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Multiplex assessment of a panel of 16 serum molecules
for the differential diagnosis of Alzheimer’s disease
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Abstract: One of the current challenge in Alzheimer’s disease (AD) is the identification of reliable biomarkers that
might improve diagnostic accuracy, possibly correlating with the disease progression and patient’s response to
therapy. As the clinically validated AD biomarkers evaluate cerebrospinal fluid (CSF) parameters, the need for less
invasive diagnostic markers is well evident. To this respect, blood circulating cytokines or growth factors have pro-
vided some encouraging results, even though no clinically validated to date. In 2007 Ray et al suggested a panel of
18 circulating molecules that might increase AD diagnostic accuracy. In an attempt of replicating their data, we de-
signed a multiplex fluorimetric assay comprising 16 independent analytes and covering 15 out of the 18 described
proteins. We collected serum samples from three diagnostic groups: probable AD (n=33), matched healthy controls
(CNT, n=23) and non AD demented (NAD, n=14). After correction for age, we found an increased level of EGF-1 in AD
in comparison to CNT and NAD, while an increase of TRAIL-R4 was found in NAD. However, evaluation of specificity/
sensitivity by ROC curve analysis gave weak evidence of diagnostic accuracy (area under the curve = 0.63 and 0.66
for EGF and TRAIL-R4, respectively). Finally, we tried to find a diagnostic classifier by a multivariate algorithm. We
found indication of diagnostic evidence for AD only, while NAD samples did not show a diagnostic pattern.
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Introduction the latter biomarkers, though clinically validat-
ed, are not routinely used and are not ideal in a

Alzheimer’s disease (AD) is a prevalent type of perspective of mass-screening to find early AD

dementia whose social and sanitary burden is
expected to raise in the next future due to gen-
eral population aging [1]. No disease-modifying
therapy is currently available, and a second
important limitation is the lack of reliable and
non invasive biomarkers of the pathology [2].
Currently, AD is diagnosed by a multitasking
process involving exclusion of other possible
cause of dementia, neuropsychological tests,
imaging and cerebrospinal fluid (CSF) assess-
ment of the proteins amyloid-beta 42 (AR42),
MAPT (tau) and phospho-MAPT [2-4]. However,

alteration in the general population. To this
respect, blood-derived circulating biomarkers
would be a better solution, but to date, despite
extensive research in the field and some prom-
ising data on plasma AB42, no clinical valida-
tion has been proposed [5-7]. One of the possi-
ble explanation of the failure of single marker
approach is that at peripheral level the clinical
picture is much more variable and concurrent
pathologies or medications might act as con-
founding factors. Also for this reason, a multi-
plexing approach evaluating at the same time a
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panel of different circulating molecules has the
potential to aid in finding an AD diagnostic sig-
nature [8-10]. This was done with promising
results by Ray et al, who starting from the
assessment of a panel of 18 plasma circulating
molecules developed an algorithm discriminat-
ing AD from controls and even mild cognitive
impairment (MCI) subjects that had converted
to AD from MCI without conversion [11]. In an
attempt of replicating this panel and shifting
the analysis to serum as biologic material, we
measured with a multiplex technology 16 circu-
lating factors covering 15 of the 18 already
described molecules in probable AD patients,
non AD demented and cognitively healthy
controls.

Materials and methods
Patients recruitment

Patients were consecutively enrolled by the
Neurology Unit at the clinical center
“Multimedica” (Castellanza, Varese, Italy). They
were classified as probable AD (n=33, mean
age at inclusion * standard deviation: 76.8 £
7.5 years; female percentage: 0.69) according
to the NINCS-ADRA international criteria [12].
Non AD demented (n=13, mean age at inclu-
sion + standard deviation: 78.9 + 4.4 years;
female percentage: 0.69) were diagnosed with
a different type of dementia [vascular dementia
(n=4), frontotemporal dementia (n=4), cortico-
basal degeneration (n=1), Lewy bodies disease
(n=1), progressive supranuclear palsy (n=1),
unspecified non AD dementia (n=2)]. Healthy
controls (n=24, mean age at inclusion + stan-
dard deviation: 74.7+ 8.6 years; female per-
centage: 0.55) were not cognitively affected as
clinically ascertained at recruitment.
Experiments involving human subjects were in
accordance to Declaration of Helsinki and
approved by local ethical committees.

Biologic material preparation and assay de-
scription

Fasting blood was collected by venipuncture,
divided into 5 aliquots of 1.5 mL and stored at
room temperature for 15 minutes to allow coag-
ulation. Each aliquot was then centrifuged for
10 minutes at 4000 rpm and the supernatant
(serum fraction) was transferred into a new 1.5
mL tube and immediately frozen. Serum was
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stored at -80°C with constant temperature
monitoring until required.

One aliquot of serum (25 pL) was used for a
custom-made slide-based multiplex assay (Ray
Biotech Inc, Norcross, GA, USA) of a panel of
molecules including: Angiopoietin-2 (ANG2);
epidermal growth factor (EGF); granulocyte col-
ony stimulating factor (G-CSF); growth regulat-
ed oncogene-alpha (GRO); intercellular adhe-
sion molecule-1 (ICAM-1); insulin-like growth
factor binding protein-6 (IGFBP-6); interleukin-1
alpha (IL-1a); interleukin-8 (IL-8); interleukin-11
(IL-11); monocyte chemotactic protein-3 (MCP-
3); macrophage colony stimulating factor
(M-CSF); macrophage inflammatory protein
1delta (MIP-13); pulmonary-activation-regulat-
ed-chemokine (PARC); platelet-derived growth
factor-BB (PDGF-BB), regulated and normal T
cell expressed (RANTES); TNF-related apopto-
sis-inducing ligand receptor 4 (TRAIL R4).

Briefly, using a multiplexed sandwich ELISA-
based technology, samples (arrayed in quadru-
plicate), after a room temperature blocking
step were incubated overnight to get the target
cytokine trapped on the glass surface. The
array was washed on an orbital shaker, incu-
bated with a primary antibodies cocktail for 2
hours and subsequently with a fluorogenic sec-
ondary mix for one hour. Finally, it was gently
centrifuged in a 50 mL conical tube to com-
pletely dry the surface. Then, the slide was
placed in a high resolution scanner (Agilent
Technologies, USA) for fluorescence quantifica-
tion. Raw fluorescence spots were quantified
using a macro implemented in ImageJ (www.
nih.gov/Imagel). Fluorescence values were
also converted into a graphical representation
by association of the corrected fluorescence
level to an arbitrary colorimetric scale.
Fluorescence values corrected for background
were converted to molar concentrations thanks
to standard curve (linear or logaritmic depend-
ing on the best fit for each molecule). Only stan-
dard curves with r2>0.9 were considered.

Classifier development

A multilayer feed-forward artificial neural net-
work (ANN) and a naive bayes (NB) classifier
were employed for the classification of the
cases [13, 14]. For training and validation pur-
poses, the available data was divided into two
subsets; the 80% of the data was used for
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Table 1. Single variable assay for the panel of circulating molecules assessed in serum of patients

PROTEIN (alias)

CONTROL
(n=23)
mean * SE (pg/mL)

NAD
(n=14)
mean + SE (pg/mL)

AD
(n=33)
mean + SE (pg/mL)

ANG-2 1433.8 + 284.5
EGF 52.7 £ 13.3
G-CSF 98.9 £ 45.6
GRO 3340.9 £ 543.8
ICAM-1 78215.7 + 14139.9
IGFBP-6 27234.0 £ 27511
IL1A 72+4.3
CXCLS8 (IL-8) 81.7+13.8
111 1000.3 + 265.3
CCL7 (MCP-3) 1505.1 + 541.4
M-CSF 143.7 £+ 55.6
CCL15 (MIP-1delta) 2366.0 £ 157.3
CCL18 (PAR-C) 23324.3 £ 2715.1
PDGF-BB 4108.4 + 143.3
CCL5 (RANTES) 27178.5 + 1857.3
TRAIL R4 136.9 +57.1

2243.9 £ 622.3
285+ 79
161.4 + 44.8
2984.5 + 827.7
125879.5 + 34912.7
27026.0 £ 7495.9
79+22
88.3+24.5
1175.2 + 325.9
3748.5 + 1039.6
245.3 £ 68.0
2283.3 £633.3
23885.9 + 6624.8
4126.6 + 11445
24695.9 + 6849.4
1248.4 + 37.9"

1612.5 £ 112.5
75.9 £ 13.27
924+ 16.1

3314.2 £ 576.9

135021.8 + 23504.3
25773.2 + 4486.5
224 +39
96.7 £ 16.8

683.4 £ 118.9

1650.9 + 287.4
1141 £ 19.9

2076.5 £ 361.5

17197.1 £ 2993.6
4048.3 + 704.7
24582.3 £ 4279.2
217.7 + 37.9

*ANCOVA p-value: 0.013; Kruskal-Wallis p-value: 0.0067. “"ANCOVA p-value: 0.02; Kruskal-Wallis p-value: 0.045. CCL, chemo-
kine that contains a C-C motif; CXCL, chemokine that contains a C-X-C motif; SE: standard error; AD: Alzheimer’s disease; NAD:

non AD dementia.

training (training set, including 27 AD, 11 NAD
and 18 CNT) and the 20% of the data was used
for validation (testing set, including 6 AD, 3 NAD
and 5 CNT).

As far as the ANN is concerned, the Back
Propagation (BP) algorithm was used for the
learning process, while the mean squared nor-
malized error (mse) was used as the network
performance function. The input layer of the
ANN consists of 16 nodes, one for each of the
variables. The output layer contains 3 neurons,
one for each class of the dataset. In order to
identify the optimal topology of the network, we
trained and tested 289 ANNs with two hidden
layers and hidden neurons from 5 to 22 for
each layer. All neurons in the hidden and the
output layers of the networks use a sigmoidal
activation function. During this procedure, the
learning rate and the momentum of the BP
algorithm were set equal to 0.01 and 0.9,
respectively.

Statistics
Univariate analysis was conducted by ANOVA

and multivariate with ANCOVA considering age
as covariate. In case of non normal distribution,
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associations were tested with non parametric
Kruskall-Wallis test. ROC curve analysis was
performed by a free online resource (http://
vassarstats.net/).

Results

Multiplex assessment of serum molecules
level

The quantification of the panel of 16 serum cir-
culating molecules in the three different groups
is summarized in Table 1. After performing
ANCOVA analysis correcting for age, almost all
the assessed analytes did not change among
groups, with the exception of EGF and TRAIL-R4.
EGF serum level resulted higher in AD than CNT
and NAD, the latter having the lowest level of
the growth factor. As for TRAIL-R4, its level was
considerably higher in NAD in comparison to
the other groups, where the assessed mean
level was comparable.

A color-based representation of the single vari-
able measured in each subject is shown in
Figure 1A. Fluorescence signal intensity, cor-
rected for background, was transformed into a
colored square, according to a reference scale.
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Figure 1. Multiparametric assessment of serum proteins for the differential diagnosis of Alzheimer’s disease (AD).
A. The circulating proteins listed in Table 1 were simultaneously measured using a glass slide-based protein ar-
ray as described in Methods. The resulting fluorescence signals were converted to a color code reflecting signal
intensity after background subtraction. Vertical columns are single patients, horizontal rows are panel proteins as
identified by the labels on the left. B, C. Receiver operating characteristic (ROC) analysis for EGF and TRAIL-R4. The
plotted curves were calculated hypothesizing a diagnostic value for Alzheimer’s disease (AD) in the case of EGF and
for non-AD dementia (NAD) for TRAIL-R4. The reported area-under-the-curve (AUC) value is suggestive of modest
diagnostic usefulness (for the null hypothesis: AUC =0.50). AD: Alzheimer’s disease; NAD: non AD dementia; CNTR:

cognitively healthy control.

This representation highlights the increased
level of EGF in AD subjects, while TRAIL-R4
mean increase in NAD was mainly due to the
contribution of a limited number of cases.

We have then plotted the specificity/sensitivity
graph and run a ROC analysis for EGF and
TRAIL-R4 [Figure 1B and 1C]. EGF ROC analysis
was conducted for discriminating AD from NAD/
CNT, while for TRAIL-R4 the hypothesis was to
differentiate NAD from the other groups. The
resulting curves were similar for the calculated
area under the curve (AUC), that was <0.70 in
both cases.

Multivariate analysis and classifier elaboration

Based on the experimental results, the optimal
artificial neural network (ANN) was found to be
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a network with 15 neurons on the first hidden
layer and 13 neurons on the second.

The performance of the classifiers was com-
puted on the testing set (holdout validation).
The confusion matrices obtained through hold-
out validations are given in Table 2.

Performance rates of the classifier ANN in pre-
dicting AD dementia regarding the patients of
the testing set were as follows: sensitivity
83.3%, specificity 62.5% and accuracy 71.4%.
The same values for NB were: 83.3% sensitivi-
ty, 87.5% specificity and 85.7% accuracy.

Discussion

Differential diagnosis of AD is still complex and
in some cases not confirmed at autopsy [15].
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Table 2. Confusion matrix of the ANN and NB
classifiers based on holdout validation

1) ANN classifier

ANN predictions
Negative NAD AD

Control (n=5) 4 0 1
Diagnose  NAD (n=3) 1 0 2
AD (n=6) 1 0 5

2) NB classifier

NB predictions
Negative NAD AD

Control (n=5) 5 0 0
Diagnose  NAD (n=3) 2 0 1
AD (n=6) 1 0 5

ANN: artificial neural network classifier; NB: naive bayes
classifier; NAD: non Alzheimer’s disease type dementia;
AD: Alzheimer’s disease.

Beside the need of a reliable diagnosis for ther-
apeutic purpose, the availability of minimally
invasive AD biomarkers is an urgent unmet
issue. In this pilot study we have included three
different groups of patients having a clinical
classification and we have performed a multi-
plex assay aimed at finding a possible diagnos-
tic profile. Our approach was not original as for
the selection of assayed molecules, that were
almost entirely listed by Ray et al [11]. For tech-
nical reasons linked to cross-reactivity, we were
able to include in a single array only 15 out of
18 of the molecules measured in the just cited
paper. We also assessed the protein GRO that
was not listed by Ray et al [11] but that was
recently considered as possible interesting bio-
marker for AD diagnosis [16]. However, this
should not have been a major limitation in rep-
licating diagnostic accuracy, as according to
the published data the classification error using
>10 predictors up to 120 was not remarkably
increased. In fact, others reported a diagnostic
classification starting from the same 18 pro-
tein panel but using 16 predictors and a bioin-
formatic elaboration reduced the number of
predictors down to 5 without affecting diagnos-
tic accuracy [17, 18]. At difference from Ray et
al, we used serum as biological material instead
of plasma. Our purpose was to test the diag-
nostic panel in a clinically easy handling type of
sample, without the need of anticoagulant
agents, and to add knowledge about this
option, as to date only plasma was used for rep-
lication of Ray et al. In agreement with other
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studies that attempted a replication [17, 19],
our results at single predictor level were mostly
negative, with no difference among groups for
13 out of 15 molecules. The additional protein
tested, GRO, did not differ among groups.
However, it is worth to notice that difficulties in
replicating the original data might also depend
on the complex algorithm used by Ray et al
[11]. Others have tried to differently re-analyze
their data from the bioinformatic point of view
and found evidence for the differential diagno-
sis of AD [20]. Our positive finding on EGF
deserves attention, as our AD group was suffi-
ciently sized (n=33) and an increase of this
growing factor in AD was independently report-
ed also by [17] and [19], so it is possible that
further research is warranted on this point,
even though EGF alone was not a good diag-
nostic predictors in our hands (AUC= 0.63). The
multiparametric analysis gave some prelimi-
nary suggestions of a possible improvement of
diagnostic accuracy using the 15 protein panel
as a whole, as the development of a naive
bayes (NB) classifier allowed specificity, sensi-
tivity and accuracy estimation above 83% for
the discrimination of AD from healthy controls.
However, this analysis suffers from reduced
sample size, particularly in the validation step
and independent replication in larger datasets
is mandatory. In conclusion, our proposed diag-
nostic panel gave mostly negative findings in
agreement with the available literature, but
confirmed in serum the evidence for EGF
increase in AD patients.

Acknowledgements

This work was supported by the grant 2008-
2359 from Fondazione CARIPLO (Milan, Italy)
awarded to DA and by “Fondazione Italo
Monzino” (Milan, Italy).

Address correspondence to: Dr. Diego Albani,
Department of Neuroscience, Istituto di Ricerche
Famacologiche “Mario Negri”-IRCCS, Via La Masa
19, 20156 Milan, Italy. Tel: +39 02 39014594; Fax:
+39 02 3546277; E-mail: diego.albani@marionegri.
it

References

[1]  Sosa-Ortiz AL, Acosta-Castillo |, Prince MJ. Epi-
demiology of Dementias and Alzheimer’s Dis-
ease. Arch Med Res 2012; 43: 600-608.

[2] Noel-Storr AH, Flicker L, Ritchie CW, Nguyen
GH, Gupta T, Wood P, Walton J, Desai M, Solo-

Am J Neurodegener Dis 2013;2(1):40-45



(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

45

Serum molecules for the differential diagnosis of AD

mon DF, Molena E, Worrall R, Hayen A, Choud-
hary P, Ladds E, Lanctét KL, Verhey FR, Mc-
Cleery JM, Mead GE, Clare L, Fioravanti M,
Hyde C, Marcus S, McShane R. Systematic re-
view of the body of evidence for the use of bio-

markers in the diagnosis of dementia.
Alzheimers Dement 2012; pii: S1552-
5260(12)00054-4.

Budson AE, Solomon PR. New criteria for Al-
zheimer disease and mild cognitive impair-
ment: implications for the practicing clinician.
Neurologist 2012; 18: 356-363.

Jack CR Jr, Albert MS, Knopman DS, McKhann
GM, Sperling RA, Carrillo MC, Thies B, Phelps
CH. Introduction to the recommendations from
the National Institute on Aging-Alzheimer’s As-
sociation workgroups on diagnostic guidelines
for Alzheimer’s disease. Alzheimers Dement
2011; 7: 257-262.

Koyama A, Okereke Ol, Yang T, Blacker D, Sel-
koe DJ, Grodstein F. Plasma amyloid-p as a pre-
dictor of dementia and cognitive decline: a
systematic review and meta-analysis. Arch
Neurol 2012; 69: 824-831.

Rissman RA, Trojanowski JQ, Shaw LM, Aisen
PS. Longitudinal plasma amyloid beta as a bio-
marker of Alzheimer's disease. J Neural
Transm 2012; 119: 843-850.

Watt AD, Perez KA, Rembach AR, Masters CL,
Villemagne VL, Barnham KJ. Variability in
blood-based amyloid-beta assays: the need for
consensus on pre-analytical processing. J Al-
zheimers Dis 2012; 30: 323-336.
Malekzadeh A, de Groot V, Beckerman H, van
Oosten BW, Blankenstein MA, Teunissen C.
Challenges in multi-plex and mono-plex plat-
forms for the discovery of inflammatory profiles
in  neurodegenerative diseases. Methods
2012; 56: 508-513.

O’Bryant SE, Xiao G, Barber R, Reisch J, Doody
R, Fairchild T, Adams P, Waring S, Diaz-Arrastia
R; Texas Alzheimer’s Research Consortium. A
serum protein-based algorithm for the detec-
tion of Alzheimer disease. Arch Neurol 2010;
67: 1077-1081.

Johnstone D, Milward EA, Berretta R, Moscato
P; Alzheimer’'s Disease Neuroimaging Initia-
tive. Multivariate protein signatures of pre-clin-
ical Alzheimer’s disease in the Alzheimer’s dis-
ease neuroimaging initiative (ADNI) plasma
proteome dataset. PLoS One 2012; 7: e34341.
Ray S, Britschgi M, Herbert C, Takeda-Uchimu-
raY, Boxer A, Blennow K, Friedman LF, Galasko
DR, Jutel M, Karydas A, Kaye JA, Leszek J, Mill-

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

er BL, Minthon L, Quinn JF, Rabinovici GD, Rob-
inson WH, Sabbagh MN, So YT, Sparks DL, Ta-
baton M, Tinklenberg J, Yesavage JA, Tibshirani
R, Wyss-Coray T. Classification and prediction
of clinical Alzheimer’'s diagnosis based on
plasma signaling proteins. Nat Med 2007; 13:
1359-1362.

McKhann G, Drachman D, Folstein M, Katzman
R, Price D, Stadlan EM. Clinical diagnosis of
Alzheimer’s disease: report of the NINCDS-
ADRDA Work Group under the auspices of De-
partment of Health and Human Services Task
Force on Alzheimer's Disease. Neurology
1984; 34:939-944.

Theodoridis S and Koutroumbas K. Pattern
Recognition (4th ed.). London: Elsevier Aca-
demic Press, 2009, ch. 2, ch. 4, ch. 5.

Duda R, Hart P and Stork D. Pattern Classifica-
tion (2nd ed.), New York: John Wiley & Sons,
2001, ch. 3, ch. 6, ch. 9.

Wang BW, Lu E, Mackenzie IR, Assaly M, Jaco-
va C, Lee PE, Beattie BL, Hsiung GY. Multiple
pathologies are common in Alzheimer patients
in clinical trials. Can J Neurol Sci 2012; 39:
592-599.

Craig-Schapiro R, Kuhn M, Xiong C, Pickering
EH, Liu J, Misko TP, Perrin RJ, Bales KR, Soares
H, Fagan AM, Holtzman DM. Multiplexed im-
munoassay panel identifies novel CSF bio-
markers for Alzheimer’s disease diagnosis and
prognosis. PLoS One 2011; 6:€18850.
Marksteiner J, Kemmler G, Weiss EM, Knaus
G, Ullrich C, Mechtcheriakov S, Oberbauer H,
Auffinger S, Hinterholzl J, Hinterhuber H, Hum-
pel C. Five out of 16 plasma signaling proteins
are enhanced in plasma of patients with mild
cognitive impairment and Alzheimer’s disease.
Neurobiol Aging 2011; 32: 539-540.

Gomez Ravetti M, Moscato P. Identification of a
5-protein biomarker molecular signature for
predicting Alzheimer's disease. PLoS One
2008; 3: e3111.

Bjorkqvist M, Ohlsson M, Minthon L, Hansson
0. Evaluation of a previously suggested plas-
ma biomarker panel to identify Alzheimer’s dis-
ease. PLoS One 2012; 7: e29868.

Rocha de Paula M, Gomez Ravetti M, Berretta
R, Moscato P. Differences in abundances of
cell-signalling proteins in blood reveal novel
biomarkers for early detection of clinical Al-
zheimer’s disease. PLoS One 2011; 6: e17481.

Am J Neurodegener Dis 2013;2(1):40-45



