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1
H–NMR metabolomics investigation of an Alzheimer’s disease (AD) mouse model 

pinpoints important biochemical disturbances in brain and plasma. 
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Abstract: 

In this study data generated by 
1
H NMR were combined with chemometrics to analyse brain 

and plasma samples from APP/PS1 and WT mice with the aim of developing a statistical 

model capable of predicting the features of Alzheimer’s disease (AD) displayed by this 

animal model.   APP/PS1 is a well characterised double transgenic mouse model of AD and 

the results here demonstrate the potential of NMR technology as a platform for the detecting 

this disease.  Using partial least squares discriminant analysis a model was build using both 

brain extracts (R2=0.99; Q2=0.66) and a high throughput method of plasma analysis 

(R2=0.98; Q2=0.75) capable of predicting AD in APP/PS1 mice.  Analysis of brain extracts 

led to the elucidation of 20 metabolites and 16 of these were quantifiable.  Relative brain 

levels of ascorbate, creatine, GABA, NAA, ATP and ADP (ribose moieties) were 

significantly altered in APP/PS1 mice (p<0.05).  Analysis of plasma identified 14 metabolites 

and the levels of acetate, citrate, glutamate, glutamine, methionine, and an unknown signal 

were significantly altered in APP/PS1 mice (p <0.05).  Combining 
1
H NMR spectral data 

with chemometrics has been previously used to study biochemical disturbances in various 

disease states. This study further indicates the translational potential of this technology for 

identifying AD in people attending the memory clinic.  

Key words: 

Metabolomics; Alzheimer’s disease; APP/PS1 mouse model; brain; plasma. 

 

 



 

 

Introduction: 

Alzheimer’s disease (AD) is a neurodegenerative disorder for which there is no cure and few 

reliable diagnostic biomarkers (Monge-Argiles et al., 2011). The main disease characteristics 

are the accumulation of β-amyloid plaques and of tau tangles (Alzheimer, 1907, Holscher, 

2005). Current strategies for early diagnosis focus on biomarkers in the cerebral spinal fluid 

(CSF) such as amyloid levels, the amyloid (1-40) / (1-42) ratio, and levels of phosphorylated 

tau (Monge-Argiles et al., 2011). Increasingly, imaging techniques are used to identify plaque 

load in Positron Emission Tomography (PET) imaging studies (Knight et al., 2011). 

However, the predictive value of these techniques is still very limited, likely because neither 

amyloid nor tau are causal factors of the disease, but only build up once the disease has 

progressed.  Another disadvantage of these imaging technologies is that they are very 

expensive requiring substantial infrastructure and a number of staff to maintain them. Hence, 

it is essential to identify metabolite changes in the brains of early phase AD, before large 

amounts of plaques and tangles accumulate, in the hope that they have greater predictive 

power than current disease markers. 

Current therapies for AD are initiated only after diagnosis; their limited benefit, is 

likely due to irreversible brain damage already having occurred by the time dementia is 

recognized. The development of valid and reliable biomarkers for AD not only will aid 

clinicians in recognizing the disease in its earliest symptomatic stages, but also may help 

identify the illness before dementia or other late stage disease symptoms appear. Thus 

detection of preclinical AD will be critical, should effective disease-modifying therapies be 

developed to allow early clinical intervention (i.e., before substantial neuropathological 

damage has occurred and before the manifestation of dementia).  Furthermore, any new 

means of sensitive diagnosis should not be passive and should be used to improve clinical 

trials and ensure that the diagnosis of patients is as accurate as possible. 



 

 

 

Metabolomics is a developing field of “omics” research, which primarily involves the 

comprehensive, simultaneous and systematic analysis of multiple metabolites in biological 

samples.  It focuses in an untargeted mode, on large-scale and high-throughput measurement 

of metabolites in biological matrices such as cells, tissues and biofluids in response to 

disease, drugs, diet and lifestyle (Beckonert et al., 2007, Dervilly-Pinel et al., 2011, Want et 

al., 2010, Xia et al., 2009, Graham et al., 2013).  Work conducted by ourselves and others 

demonstrates the potential of nuclear magnetic resonance (NMR) metabolomic profiling 

techniques to successfully distinguish animal models of metabolic diseases (Jones et al., 

2005, Mallidis et al., 2009) and neurodegenerative diseases (Pears et al., 2005, Tsang et al., 

2009) from healthy age-matched controls.  Recently, Kork et al., (2009) demonstrated the use 

of 
1
H NMR as a tool for the detection of potential biomarkers in cerebrospinal spinal fluid 

(CSF) of patients with AD, showing how they profiled CSF from AD patients and healthy 

aged matched controls.  However, they were unable to identify or quantify the metabolites 

considered as potential biomarkers in their samples.  A study undertaken by Salek et al., 

(2010) measured 24 metabolite concentrations in CRND8 mice brains using 
1
H NMR.  

Transgenic CRND8 mice encode the mutant form of the APP 695 with both the Swedish and 

Indiana mutations and develop extracellular amyloid beta-peptide deposits in the brain.  In 

this study they produced a partial least squares discriminant model with a predictive power of 

54 and 60 % (cortex and hippocampus, respectively) when comparing CRND8 mice brains 

with aged matched controls (Salek et al., 2010). 

In this current study we performed 
1
H NMR metabolomics to investigate the 

metabolite perturbations on brain and plasma from APP/PS1 transgenic mice and wild type 

(WT) mice. This mouse model is well validated and reproduces some of the 

neuropathological and cognitive deficits observed in AD. NMR data was used to build a 



 

 

statistical model which differentiated APP/PS1 mice from WT controls and the metabolites 

responsible were characterised. 

 

Materials and Methods: 

Brain tissue and plasma from APP/PS1 mice 

Brain tissue and blood plasma were obtained from 12 month old APP/PS1 mice (n=6) and 

WT controls (n=6).  APP/PS1 mice are a transgenic C57BL/6J mouse model co-expressing 

KM670/671NL (mutated human amyloid precursor protein) and the deltaE9 PS-1 exon 

deletion (mutated human presenilin-1) (Lalonde et al., 2005).  APPswe/PS1∆E9 mice were 

obtained from the Jackson lab (http://research.jax.org/repository/alzheimers.html). 

Heterozygous males were bred with wild-type C57/Bl6 females bought locally (Harlan, UK).  

Offspring were ear punched and genotyped using PCR with primers specific for the APP-

sequence (Forward “GAATTCCGACATGACTCAGG”, Reverse: 

“GTTCTGCTGCATCTTGGACA”). Mice not expressing the transgene were used as wild-

type controls. APP/PS1 mice progressively develop cerebral amyloidosis and symptoms 

consistent with AD.  Plaque formation initiates in the neocortex at around 2 months of age 

and memory deficits are apparent by the age of 8 months (Lalonde et al., 2005, McClean et 

al., 2011). Mice were fasted for 16h, sacrificed in a carbon dioxide atmosphere and blood 

samples taken by cardiac puncture. Blood was collected into heparinised tubes, centrifuged 

for 30 seconds at 13,000 x g (IEC Micromax RF) and the resulting plasma stored at -80˚C 

prior to metabolomic investigations. 

 

Brain Tissue Extraction 

Whole mouse brains (collected in separate tubes to avoid cross contamination) were 

homogenised in 5 ml/gram (wet weight) of 0.6 M perchloric acid using an Ultra Turrax 

http://research.jax.org/repository/alzheimers.html


 

 

homogeniser (IKA, Werke, Germany) for approximately 1 minute until a smooth homogenate 

was formed without heat generation.  The homogeniser probe was washed before and after 

each sample.  Samples were then centrifuged (4,000 x g at 10°C for 15 min) and supernatant 

collected.  Supernatants were neutralised to pH 7.0 using potassium hydroxide (0.5 and 2.0 

M), placed on ice for 30 minutes to lower the solubility of chlorates and samples were re-

centrifuged (2,000 x g, 10°C, 10 min).  The pH of the supernatants were re-assessed to ensure 

they remained at pH 7.0. 

 

Preparation of Brain Samples for NMR analysis 

Supernatants were frozen at -80°C and lyophilised using a Moduloyd freeze dryer (Thermo 

Electron Company, USA) for 24h.  The samples were re-constituted in 650 µl of 0.1 M 

phosphate buffer (pH 7.0), in D2O, containing 1mM of the internal standard trimethylsilyl-

2,2,3,3,-tetradeuteroproprionate (TSP, Sigma-Aldrich, UK).  Insoluble material was removed 

by centrifugation (16,000 x g for 15 mins), and 600 µl of the remaining supernatant was 

transferred to a 5 mm diameter NMR tube. 

 

NMR Analysis of Brain Sample Extracts 

All 
1
H NMR experiments were recorded at 300.0 (± 0.05) K on a Bruker DRX 500 MHz 

spectrometer (Bruker-Bopspin, UK) operating at 500.13 MHz and the samples were spun at 

20 Hz.  Using a randomised running order one-dimensional 
1
H NMR spectra were acquired 

across a spectral width of 7.5 kHz into 32 K data points:  Relaxation delay = 1 s, t1 = 6ms.  

Sixty four transients were acquired. As with standard one-dimensional spectra, the summed 

transients were multiplied by a 0.3 Hz apodisation factor prior to Fourier Transformation; 

chemical shifts (δ) are reported in parts per million (ppm) of the operating frequency and 

were referenced to the TSP resonance (δ = 0.00). All the sample spectra were phased and 



 

 

manually baseline corrected using ACDlabs (version 11.0, Toronto, Canada).  Data reduction 

was carried out by manually binning the spectra and measuring the integral for each 

bin/bucket between 0.80 ppm and 8.62 ppm - a total of 49 buckets were recorded.  The region 

from δ4.80 ppm to δ4.90 ppm, which contained the residual water signal, was excluded.   

 

Preparation of Plasma Samples for NMR Analysis 

Plasma samples were allowed to come to room temperature and 350 µl was mixed with 350 

µl of saline (0.9 % NaCl in 10 % D2O). Following centrifugation at 16,000xg for 15 minutes 

a 600 µl aliquot was pipetted into a 5 mm NMR tube prior to analysis by CPMG pulse 

sequence NMR. 

 

1
H CPMG NMR Analysis of Plasma 

All 
1
H CPMG NMR experiments were recorded at 300.0 (± 0.05) K on a Bruker DRX 500 

MHz spectrometer (Bruker-Bopspin, UK) operating at 500.13 MHz. 
1
H NMR spectra were 

acquired using a Bruker CPMG pulse sequence (cpmgpr1d; RD-90°-{τ-180°-τ}n-acquire) 

where τ is the spin echo delay (τ=400 µs, overall CPMG length = 80 ms).  The CPMG 

sequence generates spectra edited by T2 relaxation times, reducing broad resonances from 

high molecular weight compounds facilitating the observation of low molecular weight 

metabolites.  For all the 
1
H spectra 64 transients were collected into 32K data points, using a 

spectral width of 8223.69 Hz (20 ppm), with a 4-s relaxation delay between pulses (17 µs 

pulse length) and a rf-field strength (1/(4*90 pulse)) of 29.4 kHz.  A water pre-saturation 

delay was applied between pulses.  As with standard one-dimensional spectra, the summed 

transients were multiplied by a 0.3 Hz apodisation factor prior to Fourier Transformation. All 

the sample spectra were phased and manually baseline corrected using ACDlabs (version 

11.0, Toronto, Canada). The sample spectra were referenced to lactate (CH3, δ1.33 ppm).  



 

 

Data reduction was carried out by manually binning the spectra and measuring the integral 

for each bin/bucket between 0.80 ppm and 5.3 ppm - a total of 22 buckets were recorded.  

The region from δ4.55 ppm to δ5.03 ppm, which contained the residual water signal, was 

excluded.   

 

Metabolite identification 

Metabolites identities were assigned based on chemical shift in-house library of pure 

compounds, from the library provided with Chenomx NMR Profiler version 7.6 (Chenomx 

NMR Suite 7.6, Chenomx Inc, Canada) and also using NMR databases (Madison 

Metabolomics Consortium Database (Cui et al., 2008) and the HMDB (Wishart et al., 2013).  

Following initial designation, the majority of metabolite identifications were confirmed by 

spiking with purchased standards and also by 2D NMR. 

 

Data processing and multivariate statistical analysis 

Data obtained from plasma NMR analysis was analysed using partial-least-squares 

discriminant analysis (PLS-DA). Scores plots facilitated visualisation of the different sample 

sets, whilst loadings plots revealed the characteristic underlying metabolic differences by 

showing the influence of the spectral integrals on the principal components (PC).  PLS-DA 

was performed using MetaboAnalyst (Xia et al., 2009, Xia and Wishart, 2011).  The spectral 

integrals were filtered based on the median value which essentially identifies and removes 

variables that are unlikely to be of consequence when modelling the data (5% or 3 variables 

removed).  The spectral data from the brain extracts were normalised to the wet mass of the 

brains used in the extraction and scaled using the Pareto scaling method before analysis by 

PLS-DA.  These ranged between 0.34-0.43 g for WT samples and 0.45 and 0.49 g for 

APP/PS1 samples.  The spectral data from the plasma analysis was subsequently normalised 



 

 

to the sum of the total spectral intensity and scaled using the Pareto scaling method before 

analysis by PLS-DA.  The model was validated using the leave one out cross validation 

method and the quality of the model is assessed on R2 and Q2 scores.  All data were 

transferred into Microsoft Excel 2010 for graphical representation and quantification 

(Graham et al., 2010).  Spectral data were subsequently analysed by one-way ANOVA using 

the statistical software package Genstat (VSN International Limited, Oxford, UK).  Graphs 

denoting the percentage change between APP/PS1 mice and WT controls were produced 

using GraphPad Prism software (GraphPad Software Inc., California, USA).  

 

Results and Discussion:  

In this study we examined brain extracts and plasma from APP/PS1 and WT mice. APP/PS1 

mice are an important and well validated model for the study of cerebral amyloidosis and the 

development of AD.  It has been established that in APP/PS1 mice there is an overproduction 

of β-amyloid, formation of plaques and an inflammatory response sufficient to produce a 

series of symptoms, consistent with those observed in patients with AD (McClean et al., 

2011). 

 

PLS-DA Analysis of Brain Extracts 

Figure 1 displays a one dimensional 
1
H NMR spectrum of a typical APP/PS1 mouse brain 

extract.  A total of 20 (complete listing in Supplementary Table 1a) metabolites were 

identified from the spectral analysis of which 16 were quantified and these are listed in Table 

1.  Additionally 5 spectral regions/bins were unidentified due to considerable spectral overlap 

(see supplementary Table 1b).  Listed are the mean concentrations across the six samples for 

both APP/PS1 and WT mice brains and the standard error of differences of means (SED).  

The concentrations recorded in this investigation differ from published metabolite 



 

 

concentrations in mice (Cudalbu et al., 2005), rats (de Graaf et al., 2011) and humans 

(Govindaraju et al., 2000).  Metabolites were lower than previously reported in the literature, 

but this can be explained by the different experimental conditions, sample processing and 

variations between species.     

Figure 2a displays the PLS scores plot with component one explaining 54.3% of the 

variation and component two accounting for 6.1 % of the variation amongst samples.  In total 

five latent components were calculated producing the best predictive modelling capabilities 

using brain extracts (supplementary Fig. 1a) where R2=0.99 and Q2=0.66.  The closest 

published metabolomics studies in brain tissue predicted Batten’s disease with 41 % accuracy
 

(Pears et al., 2005) and predicted AD with 54-60 % accuracy (cortex and hippocampus, 

respectively) (Salek et al., 2010).  In this current study the two sample types formed distinct 

clusters from one another; the APP/PS1 mice formed a more compact grouping as would be 

expected due to the transgenic nature of the mice.  This is likely because in the APP/PS1 

mouse model the driver mutations could potentially affect a small subset of biological 

functions that drive the appearance of a tight cluster of disease-specific markers. Whereas 

WT animals would typically exhibit greater heterogeneity which accounts for the less 

compact clustering.  It might be expected that discrete genetic modifications which primarily 

affect the brain would reduce the degree of brain metabolite variation. 

Figures 2b displays the loadings plot (component 1 and 2 respectively) representing 

the scores plot in figure 2a.  This figure weighs the importance of each metabolite for the 

separation of the sample types across the two components.  As indicated by the loadings plot 

Component 1 has the greatest significance; the WT groups tended to have greater levels of all 

the recorded metabolites with the exception of one bin, glutamine (m, CH2, δ2.42-2.49).  

However, the other bin (m, CH2, δ2.10-2.19) for quantifying glutamine did not reach 

statistical significance when analysed using ANOVA (Supplementary Table 1a).  Glutamine, 



 

 

the precursor and storage form of glutamate, is considered a major excitatory transmitter in 

the central nervous system (Govindaraju et al., 2000, Ross, 1991).  These metabolites can be 

directly related to glutamatergic neurons that facilitate many vital processes within the brain 

including, programming information, formation and recovery of memories, spatial 

recognition and the maintenance of consciousness (Daikhin and Yudkoff, 2000).  An increase 

in glutamine occurs when the glutamate/glutamine cycle is perturbed as a result of trauma 

such as hyperammonemia (Govindaraju et al., 2000).  The variation in component 2 was 

more varied but lactate had a greater significance in component 2 than in component 1.  It 

was not weighted as heavily in component 1 and this is a result of the Pareto scaling which 

uses the square root of the standard deviation as the scaling factor.  This ensures that large 

fold changes are less dominant in the model and allows small fold changes to be well 

represented.  Lactate is the end product of anaerobic glycolysis (Graham et al., 2010, Veech, 

1991) which is produced rapidly following hypoxia e.g. when the blood flow to the brain has 

been impaired in trauma conditions such as stroke or tumours. Additionally, lactate is present 

in both necrotic tissue and fluid filled cysts (Govindaraju et al., 2000).   

PLS analysis of the raw spectral data suggests that WT’s have higher concentrations 

of each metabolite however quantification of metabolites demonstrates that this is not the 

case.  It is also worth pointing out that the bins/buckets used in model building were different 

to those used for metabolite quantification.  The bins used for model building were selected 

in an untargeted fashion integrating parts of spin-coupling systems whereas bins used for 

metabolite quantification were selected on a targeted basis (encompassing complete spin-

coupling systems).  Also, the process of producing models with NMR spectra does 

sometimes lead to overlap between metabolites.  These factors may explain the differences 

between results in the PLS-DA model and the quantified results.  APP/PS1 brain extracts 

contain greater concentrations of all metabolites except for choline and ascorbate (Fig. 2c).  



 

 

Choline is an essential nutrient required for several biological processes in the human body 

and in particular is a precursor of acetylcholine which is inextricably linked with cholinergic 

neural networks associated with memory (Poly et al., 2011).  The loss of cholinergic neurons 

and choline acetyltransferase activity are consistent with abnormalities in AD and are thought 

to be associated with learning and memory deficits (Davies, 1999).   Higher concentrations of 

choline are believed to be protective against AD (Amenta et al., 2001) as it preserves 

neurons, brain volume and neuronal transmissions (Poly et al., 2011).  The small difference in 

choline concentrations observed in the sample extracts would suggest that the compound is 

closely associated with AD pathology and is in agreement with reported findings.  

Increases in all of the other recorded metabolites might suggest greater energy 

demand within the APP/PS1brain with increased glycolysis explaining differences in lactate 

concentrations.  This observation is consistent with reported transient increases in lactate 

within human brains observed following functional activation and hyperventilation (Posse et 

al., 1997, Sappey-Marinier et al., 1992).  Although there are various physiological 

explanations for the increased brain activity in AD, the increased glycolytic rate has resulted 

in the elevation of the terminal metabolite, lactate.  The PLS-DA analysis was conducted on 

the spectral data and conflicting with the quantification data.  Despite this the potential of 

using this spectral data can as a ‘fingerprinting’ technique for distinguishing cognitively 

normal tissue from cognitively impaired tissue.  

It is important to point out that when spectral bins (used to produce the discriminant 

model) were analysed by ANOVA only 7 of the 39 in the model were significantly altered, 

these included; γ-aminobutyric acid (GABA), ascorbate, N-acetyl aspartic acid (NAA) and 

creatine (δ3.04 and 3.93); all of which were found to be down-regulated in APP/PS1 brain 

tissue (complete list of ANOVA results are in supplementary Table 1a).   GABA is 

considered to be a major inhibitory neurotransmitter in the central nervous system (Schechter 



 

 

and Sjoerdsma, 1990); the brain contains the greatest levels of ascorbate in the body and it is 

responsible for modulating activity at glutamate receptors (Smythies, 1996); NAA is a free 

amino acid in the brain however its function is poorly understood but it is believed to act as 

an osmolite and a storage form of aspartate (Birken and Oldendorf, 1989); creatine is a 

precursor of phosphocreatine which in turn acts as a reservoir for the generation of ATP 

(Govindaraju et al., 2000); ATP and ADP are the main source of chemical energy in living 

matter (Erecinska and Silver, 1989). 

       

PLS-DA Analysis of Plasma Samples 

Figure 3 displays a 
1
H CPMG NMR spectrum of plasma from a transgenic APP/PS1 mouse.  

Comparably fewer metabolites are observed in APP/PS1 mouse plasma than in brain extracts 

(see figure 1).  A total of 14 metabolites were identified in the analysis.  Figure 4a presents 

the PLS scores plot for the plasma sample analysis of APP/PS1 mouse plasma versus WT 

mice.  Component 1 explains 64.5 % of the variation and component two 16.1 %.  A total of 

5 components were calculated (see supplementary Fig. 1b) and it was judged that using four 

components produced the best model explaining almost 90 % of variation amongst samples; 

R2=0.98 and Q2=0.75.  APP/PS1 mice did cluster as tightly as when brain metabolites were 

examined, but curiously WT were more tightly clustered.  In this respect plasma metabolite 

profiles in WT mice appeared more uniform than their transgenic counterparts.   This is likely 

to be a consequence of the fewer metabolites detected using the CPMG pulse sequence, 

which reduces broad resonances from high molecular weight compounds such as proteins 

(albumin) facilitating the observation of low molecular weight metabolites. Another 

disadvantage of the CPMG technique is that due to the absence of an internal standard 

absolute quantification of metabolites is not possible - i.e. levels of metabolites are expressed 

as intensities relative to the other peaks in the spectrum. Despite this disadvantage this 



 

 

method is uniquely suited to high-throughput analysis of plasma because it requires no 

sample preparation.  Figure 4b displays the loadings plots (component 1 and 2 respectively) 

representative of the scores plot in figure 4a.  Lactate (d, CH3, δ1.33) has the greatest effect 

on component 1, showing the APP/PS1 mice to have increased levels of the metabolite.  This 

could suggest an increased rate of metabolism since lactate is a by-product of strenuous 

muscular activity (Graham et al., 2010, Veech, 1991). However when the spectral data was 

analysed using ANOVA (see supplementary Table 2 for complete list of ANOVA results) the 

doublet at δ1.33 was found not to be statistically significant. Choline was found to be the 

most influential metabolite in component 2. In plasma WT mice have higher levels of choline 

and lower levels of lactate.  This data is in general agreement with the spectral data recorded 

using brain extracts.  Neurons obtain choline from two sources: plasma choline (dietary 

intake) and de novo synthesis (Poly et al., 2011). It therefore follows that lower levels of 

choline in plasma consequently lead to lower levels in brain.  However like lactate, when 

analysed using ANOVA choline levels were found not to be significantly different between 

the sample groups.   

In comparison to the brain extract analysis almost half of the buckets used to build the 

model were considered to significantly differ between the APP/PS1 and WT control samples 

as shown in Figure 4c.  These included: the bin corresponding to acetate (p < 0.01), 

methionine (p < 0.05), glutamine (p < 0.05), NAA (p < 0.05), glutamine and glutamate (p < 

0.001), citrate (p < 0.05) and an unknown peak [2.31 .. 2.36] (doublet;  p < 0.05).   The 

significance difference between the PLS analysis and the ANOVA analysis can be attributed 

to the relatively fewer buckets used to build this model.     

 

It is notable that levels of plasma metabolites fluctuate more between the two groups than 

brain metabolites.  It could be argued that tissues such as the brain are tightly regulated and 



 

 

under less metabolic flux than the blood circulation.  Furthermore brain metabolite profiles 

(Figure 2b) indicated that WT mice had generally higher levels of all the recorded 

metabolites (with the exception of one bin corresponding to glutamine).   

   

Conclusion: 

This work demonstrates that there is future potential for 
1
H NMR and 

1
H CPMG NMR 

techniques detecting or diagnosing AD.  Whilst the sample size was modest in this pilot 

investigation and a larger study would contribute greater statistical power, our data do 

however emphasise the potential strength of these techniques for detecting metabolite 

changes associated with cognitive impairment.   The models built using plasma metabolite 

profiles were statistically more accurate than brain tissue (R2 and Q2 values) despite the 

smaller number of factors (metabolites) elucidated by 
1
H CPMG NMR.  The benefit of such a 

technique is that minimal sample preparation/invasive procedures are required, and better still 

results can be obtained rapidly (approximately 5 minutes).  The potential benefits offered by 

metabolomics are the discovery of new AD biomarkers for diagnosis and a better 

understanding of the biochemical perturbations that occur in the pathogenesis of disease. 

Piloting of these novel methods is a necessary first step for developing future “omics” tools 

to assist in the assessment of new clinical therapies, identifying individuals at risk, enabling 

more personalised medicine and identifying potential causes of AD.  This work provides 

proof of principle for using metabolomics in the study of dementia and indicates that the 

technique has translational potential for the identification of AD in people attending memory 

clinics, and ultimately this could provide clinicians with a means of confirming suspected 

cases of AD. 
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Fig. 1.  High resolution 
1
H NMR spectrum (500MHz) of an aqueous extract of whole brain tissue taken from an APP/PS1 mouse.  Peak 1, lactate; peak 2, 

alanine; peak 3, 4-aminobutyrate; peak 4, n-acetyl-aspartate; peak 5, glutamine and glutamate; peak 6, glutamine; peak 7, glutamate; peak 8, succinate; peak 9, 

aspartate; peak 10, creatine; peak 11,phosphocreatine; peak 12, choline; peak 13, glycerophosphocholine; peak 14,Taurine; peak 15, myo-inositol; peak 16, 

Ascorbate; peak 17, ATP/ADP; peak 18, adenosine; peak 19, ADP. 
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Fig 2.  Pattern recognition model of metabolic changes identified in brain extracts from wild-type and APP/PS1 mice. (A)  PLS-DA scores plot distinguishing 

APP/PS1 mice (red diamond) and wild-type (blue square) (R
2 

= 99 %; Q
2 

= 62 %).  (B) Accompanying PLS-DA loadings plot detailing the metabolites which 

contribute to the maximum amount of variation.  Metabolites located to the left are at higher concentrations and those on the right are at lower concentrations in 

APP/PS1 mice brain extracts. (C)  Graph represents changes in the concentration of metabolites in the APP/PS1 mice relative to wild type mice. 
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Fig. 3. High resolution 
1
H CPMG NMR spectrum (500 MHz) of plasma taken from an APP/PS1 mouse.  Peak 1, fatty acid side chains; peak 2, isoleucine, 

leucine, valine; peak 3, β-hydroxybutyric acid; peak 4, lactate; peak 5, alanine; peak 6, acetate; peak 7, glutamine and glutamate; peak 8, glutamine; peak 9, 

glutamine; peak 10, citrate; peak 11, methionine; peak 12, creatine; peak 13, choline, glycerophosphocholine; peak 14, glycine; peak 15, glucose. 
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Fig. 4.  Pattern recognition model of metabolic changes identified in plasma from wild-type and APP/PS1 mice. (A)  PLS-DA scores plot distinguishing 

APP/PS1 mice (red diamond) and wild-type (blue square) (R
2 

= 99 %; Q
2 

= 74 %).  One of the points corresponds to two overlapping signals from APP/PS1 

mice brains.  (B) Accompanying PLS-DA loadings plot detailing the metabolites which contribute to the maximum amount of variation.  Metabolites located to 
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the left are at higher levels and those on the right are at lower levels in APP/PS1 plasma. (C)  Graph represents the percentage change in the relative levels of 

metabolites of APP/PS1 mice relative to wild type mice. 

 Concentrations  

 Metabolites Spectral 

Bucket (ppm) 

Signal AD Control SED % Change in AD 

Brains 

1 Lactate [1.30 .. 1.37] d, CH3 2.863 2.340 0.329 +18.26 

2 Alanine [1.46 .. 1.50] d, CH3 0.118 0.103 0.018 +12.71 

3 GABA [1.87 .. 1.95] qu, CH2 0.236 0.215 0.024 +8.90 

4 NAA [2.01 .. 2.04] s, CH3 (Acetyl Moiety) 0.539 0.500 0.042 +7.23 

5 Glutamine [2.10 .. 2.19] m, CH2 0.356 0.331 0.040 +7.02 

6 Glutamate [2.33 .. 2.38] M, CH2 0.098 0.096 0.007 +2.04 

7 Succinate [2.40 .. 2.42] s, CH2 0.091 0.079 0.008 +13.19 

8 Creatine [3.03 .. 3.05] s, N2CH3 1.205 1.148 0.112 +4.73 

9 Phosphocreatine [3.05 .. 3.06] s, N2CH3 0.014 0.013 0.002 +7.14 

10 Choline [3.20 .. 3.22] s, N(CH3)3 0.482 0.532 0.134 -9.40 

12 Glycerophosphocholine [3.22 .. 3.25] s, N(CH3)3 (Choline Moiety) 1.111 0.984 0.148 +11.43 

13 Taurine [3.25 .. 3.30] m, CH2 0.417 0.372 0.045 +10.79 

14 Myo-Inistol [3.60 .. 3.66] t, CH 0.113 0.102 0.012 +9.73 

15 Ascorbate [4.49 .. 4.55] d, CH 0.030 0.032 0.003 -6.25 

16 Adenosine [8.33 .. 8.36] d, CH 0.008 0.007 0.001 +12.50 

 

Table 1. The mean concentration of the metabolites (mmoles/kg (w/w) brain) recorded in the 
1
H NMR spectra for mouse brain extracts.  s, singlet; d, 

doublet; t, triplet; m, multiplet; dd, doublet of doublet; qu, quintet. 



 

 

 

Supplementary Figure 1a. 

Five latent 

components were calculated for the model built using brain extract spectra and it shows that the best 

predictive capability of the model required 5 components; R2= 0.99; Q2=0.66. 

Supplementary Figure 2. 

 

Five latent components were calculated for the model built using plasma sample spectra and it shows that 

the best predictive capability of the model required just 4 components; R2=0.98; Q2=0.75.  

  



 

 

Supplementary Table 1a. 

Metabolite Bucket (ppm) AD Control SED Significance 

Isoleu/leu/val [0.83 .. 1.02]  3.260 3.950 0.542 Ns 

Lactate [1.30 .. 1.37]  26.170 26.410 1.379 Ns 

Alanine [1.46 .. 1.50]  1.074 1.129 0.091 Ns 

GABA [1.87 .. 1.95]  3.703 4.222 0.169 ** 

NAA [2.01 .. 2.04]  9.620 11.270 0.066 * 

Glutamine and Glutamate [2.05 .. 2.10]  1.950 2.200 0.037 Ns 

Glutamine [2.10 .. 2.19]  7.910 9.310 0.706 Ns 

Glutamate [2.33 .. 2.38]  14.680 15.710 0.064 Ns 

Succinate [2.40 .. 2.42]  1.631 1.660 0.099 Ns 

Glutamine [2.42 .. 2.49]  5.050 4.499 0.675 Ns 

NAA [2.49 .. 2.54] 2.080 2.810 0.045 Ns 

NAA [2.65 .. 2.74]  2.395 2.697 0.171 Ns 

Aspartate [2.78 .. 2.84]  2.430 2.760 0.245 Ns 

GABA [2.99 .. 3.02]  1.565 1.838 0.186 Ns 

GABA [3.02 .. 3.03] 2.380 3.940 0.023 Ns 

Creatine [3.03 .. 3.05]  16.600 21.190 0.935 *** 

Phosphocreatine [3.05 .. 3.06]  1.860 2.430 0.273 Ns 

Choline [3.20 .. 3.22]  1.260 1.670 0.256 Ns 

GPC [3.22 .. 3.25]  9.630 10.500 0.513 Ns 

Taurine [3.25 .. 3.30]  8.990 10.030 0.637 Ns 

Taurine [3.38 .. 3.45] 11.773 13.274 0.521 Ns 

Myo-Inositol [3.52 .. 3.58]  8.730 10.280 0.757 Ns 

Myo-Inositol [3.60 .. 3.66]  2.090 2.470 0.268 Ns 

GPC [3.67 .. 3.72]  2.604 2.827 0.123 Ns 

Creatine [3.92 .. 3.96]  12.920 15.240 0.769 ** 

Myo-Inositol [4.05 .. 4.09]  3.890 4.530 0.325 Ns 

Lactate [4.09 .. 4.15]  7.830 8.390 0.412 Ns 

NAA [4.36 .. 4.39]  1.911 2.342 0.138 ** 

NAA [4.39 .. 4.42]  1.196 1.505 0.053 *** 

Ascorbate [4.49 .. 4.55]  1.607 2.221 0.198 ** 

ADP (ribose moiety) [6.13 .. 6.18]  1.180 1.370 0.220 Ns 

Adenosine (ATP/ADP) [8.23 .. 8.25]  0.905 1.036 0.157 Ns 

ADP (ribose moiety) [8.25 .. 8.29] 1.330 1.654 0.054 Ns 

Adenosine [8.33 .. 8.36] 0.312 0.363 0.027 Ns 

 

The analysis of variance of all the identified metabolites and their mean integral levels (n=6) found in the 

brain sample extracts normalised to the wet weight of the sample.  ns p > 0.05; * p < 0.05; ** p < 0.01; *** 

p < 0.001.   

 

 

  



 

 

Supplementary Table 1b. 

Bucket (ppm) AD Control SED Significance 

[1.19 .. 1.23]  4.34 5.05 0.913 Ns 

[1.76 .. 1.87]  22.40 26.30 2.640 Ns 

[2.21 .. 2.26]  6.84 8.01 1.475 Ns 

[3.72 .. 3.81] 150.90 163.60 8.65 Ns 

[3.96 .. 4.05] 30.00 37.10 4.73 Ns 

 

The analysis of variance of all unidentified peaks and their mean levels (n=6) found in the brain sample 

extracts normalised to the wet weight of the sample.  ns p > 0.05; * p < 0.05; ** p < 0.01; *** p < 0.001.   

 

 

 

 

 

 

Supplementary Table 2. 

Metabolite Bucket (ppm) AD Control SED Significance 

Isoleu/leu/val [0.92 .. 1.07] 0.025 0.019 0.0012 ns 

β-hydroxybutyric acid [1.18 .. 1.23] 0.028 0.041 0.0013 ns 

Lactate [1.31 .. 1.37] 0.156 0.130 0.0054 ns 

Alanine [1.46 .. 1.52] 0.009 0.007 0.0007 ns 

Acetate [1.91 .. 1.95] 0.011 0.016 0.0008 ** 

Methionine [2.11 .. 2.17] 0.012 0.015 0.0005 * 

Glutamine [2.27 .. 2.31] 0.013 0.020 0.0018 * 

[2.31 ..2.36] [2.31 .. 2.36] 0.007 0.009 0.0003 * 

Glu/Gln [2.36 .. 2.50] 0.026 0.039 0.0005 *** 

Citrate [2.50 .. 2.54] 0.003 0.005 0.0004 * 

Citrate [2.54 .. 2.58] 0.003 0.005 0.0004 ** 

Citrate [2.65 .. 2.71] 0.004 0.005 0.0011 ns 

Creatine [3.03 .. 3.06] 0.011 0.009 0.0006 ns 

Choline/GPC [3.19 .. 3.30] 0.136 0.142 0.0076 ns 

Glucose [5.22 .. 5.27] 0.012 0.012 0.0009 ns 

 

The analysis of variance of all the identified metabolites and their mean levels (n=6) found in the plasma 

samples normalised to the sum of the total spectral intensity.  ns p > 0.05; * p < 0.05; ** p < 0.01; *** p < 

0.001. 
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