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Multiomics analysis to explore 
blood metabolite biomarkers 
in an Alzheimer’s Disease 
Neuroimaging Initiative cohort
Takaki Oka 1, Yuki Matsuzawa 1, Momoka Tsuneyoshi 2, Yoshitaka Nakamura 2, Ken Aoshima 3,4, 
Hiroshi Tsugawa 1,5,6,7* & the Alzheimer’s Disease Metabolomics Consortium *

Alzheimer’s disease (AD) is a neurodegenerative disease that commonly causes dementia. Identifying 
biomarkers for the early detection of AD is an emerging need, as brain dysfunction begins two decades 
before the onset of clinical symptoms. To this end, we reanalyzed untargeted metabolomic mass 
spectrometry data from 905 patients enrolled in the AD Neuroimaging Initiative (ADNI) cohort using 
MS-DIAL, with 1,304,633 spectra of 39,108 unique biomolecules. Metabolic profiles of 93 hydrophilic 
metabolites were determined. Additionally, we integrated targeted lipidomic data (4873 samples from 
1524 patients) to explore candidate biomarkers for predicting progressive mild cognitive impairment 
(pMCI) in patients diagnosed with AD within two years using the baseline metabolome. Patients with 
lower ergothioneine levels had a 12% higher rate of AD progression with the significance of P = 0.012 
(Wald test). Furthermore, an increase in ganglioside (GM3) and decrease in plasmalogen lipids, many 
of which are associated with apolipoprotein E polymorphism, were confirmed in AD patients, and the 
higher levels of lysophosphatidylcholine (18:1) and GM3 d18:1/20:0 showed 19% and 17% higher rates 
of AD progression, respectively (Wald test: P = 3.9 ×  10–8 and 4.3 ×  10–7). Palmitoleamide, oleamide, 
diacylglycerols, and ether lipids were also identified as significantly altered metabolites at baseline in 
patients with pMCI. The integrated analysis of metabolites and genomics data showed that combining 
information on metabolites and genotypes enhances the predictive performance of AD progression, 
suggesting that metabolomics is essential to complement genomic data. In conclusion, the reanalysis 
of multiomics data provides new insights to detect early development of AD pathology and to partially 
understand metabolic changes in age-related onset of AD.

Alzheimer’s disease (AD) is the leading cause of dementia. Currently, there are > 50 million individuals with 
dementia worldwide, and it is estimated that this number will increase to approximately 150 million by  20601. 
However, there is no effective pre-onset diagnostic marker or treatment for AD, and research and development 
of drugs or treatments for AD are mostly aimed at slowing disease progression. The pathology of AD occurs up 
to two decades before the onset of clinical symptoms, such as mild cognitive impairment (MCI), which is defined 
as the early stage of  AD2,3. The fact that not all patients with MCI progress to AD motivates the development 
of biomarkers for the early detection of brain pathology, about 15% of MCI patients aged > 65 years progress to 
AD within 2  years4–6.

To date, three amyloid positron emission tomography (PET) ligands, including florbetapir, florbetaben and 
flutemetamol, and one tau PET ligand, fortaucipir, have been approved by the US Food and Drug Administration 
(FDA) as biomarkers for the diagnosis of  AD7. Furthermore, the use of cerebrospinal fluid (CSF) biomarkers has 
been  investigated8. For example, several CSF biomarkers, such as decreased amyloid-β42 (Aβ42) and increased 
phosphorylated tau, have been approved by the FDA and the European Medicines Agency (EMA) for the assess-
ment of amyloid and tau pathology in  AD9. While many studies have reported the usefulness of PET scan and 
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CSF  biomarkers10,11, non-invasive and less expensive diagnostic techniques are needed. Recently, there has been 
rapid progress in the development of blood biomarkers for the screening and clinical diagnosis of AD. Among 
biopsies and biomolecules, blood is one of the least invasive sources that can be obtained clinically. The plasma 
Aβ42/Aβ40 ratio with the APOE genotype has been validated to detect brain amyloidosis with an area under 
the curve of 0.9312; use of this biomarker is expected to become a non-invasive and inexpensive alternative to 
PET imaging.  C2N Diagnostic’s  PrecivityADTM13 test was the first blood test to receive FDA approval in 2020, 
and Roche’s Elecsys CSF phosphor-tau 181/Aβ42 assay also received FDA approval in 2022 to be used in clinical 
practice as an AD diagnostic aid.

In addition to protein-based biomarkers such as plasma Aβ42/Aβ40, the blood metabolome has the potential 
to become a minimally invasive and cost-effective biomarker for AD. The metabolome reflects the dysbiotic states 
of brain tissues and other organs. Since metabolic alterations may precede the development of clinical signs, the 
integration of metabolomics with existing established biomarkers may enhance early AD diagnosis and contribute 
to a deeper understanding of AD pathophysiological mechanisms. For example, dysfunction of glucose metabo-
lism is a well-known phenomenon in AD and amnestic MCI, partly due to oxidative damage to the enzymes 
involved in glycolysis, tricarboxylic acid cycle, and adenosine triphosphate (ATP) biosynthetic  pathways14. To 
reflect the oxidative damage in the brain, oxidized molecules, such as 3-nitrotyrosine, 8-hydroxy-deoxyguanosine, 
and 8-hydroxyguanine, which are metabolized by reactive oxygen species or reactive nitrogen species, can be 
used as the  biomarkers14. Additionally, previous studies have shown that changes in lipid metabolism are strongly 
associated with diseased risk and progression in  AD15. In fact, the brain is the second most lipid-rich organ after 
adipose  tissue16, and lipid molecules act as scaffolds that maintain the homeostasis of molecular machinery, as 
well as the shape of synapses and myelin chains that are important for brain  function17. The brain and plasma 
levels of docosahexaenoic acid are lower in patients with AD. Additionally, ceramide levels are elevated early 
in AD brains, while sphingomyelin levels are decreased, which is associated with lipid peroxidation, oxidative 
stress, mitochondrial dysfunction, and neuronal  death18. The progression of neurofibrillary tangle pathology 
can be partly explained by the loss of sulfatide and galactosylceramide caused by reduced activity of related 
enzymes, such as ceramide synthase  219. Ganglioside GM1 contains sialic acid and acts as a seed for Aβ binding 
and  aggregation20. Moreover, many of the genetic risk factors for AD are related to lipid metabolism, including 
the lipid-binding apolipoprotein E (APOE), phosphatidylinositol binding clathrin assembly protein, ATP-binding 
cassette subfamily A members 1 and 7 (ABCA1 and ABCA7) for phospholipid and cholesterol transport, and a 
key regulator of cholesterol metabolism sterol regulatory-element binding protein  218. Of these, APOE is highly 
expressed in the liver and brain, where it plays a crucial role in lipid metabolism and cholesterol  transport21. This 
gene exists in three isoforms: APOE2, APOE3, and APOE4; the APOE4 variant notably increases the risk for 
 AD22. In the context of AD pathophysiology, APOE is involved in the clearance of Aβ, and the APOE4 isoform 
is less effective in Aβ clearance, leading to an accumulation of amyloid plaques in the  brain23. The concentration 
of APOE in the human central nervous system (CNS) generally increases with age. However, in cases marked 
by Aβ accumulation in CSF, a decrease in APOE levels has been observed, with a particularly notable reduction 
in the APOE4  isoform23. These facts indicate that metabolic alterations exist in MCI and AD patients, leading to 
investigations of the blood metabolome for the prediction of AD progression, especially considering the strong 
association of AD with metabolic dysfunctions.

In this study, we reanalyzed the raw liquid chromatography tandem mass spectrometry (LC–MS/MS) data 
registered in the Alzheimer’s Disease Neuroimaging Initiative (ADNI), with the aim of developing biomarkers 
for AD, improving diagnostic methods for the early detection of AD, and optimizing clinical trial design. Mass 
spectrometry data were available for 905 participants (dataset name: untargeted LC–MS/MS analysis version 
1.0), whereas 2,745 participants were enrolled in the ADNI. Among the studies using the ADNI  data24–26, there 
was only one report describing the protocol for the analysis of human serum samples, with a brief summary of 
the data analysis  techniques27. Thus, mining of hydrophilic metabolome data is valuable to the scientific com-
munity for investigating the metabolic profiles associated with AD. Since large cohort projects, such as ADNI, 
allow for the differentiation of background factors that are difficult to achieve with smaller datasets, the results 
would yield more reliable candidate biomarkers. Additionally, targeted human plasma lipidomic data from 
4873 samples of 1524 individuals and single nucleotide polymorphism (SNP) data from 808 participants were 
included in the statistical analyses.

Using metabolomic data, we investigated metabolic signatures not only to clarify the progressive changes from 
healthy controls to MCI and AD but also to predict future clinical symptoms from past metabolomic data. In this 
study, we defined progressive MCI (pMCI) as AD diagnosed from 6 months by two years from the baseline stage, 
while others were classified as having sustained MCI (sMCI), where patients diagnosed as AD within 6 months 
were excluded. The baseline metabolome, the profile of which was obtained at the MCI stage, was examined to 
identify biomarkers for distinguishing pMCI from sMCI.

Materials and methods
Datasets
The entire approval for this study was obtained from the Eisai Ethics Committee (2017-0433). Untargeted hydro-
philic metabolomics, targeted lipidomics, SNP, and the clinical data were downloaded from the ADNI database 
(https:// adni. loni. usc. edu/) on October 12, 2021. The ADNI was launched in 2003 as a public–private partnership 
aiming at validating biomarkers for use in clinical treatment trials for patients with AD. The study was approved 
by the Institutional Review Boards at each ADNI site. Informed consent was obtained from all subjects prior to 
enrollment. All methods were carried out in accordance with relevant guidelines and regulations. In this study, 
the clinical data of APOE haplotype, age, and clinical diagnostic labels (healthy, MCI including early MCI and 
late MCI, and AD), were utilized. Furthermore, patients diagnosed with MCI at baseline who developed AD from 
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6 months by 2 years were defined as having progressive MCI (pMCI), and the others were classified as having 
sustained MCI (sMCI). Data from patients diagnosed as AD within 6 months from the baseline were excluded. 
The MCI patients whose status was not followed for more than 24 months were also removed. The flowchart 
used to define pMCI and sMCI patients is described in Supplementary Fig. 1. The details and our metabolome 
tables had limited access to the ADNI project page of the Laboratory of Neuroimage (LONI) (https:// ida. loni. 
usc. edu/ login. jsp? proje ct= ADNI).

Processing of hydrophilic metabolomics data
A total of 1,180 files in mzXML format, containing 905 patients, 245 blanks, and 30 quality controls, were pro-
cessed using MS-DIAL version 4.7. The MS-DIAL program is designed to provide a metabolome table from 
untargeted mass spectrometry data with tandem mass spectral libraries such as MassBank and NIST. While 
many other programs exist, our purpose is to annotate metabolites of the comprehensive spectral libraries con-
taining 39,108 molecules to investigate the relationship between hydrophilic metabolites and AD progressions. 
The MS-DIAL program was used in this study because of the user-friendly graphical user interface to curate 
the annotation results. The data processing parameters of minimum amplitude for peak picking and retention 
time tolerance for peak alignment were set to 100,000 and 0.1 min, respectively, with the minimum amplitude 
threshold set to detect an average of approximately 3000 peaks per sample in biological samples. Publicly and 
commercially available mass spectral libraries, containing 1,304,633 spectra of 39,108 compounds, were used 
for metabolite annotation, which was performed using a spectrum match score cut-off of 0.9 (90%) without 
retention time information. The annotation results were checked manually.

The hydrophilic metabolome data were exported in a tab-delimited format. The peak heights of all the 
detected peaks were divided by the peak height of an internal standard, sulfamethoxine (InChIKey = ZZOR-
FUFYDOWNEF-UHFFFAOYSA-N), and multiplied by the average value of the internal standards among the 
biological samples. Biological samples were excluded if the peak height of the internal standard was not within 
the average ± 3 × standard deviation (SD) range of the peak heights of the quality control samples. Patients without 
clinical data were excluded. Unknown peaks were not used in the statistical analyses. Additionally, metabolite 
peak information was excluded if the peak height values of 30% of the biological samples were less than the 
mean plus the 3 × SD value of the solvent blank samples. Drugs and their metabolites were excluded from this 
study. Finally, the profiles of 93 metabolites from 778 patients were used for statistical analysis. Metabolites with 
the same name and slightly different retention times, indicating the possibility of structural isomers, were dis-
tinguished by a series of capital letters, such as metabolite-A and metabolite-B. The lipid nomenclature follows 
the MS-DIAL lipid nomenclature system or the definition of ADNI dataset (http:// prime. psc. riken. jp/ compms/ 
msdial/ lipid nomen clatu re. html).

Statistical analyses
Statistical analysis and data visualization were performed using R language (version 4.1.3). The Mann–Whitney 
U test with false discovery rate correction was used to calculate P-values. To clarify the metabolome differences 
between pMCI and sMCI, XGBoost was used for machine learning analysis. In addition to the metabolome 
information, clinical data including age, sex, and APOE4 haplotype labels were included as variables to build a 
classification model. The auto-parameter tuning function of the package of “tideymodel” package v. 1.0 was used 
to determine the values of tree depth, min_n, loss_reduction, sample_size, mtry, and learn_rate using tenfold 
cross validation. The comparison of AUCs and calculation of P-values were conducted using the DeLong test. The 
proportional hazards assumption of each Cox proportional hazard model was confirmed using the Schoenfeld 
test (Supplementary Table 1). Metabolites that did not meet the proportional hazards assumption were excluded 
from the analysis of the Cox proportional hazards model. Visualization of the Cox proportional hazard model, 
calculation of hazard ratios (HR) and P-values, and estimation of proportional hazards were performed using 
the “survival” v.3.2-13 and “survminer” v. 0.4.9 package in R. The optimal cut-off value of the metabolite level 
in the proportional hazard model assessing the time to progression from MCI to AD was determined at the 
point closest to the top-left part of the receiver operating characteristic plot representing the highest sensitivity 
while maintaining specificity. The P-value was calculated using the Wald test for each of the proportional hazard 
models. For the association analysis of single nucleotide polymorphisms (SNPs) and metabolites, we used SNP 
data that were significantly associated with the progression from MCI to AD in the cohort study by Bellenguez 
et al. (Supplementary Table 2)27, where 71 SNPs data were found in ADNI data. The analysis of metabolites and 
SNPs and calculation of P-values were performed based on a linear regression model adjusted for age and sex 
using the “lm” function in R.

Validation of spectral annotation for significantly changed metabolites
Ergothioneine and glycochenodeoxycholic acid were purchased from Cayman Chemical and Santa Cruz Bio-
technology, respectively. Sulfamethoxine and oleamide were purchased from the Tokyo Chemical Industry. 
Liquid chromatography-mass spectrometry (LC–MS)-grade water, acetonitrile, methanol, and formic acid were 
purchased from Wako.

Liquid chromatography-tandem mass spectrometry (LC–MS/MS) followed the protocol used in the ADNI 
cohort  study28, although our equipment was different from the original. The LC system was a Nexera X2 system 
(Shimadzu, Kyoto, Japan). The standard compounds were separated on Kinetex C18 (100 × 2.1 mm; 1.7 µm; 
100 Å) (Phenomenex). The column was maintained at 30 °C at a flow-rate of 0.5 mL/min. The mobile phase 
consisted of (A) 100% water with 0.1% formic acid and (B) 100% acetonitrile with 0.1% formic acid. Separation 
was conducted under the following gradient: 0–1 min 5% B, 1–7 min 99.9% B, 7–7.5 min 99.9% B, 7.5–8 min 5% 
B, and 8–10 min 5%. The temperature of the samples was maintained at 4 °C. The concentration of the standard 

https://ida.loni.usc.edu/login.jsp?project=ADNI
https://ida.loni.usc.edu/login.jsp?project=ADNI
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compounds was adjusted to 1 mM in methanol, and the solvent was transferred to a glass amber vial with a micro 
insert (Agilent Technologies). A 1 mL aliquot was injected.

Mass spectrometry was performed using a quadrupole time-of-flight mass spectrometer LC–MS-9030 (Shi-
madzu). The data-dependent acquisition mode was used under the following conditions: interface temperature, 
300 °C; ESI spray voltage, 4000 V; MS1 mass range, m/z 75–1250; MS2 mass range, m/z 50–1250. The various 
conditions of collision energy, 10, 20, 30, 40, 20 ± 15, 30 ± 15, and 40 ± 15 V were used to obtain a similar spectral 
pattern to the one in ADNI samples, which have been analyzed using an instrument by ThermoFisher Scientific.

Result
Three omics datasets including untargeted hydrophilic metabolomics, targeted lipidomics, and SNP data were 
used for statistical analysis (Fig. 1a). A total of 1180 raw MS data files from untargeted metabolomics were ana-
lyzed using MS-DIAL 4, a software program used to generate the metabolome table from MS raw data. We applied 
several data cleaning steps and obtained the hydrophilic metabolome data containing 93 metabolites from 778 
patients (Fig. 1b: see details in the “Materials and methods” section above). A simple data normalization method 
using the peak height of an internal standard was applied to reduce the batch effects resulting from MS sensitivity 
drift. Based on the principal component analysis (PCA) score plots, we confirmed that normalization decreased 
the large variance associated with the batch difference reflected in PC2 of the unnormalized data (Fig. 1c).

Exploring hydrophilic metabolites associated with AD progression
Hydrophilic metabolomics data from 778 participants were grouped, according to the data labels registered in 
the ADNI: cognitively normal (CN, n = 163), subjective memory complaints (n = 89), early MCI (n = 259), late 
MCI (n = 139), and AD (n = 128). Additionally, patients diagnosed with MCI were divided into two groups, 
pMCI (n = 69) and sMCI (n = 212), to investigate significant metabolites for the prediction of AD progression.

Five metabolites were highlighted, as judged by P < 0.2, as described in the volcano plot showing the fold 
change and actual P-value between CN and AD (Fig. 2a and Supplementary Fig. 2a–c). We observed an increas-
ing trend in ST 24:1;O4;G and a decreasing trend in ST 24:1;O5 levels in AD (Fig. 2b); the ST 24:1;O5 and ST 
24:1;O4;G metabolites are cholic acid and a bile acid metabolite of the glycine conjugate. Importantly, changes 
in conjugated and unconjugated bile acids have also been characterized in the ADNI cohort using the targeted 
bile acid analysis  technique29, thereby indicating that our data analysis procedure is applicable to the untargeted 
metabolomics data of the ADNI. Furthermore, we identified five significantly different metabolites (P < 0.05) 
between the pMCI and sMCI groups (Fig. 2c and Supplementary Fig. 2d–g). Since the retention time information 
was not used for the original annotations using tandem mass spectral libraries, we confirmed the confidence for 
ergothioneine, glycochenodeoxycholic acid (GCDCA), and oleamide (Supplementary Fig. 3) by using the authen-
tic standards to validate the retention time values. Ergothioneine, a natural product with antioxidant effects, has 
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Figure 1.  Overview of the multiomics data used in this study. (a) A summary of three omics datasets. The N 
and M values indicate the numbers of participants and variables, respectively, which were used for statistical 
analyses after several data cleaning steps. (b) A summary of data processing methods for the mzXML format 
files of the untargeted hydrophilic metabolomics. (c) The PCA results of an untargeted metabolome table. 
The left and right panels showing the score plots of the PCA using non-normalized and normalized data, 
respectively. The term “plate” denotes the number of 96 well plates containing biological samples. The auto-
scaling method was applied as the data scaling function.
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Figure 2.  Statistical results of the hydrophilic metabolome data. (a) Volcano plot comparing CN and AD. 
A healthy control was set to the base of the fold change calculation. (b,c) Box plots of ST 24:1;O5 and ST 
24:1;O4;G. (d) Volcano plot comparing pMCI and sMCI, with sMCI set as the base for fold change calculation. 
(e) Box plot of ergothioneine. False discovery rate (FDR) correction was used to adjust the P-values in 
(a–e). (f–i) Cox proportional hazard model using hydrophilic metabolite information (f: ergothioneine, g: 
palmitoleamide, h: oleamide, i: diacylglycerol (DG) 16:0_18:2). The x- and y-axes show the actual time (month) 
to diagnosis of dementia from MCI and the ratio (max = 1) showing the remaining MCI patients, respectively. 
HR, overall hazard ratio.
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been characterized as a significant metabolite in several large cohort studies of dementia and in smaller studies of 
AD so far (Fig. 2e)30,31. According to our investigation, our study is the first to detect ergothioneine with statistical 
significance in the ADNI cohort and in view of the difference between pMCI and sMCI. While ergothioneine is 
biosynthesized by basidiomycetes, such as fungi and some bacteria, it is known to be a brain-penetrant antioxi-
dant and cytoprotective agent without pro-oxidant effects. Moreover, ergothioneine can accumulate in human 
organs, including the  brain32. Therefore, our findings may provide a rationale for the use of ergothioneine in AD 
therapy and intervention studies. We further evaluated the four significant metabolites between the pMCI and 
sMCI groups for use in predicting progression from MCI to the clinical diagnosis of dementia by using the Cox 
proportional hazard model (Fig. 2f–i, Table 1 and Supplementary Fig. 4). The results showed that patients with 
lower levels of ergothioneine developed AD earlier, with a 12% higher rate of AD progression within two years 
(Fig. 2f, HR = 1.70, P = 0.012), whereas those with higher levels of palmitoleamide (Fig. 2g, HR = 2.0, P = 0.001), 
oleamide (Fig. 2h, HR = 1.8, P = 0.002), and diacylglycerol 16:0_18:2 (Fig. 2i, HR = 1.7, P = 0.007) showed the 
opposite tendency.

Exploring the lipid molecules that associate AD progression
We analyzed 4833 blood lipidome data from 1524 patients divided into several diagnostic groups: CN (n = 1475), 
MCI (n = 2058), and AD (n = 1300). The MCI group was further divided into pMCI (n = 213) and sMCI (n = 389) 
groups as defined as above.

We found an increase in gangliosides (GM1) and ceramides, and a decrease in plasmalogen lipids in patients 
with AD compared to those in CN patients (Supplementary Fig. 5). Many of these metabolites are associated 
with the APOE haplotype, which is a major risk factor for AD. This finding is consistent with previous  reports18. 
The volcano plot describing the difference between pMCI and sMCI showed that 213 lipid molecules were sig-
nificantly increased in pMCI (Fig. 3a). Additionally, we used a machine learning method using XGBoost, which 
aimed to build a model to discriminate pMCI and sMCI patients from baseline lipidome profiles and to extract 
important metabolite variables for predicting AD progression (Fig. 3b). In addition to lipid profiles, three clinical 
parameters, including age, sex, and APOE4 number, were used as variables. Importantly, the addition of lipid 
profiles showed a tendency to improve the performance of the classification model compared with models using 
only clinical scores, although the difference was not significant (DeLong test: P = 0.58), suggesting that lipidome 
information is a critical factor in achieving a cognitive diagnosis. Based on the metabolites recognized as impor-
tant variables in the XGBoost model, we found that APOE was the most important variable for predicting AD 
progression (Fig. 3c). In contrast, lysophosphatidylethanolamine (LPE 0:0/16:0), desmosterol ester (DE 18:1), 
lysophosphatidylcholine (LPC 18:1/0:0), ganglioside (GM3 d18:1/20:0), and several ether lipids, such as LPC 
O-24:0/0:0 and LPE P-20:0/0:0 were discovered in this study as important lipid molecules that can be used as 
markers for discriminant analysis (Fig. 3d). Of these, a previous study using the same ADNI cohort data reported 
that the expression level of total PE and LPE has the potential to predict AD progression from the MCI stage in 
which acyl chain properties have not been  evaluated33.

Modulations of phospholipase A2 (PLA2) activity and expression levels are known phenomena in AD pathol-
ogy, and the plasmalogen-selective PLA2 is also altered in  AD34–36. While the lyso-type structure of phospholipids 
has diverse biological activities as ligands of G protein-coupled receptors (GPCRs), a previous study showed an 
increase in PLA2 activity in cerebrospinal fluid (CSF) of AD patients, resulting in an increase in  LPC36. Addition-
ally, the enzymatic activity of phospholipase D (PLD), which metabolizes LPC and LPE to lysophosphatidic acid 
(LPA), known as the major ligand for six known GPCRs (LPA1–LPA6), is also increased in  AD36,37. Thus, our 
results suggest that the significant changes in LPC, LPE, LPC O-, LPE P-, and their diacylglycerol forms reflect 
the enzymatic dysfunctions in the MCI stage that contribute to the progression to the clinical symptom of AD. 
Additionally, the activity of the gene expression of the enzyme 24-dehydrocholesterol reductase (DHCR24), 
which metabolizes desmosterol to cholesterol, is reduced in affected areas of the AD  brain38. The abnormalities 
in cholesterol biosynthesis and catabolism are of particular interest for AD therapy. Our results showed that an 
increase in DE 18:1 would contribute to the hypothesis generation for AD therapy by targeting the enzymes 
involved in cholesterol metabolism.

Table 1.  Results of Cox proportional hazard model for hydrophilic metabolome data. The rate of MCI patients 
indicates the rate of those who retained MCI status at 24 months from baseline. A hyphen (–) indicates control. 
P-values and hazard ratios were calculated compared to a control group. P-values were calculated using the 
Wald test.

Class Rate of MCI patients (24 month) Hazard ratio P-value

Ergothioneine > − 0.360 81% – –

Ergothioneine ≤ − 0.360 69% 1.7 0.012

Palmitoleamide ≤ − 0.372 82% – –

Palmitoleamide > − 0.372 69% 2 0.001

Oleamide ≤ − 0.308 81% – –

Oleamide > − 0.308 69% 1.8 0.002

DG 16:0_18:2 ≤ − 0.194 80% – –

DG 16:0_18:2 > − 0.194 69% 1.7 0.007
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We further evaluated the importance of the significantly altered lipid molecules as biomarkers for predicting 
the time from MCI to AD onset. The Cox proportional hazard model showed that the expression levels of the 
five lipid molecules were significant predictors of AD progression (Fig. 4, Table 2, Supplementary Figs. 6 and 7). 
The most significant metabolite with the highest HR (1.9) was LPC 18:1/0:0, where the higher expression level 
showed 19% higher rates of AD progression within two years (Fig. 4a, HR = 1.9, P = 3.9 ×  10–8). Higher expression 
levels of GM3 d18:1/20:0 (Fig. 4b, HR = 1.8, P = 4.3 ×  10–7), PC 16:0_18:3-B (Fig. 4c, HR = 1.50, P = 8.2 ×  10–4), 
LPE P-20:0/0:0 (Fig. 4d, HR = 1.3, P = 0.013), and PC O-16:0/20:3 (Fig. 4e HR = 1.4, P = 0.022) also showed higher 
rates of AD progression.

Using SNPs data to explore the association between the genome and metabolome information
We investigated the association between metabolites levels at the MCI stage and risk alleles for which associations 
with AD progression from MCI have been discovered in previous genome-wide association studies (GWAS)27, 
because the statistical power in ADNI cohort is lower than that of the other studies due to the limited number 
of patients examined. We investigated the correlation between metabolites and 71 SNPs exhibiting risk for AD 
progression in a linear regression model (Supplementary Table 2). The results of the metabolite GWAS showed 
few associations between metabolites and genotypes (Fig. 5a).

Moreover, we compared metabolites levels between pMCI and sMCI for each APOE haplotype (Fig. 5b and 
c, Supplementary Fig. 8). The results showed a decrease in ergothioneine and an increase in GM3 18:1/20:0 in 
pMCI regardless of the APOE haplotype (Fig. 5b and c). Additionally, the Cox proportional hazards model only 
using the number of APOE4 alleles in the ADNI cohort showed that AD progression levels in MCI patients can 
be stratified (Supplementary Fig. 9). The Cox proportional hazards model using metabolite levels and the number 
of APOE4 alleles showed that patients with MCI with low blood levels of ergothioneine and even one APOE4 
allele had a 35% higher rate of AD progression within two years than those with low blood levels of ergothioneine 
and no APOE4 allele (HR = 4.7, P = 3.7 ×  10–8). Moreover, patients with MCI, high GM3 d18:1/20:0 blood levels, 
and at least one APOE4 allele also had a 40% higher rate of AD progression within two years than those with low 

or

d
c

ba

Figure 3.  Examination of lipid molecules that changed between pMCI and sMCI. (a) The x-axis and y-axis 
show the log2 fold change and adjusted P-value (< 0.05), respectively, with the sMCI value as the denominator. 
(b) Result of the XGBoost machine learning. The receiver operating curves of clinical values, lipid profiles, 
and both clinical and lipid profiles are described in green, blue, and red, respectively. The area under the curve 
(AUC) value and 95% confidence interval (95%CI) was also described for each model. (c) Important variables 
in XGBoost using both clinical and lipid profiles. Variables that exceeded 0.01, as variable importance, were 
described. (d) Investigation of the important variables using the results of univariable- and multivariable 
analyses. The x-axis shows the adjusted P-value (< 0.05), which is the result of the Mann–Whitney U test 
between pMCI and sMCI. The y-axis shows the variable importance of the XGBoost model described in (c).
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blood levels of GM3 d18:1/20:0 and no APOE4 allele (HR = 4.6, P = 2.3 ×  10–16) (Fig. 5d–g and Table 3). These 
data demonstrate that by combining APOE4 allele data with metabolites data can help to identify patients with 
a high rate of AD progression (Supplementary Fig. 10). These results suggest that metabolite information can 
complement genomic data for predicting the onset of AD.

Discussion
We investigated the importance of metabolomic information in the prediction of AD onset using the ADNI 
data. The MS data for hydrophilic metabolome profiling were reanalyzed using the MS-DIAL program, followed 
by data curation to exclude MS sensitivity drift and drug-related metabolite information. To the best of our 
knowledge, this is the first study to report the detail of the hydrophilic metabolomes of 778 patients registered 
in the ADNI repository.

Five hydrophilic metabolites at baseline were significantly different between sMCI and pMCI. The signifi-
cance of the metabolites was evaluated by survival analysis. Among these, the expression level of ergothioneine, 
a natural amino thione with potent antioxidant and cytoprotective  activities32, was significantly lower in patients 
with pMCI. Ergothioneine accumulates in animals and plants, and can be biosynthesized in actinomycetota, such 

e

P=0.022

PC O-16:0/20:3 > -0.109
PC O-16:0/20:3 ≤ -0.109

P=8.2e-04
HR=1.5

P=4.3e-07
HR=1.8

LPC 18:1/0:0 ≤ -0.112
LPC 18:1/0:0 > -0.112 GM3 d18:1/20:0 > -0.085 PC 16:0_18:3-B > -0.172

PC 16:0_18:3-B  -0.172≤GM3 d18:1/20:0  -0.085≤

ba

P=3.9e-08
HR=1.9

P=0.013
HR=1.3 HR=1.4

LPE P-20:0/0:0 > 0.194
LPE P-20:0/0:0 ≤ 0.194

c

d

Figure 4.  Cox proportional hazard model using the expression cut-off of lipid molecules to predict the time 
span from MCI to AD. The x- and y-axes show the actual time (month) to diagnosis of dementia from MCI and 
the ratio (max = 1) of the remaining MCI patients, respectively. HR, overall hazard ratio. (a: LPC 18:1/0:0, b: 
GM3 d18:1/20:0, c: PC 16:0_18:3-B, d: LPE P-20:0/0:0, e: PC O-16:0/20:3).

Table 2.  Results of Cox proportional hazard model for lipidome data. The rate of MCI patients indicates the 
rate of those who retained MCI status at 24 months from baseline. A hyphen (–) indicates control. P-values 
and hazard ratios were calculated compared to a control group. P-values were calculated using the Wald test.

Class Rate of MCI patients (24 month) Hazard ratio P-value

LPC 18:1/0:0 ≤ − 0.112 74% – –

LPC 18:1/0:0 > − 0.112 55% 1.9 3.9e−8

GM3 d18:1/20:0 ≤ − 0.085 73% – –

GM3 d18:1/20:0 > − 0.085 56% 1.8 4.3e−7

PC 16:0_18:3-B ≤ − 0.172 69% – –

PC 16:0_18:3-B > − 0.172 60% 1.5 8.2e−04

LPE P-20:0/0:0 ≤ 0.194 68% – –

LPE P-20:0/0:0 > 0.194 59% 1.3 0.013

PC O-16:0/20:3 ≤ − 0.109 70% – –

PC O-16:0/20:3 > − 0.109 59% 1.4 0.022
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as Mycobacterium smegmatis, and a proportion of fungi, such as Neurospora crassa. In the human body, large 
amounts of ergothioneine are found in the erythrocytes, eyes, semen, and  skin32. Our study is the first to show 
the statistically significant difference in ergothioneine between pMCI and sMCI, and by the survival analysis in 
the ADNI cohort. Other cohort studies have reported that blood ergothioneine levels decrease with cognitive 
decline and  dementia30,31. Importantly, our study highlights the importance of considering blood ergothioneine 
levels to stratify the clinical stages of sMCI and pMCI and predict the rate of AD progression.

Increased oleamide and GCDCA were also observed in patients with pMCI. Oleamide is classified as a 
primary amide of fatty acids, and is known to act as a ligand for cannabinoid receptors type 1 and 2 (CB1 and 
CB2), which regulate the brain and central nervous  system39. Activation of the endocannabinoid system via 
CB1 and CB2 has neuroprotective effects by inhibiting the release of presynaptic  neurotransmitters40. Thus, the 
increase of oleamide in pMCI suggests activation of oleamide biosynthesis and may reflect metabolic adaptation 
to increased neurotoxicity in AD pathology.

The lipidomic results showed that many lipids were elevated in patients with pMCI, and 10 biomolecules were 
selected by the machine learning method as biomarker candidates for predicting AD progression. Significant 

β value

P=0.51 P=0.015 P=0.015P=0.16P=0.24

Ergothioneine

APOE4≥1, GM3 d18:1/20:0 > -0.085
APOE4≥1, GM3 d18:1/20:0 ≤ -0.085
APOE4=0, GM3 d18:1/20:0 > -0.085
APOE4=0, GM3 d18:1/20:0 ≤ -0.085

APOE4≥1, Ergothioneine > -0.360
APOE4≥1, Ergothioneine ≤ -0.360
APOE4=0, Ergothioneine > -0.360
APOE4=0, Ergothioneine ≤ -0.360

GM3 d18:1/20:0

* *

P=0.29 P=0.003P=0.29 P=0.003 P=0.029
* * *

a

d f

g

b

ec

Figure 5.  Summary of SNP data and their correlation with the metabolome. (a) Heatmap analysis showing 
the association between metabolites and SNPs related to AD progression. (b,c) Box plots of ergothioneine 
and GM3 d18:1/20:0, respectively, with P-values adjusted for the false discovery rate in each APOE haplotype. 
(d,e) The Cox proportional hazards model predicting the time from MCI to AD by integrating the expression 
cut-off values of hydrophilic metabolites and lipid molecules and the number of APOE4 alleles present (d: 
ergothioneine, e: GM3 d18:1/20:0). We conducted comparisons within patient groups defined by APOE4 
status and metabolite levels. The x-axis represents the actual time from MCI to the diagnosis of dementia 
(months), and the y-axis represents the remaining proportion of MCI patients (max = 1). (f,g) Hazard ratios of 
the Cox proportional models. P-values and hazard ratios were calculated by comparing each group of patients 
with a reference group (reference groups exhibited no APOE4 alleles and had high ergothioneine levels (f) 
and no APOE4 alleles and low GM3 d18:1/20:0 levels (g)). Integration of APOE4 allele status and metabolite 
information resulted in an improved predictive ability for AD progression.
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increases in the levels of lysophospholipids, including LPE 0:0/16:0, LPC 18:1/0:0, LPC O-24:0/0:0, and LPE 
P-20:0/0:0, were observed. Previous studies using the same ADNI cohort data have also reported that total 
PE and LPE levels can be used to predict AD progression from the MCI  stage33. The dysregulation of PLA2 
expression and bioactivity is observed in AD  pathology35,36, and plasmalogen specific PLA2 is also altered in 
 AD37. The lysophospholipids have various biological activities as ligands for GPCRs, and a previous study has 
shown that PLA2 activity is increased in the CSF of AD patients, resulting in the increase of LPC  molecules36. 
The enzymatic activity of PLD, which metabolizes LPC and LPE to LPA, is also increased in  AD36. While the 
association between the acyl chain property of LPA and GPCRs (LPA1–6) has been studied, the LPA lipid con-
taining oleic acid (LPA 18:1/0:0) at the sn1 position is known to be the ligand for LPA4 expressed in the  brain37, 
but its biological role in AD remains unknown. Understanding the regulatory mechanisms of phospholipids 
and their acyl chain properties is an emerging need, as each lipid molecule has distinct biological importance 
in maintaining brain homeostasis.

Additionally, DE 18:1 and GM3 d18:1/20:0 were important signatures of pMCI. The enzymatic activity of 
DHCR24, which converts desmosterol to cholesterol, is impaired in the brain of AD  patients38. As the dysfunc-
tion of cholesterol biosynthesis and catabolism is of particular interest for the treatment of AD, our result, which 
shows an increase in DE 18:1, may drive the generation of hypotheses for AD therapy. The GM3 gangliosides 
are sphingoglycolipids that are abundant in the central nervus system. Gangliosides are elevated in the brain in 
AD, and are thought to be involved in Aβ aggregation and amyloid plaque  formation41. Therefore, the elevated 
plasma GM3 levels in pMCI may reflect the elevated brain levels of gangliosides in AD pathology.

Furthermore, metabolites, such as ergothioneine and GM3 d18:1/20:0, varied significantly in pMCI, regard-
less of the APOE haplotype, and combining metabolite information with APOE4 possession improved the 
stratification performance of MCI patients with faster AD progression, thereby suggesting that these metabolites 
would be useful signatures for stratifying patients who cannot be distinguished using the APOE loci. This study 
characterized several important metabolites predicting AD progression from MCI. Although the cohort in this 
study was relatively large when compared to other AD studies dealing with metabolomics  data30, the sample size 
is very small when compared to GWAS  studies27 involving genome data, thus decreasing the statistical power. 
Therefore, the results should be validated in an independent cohort.

Conclusions
We performed a multiomics analysis using untargeted hydrophilic metabolomic, lipidomic, and SNP data to 
investigate the relationship between metabolites, genotypes, and phenotypes. Our data analysis procedure char-
acterized several important metabolites that may predict the progression of AD from MCI, which will contribute 
to the development of biomarkers for the early detection of brain pathology. Furthermore, these findings would 
contribute, at least in part, to our understanding of the mechanisms of MCI in AD progression. Most importantly, 
this study demonstrates that the re-analysis of large-scale MS data can provide new insights into diseases for 
which there is still no effective treatment or diagnosis.

Data availability
The mass spectrometry raw data and the metabolome table created in this study had limited access to the ADNI 
project page of the Laboratory of Neuroimage (LONI) (https:// ida. loni. usc. edu/ login. jsp? proje ct= ADNI).
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