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ABSTRACT 

Accumulating evidence suggests a link between the gut microbiota and metabolome and mild cognitive impairment (MCI); 
however, it remains largely unknown whether these parameters can aid MCI diagnosis and predict disease progression. We 
comprehensively characterized gut microbiota and metabolomic profiles in fecal samples from 35 individuals, including 16 
spousal pairs in which one partner had MCI. Compared with controls, MCI cases exhibited significantly elevated levels of 
Izemoplasmatales spp. in the fecal microbiome and proline in the metabolome, along with decreased levels of Ruminococcus 
spp., Lachnospira spp., and fumaric acid. Among MCI cases, rapid progressors showed significantly increased Bilophila spp. in 
the microbiome, accompanied by higher arginine, aspartic acid, and hypoxanthine in the metabolome, and reduced Coprococcus 
spp., compared with slow progressors. Machine learning models integrating microbiota and metabolite features identified marker 
sets that accurately distinguished MCI cases from matched cognitively healthy controls (AUC: 0.944) and predicted rapid disease 
progression, with the integrated model outperforming single-modality models for diagnosis. These findings identify distinct gut 
microbiota and metabolite signatures associated with MCI, highlighting their potential as candidate biomarkers for early diagnosis 
and risk stratification, thereby addressing the unmet need for simple tests for early detection. 
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 Background 

ild cognitive impairment (MCI) describes measurable cognitive
ecline exceeding age-expected norms without compromising
aily living activities or meeting dementia criteria. Affecting
pproximately 23.7% of the geriatric population globally, MCI
resents a significant clinical concern due to its variable tra-
ectory: individuals with MCI progress to Alzheimer’s disease
AD) at rates of 10%–15% annually, representing a five-toseven-
old increase compared to cognitively normal older adults who
onvert at 1%–2% per year [ 1, 2 ]. This unpredictable trajectory
hallenges clinicians, patients, and families in making informed
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
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decisions about care planning and interventions. Accurately
diagnosing and predicting which individuals will experience
rapid decline remains an unmet clinical need. 

Current MCI diagnosis relies on neuropsychological testing,
clinical judgment, neuroimaging, and biomarkers, each with
significant limitations [ 3 ]. Cognitive assessments are time con-
suming (1–3 h) and susceptible to confounders such as education
level, language, and cultural background. Structural magnetic
resonance imaging shows poor early-stage sensitivity, while
positron emission tomography imaging and cerebrospinal fluid
biomarkers face accessibility barriers due to cost and invasive-
se, which permits use, distribution and reproduction in any medium, provided the 

 & Promotion Association (SCIMEA) and John Wiley & Sons Australia, Ltd. 
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FIGURE 1 Participant screening, enrolment, and follow-up. 
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ess [ 4 ]. Emerging blood biomarkers targeting amyloid and
au pathologies predict MCI-to-AD conversion but reflect only
pecific pathological pathways, failing to capture the multifacto-
ial mechanisms underlying MCI heterogeneity. Clinical scales,
ncluding the Clinical Dementia Rating and Mini-Mental State
xamination, suffer from subjectivity and ceiling effects [ 5 ].
hese constraints necessitate accessible, scalable biomarkers for
omprehensive MCI risk stratification. 

he gut–brain axis has emerged as a promising framework in
nderstanding cognitive impairment, with bidirectional com-
unication between intestinal microbiota and brain function
ow firmly established [ 6 ]. Gut microbiomes modulate cog-
ition through multiple mechanisms: production of neuroac-
ive metabolites such as short-chain fatty acids (SCFAs) and
eurotransmitter precursors, regulation of blood–brain barrier
ntegrity, modulation of neuroinflammation, and vagal nerve
ignaling [ 7–10 ]. MCI patients exhibit dysbiosis in Firmicutes,
acteroidetes, and Actinobacteria [ 11–13 ]. Beyond bacterial com-
osition, microbial-derived metabolites (SCFAs, bile acids, tryp-
ophan derivatives, and polyamines) traverse the blood–brain bar-
ier to directly modulate neuronal function, synaptic plasticity,
nd protein aggregation [ 14–16 ]. Metabolomic profiling reveals
isruptions in amino acid metabolism, energy pathways, and
xidative stress, indicating metabolic dysfunction both reflects
nd drives cognitive decline [ 17–19 ]. 

espite these insights, critical limitations hinder clinical trans-
ation. First, findings show striking inconsistency in bacterial
axa and metabolic signatures across cohorts [ 20–22 ]. Second,
ntegrated microbiome-metabolome analyses remain relatively
carce. Third, many studies employ cross-sectional designs com-
aring MCI patients and controls at single time points [ 23, 24 ].
hile such designs identify associations, they cannot predict
ates of future decline trajectories. Longitudinal studies examin-
ng whether baseline gut and metabolic profiles jointly predict
ubsequent cognitive progression, which is crucial for prognosis
nd guiding therapeutic intervention, are rare. These gaps limit
he translation of gut–brain axis discoveries into clinical risk
tratification tools in MCI. 

e conducted a longitudinal multi-omics study integrating
ut microbiome profiling, metabolomics, and machine learning
o identify diagnostic and prognostic signatures in MCI. We
haracterized fecal samples from 35 individuals (18 MCI, 17
ognitively healthy controls), including 16 cohabiting spouse
airs to minimize environmental confounding. Crucially, 17
CI patients underwent 12-month cognitive follow-up, enabling
lassification as rapid or slow progressors. This design tested
hether baseline gut microbiome and metabolome signatures
redicted subsequent cognitive decline, an essential require-
ent for prognostic biomarkers. We aimed to (1) identify gut
icrobiome–metabolome signatures that distinguish MCI from
ealthy controls using a cross-sectional analysis, (2) predict
he rate of cognitive decline in individuals with MCI using
aseline gut microbiome–metabolome profiles and longitudinal
ollow-up, and (3) evaluate whether integrated analysis outper-
orms single-modality approaches. We hypothesized that baseline
icrobial and metabolic features would be associated with future
ognitive trajectory, supporting their potential as accessible tools
or MCI risk stratification. 
of 16
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2 Results 

2.1 Study Participants and Sample Overview 

A total of 35 older adults were enrolled and provided fecal samples
for analysis: 18 with a diagnosis of MCI and 17 cognitively healthy
controls, comprising 16 co-habiting couples (Figure 1 ). The two
groups were well matched for age (MCI: 75.7 ± 5.3 years; controls:
74.5 ± 4.5 years; p = 0.477), sex (56% vs. 53% male; p = 0.877),
ethnicity (White ethnicity; p = 1.000; British/Welsh/Irish; MCI:
12:5:1; Controls: 12:4:1), formal education (13.2 ± 1.8 vs. 13.0 ± 1.9
years; p = 0.796), body mass index (BMI, 24.3 ± 3.4 vs. 26.6 ±
3.4 kg/m2 ; p = 0.062), alcohol consumption ( p = 0.582), smoking
status (1 [6%] vs. 0 current smokers; p = 1.000), and omeprazole
use (2 [11%] vs. 2 [12%]; p = 1.000) (all p > 0.05), differing only
in Montreal Cognitive Assessment (MoCA) scores (20.3 ± 3.7 vs.
27.4 ± 1.8; p = 0.006), as expected for their diagnostic status
(Table 1 ). Of the 18 participants with MCI, one withdrew consent
for follow-up. The remaining 17 participants completed a 1-year
follow-up assessment and were stratified by their composite
cognitive decline ratio into rapid ( n = 6) and slow ( n = 6) decline
groups for the prognostic analysis (Figure 1 ). 

2.2 Composition and Diversity of the Microbiota 
in Fecal Samples Differentiate MCI Cases From 

Controls 

Fecal samples from 18 MCI cases and 17 cognitively healthy
controls underwent microbiome and metabolomic analysis. A
total of 1242 features were detected (combined frequency 364,175),
comprising seven phyla and 138 genera. Microbiome α-diversity
(Shannon, Simpson, and inverse Simpson indices) did not differ
significantly between groups, and overall β-diversity was also sim-
ilar ( p = 0.553; Figure S1 ). After adjusting for household clustering
using mixed-effects models, four of the 138 identified genera dif-
fered significantly between groups: Izemoplasmatales ( p = 0.0085)
was enriched, while Lachnospira ( p = 0.0103), Lachnospiraceae
UCG-008 ( p = 0.0262), and Ruminococcus ( p = 0.0492) were
depleted in MCI cases compared to controls (Figure 2A , Table
S1 ). All four genera belong to the phylum Firmicutes . Although
Lachnospiraceae UCG-008 differed significantly between groups,
its apparent difference was driven predominantly by a minority of
samples (80% of samples showed zero abundance, Figure 2B ). It
was therefore excluded from the classification model to minimize
potential bias. We then developed an MCI signature comprising
MedComm, 2026
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TABLE 1 Characteristics of people with mild cognitive impairment 
and cognitively healthy controls. 

Characteristic 
MCI 

( n = 18) 
Control 
( n = 17) p- value 

Age, mean (SD) years 75.7 (5.3) 74.5 (4.5) 0.477a 

Sex: Male, no. (%) 10 (56%) 9 (53%) 0.877b 

Ethnicity: White, no. (%) 18 (100%) 17 (100%) 1.000b 

Formal education, mean 
(SD) years 

13.2 (1.8) 13.0 (1.9) 0.796a 

BMI, mean (SD) kg/m2 24.3 (3.4) 26.6 (3.4) 0.062a 

Current alcohol 
consumption, no (%) 

0.582b 

Never/rare 8 (44%) 5 (29%) 
Occasional (2–5 times/week) 7 (39%) 10 (59%) 
Most days 3 (17%) 2 (12%) 
Current smoker, no. (%) 1 (6%) 0 1.000b 

Omeprazole medication, no. 
(%) 

2 (11%) 2 (12%) 1.000b 

MoCA, mean (SD) 20.3 (3.7) 27.4 (1.8) 0.006a 

Abbreviations: BMI, body mass index; MCI, Mild cognitive impairment; 
MoCA, Montreal Cognitive Assessment. 
a Welch’s t -test. 
b Fisher’s exact test. 
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he remaining three genera ( Ruminococcus , Izemoplasmatales ,
nd Lachnospira) using five machine learning models. The
rtificial neural network (ANN) achieved the highest predictive
erformance, with an area under the receiver operating charac-
eristic curve (AUC) of 0.972, followed by the generalized linear
odel (GLM, 0.944), naive Bayes (NB, 0.889), support vector
achine (SVM, 0.861), and random forest (RF, 0.833 (Figure 2C ,
able S2 ). The average AUC, accuracy, sensitivity, specificity, F1
core, and Matthews correlation coefficient (MCC) across the
ive models were 0.900, 0.817, 0.800, 0.833, 0.815, and 0.659,
espectively, indicating that these taxa robustly distinguished
CI cases from controls (Table 2 ). 

o predict the functional capacity of the gut communities,
e applied PICRUSt2; comparison between MCI cases and
ontrols (paired Wilcoxon signed-rank tests, accounting for the
ohabiting-pair design) identified eight differentially regulated
athways (Figure 2D ). The MCI microbiome showed enrichment
f L-arginine and L-ornithine degradation (ARGDEG-PWY: FC
 8.714, FDR = 0.0003; AST-PWY: FC = 4.718, FDR = 0.0017;
RNARGDEG-PWY: FC = 8.713, FDR = 0.0003), activation of
he methylglyoxal degradation super-pathway (METHGLYUT-
WY: FC = 3.184, FDR = 0.046), indicative of increased oxidative
tress [ 25 ], enrichment of immunogenic LPS sugar components
ECASYN-PWY: FC = 4.871, FDR = 4.57 × 10− 6 ), and increased
etabolic-regulator (PPGPPMET-PWY: FC = 1.859, FDR = 0.047)
nd ketogluconate metabolism pathways (KETOGLUCONMET-
WY: FC = 1.927, FDR = 0.048). Conversely, S-adenosyl-L-
ethionine biosynthesis was reduced in MCI (PWY-6151: FC =
 0.144, FDR = 0.048). 
edComm, 2026
We used an independent cohort comprising samples from MCI
patients ( n = 30) and cognitively healthy controls ( n = 30) to
evaluate the diagnostic performance of the microbial biomarkers
identified for MCI [ 20 ]. Consistent with our primary cohort,
Ruminococcus was higher in the MCI group ( p = 0.017; Figure
S2A ) and Lachnospira was lower ( p = 0.011; Figure S2B ) relative
to controls. As Izemoplasmatales was absent from this exter-
nal cohort, a signature based on the remaining two markers
( Ruminococcus and Lachnospira ) distinguished MCI from con-
trols with an AUC of 0.825 (95% CI 0.605–1.0) (Figure S2C ,
Table S2 ). These findings demonstrate that the fecal microbial
signature retains discriminatory ability in an independent cohort,
supporting its potential utility for MCI diagnosis. 

2.3 Fecal Metabolic Profiles Differentiate MCI 
Cases From Controls 

The changes in microbiome composition and predicted
functional led us to analyze the fecal metabolome. Liquid
chromatography–mass spectrometry (LC-MS) analyses identified
a total of 5843 compounds in fecal samples, of which 119 were
confidently annotated based on their mass, MS/MS spectrum,
and retention time. Principal component analysis (PCA) of
these annotated metabolites showed separation between MCI
cases and controls (Figure 3A ). After adjusting for household
clustering using linear mixed-effects models, proline (estimate
= 0.0158, p = 0.0104) and fumaric acid (estimate = − 0.0002,
p = 0.0198) differed between groups (Figure 3B , Table S3 ).
Proline was higher in MCI cases, while fumaric acid was lower
(Figure 3C,D ). Consistent directional changes were seen among
the 16 cohabiting pairs, with proline increased in cases in 12
of 16 pairs and fumaric acid decreased in 11 of 16 pairs ( p <
0.05, Figure 3C,D ). We then assessed whether measurements of
proline and fumaric acid adequately distinguished MCI cases
from controls in five independent machine learning models.
Across five machine-learning algorithms, the AUCs ranged
from 0.81 to 0.92; averaged across models, the AUC, accuracy,
sensitivity, specificity, F1 score, and MCC were 0.861, 0.783, 0.800,
0.767, 0.774, and 0.575, respectively, indicating that these two
metabolites contributed to discrimination between MCI cases
and controls in the models (Figure 3E , Table 2 , Table S2 ). 

2.4 Microbe-Metabolite Network Patterns 
Differentiate MCI Cases From Controls 

To investigate the interplay between gut microbiota and metabo-
lites, we assessed correlations across all bacteria and metabolites
within the MCI and control groups, uncovering 1001 correlations
( p < 0.05). Of these, 42 involved the diagnostic markers—
three genera ( Ruminococcus spp., Izemoplasmatales spp., and
Lachnospira spp.) and two metabolites (proline and fumaric acid)
(Figure 4A , Table S4 ). In separate within-group analyses, several
microbe–metabolite relationships differed in direction between
groups. For example, among the diagnostic markers, fumaric
acid and Lachnospira were positively correlated in the MCI
group but negatively correlated in controls (Figure 4B ). A similar
reversal was observed for arginine and Bifidobacterium , which
were positively correlated in controls but negatively correlated in
MCI (Figure 4B ). 
3 of 16
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FIGURE 2 Microbiome diversity and functional changes differentiating MCI cases from controls. (A) Differential abundance of bacterial 
communities in fecal samples collected from MCI cases and cognitively healthy controls. Taxonomic differences are based on 16S rRNA sequences. 
The circles represent the phylum, class, order, family, and genus levels from outside to inside. Circles with arrows indicate taxa differing in abundance 
between groups (red, increased; blue, decreased, in MCI). (B) Scatter plot showing the normalized relative abundance of the four differentially abundant 
genera between groups (control, n = 17; MCI, n = 18; MaAsLin2: * p < 0.05). (C) ROC analysis of the microbial signature in the internal validation set. 
(D) Predicted functional pathways in MCI compared with controls, showing pathways enriched (red) or reduced (blue) in MCI. Pathway significance 
(FDR): *** p < 0.001, ** p < 0.01, * p < 0.05. PWY-6151: S-adenosyl-L-methionine cycle I. ANN: artificial neural network; GLM: Generalized linear model; 
NB: naive Bayes; NRA: normalized relative abundance; RF: random forest; SVM: support vector machine. 
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TABLE 2 Performance metrics of models using microbial, metabolomic, and combined markers for MCI classification. 

Diagnostic model: MCI vs. control 

Microbiome-based 
(average) 

Metabolite-based 
(average) 

Integrated model (microbiome + 

metabolites) 

AUC 0.8999 0.8612 0.944 (0.816, 1) 
Accuracy 0.8166 0.78334 0.8333 (0.5159, 0.9791) 
Sensitivity 0.8000 0.79998 0.8333 
Specificity 0.8333 0.76668 0.8333 
F1 0.8147 0.77382 0.8333 
MCC 0.6590 0.5747 0.6667 

Note: The AUC and accuracy values represent averages across five models: artificial neural network, generalized linear model, support vector machine, naive 
Bayes, and random forest. For the 95% confidence intervals of these values for each individual model, please refer to Table S2 . 
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.5 Combining Gut Microbiota and Metabolome 
trengthens Diagnostic Value for MCI 

o test whether integrating microbiota and metabolites enhanced
he diagnostic accuracy for MCI, SHapley Additive exPlanations
SHAP) values were used as a measure of the contribution of
ach variable to the outcome prediction. Each of the five markers
ontributed to separating MCI cases from controls (Figure 5A ).
uminococcus made the largest contribution (30.87% of the model
utput), followed by fumaric acid (24.54%), proline (16.48%), Lach-
ospira (15.35%), and Izemoplasmatales (12.76%) (Figure 5B ). Inte-
rating all five markers into a combined model yielded an AUC
f 0.944 (95% CI 0.861–1.0) (Figure 5C , Table 2 , Table S2 ), higher
han the microbiome-only (0.899) or metabolome-only (0.861)
odels. Decision curve analysis showed that the combined model
rovided greater net benefit than single-omic model across the
hreshold-probability range of 0.1–1.0 (Figure 5D ). Together, these
esults indicate that combining microbiome and metabolome
arkers improves diagnostic discrimination for MCI. 

.6 Baseline Microbiota and Metabolite 
omposition Predicts Progression in MCI 

o investigate whether baseline profiles predicted progression, we
xamined fecal microbiota and metabolites in relation to cogni-
ive decline over 1 year. MCI cases were divided into rapid and
low progressors using each participant’s decline ratio. Shannon
nd InvSimpson indices demonstrated a reduction in microbiome
-diversity, significant in the latter index, in the rapid cognitive
ecline group compared with the slow decline group (Figure 6A ).
he overall β-diversity, reflecting community composition in the
icrobiota signatures, was comparable between the two groups

 p = 0.10, Figure 6B ). At the genus level, five genera ( Bacteroides ,
aecalibacterium , Christensenellaceae R-7 group , Blautia , and
uminococcus ) accounted for 20.15% of the total taxonomy in
he slow group and 37.21% in the rapid group (Figure 6C ).
otably, mean Bacteroides abundance in the rapid group (17.04%)
as almost double that in the slow group, Bifidobacterium was
educed (rapid 2.34%; slow 5.11%), and Streptococcus was more
bundant (6.46% vs. 1.82%) (Figure 6C ). Differential abundance
nalysis identified Bilophila ( p = 0.0345) as significantly enriched
nd Coprococcus ( p = 0.0455) as significantly reduced in the rapid
edComm, 2026
group (Figure 6D ). A microbiota signature based on these two
genera predicted rapid progression across five machine-learning
algorithms, with an average AUC of 0.867 (accuracy, sensitivity,
and specificity 0.800; F1 0.796) (Figure 6E , Table 3 ). To further
assess the signature in an independent cross-sectional cohort, we
analyzed patients with established AD ( n = 58) and MCI ( n = 14)
[ 26 ]. The signature based on Coprococcus and Bilophila yielded
an AUC of 0.72 (95% CI: 0.506–0.934) for distinguishing AD from
MCI (Figure S2D , Table S2 ). These findings are consistent with
the potential relevance of the signature to MCI progression and
warrant confirmation in future longitudinal studies. 

Gut metabolite profiles also differed between groups, with higher
relative abundance of arginine, aspartic acid, and hypoxanthine
in rapid progressors (Figure 7A ). Within the 12 rapid and slow
progressors, these three metabolites correlated positively with
the degree of cognitive decline (arginine: r = 0.88, aspartic acid:
r = 0.95, hypoxanthine: r = 0.93; all p < 0.001, Figure 7B ).
PCA on these three metabolites separated the rapid and slow
groups (Figure 7C ). Across five machine-learning algorithms,
a metabolite-based model achieved an average AUC of 0.956
(accuracy 0.900, sensitivity 1.000, specificity 0.800, F1 0.880, MCC
0.824) (Figure 7D , Table 3 ). 

Finally, to examine the combined markers, we performed SHAP
analysis as for the diagnostic models. Of 724 significant corre-
lations across all bacteria and metabolites in baseline samples,
37 correlations involved the prognostic markers identified above:
bacterial genera Bilophila , Coprococcus , and metabolites arginine,
aspartic acid, and hypoxanthine (Figure 8A , Table S5 ). The
combination of just the three metabolites (arginine, aspartic acid,
and hypoxanthine) contributed to 99.97% of the model output
in predicting progression of cognitive impairment, rendering the
contribution of bacterial genera negligible (Figure 8B ). Consistent
with this, decision curve analysis further demonstrated that both
the full model and the metabolome-only model significantly
outperformed the microbiome-only model (Figure 8C ). In con-
trast, there was negligible difference in classification performance
between the full model and the metabolome-only model across
the entire range of risk thresholds (Figure 8C ). These findings
suggest that microbial features added little incremental value
once the stronger metabolite signal was included in the current
dataset. 
5 of 16
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FIGURE 3 Fecal metabolic profile changes differentiating MCI cases from controls. (A) Principal component analysis of the annotated fecal 
metabolome in MCI cases versus cognitively healthy controls. (B) Volcano plot illustrates the log2 fold changes and corresponding p -values derived 
from metabolomic difference analysis between MCI and controls. (C and D) Relative abundance of proline (C) and fumaric acid (D) in MCI and control 
groups; left panels show group comparisons (linear mixed-effects models with household pair as a random effect), right panels show within-pair changes 
for the 16 cohabiting couples (paired Wilcoxon signed-rank test, * p < 0.05). (E) Lollipop plot showing the performance of five classification models on 
the internal random validation set. 
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 Discussion 

n this study, we investigated whether fecal microbiota and
etabolomic profiles could aid diagnosis and prediction of cogni-
ive decline trajectory in MCI. We characterized gut microbiome
nd metabolome profiles in 35 individuals (18 MCI, 17 cognitively
ealthy controls, including 16 cohabiting spouse pairs) at MCI
atients undergoing 12-month prospective cognitive follow-up.
his design enabled machine-learning models for both cross-
ectional MCI diagnosis and longitudinal prediction of cognitive
ecline rate. To our knowledge, this is the first study to examine
of 16
whether baseline fecal microbiota and metabolome profiles can
both identify MCI and track the subsequent rate of cognitive
decline, potentially supporting early diagnosis and prognostic
risk stratification in MCI. 

Several published studies have documented alterations in the
composition of gut microbiota in MCI, preclinical AD, and
established AD [ 22, 27 ]; however, the variability in methods and
markers employed across studies makes comparison challeng-
ing. While we took a broad approach to marker identification,
several published studies have focused on specific groups of
MedComm, 2026
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FIGURE 4 Co-occurrence networks between microbiome genera and metabolites in MCI cases and controls. (A) Spearman correlation network 
showing co-occurrence relationships between genus-level microbes and metabolites, highlighting the five diagnostic markers ( p < 0.05). Node shape 
denotes feature type (circle, microbe; diamond, metabolite), and node color indicates the log2 fold change (blue to red). Green dashed lines represent 
negative correlations and purple solid lines positive correlations, scaled from − 1 to 1. (B) Scatter plots showing microbe–metabolite pairs whose 
correlation direction differed between the MCI (purple) and control (orange) groups. 
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rganisms or metabolites. We found significant alterations in
acterial composition in MCI cases compared with matched
ontrols, most of whom were co-habiting partners, selected to
educe the contribution of environmental variability. Microbiota
hanges associated with “caseness” were enrichment of Izemo-
lasmatales and reduction of Lachnospira and Ruminococcus ; all
hree of the identified genera belonged to phylum Firmicutes ,
lterations of which have been reported in other studies [ 28,
9 ]. We further identified eight differentially regulated metabolic
athways linked to changes in the microbiota, including three
ARGDEG-PWY, AST-PWY, and ORNARGDEG-PWY) involved
n L-arginine degradation and linked to the tricarboxylic acid
TCA) cycle, previously associated with AD [ 30 ]. Others have
hown that alterations in gut microbiota are often accompanied
y changes in bacterial metabolites that may impact host health
nd disease [ 31 ]; notably, progression of AD has been linked to
etabolism of D-aspartic acid and N-acetyl-L-aspartic acid [ 32,
3 ]. Guided by these studies and the observed pathway changes,
e performed an LC-MS analysis of metabolites in the collected
edComm, 2026
samples; two metabolites, proline (increased abundance in cases)
and fumaric acid (reduced abundance in cases), stood out in the
analysis. 

We next used bioinformatic approaches, including machine
learning models, to test whether the observed differences in the
microbiome and/or metabolome were of diagnostic value for
differentiating MCI from controls. Analysis of microbiota iden-
tified an MCI signature comprising three genera ( Ruminococcus,
Izemoplasmatales , and Lachnospira ) that predicted MCI across
five machine learning models (average AUC 0.899). A metabolite
signature comprising proline and fumaric acid predicted MCI
across the machine-learning models (average AUC 0.861). A
combined model including all five parameters reached an AUC
of 0.944 for distinguishing MCI from controls. 

Increasing evidence suggests that changes in the gut microbiota
and metabolome may predict progression of complex diseases;
for example, species-level taxonomic changes in the microbiome
7 of 16
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FIGURE 5 Combined effects of the microbiome and metabolome in MCI diagnosis. (A) SHAP summary plot showing the impact of the five features 
on the diagnostic model output. Each dot represents a participant (orange, controls: n = 17; purple, MCI cases: n = 18); the x-axis shows the normalized 
abundance of each feature and the y-axis the SHAP value. (B) Contribution of each selected feature to the classification model. (C) Performance of 
the combined metabolome–microbiome diagnostic model (ANN). (D) Decision curve analysis of the diagnostic models. Full model (yellow solid line): 
combined metabolome and microbiome model; microbiome (green dashed line): microbiome-only model; metabolome (blue dashed line): metabolome- 
only model; all (gray dashed line): assumes all samples are MCI cases; none (gray solid line): assumes all samples are controls. 
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redicted the development of type 2 diabetes, microbiome mark-
rs predicted progression of non-alcoholic fatty liver disease 4
ears later, and microbiome and metabolomic profiles predicted
he progression of cardiovascular disease [ 33–36 ]. We tested
hether changes in gut microbiota and/or metabolome were
ssociated with progression in MCI. Our first observation was
hat microbiome diversity was reduced in the group that pro-
ressed rapidly compared to slow or no progressors, supporting
revious reports [ 28, 37 ]. At the genus level, Bilophila was
ncreased and Coprococcus was reduced in rapid progressors;
odels including these two genera achieved good predictive
erformance (AUC 0.867). Three metabolites (arginine, aspartic
cid, and hypoxanthine) were also elevated in rapid progres-
of 16
sors; models incorporating these metabolites showed stronger
predictive performance (AUC = 0.956). This stronger metabolite
signal explains why microbial features contributed negligibly to
the integrated model: the metabolite-only model substantially
outperformed the microbiome-only model (AUC 0.956 vs. 0.867).
This does not indicate an absence of microbial signal but rather
reflects the greater discriminative capacity of the metabolite
features in this dataset. Accordingly, SHAP attribution assigned
greater importance to the more informative metabolite features,
which are likely to lie closer to the cognitive phenotype and
provide a more proximal functional readout than taxonomic
abundance [ 38 ]. Consequently, although the microbial features
were independently predictive, they contributed little additional
MedComm, 2026
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FIGURE 6 Microbiome composition in MCI cases with rapid versus slow progression. (A) α-diversity (Shannon and inverse Simpson indices; 
slow, n = 6; rapid, n = 6). (B) β-Diversity (Bray–Curtis distances). (C) Relative proportions of bacterial taxa at the genus level. (D) Differential abundance 
of bacterial taxa between rapid and slow progressors. The outermost layer shows the log2 fold change of each taxon; relative to the slow group, red 
indicates increased and blue decreased abundance in the rapid group. Internal connecting lines are color-coded by taxonomic level. (E) Performance of 
the classifiers in predicting progression using the genus-level microbial signature. 

TABLE 3 Performance metrics of models using microbial, metabolomic, and combined markers for predicting disease progression. 

Prognostic model: Rapid vs. slow 

Microbiome-based 
model (average) 

Metabolite-based model 
(average) 

Integrated model (microbiome + 

metabolites) 

AUC 0.8668 0.9556 1 (1,1) 
Accuracy 0.79998 0.89998 1 (0.5407,1) 
Sensitivity 0.80002 1 1 
Specificity 0.80002 0.80002 1 
F1 0.7961 0.88 1 
MCC 0.6323 0.8243 1 

Note: The AUC and accuracy values represent averages across five models: artificial neural network, generalized linear model, support vector machine, naive 
Bayes, and random forest. For the 95% confidence intervals of these values for each individual model, please refer to Table S2 . 

MedComm, 2026 9 of 16
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FIGURE 7 Fecal metabolite profiles in MCI cases with rapid versus slow progression. (A) Relative abundance of arginine, aspartic acid, and 
hypoxanthine in the rapid and slow progression groups. (B) Correlation between the rate of cognitive decline and the three metabolites (analysis restricted 
to the rapid and slow progressors, n = 12; exploratory). (C) PCA based on arginine, aspartic acid, and hypoxanthine showing separation between the 
progression groups. (D) ROC curves for five algorithms predicting progression; AUC values from repeated random training–validation splits are listed 
on the right. 
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nformation once metabolite features were included in the inte-
rated model. This pattern is specific to the present dataset and
hould not be interpreted as indicating that metabolomic markers
re inherently superior to microbial markers across diseases. 

ur study has several limitations. First, the cohort size was
imited, increasing the risk of overfitting and potentially inflating
he apparent predictive performance of the model. Although
e assessed performance across five machine-learning algo-
0 of 16
rithms using repeated random training–validation splits, such
approaches cannot fully compensate for this limitation. Conse-
quently, the reported predictive performance may overestimate
the model’s true generalizability to independent patient popu-
lations. The perfect performance of the integrated prognostic
model should therefore be interpreted with caution rather than
considered established predictive accuracy. Second, while the
diagnostic signatures were validated in an independent external
cohort, no independent longitudinal cohort was available for
MedComm, 2026
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FIGURE 8 Co-occurrence networks and feature contributions in MCI cases with rapid versus slow progression. (A) Spearman correlation network 
showing co-occurrence relationships between genus-level microbes and metabolites, with a specific emphasis on five distinct indicators ( p -value < 0.05). 
The node shape denotes the feature type (circle for microbe, diamond for metabolite), while color signifies the log2 fold change, transitioning gradually 
from blue to red. Dashed lines (green) represent negative correlations, whereas solid lines (purple) denote positive correlations, with colors scaling from 

− 1 to 1. (B) Beeswarm plot (left) showing the association between features and SHAP values, with each point representing a participant ( n = 12); point 
color indicates the normalized feature abundance (green to red). The bar graph (right) shows the contribution of each feature to the model prediction. (C) 
Decision curve analysis of the prognostic models. Full model (yellow solid line): combined metabolome and microbiome prognostic model; microbiome 
(green dashed line): microbiome-only prognostic model; metabolome (blue dashed line): metabolome-only prognostic model; all (gray dashed line): 
assumes all samples are rapid progressors; none (gray solid line): assumes all samples are slow progressors. 
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xternal prognostic validation. The prognostic signature was
herefore examined only in a cross-sectional AD/MCI cohort,
hich provides supporting rather than confirmatory evidence
or its relevance to disease progression [ 20, 26 ]. These findings
equire confirmation in larger, independent longitudinal cohorts
efore any claims of clinical predictive utility can be made.
hird, although the participants met the core clinical criteria
or MCI, amyloid and tau pathological biomarkers were not
vailable. The cohort was therefore not biomarker-confirmed for
nderlying AD pathology, and we were unable to distinguish AD-
ype MCI from other MCI subtypes. This limits the specificity
nd generalizability of our findings across MCI subtypes, and
onfirmation in biomarker-defined cohorts remains an important
irection for future research. Fourth, the microbiome analysis
as based on 16S rRNA amplicon sequencing, which provides
eliable taxonomic classification at the genus level but does not
edComm, 2026
allow robust species-level resolution. Future studies using higher
resolution approaches such as metagenomic sequencing may
help clarify species-level associations within genera, which may
exert distinct biological effects. Other limitations include the lack
of data on dietary intake, a known modulator of gut micro-
biota composition, other lifestyle, environmental and genetic
confounders (e.g., APOE genotype), and impact of ethnicity (all
participants were of White ethnicity) [ 39–41 ]. 

In summary, we identify baseline changes in the gut microbiota
and metabolome that distinguish MCI cases from controls and
that are associated with the rate of cognitive decline over 1
year. These findings highlight the potential of gut microbiota-
and metabolome-based approaches for the early diagnosis and
prognostic stratification of MCI, and raise the possibility of
targeting the microbiota in disease-modifying strategies, while
11 of 16
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nderscoring the need for validation in larger independent
ohorts. 

 Materials and Methods 

.1 Study Participants 

ll procedures were conducted in accordance with the principles
f the Declaration of Helsinki and received approval from the
ales Research Ethics Committee 1 (REC # 19/WA/0338) and
HS Health Research Authority. Written informed consent was
btained from each participant upon enrolment. Participants
omprised 18 individuals with MCI and 17 cognitively healthy
lderly controls, including 16 co-habiting couples in which one
artner was diagnosed with MCI and the other was cognitively
ealthy. Cases met the core clinical criteria for MCI, and cognitive
ealth of the controls was confirmed by a MoCA score ≥ 25
nd no cognitive concerns [ 42 ]. Exclusion criteria in both groups
ere use of antibiotics or probiotics/prebiotics in the 4 weeks
efore fecal sample collection and confounding conditions such
s presence of major neurological or psychiatric disorder, alcohol
buse, cancer, coeliac disease or inflammatory bowel disease,
r medication that might adversely affect cognition. Amyloid
nd tau pathological biomarkers were not available for the
articipants in this study; consequently, the MCI cohort was
efined on clinical grounds and was not biomarker-confirmed
or underlying AD pathology. APOE status was also not
vailable. 

t the 1-year follow-up assessment, cognitive function was re-
valuated in 17 participants from the initial MCI cohort using the
oCA and lexical fluency. Cognitive decline ratios were calcu-

ated for each participant by averaging the proportional changes
n MoCA and lexical fluency scores from baseline to follow-
p. These ratios were subsequently normalized to a continuous
cale ranging from 0 to 1, where higher values indicated greater
ognitive deterioration (Table S6 ). Participants were further
tratified according to the quartile distribution of the composite
ecline ratios. Those with decline ratios above the third quartile
Q3) threshold were classified as experiencing rapid cognitive
ecline ( n = 6), representing the most pronounced deterioration
ithin the cohort. Conversely, participants with decline ratios
t or below the first quartile (Q1) were categorized as having
low cognitive decline ( n = 6), indicating relative cognitive sta-
ility over the observation period. Participants with intermediate
ecline ratios (Q1–Q3; n = 5) were not included in the between-
roup prognostic comparison ( n = 5). This extreme-phenotype
tratification approach was adopted to maximize phenotypic
ontrast between the comparison groups for biomarker discovery.

.2 Sample Collection and Processing 

ecal samples were collected in the home setting for all 35
articipants using the EasySampler stool collection kit (Fisher
cientific). Upon collection, the samples were promptly trans-
erred to the laboratory, where they were placed in sterile tubes
nd stored frozen at − 20◦C until processed. Prior to analysis,
ach fecal sample was thawed at ambient temperature in a sterile
nvironment. 
2 of 16

a

4.3 DNA Extraction and Sequencing Procedure 

For DNA extraction, an aliquot (200–400 mg wet weight) was
extracted from the bulk fecal sample using a sterile spatula and
transferred to a sterile, pre-labelled microcentrifuge tube (2 mL
with O-ring screw cap). Initial processing involved homogeniza-
tion using a bead-beater (MP Fastprep-24 5G; five cycles of 4.5 m/s
for 45 s with 5 min on ice between each cycle). DNA extraction was
then carried out using the Quick Faecal-Soil microbe DNA mini
kit (Zymo research D6010) following the manufacturer’s protocol.
DNA was extracted in a volume of 100 µL, and its yield and
integrity were assessed by measuring absorbance (A260/A320
and A260/A280, respectively) on a Nanodrop spectrophotometer
(ThermoFisher) and stored in low-binding 1.5-mL microfuge
tubes. 

4.4 16S rRNA Gene Sequencing Analysis of Fecal 
Samples 

DNA amplicons were generated using a two-step PCR pro-
cess prior to sequencing. In the first step, the targeted V1/V2
(28F/388R) region and the overhangs of the Illumina adapters
were amplified and run for 25 cycles, followed by cleaning and
validation using Qiaxcel (Quiagen) and Qubit (ThermoFisher)
assays. In the second step, indexes were added to each sample
along with the remainder of the adapters and eight cycles were
performed to facilitate indexing. The quality and quantity of the
amplicons were then cleaned and validated using Tapestation
(Agilent) and Qubit, and their concentrations were calculated in
nM. The amplicons, normalized by quantity between samples,
were then subjected to 16S rRNA sequencing on an Illumina
MiSeq sequencer at the Cardiff University Genomics Center.
To capture a broad diversity, 16S rRNA gene sequencing was
performed using four different forward primers (28F-YM, 28F-
Borrellia, 28FChloroflex, and 28F-Bifdo) in a 4:1:1:1 ratio. Primer
sequences are shown in Table S7 . 

The sequencer output, provided as deconvoluted adapter and
indexer pre-trimmed paired FASTQ files, underwent pre-
processing and subsequent taxonomy analysis and functional
annotation using qiime2 on the HAWK High-Performance
Computing (HPC) cluster ( https://portal.supercomputing.wales/
index.php/about-hawk/ ) [ 43 ]. Quality control and trimming of
the raw paired-end reads were executed using Cutadapt and
DADA2, respectively [ 44 ]. To mitigate the potential bias from
mixed primers during training using the q2-feature-classifier
function, the similarity between the four primers was evaluated
(78.95%), enabling the selection of an identity threshold of 0.75.
Consequently, the 28F-YM primer was selected as the primary
primer, permitting matches with the other three primers. A
naive Bayes classifier trained on the Silva v138 database ( https://
www.arb- silva.de/documentation/release- 138/ ) was employed
to assign taxonomies to the features, and Scikit-learn was used
to validate the classification process. The result contained 5134
features with a cumulative frequency of 476,137. Any amplicon
sequence variants (ASVs) that were present in fewer than two
samples or appeared less than 10 times were excluded from the
analysis, yielding 1242 unique ASVs for further investigation with
a median of 9112 reads. Phyloseq was used to estimate diversity
within and between samples [ 45 ]. Microbiome diversity within
MedComm, 2026
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 habitat type and dissimilarity between two communities were
easured using α- and β-diversity, respectively. α-Diversity was
easured using Shannon and Inverse Simpson (InvSimpson)
ndices and compared using the Mann–Whitney test. β-Diversity
as calculated based on Bray–Curtis distance and compared
sing permutational multivariate analysis of variance. The
otential functions of bacterial community were predicted
y PICRUSt2 [ 46 ] and were compared using paired Wilcoxon
igned-rank tests. Absolute feature abundances were converted
o relative abundances by dividing each value by the total
bundance within the corresponding sample. For the diagnostic
nalysis, to account for the non-independence introduced by
he 16 cohabiting spouse pairs, differential abundance between
CI cases and controls was assessed using mixed-effects models

mplemented in MaAsLin2 [ 47 ], with group (MCI vs. Controls)
s a fixed effect and household pair as a random effect; relative
bundances were arcsine square-root transformed prior to anal-
sis. For the prognostic analysis, differential abundance between
apid and slow progressors was assessed using ZicoSeq [ 48 ]. 

.5 Metabolomic Analysis of Fecal Samples 

etabolic analyses were performed at MS-omics ( https://www.
somics.com ). Fecal samples were extracted in house using
he MS-Omics fecal extraction protocol. In brief, 100 mg feces
ample was placed into a labeled 1.5-mL microcentrifuge tube,
omogenized in MilliQ water (400 µL) using a bead beater (MP
astprep-24 5G; 4.5 m/s for 45 s), and centrifuged (16,000 g ,
◦C, 10 min). The supernatant was transferred into Costar SpinX
ilter tubes (0.22- µm filter) and centrifuged at 15,000 g /4◦C for 5
in. The filtrate was aliquoted and stored at − 80◦C before being
hipped on dry ice to MS-Omics for analysis of metabolites using
 Thermo Scientific Vanquish LC coupled to Thermo Q Exactive
F MS with an electrospray ionization interface source. Peak
reas were extracted using Compound Discoverer 3.1 (Thermo
cientific), and compounds were identified by retention times
compared with in-house standards; accepted deviation of 3 ppm)
ith or without MS/MS spectral data. For the diagnostic analysis,
etabolite data were normalized using the same procedure
pplied to the microbial data. Differential abundance between
CI cases and controls was assessed using linear mixed-effects
odels (lmerTest package [ 49 ]), with group (MCI vs. control) as
 fixed effect and household pair as a random effect to account
or the 16 cohabiting spouse pairs. Paired Wilcoxon signed-rank
ests were additionally performed as supporting analyses. For the
rognostic analysis, differential abundance between rapid and
low progressors was assessed using the Mann–Whitney U test,
s these groups comprised independent MCI participants without
he paired household structure of the diagnostic comparison. 

.6 Biomarker Identification and Machine 
earning Classifier Construction 

or diagnostic prediction, the 35 samples were partitioned into
raining and validation subsets by stratified random sampling to
aintain balanced class representation, using an approximately
:3 ratio (23 training, 12 validation). For the prognostic analysis,
he 12 rapid and slow progressors remaining after exclusion of the
ive participants with intermediate cognitive decline ratios (see
edComm, 2026
Section 4.1 ) were split into training ( n = 6) and validation ( n = 6)
sets in the same manner. Classification models were built using
five machine-learning algorithms: ANN, GLM, SVM, NB, and
RF. Performance was assessed across repeated random training–
validation splits, with samples re-partitioned at each iteration so
that each validation set differed from previous ones. Features
were selected using a predetermined nominal threshold ( p <
0.05) in the differential abundance analyses of the microbiota and
metabolome; feature selection was performed on the full dataset.
For the integrated microbiota–metabolome models, feature con-
tributions were quantified using SHAP [ 50 ], which estimate the
contribution of each feature to model predictions and support
identification of the most influential markers. 

Model performance was evaluated by receiver operating char-
acteristic (ROC) curve analysis, with AUC and 95% confidence
interval (CI) as the primary metric. Additional metrics, including
accuracy (with 95% CI), sensitivity, specificity, F1 score, and MCC,
were also reported. Decision curve analysis was performed to
compare models by plotting standardized net benefit against
risk thresholds using the DecisionCurve package [ 51 ]. The study
was reported in accordance with the Transparent Reporting of
a multivariable prediction model for Individual Prognosis Or
Diagnosis (TRIPOD) guideline [ 52 ], and a completed checklist
was provided for peer review. 

4.7 External Datasets and Model Performance 
Assessment 

To examine whether the identified microbial markers generalized
beyond the discovery cohort, two independent external datasets
were analyzed. For the diagnostic markers, a balanced cohort
comprising 30 individuals with clinically diagnosed MCI ( n = 30)
and 30 cognitively healthy controls ( n = 30) was used [ 20 ]. For the
prognostic markers, a separate cross-sectional cohort comprising
individuals with MCI ( n = 14) and established AD ( n = 58)
was examined [ 26 ]. All external samples were fecal. Raw micro-
bial sequencing data underwent the same quality-control and
taxonomic-analysis procedures described in Section 4.4 , ensuring
methodological consistency between the discovery and external
datasets. ANN models were used to assess the performance
of the identified markers in these datasets, and performance
was evaluated by ROC analysis, with AUC values calculated to
quantify diagnostic and prognostic accuracy. 

4.8 Statistical Analysis 

All statistical analyses were performed in R 4.1.0 ( https://www.r- 
project.org ) and GraphPad Prism 8.0. Multiple comparison cor-
rection was carried out using the Benjamini–Hochberg method.
A two-sided p value of less than 0.05 was considered statistically
significant. 

Author Contributions 

Bioinformatics and statistical analyses, interpretation of data, drafting
of the manuscript, critical revision of the manuscript, and statistical
analysis: Birong Zhang. Acquisition of data, statistical analyses, and
13 of 16

tive C
om

m
ons L

icense

https://www.msomics.com
https://www.r-project.org


d  

a  

B  

i  

m  

a  

A

W  

t  

m

F

T  

R  

I  

f  

I

E

A  

t  

R  

R  

u  

p

C

T

D

T  

c  

i  

s  

P  

a  

n  

A  

b

R

 

a

2  

o  

o  

G  

3  

C  

1

4  

F  

D  

(

5  

i  

1

6  

M  

o  

1

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1

 26882663, 2026, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

co2.71045 by N
IC

E
, N

ational Institute for H
ealth and C

are E
xcellence, W

iley O
nline L

ibrary on [07/10/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

re
rafting of the manuscript: Richard Brown. Acquisition of data, analysis
nd interpretation of data, and critical revision of the manuscript: Antony
ayer and Joanna Waring. Study concept and design, analysis and
nterpretation of data, drafting of the manuscript, critical revision of the
anuscript, and study supervision: B. Paul Morgan, Julian R. Marchesi,
nd You Zhou. All authors have read and approved the final manuscript.

cknowledgments 

e acknowledge the support of Supercomputing Wales, part-funded by
he European Regional Development Fund (ERDF) via Welsh Govern-
ent. 

unding 

his project was funded by the Rosetrees Trust (Project Grant to B.P.M.;
eference A2226). J.R.M. and the Division of Digestive Diseases at
mperial College London receive financial and infrastructure support
rom the NIHR Imperial Biomedical Research Centre (BRC) based at
mperial College London. 

thics Statement 

ll procedures were conducted in accordance with the principles of
he Declaration of Helsinki and received approval from the Wales
esearch Ethics Committee 1 (REC # 19/WA/0338) and NHS Health
esearch Agency. All participants provided written informed consent
pon enrolment. The external cohorts used for validation were previously
ublished and had received ethical approval [ 20, 26 ]. 

onflicts of Interest 

he authors declare no conflicts of interest. 

ata Availability Statement 

he metabolomics data are available on Figshare: https://figshare.
om/s/c0503c90c55a54ad2dc5?file=55441892 . Raw 16S rRNA sequenc-
ng data are available in the NCBI BioProject database under acces-
ion number PRJNA1210544: https://www.ncbi.nlm.nih.gov/bioproject/
RJNA1210544 . Microbiota data from external cohorts are available
t NCBI BioProject (accession number: PRJNA489760, https://www.
cbi.nlm.nih.gov/bioproject/PRJNA489760 ) and European Nucleotide
rchive (accession number: PRJEB59009, https://www.ebi.ac.uk/ena/
rowser/view/PRJEB59009 ) 

eferences 

1 . R. C. Petersen, “Mild Cognitive Impairment: Transition Between Aging
nd Alzheimer’s Disease,” Neurologia 15, no. 3 (2000): 93–101. 

 . N. Salari, F. Lotfi, A. Abdolmaleki, et al., “The Global Prevalence
f Mild Cognitive Impairment in Geriatric Population With Emphasis
n Influential Factors: A Systematic Review and Meta-Analysis,” BMC
eriatrics 25, no. 1 (2025): 313, https://doi.org/10.1186/s12877-025-05967-w.

 . K. M. Langa and D. A. Levine, “The Diagnosis and Management of Mild
ognitive Impairment,” JAMA 312, no. 23 (2014): 2551, https://doi.org/10.
001/jama.2014.13806 . 

 . A. Dumas, F. Destrebecq, G. Esposito, D. Suchonova, and K. Steen
rederiksen, “Rethinking the Detection and Diagnosis of Alzheimer’s
isease: Outcomes of a European Brain Council Project,” Aging Brain 4
2023): 100093, https://doi.org/10.1016/j.nbas.2023.100093 . 

 . B. Sheehan, “Assessment Scales in Dementia,” Therapeutic Advances
n Neurological Disorders 5, no. 6 (2012): 349–358, https://doi.org/10.1177/
756285612455733 . 

 . O. Manor, C. L. Dai, S. A. Kornilov, et al., “Health and Disease
arkers Correlate With Gut Microbiome Composition Across Thousands
f People,” Nature Communications 11, no. 1 (2020): 5206, https://doi.org/
0.1038/s41467- 020- 18871- 1 . 
4 of 16
7 . A. Chakrabarti, L. Geurts, L. Hoyles, et al., “The Microbiota–Gut–Brain
Axis: Pathways to Better Brain Health. Perspectives on What We Know,
What We Need to Investigate and How to Put Knowledge Into Practice,”
Cellular and Molecular Life Sciences 79, no. 2 (2022): 80, https://doi.org/
10.1007/s00018-021-04060-w. 

8 . P. Sittipo, J. Choi, S. Lee, and Y. K. Lee, “The Function of Gut Microbiota
in Immune-Related Neurological Disorders: A Review,” Journal of Neu-
roinflammation 19, no. 1 (2022): 154, https://doi.org/10.1186/s12974-022- 
02510-1 . 

9 . L. Hoyles, T. Snelling, U.-K. Umlai, et al., “Microbiome–Host Systems
Interactions: Protective Effects of Propionate Upon the Blood–Brain
Barrier,” Microbiome 6, no. 1 (2018): 55, https://doi.org/10.1186/s40168- 
018- 0439- y. 

10 . C. Chen, G. Q. Wang, D. D. Li, and F. Zhang, “Microbiota–Gut–
Brain Axis in Neurodegenerative Diseases: Molecular Mechanisms and
Therapeutic Targets,” Molecular Biomedicine 6, no. 1 (2025): 64, https://
doi.org/10.1186/s43556- 025- 00307- 1 . 

11 . K. Rouskas, E. Mamalaki, E. Ntanasi, et al., “Gut Microbiome Alter-
ations in Mild Cognitive Impairment: Findings From the ALBION Greek
Cohort,” Microorganisms 13, no. 9 (2025): 2112, https://doi.org/10.3390/
microorganisms13092112 . 

12 . A. Gallo, A. M. Martone, R. Liperoti, et al., “Mild Cognitive Impair-
ment and Microbiota: What Is Known and Future Perspectives,” Frontiers
in Medicine 11 (2024): 1410246, https://doi.org/10.3389/fmed.2024.14102
46 . 

13 . L. Chen, X. Xu, X. Wu, et al., “A Comparison of the Composition
and Functions of the Oral and Gut Microbiotas in Alzheimer’s Patients,”
Frontiers in Cellular and Infection Microbiology 12 (2022): 942460, https://
doi.org/10.3389/fcimb.2022.942460 . 

14 . Y. Huang, X. Sun, Q. Huang, et al., “Cir culating Metabolome in
Relation to Cognitive Impairment: A Community-Based Cohort of Older
Adults,” Translational Psychiatry 14, no. 1 (2024): 469, https://doi.org/10.
1038/s41398-024-03147-9 . 

15 . E. Connell, G. Le Gall, M. G. Pontifex, et al., “Microbial-Derived
Metabolites as a Risk Factor of Age-Related Cognitive Decline and
Dementia,” Molecular Neurodegeneration 17, no. 1 (2022): 43, https://doi.
org/10.1186/s13024-022-00548-6 . 

16 . C. S. Kim, “Roles of Diet-Associated Gut Microbial Metabolites on
Brain Health: Cell-To-Cell Interactions Between Gut Bacteria and the
Central Nervous System,” Advances in Nutrition 15, no. 1 (2024): 100136,
https://doi.org/10.1016/j.advnut.2023.10.008 . 

17 . E. Trushina, T. Dutta, X. M. T. Persson, M. M. Mielke, and R.
C. Petersen, “Identification of Altered Metabolic Pathways in Plasma
and CSF in Mild Cognitive Impairment and Alzheimer’s Disease Using
Metabolomics,” PLoS ONE 8, no. 5 (2013): e63644, https://doi.org/10.1371/
journal.pone.0063644 . 

18 . J. Lee and M. J. Wolfgang, “Metabolomic Profiling Reveals a Role for
CPT1c in Neuronal Oxidative Metabolism,” BMC Biochemistry 13 (2012):
23, https://doi.org/10.1186/1471- 2091- 13- 23 . 

19 . Y. Meng, M. Cheng, H. Qu, et al., “Targeted Plasma Metabolomics
Reveals Potential Biomarkers of the Elderly With Mild Cognitive Impair-
ment in Qingdao Rural Area,” Frontiers in Aging Neuroscience 16 (2024):
1511437, https://doi.org/10.3389/fnagi.2024.1511437 . 

20 . B. Li, Y. He, J. Ma, et al., “Mild Cognitive Impairment Has Similar
Alterations as Alzheimer’s Disease in Gut Microbiota,” Alzheimer’s &
Dementia 15, no. 10 (2019): 1357–1366, https://doi.org/10.1016/j.jalz.2019.
07.002 . 

21 . S. Kang, Y. H. Lee, and J. E. Lee, “Metabolism-Centric Overview of
the Pathogenesis of Alzheimer’s Disease,” Yonsei Medical Journal 58, no.
3 (2017): 479, https://doi.org/10.3349/ymj.2017.58.3.479 . 

22 . A. Varesi, E. Pierella, M. Romeo, et al., “The Potential Role of
Gut Microbiota in Alzheimer’s Disease: From Diagnosis to Treatment,”
Nutrients 14, no. 3 (2022): 668, https://doi.org/10.3390/nu14030668 . 
MedComm, 2026

ative C
om

m
ons L

icense

https://figshare.com/s/c0503c90c55a54ad2dc5?file=55441892
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1210544
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA489760
https://www.ebi.ac.uk/ena/browser/view/PRJEB59009
https://doi.org/10.1186/s12877-025-05967-w
https://doi.org/10.1001/jama.2014.13806
https://doi.org/10.1016/j.nbas.2023.100093
https://doi.org/10.1177/1756285612455733
https://doi.org/10.1038/s41467-020-18871-1
https://doi.org/10.1007/s00018-021-04060-w
https://doi.org/10.1186/s12974-022-02510-1
https://doi.org/10.1186/s40168-018-0439-y
https://doi.org/10.1186/s43556-025-00307-1
https://doi.org/10.3390/microorganisms13092112
https://doi.org/10.3389/fmed.2024.1410246
https://doi.org/10.3389/fcimb.2022.942460
https://doi.org/10.1038/s41398-024-03147-9
https://doi.org/10.1186/s13024-022-00548-6
https://doi.org/10.1016/j.advnut.2023.10.008
https://doi.org/10.1371/journal.pone.0063644
https://doi.org/10.1186/1471-2091-13-23
https://doi.org/10.3389/fnagi.2024.1511437
https://doi.org/10.1016/j.jalz.2019.07.002
https://doi.org/10.3349/ymj.2017.58.3.479
https://doi.org/10.3390/nu14030668


2  

G  

C  

S

2  

C  

M
A  

1

2  

A  

h

2  

A
P  

p

2  

A
M  

s

2  

i  

n

2  

M  

l  

s

3  

A  

1

3  

B  

t  

d

3  

B  

D  

R  

9

3  

A  

n

3  

M  

T  

1

3  

M  

M  

0

3  

M  

A  

o

3  

B  

R

3  

M  

G  

0

3  

R

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

M

 26882663, 2026, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

co2.71045 by N
IC

E
, N

ational Institute for H
ealth and C

are E
xcellence, W

iley O
nline L

ibrary on [07/10/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C
3 . A. Bauch, J. Baur, I. Honold, et al., “Prognostic Value of a Multivariate
ut Microbiome Model for Progression From Normal Cognition to Mild
ognitive Impairment Within 4 Years,” International Journal of Molecular
ciences 26, no. 10 (2025): 4735, https://doi.org/10.3390/ijms26104735 . 

4 . K. C. Fan, C. C. Lin, Y. L. Chiu, S. H. Koh, Y. C. Liu, and Y. F.
huang, “Compositional and Functional Gut Microbiota Alterations in
ild Cognitive Impairment: Links to Alzheimer’s Disease Pathology,”
lzheimer’s Research & Therapy 17, no. 1 (2025): 122, https://doi.org/10.
186/s13195- 025- 01769- 9 . 

5 . C. Angeloni, L. Zambonin, and S. Hrelia, “Role of Methylglyoxal in
lzheimer’s Disease,” BioMed Research International 2014 (2014): 1–12,
ttps://doi.org/10.1155/2014/238485 . 

6 . A. Troci, S. Philippen, P. Rausch, et al., “Disease- and Stage-Specific
lterations of the Oral and Fecal Microbiota in Alzheimer’s Disease,”
NAS Nexus 3, no. 1 (2024): pgad427, https://doi.org/10.1093/pnasnexus/
gad427 . 

7 . S. Chandra, S. S. Sisodia, and R. J. Vassar, “The Gut Microbiome in
lzheimer’s Disease: What We Know and What Remains to be Explored,”
olecular Neurodegeneration 18, no. 1 (2023): 9, https://doi.org/10.1186/
13024- 023- 00595- 7 . 

8 . Z.-Q. Zhuang, L.-L. Shen, W.-W. Li, et al., “Gut Microbiota Is Altered
n Patients With Alzheimer’s Disease,” Journal of Alzheimer’s Disease 63,
o. 4 (2018): 1337–1346, https://doi.org/10.3233/JAD-180176 . 

9 . A. L. Ferreiro, J. Choi, J. Ryou, et al., “Gut Microbiome Composition
ay be an Indicator of Preclinical Alzheimer’s Disease,” Science Trans-

ational Medicine 15, no. 700 (2023): eabo2984, https://doi.org/10.1126/
citranslmed.abo2984 . 

0 . D. Jia, F. Wang, and H. Yu, “Systemic Alterations of Tricarboxylic
cid Cycle Enzymes in Alzheimer’s Disease,” Frontiers in Neuroscience
7 (2023): 1206688, https://doi.org/10.3389/fnins.2023.1206688 . 

1 . Y. Zhang, R. Chen, D. Zhang, S. Qi, and Y. Liu, “Metabolite Interactions
etween Host and Microbiota During Health and Disease: Which Feeds
he Other?,” Biomedicine & Pharmacotherapy 160 (2023): 114295, https://
oi.org/10.1016/j.biopha.2023.114295 . 

2 . P. F. Kwo-On-Yuen, R. D. Newmark, T. F. Budinger, J. A. Kaye, M. J.
all, and W. J. Jagust, “Brain N-Acetyl-L-Aspartic Acid in Alzheimer’s
isease: A Proton Magnetic Resonance Spectroscopy Study,” Brain
esearch 667, no. 2 (1994): 167–174, https://doi.org/10.1016/0006-8993(94)
1494-X . 

3 . L. Piubelli, G. Murtas, V. Rabattoni, and L. Pollegioni, “The Role of D-
mino Acids in Alzheimer’s Disease,” Journal of Alzheimer’s Disease 80,
o. 2 (2021): 475–492, https://doi.org/10.3233/JAD-201217 . 

4 . H. Leung, X. Long, Y. Ni, et al., “Risk Assessment With Gut
icrobiome and Metabolite Markers in NAFLD Development,” Science
ranslational Medicine 14, no. 648 (2022): eabk0855, https://doi.org/10.
126/scitranslmed.abk0855 . 

5 . S. Fromentin, S. K. Forslund, K. Chechi, et al., “Microbiome and
etabolome Features of the Cardiometabolic Disease Spectrum,” Nature
edicine 28, no. 2 (2022): 303–314, https://doi.org/10.1038/s41591-022-
1688-4 . 

6 . Y. Talmor-Barkan, N. Bar, A. A. Shaul, et al., “Metabolomic and
icrobiome Profiling Reveals Personalized Risk Factors for Coronary
rtery Disease,” Nature Medicine 28, no. 2 (2022): 295–302, https://doi.
rg/10.1038/s41591-022-01686-6 . 

7 . D. Cammann, Y. Lu, M. J. Cummings, et al., “Genetic Correlations
etween Alzheimer’s Disease and Gut Microbiome Genera,” Scientific
eports 13, no. 1 (2023): 5258, https://doi.org/10.1038/s41598- 023- 31730- 5 . 

8 . J. Zierer, M. A. Jackson, G. Kastenmüller, et al., “The Fecal
etabolome as a Functional Readout of the Gut Microbiome,” Nature
enetics 50, no. 6 (2018): 790–795, https://doi.org/10.1038/s41588-018-
135-7 . 

9 . K. A. Dill-McFarland, Z.-Z. Tang, J. H. Kemis, et al., “Close Social
elationships Correlate With Human Gut Microbiota Composition,”
edComm, 2026

rea
Scientific Reports 9, no. 1 (2019): 703, https://doi.org/10.1038/s41598-018- 
37298-9 . 

40 . M. M. Mielke, “Sex and Gender Differences in Alzheimer’s Disease
Dementia,” Psychiatric Times 35, no. 11 (2018): 14–17. 

41 . R. A Armstrong, “Risk Factors for Alzheimer’s Disease,” Folia
Neuropathologica 57, no. 2 (2019): 87–105. 

42 . M. S. Albert, S. T. DeKosky, D. Dickson, et al., “The Diagnosis of Mild
Cognitive Impairment due to Alzheimer’s Disease: Recommendations
From the National Institute on Aging-Alzheimer’s Association Work-
groups on Diagnostic Guidelines for Alzheimer’s Disease,” Alzheimer’s
& Dementia 7, no. 3 (2011): 270–279, https://doi.org/10.1016/j.jalz.2011.03.
008 . 

43 . E. Bolyen, J. R. Rideout, M. R. Dillon, et al., “Reproducible, Interactive,
Scalable and Extensible Microbiome Data Science Using QIIME 2,”
Nature Biotechnology 37, no. 8 (2019): 852–857, https://doi.org/10.1038/
s41587- 019- 0209- 9 . 

44 . B. J. Callahan, P. J. McMurdie, M. J. Rosen, A. W. Han, A. J. A.
Johnson, and S. P. Holmes, “DADA2: High-Resolution Sample Inference
From Illumina Amplicon Data,” Nature Methods 13, no. 7 (2016): 581–583,
https://doi.org/10.1038/nmeth.3869 . 

45 . P. J. McMurdie and S. Holmes, “phyloseq: An R Package for Repro-
ducible Interactive Analysis and Graphics of Microbiome Census Data,”
PLoS ONE 8, no. 4 (2013): e61217, https://doi.org/10.1371/journal.pone.
0061217 . 

46 . G. M. Douglas, V. J. Maffei, J. R. Zaneveld, et al., “PICRUSt2 for
Prediction of Metagenome Functions,” Nature Biotechnology 38, no. 6
(2020): 685–688, https://doi.org/10.1038/s41587- 020- 0548- 6 . 

47 . H. Mallick, A. Rahnavard, L. J. McIver, et al., “Multivariable
Association Discovery in Population-Scale Meta-Omics Studies,” PLOS
Computational Biology 17, no. 11 (2021): e1009442, https://doi.org/10.1371/
journal.pcbi.1009442 . 

48 . L. Yang and J. Chen, “A Comprehensive Evaluation of Microbial
Differential Abundance Analysis Methods: Current Status and Potential
Solutions,” Microbiome 10, no. 1 (2022): 130, https://doi.org/10.1186/
s40168- 022- 01320- 0 . 

49 . A. Kuznetsova, P. B. Brockhoff, and R. H. B. Christensen, “lmerTest
Package: Tests in Linear Mixed Effects Models,” Journal of Statistical
Software 82, no. 13 (2017): 1–26, https://doi.org/10.18637/jss.v082.i13 . 

50 . S. Lundberg and S. I. Lee, “A Unified Approach to Interpreting
Model Predictions,” preprint, arXiv, November 25, 2017, https://doi.org/
10.48550/arXiv.1705.07874 . 

51 . A. J. Vickers and F. Holland, “Decision Curve Analysis to Evaluate
the Clinical Benefit of Prediction Models,” Spine Journal 21, no. 10 (2021):
1643–1648, https://doi.org/10.1016/j.spinee.2021.02.024 . 

52 . K. G. M. Moons, D. G. Altman, J. B. Reitsma, et al., “Transparent
Reporting of a Multivariable Prediction Model for Individual Prognosis
or Diagnosis (TRIPOD): Explanation and Elaboration,”Annals of Internal
Medicine 162, no. 1 (2015): W1–W73, https://doi.org/10.7326/M14-0698 . 

Supporting Information 

Additional supporting information can be found online in the Supporting
Information section. 
Supplementary Table 1: Differential abundance analysis of fecal 
microbial genera between MCI cases and controls using mixed-effects 
models, with group (MCI vs control) as a fixed effect and household pair 
as a random effect. Supplementary Table 2: Performance metrics of 
all models based on microbial, metabolomic, and combined markers 
for diagnosis or prognosis. Supplementary Table 3: Differential 
abundance analysis of fecal metabolites between MCI cases and controls 
using linear mixed-effects models, with group (MCI vs control) as a 
fixed effect and household pair as a random effect. Supplementary 
15 of 16

tive C
om

m
ons L

icense

https://doi.org/10.3390/ijms26104735
https://doi.org/10.1186/s13195-025-01769-9
https://doi.org/10.1155/2014/238485
https://doi.org/10.1093/pnasnexus/pgad427
https://doi.org/10.1186/s13024-023-00595-7
https://doi.org/10.3233/JAD-180176
https://doi.org/10.1126/scitranslmed.abo2984
https://doi.org/10.3389/fnins.2023.1206688
https://doi.org/10.1016/j.biopha.2023.114295
https://doi.org/10.1016/0006-8993(94)91494-X
https://doi.org/10.3233/JAD-201217
https://doi.org/10.1126/scitranslmed.abk0855
https://doi.org/10.1038/s41591-022-01688-4
https://doi.org/10.1038/s41591-022-01686-6
https://doi.org/10.1038/s41598-023-31730-5
https://doi.org/10.1038/s41588-018-0135-7
https://doi.org/10.1038/s41598-018-37298-9
https://doi.org/10.1016/j.jalz.2011.03.008
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1371/journal.pone.0061217
https://doi.org/10.1038/s41587-020-0548-6
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1186/s40168-022-01320-0
https://doi.org/10.18637/jss.v082.i13
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.1016/j.spinee.2021.02.024
https://doi.org/10.7326/M14-0698


Table 4: Correlations between genus-level microbes and metabolites 
in the diagnosis of MCI. Supplementary Table 5: Correlations 
between genus-level microbes and metabolites in the prognosis of 
MCI. Supplementary Table 6: Classification of MCI progression 
over 12 months. Supplementary Table 7: Sequence of primer used 
for 16S rRNA sequencing. Supplementary Figure 1: Comparison of 
microbial diversity between mild cognitive impairment (MCI) cases 
and controls. Supplementary Figure 2: External evaluation of the 
microbial signatures. (A–C) Diagnostic markers in an independent 
cohort. Relative abundance of (A > ) Ruminococcus and (B) Lachnospira 
in normal controls (NC) and MCI cases. (C) Diagnostic performance of 
the artificial neural network (ANN) model in this external cohort (AUC = 

0.825). (D) Performance of the ANN model in a cross-sectional AD/MCI 
cohort, distinguishing AD from MCI (AUC = 0.720). 

16 of 16 MedComm, 2026

 26882663, 2026, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

co2.71045 by N
IC

E
, N

ational Institute for H
ealth and C

are E
xcellence, W

iley O
nline L

ibrary on [07/10/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense


	Profiling Gut Microbiome and Metabolites Aids Diagnosis and Prediction of Progression in Mild Cognitive Impairment
	1 | Background
	2 | Results
	2.1 | Study Participants and Sample Overview
	2.2 | Composition and Diversity of the Microbiota in Fecal Samples Differentiate MCI Cases From Controls
	2.3 | Fecal Metabolic Profiles Differentiate MCI Cases From Controls
	2.4 | Microbe-Metabolite Network Patterns Differentiate MCI Cases From Controls
	2.5 | Combining Gut Microbiota and Metabolome Strengthens Diagnostic Value for MCI
	2.6 | Baseline Microbiota and Metabolite Composition Predicts Progression in MCI

	3 | Discussion
	4 | Materials and Methods
	4.1 | Study Participants
	4.2 | Sample Collection and Processing
	4.3 | DNA Extraction and Sequencing Procedure
	4.4 | 16S rRNA Gene Sequencing Analysis of Fecal Samples
	4.5 | Metabolomic Analysis of Fecal Samples
	4.6 | Biomarker Identification and Machine Learning Classifier Construction
	4.7 | External Datasets and Model Performance Assessment
	4.8 | Statistical Analysis

	Author Contributions
	Acknowledgments
	Funding
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	References
	Supporting Information


