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We recently documented plasma lipid dysregulation in preclinical late-onset Alzheimer’s
disease (LOAD). A 10 plasma lipid panel, predicted phenoconversion and provided 90%
sensitivity and 85% specificity in differentiating an at-risk group from those that would
remain cognitively intact. Despite these encouraging results, low positive predictive
values limit the clinical usefulness of this panel as a screening tool in subjects aged
70-80 years or younger. In this report, we re-examine our metabolomic data, analyzing
baseline plasma specimens from our group of phenoconverters (n = 28) and a matched
set of cognitively normal subjects (n = 73), and discover and internally validate a panel
of 24 plasma metabolites. The new panel provides a classifier with receiver operating
characteristic area under the curve for the discovery and internal validation cohort of
1.0 and 0.995 (95% confidence intervals of 1.0-1.0, and 0.981-1.0), respectively.
Twenty-two of the 24 metabolites were significantly dysregulated lipids. While positive
and negative predictive values were improved compared to our 10-lipid panel, low
positive predictive values provide a reality check on the utility of such biomarkers in
this age group (or younger). Through inclusion of additional significantly dysregulated
analyte species, our new biomarker panel provides greater accuracy in our cohort but
remains limited by predictive power. Unfortunately, the novel metabolite panel alone may
not provide improvement in counseling and management of at-risk individuals but may
further improve selection of subjects for LOAD secondary prevention trials. We expect
that external validation will remain challenging due to our stringent study design, espe-
cially compared with more diverse subject cohorts. We do anticipate, however, external
validation of reduced plasma lipid species as a predictor of phenoconversion to either
prodromal or manifest LOAD.

Keywords: Alzheimer’s disease, biomarkers, economics, ethics, lipids, metabolomics, risk assessment

Frontiers in Neurology | www.frontiersin.org

1 November 2015 | Volume 6 | Article 237


http://www.frontiersin.org/Neurology/
http://crossmark.crossref.org/dialog/?doi=10.3389/fneur.2015.00237&domain=pdf&date_stamp=2015-11-12
http://www.frontiersin.org/Neurology/archive
http://www.frontiersin.org/Neurology/editorialboard
http://www.frontiersin.org/Neurology/editorialboard
http://dx.doi.org/10.3389/fneur.2015.00237
http://www.frontiersin.org/Neurology/
http://www.frontiersin.org
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.3389/fneur.2015.00237
http://www.frontiersin.org/Journal/10.3389/fneur.2015.00237/abstract
http://www.frontiersin.org/Journal/10.3389/fneur.2015.00237/abstract
http://www.frontiersin.org/Journal/10.3389/fneur.2015.00237/abstract
http://loop.frontiersin.org/people/63248/overview
http://loop.frontiersin.org/people/251502/overview
http://loop.frontiersin.org/people/66219/overview
http://loop.frontiersin.org/people/227985/overview
http://loop.frontiersin.org/people/288997/overview
http://loop.frontiersin.org/people/258738/overview
http://loop.frontiersin.org/people/244523/overview
http://loop.frontiersin.org/people/244066/overview
mailto:federoff@uci.edu

Fiandaca et al.

Metabolites Predict Phenoconversion to aMCI/AD

INTRODUCTION

A major push in neurology and neurological research related to
late-onset Alzheimer’s disease (LOAD) in the last 5 years has been
to better define the preclinical pathological stages that herald the
developmentofclinicallyovertdisease (1). Asitrelatesto this paper,
when we use the term AD, we mean LOAD, the most common
clinical form of the disease and featuring a combination of genetic
and epigenetic etiologies. In this context, we define preclinical
LOAD as the separate stages of pathobiologic development that
immediately precede prodromal amnestic mild cognitive impair-
ment (aMCI) and manifest LOAD. We define, therefore, aMCI
and LOAD to comprise the clinical stages of AD. Since treatments
initiated during the preclinical stages may be more effective due
to a more receptive brain substrate, the discovery and validation
of biomarkers that define such a preclinical period has gained
significant momentum (1). Our current investigative efforts focus
on defining a more accurate and predictive set of plasma-based
metabolomic biomarkers compared to those from our previous
study (2). While the majority of LOAD biomarker studies to date
have been carried out via case-control comparisons, our inves-
tigations arise from data developed from a 5-year longitudinal
observation study. Longitudinal studies allow direct assessment
of pathobiology during times of transition, while case-control
studies primarily infer these transition events by comparing
health to disease. Cerebrospinal fluid (CSF), neuroimaging, and a
variety of other blood-based biomarkers have also been proposed
via case—control analyses (3) but have not gained favor due to
their associated risk, cost, and/or lack of requisite sensitivity and
specificity values. There are few longitudinal investigations in
the literature that define which neurocognitively intact subjects
will progress to either prodromal or manifest LOAD. Our recent
plasma lipid biomarker study (2) provided receiver operating
characteristic area under the curve (ROC AUC) values of 0.96
and 0.92 with 95% confidence interval 0of 0.93-0.99 and 0.87-0.98,
respectively, in the discovery and internal validation cohorts
analyzed. The calculated positive predictive value (PPV), but not
the negative predictive value (NPV), estimates remained low due
to the low prevalence in this age group, arguing against the use of
such a panel as a screening tool in a similarly aged, asymptomatic
population. While sensitivity and specificity reflect on accuracy
provided by a test, predictive values address the meaning of test
results given a particular context (i.e., age-dependent prevalence)
(4). The discovery and internal validation metabolomic analyses
that were originally advanced, however, provided support to the
lipid irregularities previously associated with LOAD (5), and our
5-year longitudinal study design allowed identification of bio-
markers that predict the pending phenoconversion to the clinical
stages of LOAD. Herein, we describe the discovery and internal
validation of an expanded panel of plasma metabolites, from the
same baseline asymptomatic subjects previously reported (2).
The expanded metabolite panel provides increased sensitivity
and specificity and improved predictive values within our cohort.
In addition, the specific analytes in the panel further strengthen
the links between dysregulated brain and plasma lipid species
during the preclinical stages of LOAD. Our expanded biomarker
panel, therefore, provides significant potential benefits, as well as

burdens that must be considered by individuals and society at
large. Such a biomarker panel for preclinical LOAD must initially
play a role in selecting subjects for secondary prevention trials
and, possibly, monitoring their therapeutic success or failure.
Eventually, however, it will be critical that biomarker panels of
disease stimulate the development of new or repurposed thera-
peutics. A diagnostic test without an associated viable treatment
option is always limited. Eventually, a highly accurate panel such
as proposed might be applicable in a general clinical practice,
identifying older adults with a high risk of phenoconversion to
the clinical stages of LOAD, and allowing initiation of treatment
that could modify the course of disease.

MATERIALS AND METHODS

Participants

The study design for this investigation is structured in a manner
similar to that used in our original study (2) but features discov-
ery and internal validation sets that include only subjects who
maintain a cognitively normal status [normal control (NC)] and
those who phenoconvert from cognitive normality at baseline
(Convertery) to either aMCI or AD by either year 3 or year 5
of the Rochester/Orange County Aging Study (Figure 1). As
part of a 5-year observational study, we enrolled a total of 525
community-dwelling participants from two distinct geographic
regions, aged 70 and older, and who were otherwise healthy.
Health records and medications were fully documented, and
subjects were excluded only if major neurologic or oncologic
illness was present. All study participants provided informed
consent for study inclusion and use of their neurocognitive
results and peripheral blood specimens for analyses. Institutional
review boards (IRBs) at each institution approved the protocols
and informed consent documents. As opposed to including the
incident aMCI/AD group, as described in our original investiga-
tion (2), the primary inclusion and comparison for this analysis
was limited to those subjects who remained cognitively normal
throughout the study and those who phenoconverted to aMCI or
AD during the 5-year study. Subjects were continuously enrolled
in the study over 5 years. In a planned midpoint analysis, we
selected those who remained cognitively normal or phenocon-
verted from baseline to year 3 for the discovery cohort and those
who were subsequently enrolled or who subsequently phenocon-
verted during year 3 to 5 for the internal validation cohort. As
shown in Table 1, the 71 discovery subjects include 53 NC and
18 Converter,. individuals. The discovery cohort Converter,
subjects consisted of 2 individuals who phenoconverted to AD
and 16 who transitioned to aMCI. Of this group, three of those
converting to aMCI carried an APOE €4 allele. The 30 internal
validation subjects featured 20 NC and 10 Convertery. indi-
viduals. Internal validation cohort phenoconverters consisted
of five individuals who developed AD and five meeting criteria
for aMCI. In the internal validation cohort, two of the AD con-
verters carried an APOE €4 allele. The discovery and internal
validation cohorts did not share any common subjects. Figure 1
further depicts how the Convertery. subjects were selected
(number that phenoconverted by year 3 and the remaining that
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FIGURE 1 | Schematic representation of overall study design and specific analyses reported in this paper. Clinical subjects for the 5-year observational
study were selected for participation at the University of Rochester and the University of California Irvine. An interim analysis was performed at year 3 of the study,
comparing 53 subjects who maintained normal cognition since baseline study entry, to a group of 18 subjects who were cognitively normal at baseline but had
phenoconverted to either aMCl or AD by year 3. This group made up our discovery cohort from which initial biomarker discovery was performed. With complete
neuropsychological assessments available by study termination, an additional group of 10 subjects were noted to have phenoconverted during year 4 and year 5.
This latter group was combined with a group of 20 matched subjects who maintained normal cognition throughout the study, and together were designated as the
internal validation group (or cohort). All subjects included in this analysis (Discovery and Internal Validation cohorts) had only their baseline blood specimens

TABLE 1 | Discovery and internal validation cohort demographic details.

Clinical groups n (M/F) Mean age Mean education % APOE
years [SD] years [SD] €4
Normal control (NC)
Discovery 53(18/35)  81.6[3.6] 15.7 [2.9] 24.6
Internal validation 20 (9/11) 81.4[3.3] 15.1 [2.5] 20
Converterye
Discovery 18 (8/10) 80.7 [2.3] 15.3 [3.1] 16.7
Internal validation 10 (4/6) 79.3 [5.5] 14.5[1.8] 20
Total discovery 71 (26/45) 81.8 [3.0] 156.5[2.7] 20.7
Total internal 30 (13/17)  80.9[4.4] 14.8[2.2] 20.0

validation

n, number of subjects; F, female subjects; M, male subjects; SD, standard deviation; %
APOE €4, percent having at least a single APOE e4 allele.

Gender, age, education, and APOE e4 status were not significantly different (Chi-square
p > 0.05) between discovery and internal validation groups.

phenoconverted by year 5) and matched to NC subjects, for this
manuscript as well as our previous lipidomic study. The number
of subjects in our discovery (n = 71) and internal validation
(n = 30) groups (or cohorts), therefore, approaches the accepted
biostatistical standards (6) for discovery and validation group-
ings of 2/3 and 1/3, respectively. This study focused solely on
biomarker comparisons between subject groups categorized as
fulfilling the cognitively normal state (Convertery. vs. NC) at
baseline. Excluded from this and our previous analysis (2) were

a significant number of the total longitudinal study participants
who could not be categorized based on the strict neurocognitive
grouping parameters. We believe that rigorous clinical classifica-
tion is necessary to increase signal in the biological samples for
new metabolomic discovery. In any study with clinical charac-
terization such as ours, we can clearly identify the cases (aMCI
or LOAD), but not all remaining subjects should be considered
NCs. Thus, in our work, we specifically define criteria for NCs
and those who do not meet either definition (case or control)
are not included in the specific study analysis. Subject data
from the excluded individuals are undergoing separate analyses,
not specifically related to the diagnosis of LOAD. The goal of
this analysis, therefore, was to develop a biomarker model that
would more accurately predict whether phenoconversion would
or would not occur in cognitively normal subjects of our aging
cohort within 5 years from study entry. Herein, we compare
those cognitively normal (Convertery. or preclinical LOAD,
n = 28) individuals, who developed memory impairment, with
or without functional impairment, within 5 years of study entry,
to those subjects who remained cognitively normal (NC, n = 73)
over the same 5-year study period (Table 1) (total study group
analyzed, n = 101). Of the 28 subjects who phenoconverted, 21
developed aMCI, and 7 developed AD within the 5-year study.
We reiterate that the 101 subjects in this analysis are a subset of
those reported in our previous publication (that also included
those with incident aMCI/AD) (2).
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Our discovery and internal validation groups of cognitively
normal individuals at baseline assessment (including both NC
and Converter,:) were matched for age, gender, and education and
featured similar APOE allele status (Table 1). Our internal valida-
tion group consisted of approximately one-third of all subjects
included in our analysis and was composed of phenoconverters
from years 3 to 5 and their matched set of control subjects. All
study participants underwent phlebotomy between 8:00 a.m. and
10:00 a.m., on a yearly basis, while fasting and withholding their
morning medications, and as close as possible to the same day
each year of study participation. Blood specimens were initially
placed on ice, and the blood components were separated within
24 h, yielding multiple plasma aliquots that were frozen immedi-
ately thereafter at —80°C until undergoing metabolomic analyses.
Smaller plasma aliquots allowed a single freeze-thaw cycle prior
to metabolomic processing for all specimens. All metabolomic
data used for this analysis had been previously made available
online (2), and untargeted discovery and targeted internal vali-
dation data had been obtained from baseline plasma specimens
for all reported study participants. Glycerophospholipids were
the most significantly dysregulated class of metabolites in our
original untargeted discovery data. Discovery group data for this
investigation resulted from 71 baseline subject specimens who
underwent a targeted multiple reaction monitoring-stable iso-
tope dilution-mass spectrometry (MRM-SID-MS) analysis using
the Biocrates Absolute-IDQ P180 Kit (Biocrates Life Sciences,
Innsbruck, Austria), which evaluates five classes of metabolites,
including acylcarnitines (ACs), amino acids, hexoses, phospho-
and sphingo-lipids, and biogenic amines, in an effort to reduce
bias toward a particular class of metabolites. A subsequent inter-
nal validation study was completed on an additional 30 baseline
subject specimens that underwent similar metabolomic analyses
(Figure 1). These data were preprocessed, as previously described
(2), prior to statistical consideration.

Statistical Analysis
Statistical treatment of the data in this study was according to the
same overall methods as described in our previous publication
(2). The abundance measurements for metabolites (with a specific
mass/charge ratio, m/z) in both positive and negative modes were
expressed as intensity units that were initially normalized using
log transformation and quantile normalization (Figure 2). For
the 71 subjects in the discovery cohort, we calculated the level of
differential expression for each metabolite using a -test, compar-
ing NC and Converter,., constrained by p-value <0.05. Among
these differentially expressed metabolites, we performed the
feature selection using a regularized learning technique, which
uses the least absolute shrinkage and selection operator (LASSO)
penalty (7, 8). We first obtained the regularization path over a grid
of values for the tuning parameter lambda (1) through 10-fold
cross-validation. The optimal value for A obtained by the cross-
validation procedure was used to fit the model. All the features
with nonzero coefficients were deemed as biomarker candidates.
This technique is known to reduce overfitting and variance in
classification.

The classification performance of the selected metabolites
was assessed using the ROC curve AUC. To maintain rigor

of independent validation, the simple logistic model from the
discovery set was fixed. The statistical team was blinded to the
sample group identities of the internal validation cohort, which
consisted of different NCs and Converter,. subjects than those
used in the discovery cohort. Any separation in values between NC
and Convertery,. subjects for the final panel was evaluated using
a robust method, the hidden logistic regression model with the
maximum estimated likelihood (MEL) estimator (9). A combined
classifier, based on the final biomarker panel for 101 subjects,
within the discovery and internal validation groups, was developed
to determine differences between NC and Converter,:. groups. The
resulting combined classifier allowed the development of a plasma
metabolite index (PMI), which provides a single predictive value of
risk of phenoconversion in cognitively normal subjects observed
over the 5-year interval. The PMI is obtained by mapping the log
odds in a regularized logistic regression model on a 0-100 scale.

Positive and negative predictive value calculations used in this
paper feature the direct measures of sensitivity and specificity
defined from the ROC curves (10, 11) as well as the clinical
prevalence from the literature (12), based on the disease in
the specific population tested (13). Accuracy measures, which
combine sensitivity and specificity for our biomarkers, were
calculated for the 10-lipid and new metabolite panels. Accuracy
values are calculated for potential cutoft probabilities of being
diagnosed Converter,. based on the ROC curve.

RESULTS

The clinical groups (see Table 1) were not significantly different
(p > 0.05) from each other based on gender, age, education,
and APOE e4 allele carrier percentages. APOE allele status was
not a significant covariate, as previously reported (2). The ROC
AUC with and without inclusion of APOE €4 allele status in the
classifier was not significantly different (p > 0.05). Cognitive and
phenoconversion details for the cohorts associated with this study
are provided in Table 2. The memory Z-scores clearly decline from
baseline to the post conversion (Convertery.,s) state. Mean time to
phenoconversion for all converters was 2.1 years. The discovery
group had a mean time to phenoconversion of 1.5 years, while the
internal validation group’s mean time to phenoconversion was
3.1 years. The mean time to phenoconversion was significantly
longer for the internal validation group compared to the discovery
group (Mann-Whitney U Z-score = —3.21, p = 0.0013).

A total of 174 significant (p < 0.05) differentially expressed
metabolites were defined in the discovery cohort. Of this group,
24 metabolites [13 glycerophosphatidylcholines (PCs), 9 ACs, 1
amino acid, and 1 biogenic amine] (Table 3) fulfilled the specific
selection criteria established for the new biomarker panel. Three
of the 24 metabolites, all belonging to the AC group (see bottom
3 entities in Table 3; Figure 3), had significantly increased
levels, while quantities of the remaining metabolites were all
significantly reduced in Converter,. subjects compared to NC,
for both discovery and internal validation groups (Table 3;
Figure 3). Seven of the 24 metabolites were featured in our
previously reported panel of 10 plasma lipids (2) (see top 7 in
Table 3; Figure 3), and include a single AC (C3, proprionyl-L-
carnitine), a single lysophosphatidylcholine (lysoPC a C18:2),

Frontiers in Neurology | www.frontiersin.org

November 2015 | Volume 6 | Article 237


http://www.frontiersin.org/Neurology/archive
http://www.frontiersin.org/Neurology/
http://www.frontiersin.org

Fiandaca et al. Metabolites Predict Phenoconversion to aMCI/AD

Discovery Set
Metabolomic Data

POS : yc():nverter
Mode pre

e

Normalized Differential LASSO based on
Discovery Data Expression > 10-fold cross-
/ (p<.05) validation

Internal Validation Set —

Metabolomic Data L
* Statistical Team

POS B blinded to group Test Selected

Mode identities Panel (ROC AUC)
. N . 24-

Normalized Discovery Logistic metabolite
Validation Data >| Regression Model Index
Applied

FIGURE 2 | Flow chart showing steps in biomarker model development. Discovery cohort information was obtained from baseline specimen metabolomic
data from subjects who remained cognitively normal (NC) throughout the study and baseline specimens from those that phenoconverted (Converter,) during the
study’s first 3 years. Discovery metabolomic data from positive and negative modes underwent normalization, followed by selection of significantly altered
metabolites (p < 0.05), which were then annotated. The significant, annotated biomarker panel was then defined via a regularized learning method that features the
LASSO restriction. The discovery biomarker panel selected is then tested using the receiver operating characteristic area under the curve (ROC AUC) method. With
the statistical team blinded to group identities, the Internal Validation cohort data were similarly normalized and annotated. Internal Validation data were subjected to
the results of the discovery logistic regression classifier and tested using the ROC AUC method. Combined data from the discovery and internal validation sets were
used to develop a 24-metabolite index.

TABLE 2 | Cognitive Z-scores and conversion diagnosis.

Cognitive Z-scores Conversion Dx (aMCl/ Years to
AD) phenoconversion
Z. [SEM] Zexe [SEM] Zian [SEM] Znem [SEM] Z,is [SEM] [SEM]

Normal control (NC)

Discovery -0.17 [0.1] —0.06 [0.1] 0.03 [0.1] 0.08 [0.1] 0.06 [0.1] n.a. n.a.

Internal validation 0.03[0.1] 0.06 [0.2] 0.06 [0.1] -0.05[0.1] 0.27[0.2] n.a. n.a.
Converterye

Discovery -0.35[0.2] -0.54[0.2] -0.58[0.3] -0.81[0.1] -0.480.3] n.a. n.a.

Internal validation -0.42[0.2] —0.42 [0.4] —-0.03[0.4] —-0.02 [0.1] 0.35[0.3] n.a. n.a.
Convertergost

Discovery -0.33[0.2] —0.60 [0.2] -0.88[0.9] -1.7[01] -0.39[0.9] (16/2) 1.5[0.5]

Internal validation -0.31[0.2] -1.0[0.4] —0.75[0.4] -1.7[0.1] 0.06 [0.3] (5/5) 3.1%[1.2]

Zay, attention composite Z score; Z.., executive composite Z score; Z.», language composite Z score; Zmem, memory composite Z score; Zys, visuoperceptual composite Z score.
Conversion Dx represents the number of individuals who phenoconverted to the specific diagnosis: n.a., not applicable; aMCl, amnestic mild cognitive impairment; AD, Alzheimer’s
disease. Note the prominent decline in Zmem for the Converter subjects from Converter,. to Converterp.s: consistent with phenoconversion to memory impairment. Also, note decline
in other cognitive domains consistent with the diagnosis of AD in some subjects, which requires impairment in memory plus one other cognitive domain.

*Mean time to phenoconversion was significantly longer for the internal validation converter group compared to the discovery converter group (Mann-Whitney U Z-score = —-3.21,
p < 0.01); SEM, standard error of the mean.

and 5 PCs, with either ester (a) or ether (e) linkages (PC aa (C5-OH/C3-DC-M), non-ayl-L-carnitine (C9), decenoyl-L-
36:6; PC aa 38:0; PC aa 38:6; PC aa 40:1; and PC ae 40:6). Nine carnitine (C10:1), decadienyl-L-carnitine (C10:2)dodecenoyl-
novel ACs in the current panel include valeryl-L-carnitine L-carnitine (C12:1), hexadecadienyl-L-carnitine (C16:2), and
(C5),  hydroxyvaleryl-L-carnitine/methylmalonyl-L-carnitine ~ hydroxyoctadecenoyl-L-carnitine (C18:1-OH). This new panel
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TABLE 3 | Components of the 24 metabolite biosignature for determining risk of phenoconversion from normal cognition to aMCI or AD.

Metabolite name Discovery cohort

Internal validation cohort

p-value Log ratio (mean) Log ratio (median) Log ratio (mean) Log ratio (median)
PC ae C40:6 0.0380 —-0.3039 —-0.0809 —-0.2980 —0.2445
PC aa C40:1 0.0414 —0.2040 -0.0779 —-1.1414 —0.1909
PC aa C38:6 0.0365 —-0.3372 —-0.2081 -0.9792 —0.1445
PC aa C38:0 0.0391 -0.2510 -0.0533 -0.5129 —0.1469
PC aa C36:6 0.0446 —-0.3695 -0.1270 —-0.2383 -0.1472
lysoPC a C18:2 0.0299 —-0.3326 —0.0409 —0.3801 -0.1235
C3 0.0031 —0.4574 -0.2728 -1.2751 -0.3337
PC ae C36:4 0.0428 —0.3994 -0.0769 -0.6625 -0.2740
Cc10:2 0.0403 -0.4042 -0.1914 -0.1913 -0.2948
Cc9 0.0070 —0.4044 —-0.2231 —0.8499 -0.2433
PC ae C42:1 0.0073 —0.4980 —-0.3428 —1.3565 -0.3138
PC aa C38:3 0.0432 -0.4141 -0.1500 —-0.8084 -0.2387
C5 0.0013 -0.2769 -0.1959 -0.6762 —0.2451
ADMA 0.0163 —0.2962 -0.1144 —-1.0761 —1.5794
Asn 0.0441 -0.1788 —-0.0891 —-0.8982 —-0.1933
PC aa C34.:4 0.0346 —0.4353 -0.1906 -0.1430 —-0.0835
C18:1-OH 0.0182 -0.2676 —-0.3349 -1.2507 -0.2383
PC ae C34:0 0.0148 —0.4064 -0.2323 —1.2721 —0.4404
C5-0OH (C3-DC-M) 0.0003 -0.4214 -0.3204 -2.1235 -2.0212
PC aa C40:5 0.0298 —-0.4349 -0.1534 —-0.5866 -0.4183
PC aa C32:0 0.0150 -0.4014 -0.1843 —1.4605 -0.6273
C16:2 0.0108 0.2767 0.0789 0.5001 0.0419
c12:1 0.0001 0.5075 0.3435 0.8748 0.2055
C10:1 0.0026 0.3642 0.2172 0.6121 0.0184

In the metabolites listed, C_ species (e.g., C3) denote acylcarnitines (ACs). Phosphocholine (PC) metabolites display combined numbers of carbon atoms for their two acyl groups
(sn; and sn; positions) (e.g., C38), whereas the combined number of double bonds (unsaturation) is displayed after the colon (e.g., C38:6). Acyl group linkages to choline backbone
for PCs feature ester (a) or ether (e) linkage (e.g., PC ae C36:4). Asn, asparagine. ADMA, asymmetric dimethylarginine. LysoPC, lysophosphatidyicholine species, with only one acy!
group, typically in the sn; position. The discovery cohort provided significant differentially expressed metabolites between Convertery. and NC. The column of p values indicates

the significant differences for mean analyte values between the clinical groups for the discovery cohort. Log ratios represent the difference of the log-transformed values (mean or
median) for Converter,. and NC subjects. Negative log values indicate that levels (mean or median) of the analyte in Converter,. < NC, while positive log values indicate that levels

(mean or median) in Converter,. > NC. NC, normal control subjects.

also features asparagine (Asn), an amino acid, and asymmetric
dimethylarginine (ADMA), a biogenic amine. All 7 novel PCs
in this panel contain pairs of long chain fatty acids (FAs) (13-21
carbons), as did those in our previous report (2). The new PCs
include PC aa C32:0, PC aa C34:0, PC aa C34:4, PC ae C36:4, PC
aa C38:3, PC aa C40:5, and PC ae C42:1.

Receiver operating characteristic analyses (Figures 4A,B) of
the plasma 24-metabolite panel yielded AUC measures of 1.00
and 0.995, for the discovery and internal validation groups,
respectively. As a test on the accuracy of the 24-metabolite panel,
a support vector machine (SVM) classifier was also developed
on the discovery set and provided a similar ROC AUC (0.98)
measure. Such precision allows the development of a plasma 24
metabolite index (P24MI) (Figure 4C) based on a regularized
logistic regression model using the combined discovered and
validated 24 metabolite values. The P24MI provides 100%
confidence that subjects in our study with scores of >49 will
phenoconvert to either aMCI or AD over the next 5 years.

Comparisonsofour 10-lipid paneland expanded 24-metabolite
panel are presented in Table 4, which define the comprehensive
improvement provided by the expanded panel. Importantly,
the presented PPV and NPV in Table 4 are derived using a
conservative calculation method (10), and they feature similar

published prevalence estimates of LOAD for female and male
subjects aged 71-79 years: 2.33% for females, and 2.30% for males
(12). Gender differences in LOAD prevalence grow significantly
in subsequent decades, much higher in women, and is most likely
due to their longer life expectancy (14).

DISCUSSION

We present an expanded plasma metabolite panel that attempts
to maximize sensitivity, specificity, PPV, NPV, and accuracy in
predicting risk of phenoconversion in a clinically asymptomatic
cohort of seniors participating in a 5-year observational study.
We included predictive assessments in the presentation of this
24-metabolite panel and in the retrospective analysis of our
published 10-lipid panel (2) (see Table 4). It is important to
note that our original lipidomic panel, while demonstrating the
feasibility of risk identification using blood-based biomarkers for
the preclinical stages of LOAD, was specifically defined to achieve
approximately 90% sensitivity and specificity of classification uti-
lizing the smallest number of analytes. These particular selection
criteria were meant to provide interpretive simplicity and ease
of implementation on a path toward a putative diagnostic assay.
Since then, other investigators (15-17) have reported similar
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FIGURE 3 | Horizontal box and whisker plots of plasma 24 metabolite panel results for clinical groups in discovery and internal validation cohorts.
Comparative ranges of plasma metabolite levels for the targeted discovery and internal validation studies are displayed, allowing appraisal of metabolite results in the
cognitively intact normal (orange) versus Convertery (light blue) groups. The box defines the interquartile range (IQR) with the vertical black line within the box
representing the median value. The whiskers define the upper and lower 25% limits of the data, while the dots represent outliers (>1.5 IQR lengths from the ends of
the box). The normal group featured 53 subjects in the discovery and 20 in the internal validation cohorts, while the Converter,. group included 18 and 10 subjects,
for discovery and internal validation cohorts, respectively. Individual analytes are listed on the left vertical axis, while normalized metabolite levels are shown on the
horizontal axis. All the Convertery,. analyte results are reduced in comparison to NC levels, except for three acylcarnitine species (bottom of figure), C16:2, C12:1,
and C10:1, which are elevated. Note the higher variability of the internal validation set compared to the discovery set, due to less than half of the number of subjects

2
Metabolite level

groups of phospholipids depleted in the blood of Alzheimer’s
disease (AD) patients, while a recent nutritional intervention
study provided an alternative validation of our initial lipidomic
findings (18). Since the ultimate utility of a clinical diagnostic test
will depend, at least in part, on a combination of safety, predictive
accuracy, and cost, especially if used as a screening tool in asymp-
tomatic subjects, we now provide a new metabolomic panel that
maximizes predictive accuracy in the examined age group while
maintaining safety and relatively low cost.

Despite the significant differences in time to phenoconversion
between our discovery and internal validation groups (Table 2),
we are encouraged that our metabolomic profile developed under
a time to phenoconversion of 1.5 years also appears accurate up
to 3 years prior to phenoconversion. We believe that analysis of
serial specimens from our participants would provide extremely
valuable information regarding analyte changes over time. Such
analyses are yet to be finalized due to the associated expenses.
However, we believe that insights on whether expansion of our
metabolomic biomarker panel could be useful in raising predic-
tive accuracy of phenoconversion risk would be independent of
these serial analyses. While test sensitivity and specificity was
improved, PPV and NPV, especially PPV remained limited by

the low prevalence used for our age range (12). Importantly,
our 24-metabolite panel provides an improved risk assessment
regarding which subjects will develop aMCI or AD, and more
importantly, which subjects will not.

The revised selection criteria for our 24-metabolite panel
accounts for the inclusion of seven significantly dysregulated
plasma lipid species from our original report (2), and 15 addi-
tional abnormal plasma lipids, a single amino acid, and a single
biogenic amine. The 3 lipids included in our original 10-lipid
panel but excluded from the current 24-metabolite panel were
likely not considered due to more significant metabolites and
the LASSO exclusion to avoid co-linearity. We assert that
this novel plasma metabolite panel provides concordant, sig-
nificantly altered analytes based on the specific selection criteria
and statistical stringency used. These plasma biosignatures of
phenoconversion risk primarily feature dysregulated lipid spe-
cies, with the majority being reduced in plasma compared to
normal. The significant reduction in both PC and AC species
in peripheral blood supports the hypothesis put forth by our
group (2) and others (5, 15, 18-20) that abnormalities in lipid
networks may not only represent biomarkers for, but may be
integral to the development of specific neurodegenerative
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FIGURE 4 | Analytic representations to discriminate Converter,. from normal control (NC) subjects. (A,B) provide receiver operating characteristic (ROC)
curves, whereas (C) depicts the calculated plasma 24 metabolite index (P24MI). (A) ROC area under the curve (AUC) for the Discovery cohort was equal to 1.00 with
95% confidence interval (in parentheses) ranging from 1.00 to 1.00. (B) ROC AUC for the internal validation cohort was 0.995, with 95% confidence interval (shaded area
on plot) ranging from 0.981 to 1.00. (C) The P24MI results are depicted in vertical boxplots based on the logistic regression model that distinguishes between Converterye
and NC groups. Solid black horizontal lines represent the mean value, while the dashed red horizontal lines represent the median value. Orange and light blue dots
represent outliers (>1.5 IQR lengths from the ends of the box). The higher index values (left vertical axis) are associated with an increased risk of phenoconversion to aMCl
or AD, as seen in our Converterye subjects, with confidence (right vertical axis) of predicting phenoconversion transitioning from 90 to 100% at an relative index value of
48. Based on the calculated P24MI in our current dataset, a relative index value >49 represents a Converter,. individual and a risk of phenoconversion of 100% within the
5-year study range. Note the relatively low variability of the P24MI for both the NC group and the Converter,. group, with no overlap.

CONVERTER -

pathologies, including LOAD. Similarities in the dysregulated
lipid networks within brains from human LOAD and transgenic
mouse models of early-onset AD (EOAD) suggest disruptions in
the levels of certain bioactive lipids, including glycerophospho-
lipids, ceramides, and sphingomyelins, highlighting the utility

of lipidomics for investigating these conditions (21). Future
assessments may elucidate shared as well as distinct etiologic
mechanisms in both EOAD and LOAD and dictate particular
therapeutic options to target the differences in their pathobio-
logic networks.
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TABLE 4 | Biomarker panel comparisons.

Biomarker panel Sensitivity Specificity ROC AUC PPV/NPV (%) Accuracy (%)

Gender Cohort
10 lipid (2) 0.9 85
Male 12.4/99.7
Female 12.5/99.7

Discovery 0.96

Internal validation 0.92
24 metabolite 1.00 95
Male 32.0/100
Female 32.3/100

Discovery 1.00

Internal validation 0.995

ROC AUC, receiver operating characteristic area under the curve; PPV, positive predictive value; NPV, negative predictive value.

In our previous (2) as well as our current plasma biomarker
panel, all the PCs are notably reduced during the preclinical stages
of LOAD. Similar PC reductions have been documented in AD
brains (22) and attributed to pathologic activation of phospho-
lipase A, (PLA) (22, 23). Using current analytic methods, dys-
regulated lipid metabolism has been confirmed, with reductions
in specific PCs noted in brain (24), plasma (5), and serum (25)
of AD subjects compared to controls. With PLA, activity known
to form lyso PCs, lack of significant central elevations in this
phospholipid byproduct may relate to their rapid re-acylation to
form PCs for repair (or attempted repair) of membranes (26) or
to generation of downstream metabolites. The mechanistic link
between reduction of brain lipid in association with LOAD, and
in peripheral blood, has yet to be fully elucidated. Interestingly,
the PCs in our 24-metabolite panel all feature polyunsaturated
fatty acids (PUFAs) (Table 3), as has been reported by others
(25, 27). While the brain has the capacity to generate all the lipid
species it requires for normal function, along with most saturated
and monounsaturated FAs (28, 29), specific substrates required
to maintain brain lipid homeostasis, especially sources of energy
and certain PUFAs, are delivered to the brain via the bloodstream.
In normal brain metabolic processing, phospholipid components
are efficiently recycled and have relatively long central half-lives
(28). Essential PUFAs such as docosahaxaenoic acid (DHA; 22:6
n-3) and arachidonic acid (AA; 20:4 n-6) provide structural
functionality as phospholipid components in bilayer membranes.
Once released, either directly or through byproducts, they are
known to participate in signal transduction processes that have
positive and negative consequences within cells (30). Under
conditions where brain membrane lipids undergo catabolism
(e.g., oxidative stress, or neuroinflammation), the downstream
intermediates often are not recycled to the membrane and thereby
increase the demand for lipid precursors from the bloodstream
(Figure 5). Such precursors exist in plasma as unesterified FAs
(<22 carbons) bound to albumin, or as esterified FA species (>22
carbons) within phospholipids preferentially transported within
circulating lipoproteins (30). Esterified FAs can be converted to
unesterified forms via lipases within the lipoproteins or circulat-
ing within the blood (31-33). Flux of unesterified FAs into the
brain, across the blood-brain barrier (BBB), is rapid and occurs
via simple diffusion and possibly via facilitated transport (30). All
unesterified FAs entering the brain are immediately esterified by

acetyl-CoA-synthase (34-37), preventing their diffusion back to
blood and preparing them for incorporation into lipid biosyn-
thetic pathways. Activation of phospholipases (e.g., PLA) with
increased oxidative stress is implicated in diminishing PUFAs
from membrane lipids (16). We have observed elevated levels of
oxidative lipid metabolites in our at-risk preclinical subjects, that
do not reach statistical significance, but reach significant elevation
in plasma from symptomatic LOAD subjects compared to controls
[unpublished data]'. Hartmann and colleagues (18) provided an
indirect test to this hypothesis of depleted substrates (Figure 5A),
in their investigation of a medically regulated nutritional supple-
ment (Souvenaid®) in a randomized, placebo-controlled, double-
blind clinical trial in subjects having mild dementia, attempting to
stimulate de novo PC synthesis via the Kennedy pathway (38). They
report significant elevations in five specific blood-derived PCs
with the supplemental agents, including members of our original
plasma 10-lipid panel. Restoration of blood lipids with dietary
supplements has been proposed as beneficial in both preclinical
and mild AD by stabilizing synaptic membrane function (39), and
network connectivity (40). In another recent publication (41), the
authors propose that redox reactive autoantibodies are produced
in CSF and blood as a result of exposure to oxidizing agents (in
prodromal or manifest AD). Moreover, they proposed utilizing
the autoantibody levels as disease biomarkers to differentiate
control subjects from those with MCI or AD. From our perspec-
tive, such phospholipid autoantibodies are poised to preferentially
bind to specific plasma phospholipids, with resultant clearance of
the conjugates from blood plasma, making brain lipid substrates
less available for entry into the brain. Recent data indicate a role
for ACs beyond p-oxidation (42), including neuroprotection by
increasing antioxidant activity, modulating membrane composi-
tion, assisting with lipid biosynthesis, participating in gene regula-
tion, enhancing cholinergic neurotransmission, and improving
mitochondrial function. Altered AC levels in those destined to
phenoconvert to AD, therefore, may parallel central alterations in
neuroprotection and/or bioenergetic capacity.

Finally, the reduced abundance of asparagine (asp) and asym-
metric dimethylarginine (ADMA), in Converter,. compared to
NC, provide insights into orthogonal dysregulated networks in the

'Cheema AK, Personal communication (2015)
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FIGURE 5 | Schematic representations of potential alterations within
brain and peripheral blood responsible for reduced plasma
phospholipid levels. (A) Qualitative dot plot of differential changes occurring in
cognitively normal control (NC), cognitively normal Converterye (Core) Subjects,
and those with amnestic mild cognitive impairment or Alzheimer’s disease
(@MCI/AD). Note that all four processes (represented within boxed legend) are
at the zero relative level in the NC subjects. The C, subjects could show
significant polyunsaturated fatty acid (PUFA) transport into brain to replenish lost
substrate as a result of neuroinflammation or other brain injury. The increase in
PUFA flux into the brain is an attempt to compensate for ongoing injury and
results in a marked reduction in the plasma levels of molecules carrying those
lipid species. Dark horizontal line within boxes represents proposed mean. (B)
Qualitative plasma phospholipid biomarker results, previously quantified (2),
which may be better interpreted via the theory proposed in (A). Dark horizontal
line within boxes represents proposed mean. The full explanation for this
metabolic phenomenon in the C, subjects remains to be elucidated.

preclinical stages of LOAD. CSF and plasma asparagine levels are
known to be reduced in AD subjects compared to controls (43).
Depletion of asparagine from the CNS has been associated with
reversible altered mental status in children and adults, including
short-term memory impairment in the elderly (44). Asparagine’s
primary role is within proteins (45), affording a common site for
N-glycosylation and providing unique structural characteristics
at the ends of a-helices and within p-sheets (46). The brain, com-
pared to peripheral organs, is particularly dependent on intrinsic

production of asparagine due to limited transport across the BBB
(47). ADMA is produced from a post-translational modification
of polypeptides by specific methyltransferases, with subsequent
release into plasma following cellular protein turnover (48).
Elevated ADMA levels in blood have been consistently associated
with cardiovascular disease (CVD) risk factors, such as hyperten-
sion or hypercholesterolemia (48, 49). Within blood and other
tissues, ADMA is considered the primary inhibitor of nitric oxide
synthase (NOS), and thereby, a regulator of nitric oxide (NO)
production. Brain-specific NOS (nNOS or NOS1) (50), and
consequently NO production, is regulated by the relative con-
centrations of substrate, arginine, versus ADMA (48). Although
increased NO concentrations have been associated with neuronal
cell death, NO has been implicated in important synaptic actions,
including learning and memory (51). While ADMA levels in CSF
and blood of AD patients have not provided consistent findings
(52), we have not found previous reports of ADMA plasma levels
in preclinical AD subjects. The reduced ADMA levels in our
preclinical AD (Convertery.) subjects, and thereby the implied
elevation of NO vasodilator activity compared to matched con-
trols, may indicate a compensatory process, possibly triggered by
the presence of oxidative stress that increases NO production in
the early stages of AD (53). Additional investigations are required
to further elucidate these associations.

The potential for a highly accurate early screening test for
AD raises important questions about the value of such testing,
especially given that AD is a condition for which no cure exists
and treatment options are extremely limited. In other contexts,
the potential disutility associated with receiving bad health news
(54, 55) and with discrimination based on test results, particularly
in an employment or insurance context, has been recognized
(56). On the other hand, information from early screening may
produce utility by reducing uncertainty about the future and
allowing individuals to optimize key economic decisions related
to consumption, retirement, and future planning (57, 58). In addi-
tion, because significant limitations and rapid declines in financial
capacity are a hallmark of patients with early stage AD (59-62),
earlier diagnosis may also yield value in the form of averted
financial losses. Individuals with AD that is too early to diagnose
may be susceptible to financial exploitation and may have trouble
managing day-to-day household financial responsibilities such as
paying bills on time. Accurate LOAD testing may help families
better recognize and respond to those financial decision-making
deficits — such as by changing the financial head of household or
instituting other checks and balances (58) - before major finan-
cial problems occur. The scale and scope of negative financial
outcomes associated with AD in the prediagnosis period may
be substantial but as yet remain unquantified. Finally, the advent
of a predictive LOAD diagnostic is likely to advance researchers’
ability to develop and test novel AD therapeutics. Responding to
the projected future financial burden imposed by LOAD, and the
potential sources of value from predictive testing, many states have
prioritized early detection in their future preparations for AD (63).

As highlighted in the most recent report of the Presidential
Commission for the Study of Bioethical Issues (64), ethical reflection
and review need to be integrated into the research process from the
planning phase to produce treatments and therapies that best meet
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the patient’s values and goals. Procedures should be implemented
to ensure patient and public participation in the design of ethical
research protocols, development of diagnostics and treatments,
and a delivery process for predictive AD diagnostics. To achieve
these goals, accurate and transparent public communication is
needed, along with an emphasis on pre- and post-test counseling,
as underscored in recent guidelines for AD testing (65).

We acknowledge the residual limitations provided by the
relatively small, homogenous cohort of subjects used in this inves-
tigation, which is a subset of our previously reported study par-
ticipants (2). We believe that there are advantages to a longitudinal
study design that cannot be replicated in larger cross-sectional or
case—control studies, however, especially for defining and directly
investigating the preclinical state. Despite the added cost and
time required, longitudinal observational studies allow the direct
determination of the included preclinical period and to time the
transition to clinical disease quite accurately. It is through analyses
of preclinical biospecimens directly determined through such
observations that specific, temporally related disease mechanisms
can be accurately determined. As a result of longitudinal clinical
and limited correlative biomarker determinations, we have helped
define potential preclinical dysregulated plasma lipids and other
metabolites within our study group. Similar preclinicalmechanisms
can only be inferred using methods that compare health to disease.
We remain committed to a full analysis of all of our longitudinal
specimens obtained from our Rochester/Orange County Aging
Study subjects. In the meantime, however, an external validation
study is underway in which we are evaluating plasma specimens
from a larger, more ethnically diverse, and slightly younger subject
cohort to discern the applicability of our current metabolomic
biomarker panels beyond our strictly defined cohort (2). External
validation of our findings remains a critical component that cur-
rently limits the impact and utility of our results.

We also acknowledge the possibility of overfitting of the classi-
fier model to our limited set of subjects in this investigation, despite
our attempt to minimize such effects with the statistical methods
used. We present the current findings as a starting point, therefore,
for the external validation studies that are currently underway.
Optimal external validation of our biomarker panels will require
plasma samples that are obtained in similar subjects, under
comparable rigorous collection and processing procedures. In our
case, specific details to be followed would include morning blood
collections in a limited time window, following an overnight fast
and withholding morning medications, and minimizing plasma
freeze-thaw cycles prior to metabolomic analysis. It seems unlikely
that currently available specimens from external cohorts will meet
such strict criteria, but application of our biomarker panels to such
disparate specimens will instruct us regarding what similarities, if
any, may exist related to preclinical disease biosignatures despite
different demographics and sample collection/processing methods.

The alteration in specific analyte species during the preclinical
stages of LOAD from our studies is consistent with results from
other groups (25,27, 38) and provides evidence for unique metab-
olomic dysregulation, especially related to plasma lipids, during
the preclinical and clinical LOAD stages. While the theoretical
basis for the significant preclinical lipid reductions within plasma
during preclinical LOAD remains unconfirmed, there are several

mechanistic reasons for their occurrence that can be readily tested.
We encourage other investigators to advance our understanding
of such postulates through independent validation studies. The
dysregulated analyte species found in our study subjects appear
to suggest at least several altered metabolic networks, distinct
from amyloid and tau, during the preclinical LOAD stages,
which if supported by additional investigations, may encourage
development of new potentially disease-modifying interventions.
The current shift toward diagnostics that help define preclinical
LOAD (i.e., biomarkers from blood, CSE, and neuroimaging) is
expected to stimulate a new class of secondary prevention clinical
trials that feature novel or repurposed therapeutics. Enrichment
of asymptomatic at-risk individuals for participation in such tri-
als would depend on using accurate, safe, and inexpensive subject
selection methods. The optimal biomarker method(s) could also
allow serial monitoring of specific pathobiologic networks that
could herald therapeutic failure (or success). Such biomarker
approaches may not only allow improved patient safety but
also mitigate overall study costs. Novel capabilities provided by
preclinical biomarkers, we believe, will help stimulate resurgence
in therapeutic development for LOAD by the biopharmaceuti-
cal industry. We remain encouraged that through a heightened
awareness of all stakeholders in our society regarding the possible
utility of preclinical biomarkers, through education and dialog,
we may be better positioned to cope with and eventually over-
come the devastating effects of LOAD on the world’s population.

AUTHORS CONTRIBUTION

ME, AC, MM, and HF conceived this investigation. MM was
primarily responsible for coordinating the recruitment of patient
samples and clinical data collection. AC was primarily respon-
sible for the metabolomic analyses. XZ, MT, and MN provided
statistical analyses of the metabolomic data and classifier devel-
opment. ME, XZ, AC, MT, MN, AS, MM, and HF participated
in data interpretation. MF, XZ, and MM produced all tables and
figures. ME, SZ, AC, MO, SC, and MM performed the literature
search. CG provided neuro-economics perspectives. KF provided
the neuro-ethics perspectives. All the authors participated in
writing the manuscript and editing for content. Final manuscript
preparation and edits were performed by MF and HE.

ACKNOWLEDGMENTS

We thank R. Padilla, I. Conteh, J. McCann, and D. Phelps for pro-
cessing and storage of the biorepository specimens in preparation
for metabolomic analyses, and R. Singh and P. Kaur for technical
assistance in developing the metabolomics data. We thank Eileen
Johnson, RN, for collecting blood samples associated with this study.

FUNDING

The National Institutes of Health (NIA R01 AG030753) and the
DepartmentofDefenseofthe United States(W81XWH-09-1-0107)
provided grant funding to HF for this study. Additional support
for this work was provided by a gift to Georgetown University
through the Patricia J. Harvey Current Use Research Fund.

Frontiers in Neurology | www.frontiersin.org

November 2015 | Volume 6 | Article 237


http://www.frontiersin.org/Neurology/archive
http://www.frontiersin.org/Neurology/
http://www.frontiersin.org

Fiandaca et al.

Metabolites Predict Phenoconversion to aMCI/AD

REFERENCES

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Sperling RA, Aisen PS, Beckett LA, Bennett DA, Craft S, Fagan AM, et al.
Toward defining the preclinical stages of Alzheimer’s disease: recommenda-
tions from the National Institute on Aging-Alzheimer’s Association work-
groups on diagnostic guidelines for Alzheimer’s disease. Alzheimers Dement
(2011) 7:280-92. doi:10.1016/j.jalz.2011.03.003

Mapstone M, Cheema AK, Fiandaca MS, Zhong X, Mhyre TR, Macarthur LH,
et al. Plasma phospholipids identify antecedent memory impairment in older
adults. Nat Med (2014) 20:415-8. doi:10.1038/nm.3466

Fiandaca MS, Mapstone M, Cheema AK, Federoff HJ. The critical need for
defining preclinical biomarkers in Alzheimer’s disease. Alzheimers Dement
(2014) 10:5195-211. doi:10.1016/j.jalz.2014.04.015

Zweig MH, Campbell G. Receiver-operating characteristic (ROC) plots: a fun-
damental evaluation tool in clinical medicine. Clin Chem (1993) 39:561-77.
Whiley L, Sen A, Heaton J, Proitsi P, Garcia-Gomez D, Leung R, et al. Evidence
of altered phosphatidylcholine metabolism in Alzheimer’s disease. Neurobiol
Aging (2014) 35:271-8. doi:10.1016/j.neurobiolaging.2013.08.001

Guyon 1. A Scaling Law for the Validation Set Training Set Ratio. Homdel, NJ:
AT&T Bell Laboratories (1996).

Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Soc B
(1996) 58:267-88.

Hastie T, Tibshirani R, Friedman J. The Elements of Statistical Learning; Data
Mining, Inference, and Prediction. New York, NY: Springer-Verlag (2008).
Rousseeuw PJ, Christmann A. Robustness against separation and outliers in
logistic regression. Comput Stat Data Anal (2003) 43:315-32. doi:10.1016/
S0167-9473(02)00304-3

Youden WJ. Index for rating diagnostic tests. Cancer (1950) 3:32-5.
doi:10.1002/1097-0142(1950)3:1<32::AID-CNCR2820030106>3.0.CO;2-3
Vermont J, Bosson JL, Francois P, Robert C, Rueff A, Demongeot J. Strategies
for graphical threshold determination. Comput Methods Programs Biomed
(1991) 35:141-50. doi:10.1016/0169-2607(91)90072-2

Plassman BL, Langa KM, Fisher GG, Heeringa SG, Weir DR, Ofstedal
MB, et al. Prevalence of dementia in the United States: the aging, demo-
graphics, and memory study. Neuroepidemiology (2007) 29:125-32.
doi:10.1159/000109998

Steinberg DM, Fine J, Chappell R. Sample size for positive and negative pre-
dictive value in diagnostic research using case-control designs. Biostatistics
(2009) 10:94-105. doi:10.1093/biostatistics/kxn018

Alzheimer’s A. 2014 Alzheimer’s disease facts and figures. Alzheimers Dement
(2014) 10:e47-92. doi:10.1016/j.jalz.2014.02.001

Chatterjee P, Lim WLE Gupta VB, Sorhabi HR, Taddei K, Brown B, et al.
Altered plasma phospholipid composition in autosomal dominant Alzheimer’s
disease: a DIAN study. Alzheimers Dement (2014) 10:260. doi:10.1016/j.
jalz.2014.04.412

Gonzalez-Dominguez R, Garcia-Barrera T, Gomez-Ariza JL. Using direct
infusion mass spectrometry for serum metabolomics in Alzheimer’s disease.
Anal Bioanal Chem (2014) 406:7137-48. d0i:10.1007/s00216-014-8102-3
Proitsi P, Kim M, Whiley L, Pritchard M, Leung R, Soininen H, et al. Plasma
lipidomics analysis finds long chain cholesteryl esters to be associated with
Alzheimer’s disease. Transl Psychiatry (2015) 5:e494. doi:10.1038/tp.2014.127
Hartmann T, Van Wijk N, Wurtman R], Olde Rikkert MG, Sijben JW, Soininen
H, et al. A nutritional approach to ameliorate altered phospholipid metabo-
lism in Alzheimer’s disease. ] Alzheimers Dis (2014) 41:715-7. d0i:10.3233/
JAD-141137

Martin V, Fabelo N, Santpere G, Puig B, Marin R, Ferrer I, et al. Lipid alter-
ations in lipid rafts from Alzheimer’s disease human brain cortex. J Alzheimers
Dis (2010) 19:489-502. d0i:10.3233/JAD-2010-1242

Hadaczek P, Wu G, Sharma N, Ciesielska A, Bankiewicz K, Davidow AL, et al.
GDNF signaling implemented by GM1 ganglioside; failure in Parkinson’s
disease and GM1-deficient murine model. Exp Neurol (2015) 263:177-89.
doi:10.1016/j.expneurol.2014.10.010

Chan RB, Oliveira TG, Cortes EP, Honig LS, Duff KE, Small SA, et al
Comparative lipidomic analysis of mouse and human brain with Alzheimer
disease. ] Biol Chem (2012) 287:2678-88. d0i:10.1074/jbc.M111.274142
Nitsch RM, Blusztajn JK, Pittas AG, Slack BE, Growdon JH, Wurtman R].
Evidence for a membrane defect in Alzheimer disease brain. Proc Natl Acad
Sci US A (1992) 89:1671-5. doi:10.1073/pnas.89.5.1671

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Klein J. Membrane breakdown in acute and chronic neurodegeneration: focus
on choline-containing phospholipids. J Neural Transm (2000) 107:1027-63.
doi:10.1007/s007020070051

Grimm MO, Grosgen S, Riemenschneider M, Tanila H, Grimm HS, Hartmann
T. From brain to food: analysis of phosphatidylcholins, lyso-phosphati-
dylcholins and phosphatidylcholin-plasmalogens derivates in Alzheimer’s
disease human post mortem brains and mice model via mass spectrometry. J
Chromatogr A (2011) 1218:7713-22. doi:10.1016/j.chroma.2011.07.073
Gonzalez-Dominguez R, Garcia-Barrera T, Gomez-Ariza JL. Metabolomic
study of lipids in serum for biomarker discovery in Alzheimer’s disease using
direct infusion mass spectrometry. ] Pharm Biomed Anal (2014) 98:321-6.
doi:10.1016/j.jpba.2014.05.023

Farooqui AA, Horrocks LA, Farooqui T. Glycerophospholipids in brain: their
metabolism, incorporation into membranes, functions, and involvement
in neurological disorders. Chem Phys Lipids (2000) 106:1-29. doi:10.1016/
$0009-3084(00)00128-6

Conquer JA, Tierney MC, Zecevic ], Bettger WJ, Fisher RH. Fatty acid
analysis of blood plasma of patients with Alzheimer’s disease, other types of
dementia, and cognitive impairment. Lipids (2000) 35:1305-12. doi:10.1007/
511745-000-0646-3

Edmond J. Essential polyunsaturated fatty acids and the barrier to the brain:
the components of a model for transport. ] Mol Neurosci (2001) 16:181-93;
discussion 215-121.

Bazinet RP, Laye S. Polyunsaturated fatty acids and their metabolites in brain
function and disease. Nat Rev Neurosci (2014) 15:771-85. doi:10.1038/nrn3820
Rapoport SI. In vivo fatty acid incorporation into brain phosholipids in rela-
tion to plasma availability, signal transduction and membrane remodeling.
J Mol Neurosci (2001) 16:243-61; discussion 279-284.

Brecher P, Kuan HT. Lipoprotein lipase and acid lipase activity in rabbit brain
microvessels. ] Lipid Res (1979) 20:464-71.

Purdon D, Arai T, Rapoport S. No evidence for direct incorporation of esteri-
fied palmitic acid from plasma into brain lipids of awake adult rat. J Lipid Res
(1997) 38:526-30.

Spector AA. Plasma free fatty acid and lipoproteins as sources of polyunsat-
urated fatty acid for the brain. ] Mol Neurosci (2001) 16:159-65; discussion
215-121.

Sugiura T, Kudo N, Ojima T, Mabuchi-Itoh K, Yamashita A, Waku K. Coenzyme
A-dependent cleavage of membrane phospholipids in several rat tissues: ATP-
independent acyl-CoA synthesis and the generation of lysophospholipids.
Biochim Biophys Acta (1995) 1255:167-76.d0i:10.1016/0005-2760(94)00237-S
Deutsch ], Rapoport SI, Purdon AD. Relation between free fatty acid and
acyl-CoA concentrations in rat brain following decapitation. Neurochem Res
(1997) 22:759-65. doi:10.1023/A:1022030306359

Rabin O, Deutsch J, Grange E, Pettigrew KD, Chang MC, Rapoport
SI, et al. Changes in cerebral acyl-CoA concentrations following isch-
emia-reperfusion in awake gerbils. ] Neurochem (1997) 68:2111-8.
doi:10.1046/j.1471-4159.1997.68052111.x

Rapoport SI, Chang MC]J, Spector AA. Delivery and turnover of plasma-de-
rived essential PUFAs in mammalian brain. J Lipid Res (2001) 42:678-85.
Kennedy EP, Weiss SB. The function of cytidine coenzymes in the biosynthesis
of phospholipides. ] Biol Chem (1956) 222:193-214.

van Wijk N, Broersen LM, De Wilde MC, Hageman RJ, Groenendijk M, Sijben
JW, et al. Targeting synaptic dysfunction in Alzheimer’s disease by admin-
istering a specific nutrient combination. J Alzheimers Dis (2014) 38:459-79.
doi:10.3233/JAD-130998

de Waal H, Stam CJ, Lansbergen MM, Wieggers RL, Kamphuis PJ, Scheltens
P, et al. The effect of souvenaid on functional brain network organisation in
patients with mild Alzheimer’s disease: a randomised controlled study. PLoS
One (2014) 9:€86558. doi:10.1371/journal.pone.0086558

MclIntyre JA, Ramsey CJ, Gitter BD, Saykin AJ, Wagenknecht DR, Hyslop PA,
et al. Antiphospholipid autoantibodies as blood biomarkers for detection of
early stage Alzheimer’s disease. Autoimmunity (2015) 48(5):344-51. doi:10.3
109/08916934.2015.1008464

Jones LL, Mcdonald DA, Borum PR. Acylcarnitines: role in brain. Prog Lipid
Res (2010) 49:61-75. doi:10.1016/j.plipres.2009.08.004

Jimenez-Jimenez FJ, Molina JA, Gomez P, Vargas C, De Bustos F, Benito-
Leon J, et al. Neurotransmitter amino acids in cerebrospinal fluid of patients

Frontiers in Neurology | www.frontiersin.org

November 2015 | Volume 6 | Article 237


http://www.frontiersin.org/Neurology/archive
http://www.frontiersin.org/Neurology/
http://www.frontiersin.org
http://dx.doi.org/10.1016/j.jalz.2011.03.003
http://dx.doi.org/10.1038/nm.3466
http://dx.doi.org/10.1016/j.jalz.2014.04.015
http://dx.doi.org/10.1016/j.neurobiolaging.2013.08.001
http://dx.doi.org/10.1016/S0167-9473(02)00304-3
http://dx.doi.org/10.1016/S0167-9473(02)00304-3
http://dx.doi.org/10.1002/1097-0142(1950)3:1﻿<﻿32::AID-CNCR2820030106﻿>﻿3.0.CO;2-3
http://dx.doi.org/10.1016/0169-2607(91)90072-2
http://dx.doi.org/10.1159/000109998
http://dx.doi.org/10.1093/biostatistics/kxn018
http://dx.doi.org/10.1016/j.jalz.2014.02.001
http://dx.doi.org/10.1016/j.jalz.2014.04.412
http://dx.doi.org/10.1016/j.jalz.2014.04.412
http://dx.doi.org/10.1007/s00216-014-8102-3
http://dx.doi.org/10.1038/tp.2014.127
http://dx.doi.org/10.3233/JAD-141137
http://dx.doi.org/10.3233/JAD-141137
http://dx.doi.org/10.3233/JAD-2010-1242
http://dx.doi.org/10.1016/j.expneurol.2014.10.010
http://dx.doi.org/10.1074/jbc.M111.274142
http://dx.doi.org/10.1073/pnas.89.5.1671
http://dx.doi.org/10.1007/s007020070051
http://dx.doi.org/10.1016/j.chroma.2011.07.073
http://dx.doi.org/10.1016/j.jpba.2014.05.023
http://dx.doi.org/10.1016/S0009-3084(00)00128-6
http://dx.doi.org/10.1016/S0009-3084(00)00128-6
http://dx.doi.org/10.1007/s11745-000-0646-3
http://dx.doi.org/10.1007/s11745-000-0646-3
http://dx.doi.org/10.1038/nrn3820
http://dx.doi.org/10.1016/0005-2760(94)00237-S
http://dx.doi.org/10.1023/A:1022030306359
http://dx.doi.org/10.1046/j.1471-4159.1997.68052111.x
http://dx.doi.org/10.3233/JAD-130998
http://dx.doi.org/10.1371/journal.pone.0086558
http://dx.doi.org/10.3109/08916934.2015.1008464
http://dx.doi.org/10.3109/08916934.2015.1008464
http://dx.doi.org/10.1016/j.plipres.2009.08.004

Fiandaca et al.

Metabolites Predict Phenoconversion to aMCI/AD

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

with Alzheimer’s disease. ] Neural Transm (1998) 105:269-77. doi:10.1007/
5007020050073

Holland ], Fasanello S, Onuma T. Psychiatric symptoms associated
with L-asparaginase administration. ] Psychiatr Res (1974) 10:105-13.
doi:10.1016/0022-3956(74)90030-2

Ubuka T, Meister A. Studies on the utilization of asparagine by mouse leuke-
mia cells. ] Natl Cancer Inst (1971) 46:291-8.

Hubbard SC, Ivatt R]. Synthesis and processing of asparagine-linked oligo-
saccharides. Annu Rev Biochem (1981) 50:555-83. doi:10.1146/annurev.
b1.50.070181.003011

Ruzzo EK, Capo-Chichi JM, Ben-Zeev B, Chitayat D, Mao H, Pappas AL, et al.
Deficiency of asparagine synthetase causes congenital microcephaly and a
progressive form of encephalopathy. Neuron (2013) 80:429-41. doi:10.1016/j.
neuron.2013.08.013

Leiper J, Nandi M. The therapeutic potential of targeting endogenous
inhibitors of nitric oxide synthesis. Nat Rev Drug Discov (2011) 10:277-91.
doi:10.1038/nrd3358

Boger RH, Sullivan LM, Schwedhelm E, Wang TJ, Maas R, Benjamin EJ, et al.
Plasma asymmetric dimethylarginine and incidence of cardiovascular disease
and death in the community. Circulation (2009) 119:1592-600. doi:10.1161/
CIRCULATIONAHA.108.838268

Alderton WK, Cooper CE,KnowlesRG.Nitricoxidesynthases:structure,function
and inhibition. Biochem ] (2001) 357:593-615. doi:10.1042/0264-6021:3570593
FeilR,Kleppisch T.NO/cGMP-dependentmodulation of synaptic transmission.
Handb Exp Pharmacol (2008) 184:529-60. d0i:10.1007/978-3-540-74805-2_16
Arlt S, Schulze F, Eichenlaub M, Maas R, Lehmbeck JT, Schwedhelm E, et al.
Asymmetrical dimethylarginine is increased in plasma and decreased in
cerebrospinal fluid of patients with Alzheimer’s disease. Dement Geriatr Cogn
Disord (2008) 26:58-64. doi:10.1159/000144026

Hamel E. The cerebral circulation: function and dysfunction in Alzheimer’s
disease. ] Cardiovasc (2014) 65:317-24. doi:10.1097/
FJC.0000000000000177

Hall ], Viney R, Haas M. Taking a count: the evaluation of genetic testing. Aust
N Z ] Public Health (1998) 22:754-8. do0i:10.1111/j.1467-842X.1998.tb01488.x
Lliffe S, Manthorpe J. The hazards of early recognition of dementia: a risk
assessment. Aging Ment Health (2004) 8:99-105. doi:10.1080/136078604100
01649653

Billings PR, Kohn MA, De Cuevas M, Beckwith J, Alper JS, Natowicz MR.
Discrimination as a consequence of genetic testing. Am | Hum Genet (1992)
50:476-82.

Grosse SD, Wordsworth S, Payne K. Economic methods for valuing the out-
comes of genetic testing: beyond cost-effectiveness analysis. Genet Med (2008)
10:648-54. doi:10.1097/GIM.0b013e3181837217

Hsu JW, Willis R. Dementia risk and financial decision making by older house-
holds: the impact of information. J] Hum Cap (2013) 2013:45. doi:10.2139/
ssrn.2339225

Marson DC, Sawrie SM, Snyder S, Mcinturff B, Stalvey T, Boothe A, et al.
Assessing financial capacity in patients with Alzheimer disease: a conceptual
model and prototype instrument. Arch Neurol (2000) 57:877-84. doi:10.1001/
archneur.57.6.877

Martin R, Griffith HR, Belue K, Harrell L, Zamrini E, Anderson B, et al.
Declining financial capacity in patients with mild Alzheimer disease: a

Pharmacol

one-year longitudinal study. Am ] Geriatr Psychiatry (2008) 16:209-19.
doi:10.1097/JGP.0b013e318157cb00

Triebel KL, Martin R, Griffith HR, Marceaux J, Okonkwo OC, Harrell
L, et al. Declining financial capacity in mild cognitive impairment: a
1-year longitudinal study. Neurology (2009) 73:928-34. doi:10.1212/
WNL.0b013e3181b87971

Karlawish J. How are we going to live with Alzheimer’s disease? Health Aff
(Millwood) (2014) 33:541-6. doi:10.1377/hlthaff.2014.0089

Hoffman D. Alzheimer’s disease legislation and policy - now and in the future.
Health Aff (Millwood) (2014) 33:561-5. doi:10.1377/hlthaff.2013.1223
Guttman A, Wagner JW, Allen AL, Arras JD, Atkinson BE Farahany NA,
et al. Presidential Commission for the Study of Bioethical Issues Report, GRAY
MATTERS - Integrative Approaches for Neuroscience, Ethics, and Society.
Washington, DC: US Dept Health and Human Services (2014). http://www.
bioethics.gov/sites/default/files/Gray%20Matters%20Vol%201.pdf

Goldman JS, Hahn SE, Catania JW, Larusse-Eckert S, Butson MB, Rumbaugh
M, et al. Genetic counseling and testing for Alzheimer disease: joint practice
guidelines of the American College of Medical Genetics and the National
Society of Genetic Counselors. Genet Med (2011) 13:597-605. doi:10.1097/
GIM.0b013e31821d69b8

61.

62.
63.

64.

65.

Conflict of Interest Statement: The authors declare a potential conflict of
interest and state as follows. Drs. Massimo S. Fiandaca, Xiaogang Zhong, Amrita
K. Cheema, Mark Mapstone, and Howard J. Federoff have patents filed on their
behalf through Georgetown University. Dr. Massimo S. Fiandaca is named as a
co-inventor on a provisional patent application filed by Georgetown University
and the University of Rochester related to the specific biomarker technology
described in this manuscript. Dr. Xiaogang Zhong is named as a co-inventor on a
provisional patent application filed by Georgetown University and the University
of Rochester related to the specific biomarker technology described in this
manuscript. Dr. Amrita K. Cheema is named as a co-inventor on a provisional
patent application filed by Georgetown University and the University of Rochester
related to the specific biomarker technology described in this manuscript. Dr.
Michael H. Orquiza has no disclosures. Ms. Swathi Chidambaram has no dis-
closures. Dr. Ming T. Tan has no disclosures. Dr. Carole Roan Gresenz has no
disclosures. Dr. Kevin T. FitzGerald has no disclosures. Dr. Mike A. Nalls has no
disclosures. Dr. Andrew B. Singleton has no disclosures. Dr. Mark Mapstone is
named as a co-inventor on a provisional patent application filed by Georgetown
University and the University of Rochester related to the specific biomarker
technology described in this manuscript. Dr. Howard J. Federoff is named as a
co-inventor on a provisional patent application filed by Georgetown University
and the University of Rochester related to the specific biomarker technology
described in this manuscript.

Copyright © 2015 Fiandaca, Zhong, Cheema, Orquiza, Chidambaram, Tan,
Gresenz, FitzGerald, Nalls, Singleton, Mapstone and Federoff. This is an open-ac-
cess article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is
permitted, provided the original author(s) or licensor are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply
with these terms.

Frontiers in Neurology | www.frontiersin.org

13

November 2015 | Volume 6 | Article 237


http://www.frontiersin.org/Neurology/archive
http://www.frontiersin.org/Neurology/
http://www.frontiersin.org
http://dx.doi.org/10.1007/s007020050073
http://dx.doi.org/10.1007/s007020050073
http://dx.doi.org/10.1016/0022-3956(74)90030-2
http://dx.doi.org/10.1146/annurev.bi.50.070181.003011
http://dx.doi.org/10.1146/annurev.bi.50.070181.003011
http://dx.doi.org/10.1016/j.neuron.2013.08.013
http://dx.doi.org/10.1016/j.neuron.2013.08.013
http://dx.doi.org/10.1038/nrd3358
http://dx.doi.org/10.1161/CIRCULATIONAHA.108.838268
http://dx.doi.org/10.1161/CIRCULATIONAHA.108.838268
http://dx.doi.org/10.1042/0264-6021:3570593
http://dx.doi.org/10.1007/978-3-540-74805-2_16
http://dx.doi.org/10.1159/000144026
http://dx.doi.org/10.1097/FJC.0000000000000177
http://dx.doi.org/10.1097/FJC.0000000000000177
http://dx.doi.org/10.1111/j.1467-842X.1998.tb01488.x
http://dx.doi.org/10.1080/13607860410001649653
http://dx.doi.org/10.1080/13607860410001649653
http://dx.doi.org/10.1097/GIM.0b013e3181837217
http://dx.doi.org/10.2139/ssrn.2339225
http://dx.doi.org/10.2139/ssrn.2339225
http://dx.doi.org/10.1001/archneur.57.6.877
http://dx.doi.org/10.1001/archneur.57.6.877
http://dx.doi.org/10.1097/JGP.0b013e318157cb00
http://dx.doi.org/10.1212/WNL.0b013e3181b87971
http://dx.doi.org/10.1212/WNL.0b013e3181b87971
http://dx.doi.org/10.1377/hlthaff.2014.0089
http://dx.doi.org/10.1377/hlthaff.2013.1223
http://www.bioethics.gov/sites/default/files/Gray%20Matters%20Vol%201.pdf
http://www.bioethics.gov/sites/default/files/Gray%20Matters%20Vol%201.pdf
http://dx.doi.org/10.1097/GIM.0b013e31821d69b8
http://dx.doi.org/10.1097/GIM.0b013e31821d69b8
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Plasma 24-metabolite Panel Predicts Preclinical Transition to Clinical Stages of Alzheimer’s Disease
	Introduction
	Materials and Methods
	Participants
	Statistical Analysis

	Results
	Discussion
	Authors Contribution
	Acknowledgments
	Funding
	References


