROC curves, AUCs,
sensitivities, and specificities. When comparing controls (CDR 0) versus any-stage AD (CDR 0.5, 1.0,
2.0), the best model included all four biomarkers
(AUC = 0.805, see Fig. 2). When comparing controls
to very mild AD (CDR 0.5), the best combination
of biomarkers included m/z 602.3, 804.53, and 874.6
(AUC = 0.817, Fig. 3).

DISCUSSION
The hypothesis was that this analytical approach,
focused on low molecular weight serum components,
in conjunction with appropriate statistical modeling
could find panels of biomarkers that capable of diagnosing individuals with AD. Our initial study found
several species significantly different between cases
and controls. Combinations of these provided a model
with 88% sensitivity and 87% specificity. These results
were promising.
Any proteomic approach is dependent on the quality
of specimens available for analysis. Specimens were
obtained from the Knight ADRC at Washington University School of Medicine which has stringent criteria
for AD diagnosis and classification. Cases and controls
were matched for age, gender, the proportion of subjects carrying the ApoE4 allele (as best as possible),
and study center in the initial study. The second study
included more subjects with very early AD (CDR 0.5)
and subjects were matched for age and gender. In the
follow up study, 56.6% of cases had at least one copy
of the ApoE4 allele compared with 31.8% of controls. This may have introduced differences. Similar
ApoE4 prevalence was seen in the first study. Cases and
controls for both studies were without co-morbidities,
making biomarkers more representative of AD and
not of other diseases. While the candidate biomarkers likely reflect changes occurring in AD, we cannot,
at this time, rule out the possibility that some of these
serum markers might be changed in other neurologic
or more general medical conditions.
In our approach we deliberately excluded highly
abundant, higher molecular weight proteins that mask
smaller and less abundant species. We recognize that
potentially informative species may have been lost in
this approach. Nevertheless, our approach allowed for
the survey of >8000 low molecular weight species.
These are endogenous, previously undescribed
molecules that would not be surveyed using other

published MS-based approaches. Although our
findings are limited to this subset of serum molecules,
they appear to provide many candidate biomarkers
for AD. This same serum proteomic method has been
successful in defining candidate biomarkers for other
medical indications [33].
Ofthe13mostpromisingbiomarkersinthefirststudy,
five appeared to be peptides, the balance lipids. Of these,
four were validated in the second study. Extensive investigation of their chemical nature was conducted. The
sequence of the one peptide was determined but was
too small to assign to a parent protein unambiguously.
The other three biomarkers were glycerophosphatidyl
cholines. The fatty acid side chain carbon number and
double bond number cannot be specified by MS and
comparison databases for lipid fragmentation data do
not exist. This is the current state of the art and all
MS-based lipidomic methods suffer from this same limitation. Alternative methods, e.g., NMR, to completely
characterize lipid structure are unusable at the concentrationsavailable.Twoofthelipidsrepresentedoxidized
species, suggesting strongly the action of reactive oxygen species. The observation of differences in these
lipids in both very early AD and in later stages suggests that reactive oxygen species-related changes arise
very early in AD pathology. This might provide a link
between pro-inflammatory diseases, e.g., diabetes, and
AD. None of these lipids was described in the recent
work of Mapstone et al. [29] but given the different processing and the use of cLC-tandem MS here, this is not
surprising.
We performed simple statistical analyses on both
normalized and un-normalized sets of data to determine all the significant and near significant biomarkers
that might be considered. Near significant species were
considered because they might be diagnostically useful
for a subset of patients and would be complementary to
other markers as part of a set. We found more potential
markers when using the raw, un-normalized data. All of
the potential biomarkers found after normalization to
an endogenous species in the serum were represented
among the un-normalized biomarker candidates. The
rationale was that such a species would be subject similarly to fluctuations in ionization efficiency, sensitivity,
baseline noise, processing inconsistencies, separation
column performance, etc. The use of the reference
should reduce variability. Previous studies had shown
this approach to be somewhat superior to normalization
to total ion counts, a common normalization strategy
[33]. Normalization to reference standards was not an
option given that none of the relevant biomarkers were
identified at the outset of the experiments. In these
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studies, it was difficult to find an ideal endogenous
reference species and sometimes the reference did not
reduce the relative variability. Nevertheless, we consistently applied this approach across both studies, but
for this reason we have presented both normalized and
un-normalized data.
In the initial study combined sets or panels of
biomarkers were constructed using a ‘leave one out’
forward selection model in conjunction with logistic
regression analyses. This allowed for combinations
of the many candidate biomarkers to be modeled.
This employed normalized data and identified several
combinations of markers that provided improved sensitivities over those of single markers. Four of these
provided sensitivities of 95% or better with a specificity
of at least 80% in the initial study. However, thereafter, we limited additional analyses to those markers
that appeared in at least 10% of all the models. Considering just these 13 biomarkers, there were still six
panels with AUCs >0.80, two having AUCs above 0.90,
providing ∼85% sensitivity with ∼85% specificity. In
the replication study, it was unnecessary to repeat the
leave-one-out approach because there were just four
candidates to be modeled. Using logistic regression
analyses on those four markers, three combinations
provided AUC values greater than 0.80 with two additional having AUCs of 0.79 comparing controls to any
stage AD and very similar findings for controls versus
CDR 0.5 patients. Sensitivities were ∼75–78% with
specificities of 80–88%. These confirmatory results
suggest that this approach was successful.
Only 13 of 59 candidate biomarkers were considered in the replication study. It is possible that some of
the 46 additional markers will validate and contribute
to improved diagnostic sensitivity in combination with
the four currently validated markers. This will require
substantial additional analysis. Further, it would be
interesting to include data on CSF A␤42 , tau protein,
or P-tau protein levels or ligand studies to determine if
the biomarkers found here correlate with or are complementary to those. However, it is unknown if the
subjects studied here have existing CSF markers. The
designation of CDR 0.5 is used very conservatively
at the Knight ADRC and is considered very early AD.
Nevertheless, at other sites and in other studies the conversion rate from MCI to AD has varied dramatically
from 25% to 100% [46]. Still, the markers described
here were able to predict about 80% of those individuals with CDR 0.5, with any stage AD, but also for
those with CDRs 0.5 and greater.
In summary, this serum proteomic approach
appeared capable of finding novel candidate biomark-
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ers for AD. Some of these markers individually
appeared to be useful diagnostically, but multi-marker
models appeared to diagnose a larger portion of AD
patients, including very early AD subjects. The markers characterized and identified provide some potential
biological insights into early events in AD. While the
discovery and validation results are promising, additional studies representing other centers with a broader
range of patients would be required to confirm the
clinical utility of these biomarkers.
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