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1 Introduction 
This report covers work in WP3 - Quantification of molecular data - in the STREP project From 
Patient Data to Personalised Healthcare in Alzheimer’s Disease (PredictAD, FP7 – 224328). The 
project has been funded by the European Commission in the 7th framework program (FP7) under 
the theme Virtual Physiological Human (ICT-2007-5.3).  
 
The first scientific objective of the PredictAD project is to find efficient biomarkers from 
heterogeneous patient data and integrate them for making early diagnosis and progress monitoring 
of AD more efficient, reliable and objective (Annex I). Our goal is to find totally new biomarkers 
which could be used in early diagnosis of AD. In the WP3, metabolomic and proteomic biomarker 
candidates are searched in blood samples using techniques which have not been widely utilised in 
AD biomarker discovery earlier.  These biomarker candidates will be integrated with biomarkers 
produced by other modalities, such as, imaging and clinical testing, for making the diagnosis more 
reliable and accurate. 
 
The first deliverable (D3.1) was to perform initial metabolic and proteomic analyses and 
evaluation on 20 cases and 20 controls from LMCI-1 study (University of Kuopio) for whom 
prospective clinical data is available (control, progressive MCI, stable MCI, dementia/AD).  This 
goal was exceeded.  
 
By metabolomics approach, 271 samples of samples were analyzed from 226 subjects A total of 
117 metabolites were identified. The initial results suggested involvement of cholesterol 
metabolism and lipid oxidation, which is consistent with current understanding of the disease. 
Several other metabolites have been altered significantly. The results also suggested clear 
separation between S-MCI and P-MCI can be found based on metabolic profiles. 
 
In proteomics, label-free proteomics analysis was performed of the eight samples, which yielded 
220 proteins. The relative abundance of these proteins in each sample has been correlated with AD 
degree. Proteins that gave high positive correlation with both genders have been selected as 
potential biomarkers for further evaluation.  
 
The second deliverable (D3.2) was to perform in-depth metabolic and proteomic analyses and 
evaluation on all cases and controls for whom prospective clinical data is available (control, 
progressive MCI, stable MCI, dementia/AD).  This goal was achieved.  
 
In metabolomics, further in depth mining, validation, as well as metabolite identification was 
performed to confirm the biomarker candidates obtained. 
 
In proteomics, due to the move from Uppsala to Stockholm, another LC/MS platform compared to 
D3.1 was employed, and a full replicate of the experiment described in D3.1 was performed. The 
results confirmed the main findings of D3.1. Using the new platform, both label-free and iTRAQ 
quantification was performed. Peptides and proteins were found that correlate with the AD degree 
in both analyses.  
 
This report, the third final deliverable (D3.3), describes our late-term (month 34) results of AD 
patient blood plasma analysis with the final aim of findings AD biomarkers, i.e. the progress 
compared to the mid-term results (month 20). For the previous results, see reports on the 
Deliverables D.3.1 and D3.2. 



FP7-224328 – PredictAD  Deliverable 3.2 – WP3 Molecular biomarkers  

 Consortium Confidential  
 Page 5 of 17 
 Version 1.0 
This project is partially funded under the 7th Framework Programme by the European Commission 

2 Metabolomics analysis: Small molecules with GCxGC-
TOFMS platform and Lipids with UPLC-QTof platform 

2.1 Metabolomics in Kuopio cohort 
Two analytical platforms for metabolomics were applied to all serum samples (Table 1): (1) global 
lipidomics platform based on Ultra Performance Liquid Chromatography coupled to Mass 
Spectrometry (UPLC-MS) covers molecular lipids such as phospholipids, sphingolipids, and neutral 
lipids. The analysis was performed in negative ionization mode (ESI-), thus covering mainly the 
polar phospholipids; (2) platform for small polar metabolites based on comprehensive two-
dimensional gas chromatography coupled to time-of-flight mass spectrometry (GCxGC-TOFMS) 
covers small molecules such as amino acids, free fatty acids, keto-acids, various other organic acids, 
sterols, and sugars. Both platforms were recently described and applied in a large prospective study 
in type 1 diabetes (Oresic et al. , 2008). The final dataset from each platform consisted of a list of 
metabolite peaks (identified or unidentified) and their concentrations, calculated using the platform-
specific methods, across all samples.  All metabolite peaks were included in the data analyses, 
including the unidentified ones. We reasoned that inclusion of complete data as obtained from the 
platform best represents the global metabolome, and the unidentified peaks may still be followed-up 
later on with de novo identification using additional experiments if considered of interest. 

Table 1  Descriptive statistics of the study population at baseline 

 Control  Stable MCI  Progressive 

MCI  

AD  

N=226  46  91  52  37  

Gender, male/female (%)  21/25 (46/54)  32/59 (35/65)  15/37 (29/71)  17/20 (46/54)  

Age at baseline, years  71±6  72±5   71±6  75±4*  

Education, years  7±2  7±2  7±3  7±3  

MMSE  25.8±2.2  24.6±3.0**  23.7±2.7***  20.5±2.9****  

Follow-up time, months  31±17  28±16  27±18   

APOE 2/ 3/ 4, %  0/87/13  4/74/22  3/59/38a  0/65/35b 

achi-square P<0.001 for 4 allele against control  with odds ratio 4.0 (CI 2.0-8.3) and P<0.01 against Stable MCI with 

odds ratio 2.2 (1.3-3.7). 
bchi-square P=0.001 for 4 allele against control  with odds ratio 3.5 (1.6-7.6) and P=0.02 against  Stable MCI with 

odds ratio  1.9 (1.1-3.5). 

*P<0.01 against control , Stable MCI  and Progressive MCI 

**P=0.03 against control  

*** P<0.001 against control  and P=0.03 against Stable MCI  

****P<0.001 against control , Stable MCI  and Progressive MCI 
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Using the analytical platforms, a total of 139 molecular lipids and 544 small polar metabolites were 
measured, respectively. Due to a high degree of co-regulation among the metabolites (Steuer et al. , 
2003), one cannot assume that all the 683 measured metabolites are independent. The global 
metabolome was therefore first surveyed by clustering the data into a subset of clusters using the 
Bayesian  model-based  clustering  (Fraley  and  Raftery,  2007).  Lipidomic  platform  data  was  
decomposed into 7 (LCs) and the GCxGC-TOFMS based metabolomic data into 6 clusters (MCs), 
respectively. Description of each cluster and representative metabolites are shown in Table 2. As 
expected, the division of clusters to a large extent follows different metabolite functional or 
structural groups 

Table 2.  Metabolome and lipidome cluster descriptions 
Cluster 

name 

Cluster 

size 

Cluster description Pa 

Baseline 

diagnosis 

Examples of metabolites 

LC1 14 PCs containing linoleic acid 

(C18:2n6) 0.0345 

PC(16:0/18:2), PC(18:0/18:2) 

LC2 10 LysoPCs 0.9365 lysoPC(16:0), lysoPC(18:0) 

LC3 31 Palmitate and stearate 

containing PCs 0.0188 

PC(16:0/18:1), PC(16:0/20:3), PC(16:0/16:0), 

PC(18:0/18:1) 

LC4 29 Ether PCs 0.0135 PC(O-18:1/16:0), PC(O-18:1/18:2) 

LC5 6 AA containing PCs and PEs 0.1190 PC(16:0/20:4), PC(18:0/20:4), PE(18:0/20:4) 

LC6 13 EPA and DHA containing PCs  0.2776 PC(16:0/22:6), PC(18:0/22:6), PC16:0/20:5) 

LC7 32 Sphingomyelins 0.1106 SM(d18:1/24:1), SM(d18:1/16:0) 

MC1 176 Diverse, including free fatty 

acids, TCA cycle metabolites 

0.5900 

2-ketobutyric acid, citric acid, succinic acid, 

myristic acid, stearic acid, oleic acid, threonic 

acid 

MC2 299 Diverse, including amino acids, 

sterols 0.2693 

Cholesterol, sitosterol, campesterol, lactic acid, 

pyruvic acid, glycine 

MC3 31 Amino acids, ketoacids 0.0516 Ketovaline, glutamine, ornithine 

MC4 3 Branched chain amino acids 0.5491 Valine, leucine, isoleucine 

MC5 32 Diverse 0.2169 Histamine, pyroglutamic acid, glutamic acid 

MC6 3 Unknown 0.1392  
aANOVA across the Control, MCI, and AD diagnostic groups at baseline. 

Abbreviations: AA, arachidonic acid; DHA, docosahexanoic acid; EPA, eicosapentanoic acid; lysoPC, 

lysophosphatidylcholine; PC, phosphatidylcholine. 

 
As shown in Figure 1 (and in Figure 2 for selected representative identified metabolites), several of 
the clusters had different average metabolite profiles across the three diagnostic groups at baseline. 
Specifically, there was an overall trend towards diminished lipid levels in AD, with the highest 
levels in the control group (LCs 3-7). The differences of average within-cluster profiles between the 
three groups reached the significance level in LC1, LC3 (both containing predominantly 
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phosphatidylcholines) and LC4 (consisting predominantly of ether phospholipids, including 
plasmalogens).  Among  the  metabolites,  MC3  was  different  between  the  diagnostic  groups  at  
baseline at a marginal significance level. The two large clusters, MC1 and MC2, did not change on 
average between the groups, but did contain several significantly changing metabolites. 
 

 

 

 

Figure 1. Metabolomic profiles across the three diagnostic groups at baseline. Mean metabolite levels 
within each cluster. Error marks show standard error of the mean (*P<0.05). 

 
Figure 2. Profiles of selected representative metabolites from different clusters in control and AD groups at 
baseline. The metabolite levels are shown as beanplots (Kampstra, 2008), which provide information on the 
mean level (solid line), individual data points (short lines), and the density of the distribution. The 
concentration scale in beanplots is logarithmic for some metabolites. 
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2.2 Feasibility of diagnosis and prediction of AD 
To assess the feasibility of diagnosis, we selected top ranking metabolites based on comparing AD 
and control groups at baseline from each of the clusters, and performed a model selection in 
multiple cross-validation runs (see next paragraph). The reason for such initial metabolite selection 
was that clusters already represent to some degree groups of closely associated metabolites. 
 
Logistic regression model implemented in R was applied to discriminate the groups of interest. In 
order to assess the best marker combination, 1000 cross-validation runs were performed. In each 
run, 2/3 and 1/3 of samples were selected at random to the training and test sets, respectively, and 
the best marker combination in the logistic regression model was selected by stepwise algorithm 
using Akaike’s information criterion (Yamashita et al. , 2007). The best model was then applied to 
the test set samples to calculate their predicted classes. The optimal marker combinations in each of 
the cross-validation runs, receiver operating characteristic (ROC) curves with area under the curve 
(AUC) statistics, odds-ratios and relative risks were recorded. Different biomarker signatures were 
then compared based on the number of times they were selected as the best performing models. The 
performance of the top ranking signature was then reported using the same procedure as above, but 
only considering the selected combination of metabolites. Receiver operating characteristic (ROC) 
curves with area under the curve (AUC) statistics, prediction accuracy, odds-ratios and relative risks 
were recorded based on performance in the independently tested data (1/3 of samples) for each of 
the 2000 cross-validation runs. 
 

The best model derived from logistic regression analysis was obtained by combining four 
metabolites: two phosphatidylcholines (PC(18:0/18:2) from LC1 and PC(16:0/20:4) from LC5), 
lactic acid (MC2; PubChem CID 61503), and ketovaline (MC3; PubChem CID 49). This 
combination was selected in 248 out of 1000 cross-validation runs.  The next three strongly 
performing models, included combined in 275 selections, were closely related as they contained the 
subsets of two or three metabolites of the top-ranking model. Figure 3 shows the summary of the 
combined 4-metabolite diagnostic model, based on the independently tested data taken from 2000 
samplings. 
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Figure 3.  Feasibility of diagnosing AD, based on concentrations of four metabolites (lactic acid, ketovaline, 
PC(18:0/18:2), PC(16:0/20:4)). The characteristics of the model (AUC, OR, Acc) independently tested in 1/3 
of  the sample are shown as mean values (5th, 95th percentiles), based on 2,000 cross-validation runs.Acc = 
classification accuracy; AUC = area under the Receiver Operating characteristic (ROC) curve; OR = odds 
ratio. 
 
We also investigated the feasibility of prediction of AD, by comparing stable and progressive MCI 
groups based on metabolomics profiles at baseline. Using the same approach as above, the best 
model contained three metabolites. Figure 4 shows the summary of the combined 3-metabolite 
diagnostic model, based on the independently tested data taken from 2000 samplings. 

2.3 Metabolic pathways behind progression to AD 
Next, we investigated which metabolic pathways may be behind the observed metabolic profile 
changes found to be associated with AD and with progression to AD. We applied the newly 
developed pathway analysis method (developed by VTT, paper in minor revision) of GCxGC-
TOFMS  data  using  methodology  similar  to  Gene  Set  Enrichment  Analysis  (Subramanian et al. , 
2005), aiming to identify sets of metabolites belonging to specific metabolic pathways which are 
significantly  different  between  (1)  controls  and  AD  groups  at  baseline  or  (2)  S-MCI  and  P-MCI  
groups at baseline.  The results are shown in Table 3 below. The only significantly altered pathway 
following the P-value correction was pentose phosphate pathway when comparing P-MCI and S-
MCI groups. Of relevance to this pathway, ribose-5-phosphate was down-regulated in the P-MCI 
group (P=0.046), while lactic acid (P=0.040) and pyruvic acid (P=0.058) were up-regulated. 
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Figure 4.  Feasibility of predicting AD, based on concentrations of three biomarker metabolites in subjects at 
baseline who were diagnosed with MCI. The characteristics of the model (AUC, OR, RR) independently 
tested in 1/3 of the sample are shown as mean values (5th, 95th percentiles), based on 2,000 cross-validation 
runs. 
Table 3. Pathway analysis of metabolomics data from the GCxGC-TOFMS platform. 

‘KEGG ID’ is the KEGG identifier of the pathway, ‘Pathway name’ is the name of the pathway given by KEGG and 
‘Size’ is the number of metabolites that belong to a particular pathway. ‘Medium-K’ is the number of metabolites 
within the dataset assigned to the pathway after pathway inconsistencies has been corrected and ‘N/Nall’ is the rank at 
which the minimum P-value was obtained using features associated to KEGG (N) and all features (Nall), respectively. P 
is the P-value given by hypergeometric distribution and Pcorr is the corresponding permutation-corrected P-value.  

 P-MCI vs. S-MCI AD vs. Controls 

KEGG ID Pathway name Size N/Nall Medium-K P Pcorr N/Nall Medium-K P Pcorr 

map00030 Pentose phosphate pathway 28 2/(32) 2 0.000130 0.09 15/(434) 3 0.000580 0.46 

map00051 Fructose and mannose metabolism 28 18/(466) 2 0.017702 0.91 10/(281) 2 0.007617 0.43 

map00052 Galactose metabolism 33 18/(466) 2 0.024189 0.93 14/(359) 2 0.054227 0.50 

map00061 Fatty acid biosynthesis 48 19/(489) 3 0.005718 0.99 19/(538) 2 0.019644 0.99 

map00520 Amino sugar and nucleotide sugar metabolism 66 18/(466) 2 0.085056 0.87 4/(159) 2 0.002265 0.71 

map00710 Carbon fixation in photosynthetic organisms 22 18/(466) 2 0.011108 0.91 18/(511) 3 0.004883 0.82 

map01040 Biosynthesis of unsaturated fatty acids 48 19/(489) 3 0.005718 0.99 15/(434) 2 0.007750 0.63 

map01100 Metabolic pathways 1059 7/(120) 3 0.661475 0.25 15/(434) 3 0.986924 0.91 

map01110 Biosynthesis of secondary metabolites 472 5/(81) 2 0.253492 0.15 15/(434) 3 0.585593 0.60 
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3 Proteomics analysis  

3.1 LC-MS Platform validation and improvement 
The new analytical platform (since September 2009) is the combination of nano-flow LC 
EasyNanoLC (Proxeon) and mass spectrometer Orbitrap Velos (Thermo). Targeted analyses were 
also performed on the newly acquired (April 2010) triple-quadrupole LC/MS platform (nano-
Acquity UPLC with Xevo QqQ MS). However, it turned out that the accuracy of the “targeted” 
MRM analysis was not higher (in fact, lower) compared to the “discovery” approach with Orbitrap 
Velos. Therefore, it was decided to perform all analyses, including 197 individual analyses, using 
the high-resolution Orbitrao Velos platform. At the same time, in-house written label-free 
quantification program was further developed, to become ca. 2-3 times more accurate than 
respective commercial algorithms. The main improvement was to account for the electrospray 
current fluctuations by statistical analysis of the abundances of simultaneously eluting peptides. 
This improvement will be described in a separate publication.   
 

3.2 Validation of the analysis method – gender differentiation 
There is ample evidence of the role of gender in discovery of protein biomarkers. There are also 
reports on the gender differences in the abundance of certain proteins in human blood. Since gender 
information is easily available and reliable, attempts to differentiate samples by gender provides a 
good testing ground for biomarker discovery. In the analysis of 8 pooled samples (4 male and 4 
female groups), each assessed 6 times by LC/MS (totally 48 LC/MS runs), it was found that the 
protein most upregulated in females in alpha2-macroglobulin (A2M), while in males – haptoglobin-
related protein (HPR). The ratio of the relative abundances of these two proteins was found to be 
specific enough to differentiate by gender all 48 analyses (Figure 5). 
 

 
 
Figure 5. Differentiation by gender using the A2M/HPR ratio. 100% specificity and sensitivity is 
achieved in the analysis of pooled samples. 
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In the analysis of 197 individual samples (Table 4), a model was created based on the abundance of 
4 proteins out of 120 proteins detected and quantified with at least 2 peptides.  
 
Table 4. Minimum, maximum age in every analyzed group and standard deviation, years. 
 

Group No. of 
samples Age max Age min Age average Age std 

Control 
Female 16 86 63 71.9 5.8 

Control Male 19 79 60 69.3 5.5 
SMCI Female 48 81 62 71.9 5.3 
SMCI Male 28 86 64 72.4 5.5 

PMCI Female 33 81 62 72.8 5.7 
PMCI Male 17 76 56 68.2 6.4 
AD Female 19 81 73 77.2 2.5 
AD Male 17 79 65 72.7 3.5 

 
A model was created using SIMCA-P+ version 12.0.1.0 (Umetrics AB). The predictive ability of 
the model was calculated by cross-validation: the data were divided into 7 parts (by default) and 
each 1/7th in turn was removed. A model was built on the 6/7th data left in and the left out data are 
predicted from the new model. This procedure was repeated with each 1/7th of the data until all the 
data have been predicted. The predicted data were then compared with the original data and the sum 
of squared errors calculated for the whole dataset. 
 
With this model, 155 individual samples could be correctly identified by gender (Figure 6), which 
corresponds to 84% sensitivity and 75% specificity. Over 10 proteins were found statistically 
significantly gender-correlated. Remarkably, these proteins (and 12 more) were found gender-
correlated in the pooled sample analysis. These results validate the accuracy of the approach used 
and send an encouraging signal that AD biomarkers can be found among the abundant proteins. 
Another important result is that the biomarker proteins should be searched separately for the two 
genders.  
 
 

 
Figure 6. A model for gender differentiation created based on the abundance of 4 proteins in 197 
individual blood plasma samples. 
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3.3 AD biomarkers 
A model for differentiation between AD and Control was created separately for males and females, 
both based on the abundance of 11 proteins (Figure 7). The models show sensitivity of 94-95% and 
specificity of 82-95%. The high predictive ability of the models is determined by the large 
differences found in the blood of AD patients and Controls.  
 

  
 
 
 
 
 
 
 
 
 
 
 

Figure 7. ROC curves showing performance of models differentiating AD and Controls. 
 
When two most predictive proteins are selected, the ROC curve for females is shown in Figure 8, 
left. For comparison, half of the AD samples were branded as Control, as vice versa. The model 
was rebuilt for this new decoy dataset, and new two proteins were selected. The resultant ROC 
curve is shown in Figure 8, right. The fact that the area under the number of correctly identified 
cases dropped from 28 from 24 and the area under the curve decreased supports the validity of the 
AD/Control model.  

 
 
 
 
 
 
 
 
 
 

Figure 8. Left: True model of AD/Control separation based on two proteins for females. Right: 
same for Decoy composed of mixed Control and AD samples randomly separated into two groups.  
 
It is much more clinically relevant (but also much more difficult) to distinguish between stable and 
progressive memory losses (SMCI and PMCI) by blood sample analysis. 
 
Figure 9 demonstrates that this is possible, at least to a certain degree: sensitivity of the models 
based on 12-13 proteins is 71-75%, while specificity is 82-94%. Note that both for males and 
females, the majority of cases missed belong to the PMCI class. This may point towards over-
diagnosing PMCI in the cohort used. 
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Figure 9. ROC curves showing performance of models differentiating between PMCI and SMCI. 
 
When two most predictive proteins were selected, the separation somewhat deteriorated but 
remained statistically significant. The ROC curves for True and Decoy separations of female 
samples are shown in Figure 10, and for males in Figure 11.  

 
 
 
 
 
 
 
 
 
 
 

Figure 10. Left:  True model of PMCI/SMCI separation based on two proteins for females. Right: 
same for a Decoy dataset composed of mixed PMCI and SMCI samples randomly separated into 
two groups.  
 

 
 

 
 
 
 
 
 

 
 

Figure 11. Left:  True model of PMCI/SMCI separation based on two proteins for males. Right: 
same for a Decoy dataset composed of mixed PMCI and SMCI samples randomly separated into 
two groups.  
 
The proteins used in the “true” 2-protein models are listed in Table 5.  
 

Number of Cases:   81
Number Correct:    46
Accuracy:          56.8%
Sensitivity:       57.5%
Specificity:       56.1%
Pos Cases Missed:  17
Neg Cases Missed:  18

Fitted ROC Area:   0.654
Empiric ROC Area:  0.623
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Table 5. List of proteins used in the “true” models presented in Figures 8, 10-11. Two of the 
proteins were selected for more than one model. 
 

Experiment Protein ID Protein Name # of 
peptides 

Females, AD vs 
Control 

   

 IPI00021841 APOA1 Apolipoprotein A-I 33 
 IPI00556459 SERPING1 Serine/cysteine proteinase 

inhibitor clade G member 1 splice 
variant 2 (Fragment) 

7 

Males, AD vs Control    
 IPI00019581 F12 Coagulation factor XII 3 
 IPI00219713 FGG Isoform Gamma-A of Fibrinogen 

gamma chain 
31 

Females, PMCI vs 
SMCI 

   

 IPI00021727 C4BPA C4b-binding protein alpha chain 16 
 IPI00032179 SERPINC1 Antithrombin-III 19 

Males, PMCI vs SMCI    
 IPI00019581 F12 Coagulation factor XII 3 
 IPI00556459 SERPING1 Serine/cysteine proteinase 

inhibitor clade G member 1 splice 
variant 2 (Fragment) 

7 
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4 Conclusions 
The late-term deliverable D3.3 consists of a list of potential biomarkers and their validation. 
 
In metabolomics, using the state-of-the-art platform combined with the new pathway analysis 
developed at VTT we were about to confirm the biological relevance of our findings, linking our 
early predictive markers to the state of hypoxia. Specifically, there were significant differences in 
the pentose phosphate pathway as shown by pathway analysis, including diminishment of ribose-5-
phosphate and increase of lactic acid, an end product of glycolysis. It is know that under hypoxic 
conditions in the brain more glucose is metabolized via the pentose phosphate pathway (Hakim et 
al. , 1976). Studies in APP23 transgenic mice have in fact shown that hypoxia facilitates 
progression to Alzheimer’s disease (Sun et al. , 2006). 
 
In proteomics, we have performed label-free quantification and found proteins that correlate with 
the AD degree separately for two genders using the new platform. The relevance of all findings will 
be thoroughly evaluated in a becoming journal article as well as in becoming deliverables of WP6 
and WP7. 
 
In conclusion, both metabolomics and proteomics biomarkers are delivered as planned and the 
project is on schedule.  
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