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Introduction: The microbiota-gut-brain axis is implicated in Alzheimer’s disease. 
Gut microbiota alterations in mild cognitive impairment (MCI) are inconsistent 
and remain to be understood. This study aims to investigate the gut microbial 
composition associated with MCI, cognitive functions, and structural brain 
differences.

Methods: A nested case-control study was conducted in a community-based 
prospective cohort where detailed cognitive functions and structural brain 
images were collected. Thirty-one individuals with MCI were matched to sixty-
five cognitively normal controls by age strata, gender, and urban/rural area. Fecal 
samples were examined using 16S ribosomal RNA (rRNA) V3–V4 sequencing. 
Compositional differences between the two groups were identified and correlated 
with the cognitive functions and volumes/thickness of brain structures.

Results: There was no significant difference in alpha and beta diversity between 
MCIs and cognitively normal older adults. However, the abundance of the genus 
Ruminococcus, Butyricimonas, and Oxalobacter decreased in MCI patients, while 
an increased abundance of nine other genera, such as Flavonifractor, were found 
in MCIs. Altered genera discriminated MCI patients well from controls (AUC = 
84.0%) and were associated with attention and executive function. 

Conclusion: This study provides insights into the role of gut microbiota in the 
neurodegenerative process.
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1. Introduction

Mild cognitive impairment (MCI) is a transitional and early-stage cognitive impairment on 
the continuum of Alzheimer’s disease (AD) (Scheltens et  al., 2021). Declines in cognitive 
performance can take place in various functions, including memory, executive function, 
attention, language, and visuospatial skills (Albert et al., 2011). Recent findings have suggested 
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that some MCI patients may revert to normal or near-normal 
cognition, though they are at higher risk of progressing to dementia 
(Petersen, 2004; Koepsell and Monsell, 2012; Shimada et al., 2019). In 
other words, MCI is an intermediate phase, and understanding 
biological changes in this stage may provide insight into mechanisms 
or intervention targets for delaying the onset of dementia.

The microbiota-gut-brain axis is a complex, bidirectional 
communication system between the gut and the brain, and several 
direct and indirect pathways are involved within the axis (Morais et al., 
2020). Microbiota is the commensal, symbiotic, and pathogenic 
microbial communities (bacteria, archaea, fungi, etc.) residing in and 
on our bodies. Nowadays, the concept of microbiome encompasses 
microbiota and their “theater of activity,” including structural elements, 
metabolites, and the surrounding environmental conditions (Berg et al., 
2020). The microbiota-gut-brain axis has been implicated in the 
pathogenesis of AD, and the role of gut microbiota has been beginning 
to be understood in recent years (Bostanciklioğlu, 2019; Kowalski and 
Mulak, 2019). Studies in AD have demonstrated a microbial 
composition that deviates significantly from that of cognitively normal 
controls (Vogt et al., 2017; Zhuang et al., 2018; Liu et al., 2019; Saji et al., 
2019a,b; Guo et  al., 2021). There is also emerging data about gut 
microbiota change in MCI patients (Li et al., 2019; Liu et al., 2019; Saji 
et al., 2019a,b; Guo et al., 2021; Pan et al., 2021; Sheng et al., 2021, 2022; 
Zhang et al., 2021; Verhaar et al., 2022; Wanapaisan et al., 2022; Yıldırım 
et al., 2022). In general, similar gut microbiota changes as AD were 
found in MCI patients, such as decreased Bacteroides genus and 
increased Staphylococcus and Escherichia (Li et al., 2019; Nagpal et al., 
2019). However, the alterations of gut microbes between studies are far 
from consistent. This inconsistency may be due to differences in study 
designs, the study population’s ethnicity, dietary composition, and the 
criteria used to diagnose AD/MCI. Furthermore, it has been confirmed 
that there will be  significant differences in identifying kinds of gut 
microbes among analytical pipelines and biobanks (Balvočiute and 
Huson, 2017; Prodan et al., 2020).

Therefore, we  conducted a case-control study in a well-
characterized cohort of community-dwelling older adults in Taiwan. 
We aim to investigate the differences in gut microbiota between older 
adults with MCI and normal cognition using a more recently-
developed and accurate pipeline and biobank.

2. Materials and methods

2.1. Study design and participants

This case-control study was nested in a dynamic, community-
based prospective cohort study, the Epidemiology of Mild Cognitive 
Impairment in Taiwan (EMCIT) (Chuang et al., 2021). Briefly, the 
EMCIT recruits independently living adults older than 60 years of age 
in a rural area and an urban area in North Taiwan with the aim of 
understanding the epidemiology of MCI. In this cohort, the diagnosis 
of MCI was adjudicated through the expert panel of a psychiatrist, a 
neurologist, and a clinical psychologist according to the NIA-AA 
criteria (Albert et al., 2011). In this study, thirty-one older adults with 
MCI were matched to sixty-five cognitively normal controls by six 
strata (age < 75, age > = 75, male, female, urban, and rural areas) 
between September 2019 to January 2021. The exact numbers of cases 
and controls in each stratum were presented in 

Supplementary Table S1. This study was approved by the Far Eastern 
Memorial Hospital Research Ethics Committee (108058-E) and the 
Institutional Review Board of the National Yang-Ming University 
(YM109137E). Informed consent was obtained from all participants.

2.2. Fecal sample collection, DNA 
extraction, and 16S rRNA amplicon 
sequencing

A fresh fecal sample was collected by participants at the same visit 
of neuropsychological testing for MCI diagnosis and mailed to 
Germark Biotechnology (Taichung, Taiwan). Bacterial DNA was 
extracted using QIAamp Fast DNA Stool Mini Kit (Qiagen, MD, 
United States). The amount and quality were then determined by 
NanoDrop ND-1000 spectrophotometer (Thermo Scientific, 
Wilmington, DE, United States). Extracted DNA was stored at –80°C 
before 16S rRNA sequencing. V3-V4 regions of bacterial 16S rRNA 
gene, which are hypervariable, were amplified by PCR using bar-coded 
primers 341F (forward primer; 5’-CCTACGGGNGGCWGCAG-3′) 
and 805R (reverse primer; 5’-GACTACHVGGGTATCTAATCC-3′) 
(Herlemann et  al., 2011). Sequencing and library construction of 
amplicon DNA samples were entrusted to Germark Biotechnology 
(Taichung, Taiwan). Then, the 2 × 300 bp paired-end amplicon library 
with an insert size of 465 bp for each sample was prepared using the 
TruSeq Nano DNA Library Preparation kit (Illumina Inc., San Diego, 
CA, United  States). At last, high-throughput sequencing was 
performed on an Illumina MiSeq 2000 sequencer with MiSeq Reagent 
Kit v3 (Illumina).

2.3. Microbiome bioinformatic analysis

The demultiplexed 16S rRNA gene sequences generated from the 
Miseq run were analyzed using the divisive amplicon denoising 
algorithm 2 (DADA2) pipeline (Callahan et al., 2016). Microbiome 
FASTQ files were first cleaned by the Cutadapt tool, which removed 
adapter and primer sequences (Martin, 2011). Subsequently, forward 
and reverse sequences were truncated at positions 230 and 210, and a 
maximum number of expected errors were set at 2 and 4, respectively. 
Error rates were later estimated and corrected by the DADA2 error 
model parameters. After merging forward and reverse reads to derive 
full denoised sequences, an amplicon sequence variant (ASV) table 
was established and disposed of unmatched pairs of reads. Finally, 
chimeric ASVs were detected and abandoned, and the latest SILVA 
reference 16S rRNA gene database 138.1 was used to assign 
taxonomies (Quast et al., 2013).

The resulting ASV table was imported into the Phyloseq package 
in R to analyze the overall structure of the microbiome, such as 
phylogenetic tree and biodiversity (McMurdie and Holmes, 2013). 
Alpha diversity indices, observed OTUs, Chao1 estimator, Shannon, 
Simpson, and InvSimpson, represented the mean diversity of species 
in a site within a local scale. The alpha diversity indices between 
MCIs and controls were compared using linear regression models 
adjusted for potential confounders. Beta diversity, the change in the 
diversity of species between the ecosystems, was measured by Jaccard, 
Bray–Curtis, unweighted UniFrac, and weighted UniFrac distance. 
The results of these different distance models were plotted by 
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principal coordinate analysis (PCoA). The difference in beta diversity 
between MCIs and controls would be evaluated by PERMANOVA 
(permutational multivariate analysis of variance) and Wd*-test 
(Anderson, 2017; Hamidi et al., 2019). The ASV table underwent a 
centered-log ratio (CLR) transformation, enabling us to conduct the 
following compositional analyses (Aitchison, 1982; Badri et al., 2018). 
To determine differences in genera of interest between MCIs and 
controls, we performed the linear discriminant analysis (LDA) effect 
size (LEfSe) method1. The LEfSe used Kruskal–Wallis (KW) 
sum-rank test to detect features with significant differential 
abundance and a set of unpaired Wilcoxon rank-sum tests to 
investigate subsequent biological significance among subclasses 
(Segata et al., 2011). A significant alpha value at 0.05 and an effect size 
threshold of 2.0 were used to discover genera of interest.

2.4. Cognitive assessments

A battery of neuropsychological tests in the Chinese version was 
used in the EMCIT to assess global cognition and cognitive domains of 
attention, memory, and executive functions (Chuang et  al., 2021). 
Briefly, global cognition was evaluated by the Mini-Mental State 
Examination. Tests of attention included the Color Trails Test 1 (CTT 
1), subtests of Digit Span (DS), Digit Symbol Substitute Test (DSST), 
Symbol Search (SS) in the Wechsler Adult Intelligence Scale-III (WAIS-
III), and the immediate recall of the Logical Memory subset (LM I) of 
Wechsler Memory Scale. The delayed recall of the Logical Memory 
subset (LM II) was used to assess the memory domain. The executive 
function domain encompassed the Color Trails Test 2 (CTT 2), 
Semantic Verbal Fluency (VF), and the Stroop Color and Word Test 
(SCWT). Test scores were all z-transformed, and averaging z-scores of 
tests within each domain generated scores of each cognitive domain.

2.5. Brain structure analysis

Every participant was scanned on a 3 T scanner (MAGNETOM 
Skyra, Siemens Healthcare, Erlangen, Germany) with a 16-channel 
head coil. The detailed protocol was described elsewhere (Chiu et al., 
2019). High-resolution T1-weighted images were acquired using the 
magnetization-prepared rapid-acquisition gradient echo (MPRAGE) 
and analyzed using Freesurfer version 7.1.12. Preprocessing, including 
the skull stripping and reconstruction of the cortical surface, was 
followed by automated labeling, cortical parcellation, and subcortical 
segmentation (aparc+aseg). Five MCIs were excluded due to poor 
image quality, and one normal control was excluded because of brain 
lesions. Volume data of total brain, ventricles, gray and white matter, 
and the region of interest (ROIs) that play an important role in AD/
MCI, e.g., hippocampus and entorhinal cortex, were obtained. Besides, 
estimated total intracranial volume (eTIV) would be used to adjust the 
individual differences in cranial volume.

Furthermore, the average cortical thickness of Alzheimer’s 
signature MRI biomarkers (Dickerson et al., 2011) was calculated. The 

1 https://huttenhower.sph.harvard.edu/galaxy/

2 http://surfer.nmr.mgh.harvard.edu/

Alzheimer-signature brain regions include the medial temporal, 
temporal pole, inferior temporal, inferior parietal, supramarginal 
gyrus, superior parietal, precuneus, cauda middle frontal, and superior 
frontal. The volume of each brain region was obtained by multiplying 
each region’s thickness by its surface area. Then an AD thickness score 
was generated by dividing the total volume of the Alzheimer-signature 
brain regions by the total surface area, representing the mean thickness 
of Alzheimer-signature brain regions.

2.6. Statistical analysis

To examine differences in demographic characteristics, the Pearson 
chi-square test was applied for categorical variables between groups, 
while t-test was used for continuous variables. Based on results from 
LEfSe, a group of genera of interest was used to generate a receiver 
operating characteristic (ROC) curve by pROC R package alone or in 
combination (Robin et al., 2011). The genera harbored by more than 
60% of participants were used further for correlation with cognitive 
domains and brain structures. Partial correlations between these genera 
of interest, cognitive domains, and brain structure were adjusted for age, 
gender, and education years. Correlations were presented in heatmaps 
by heat function in R. Statistical analyses were done in R version 4.1.2 
and Stata 16, and p < 0.05 in all tests was considered significant.

3. Results

3.1. Characteristics of participants

The characteristics of participants between individuals with MCI and 
cognitively normal controls are presented in Table 1. There were no 
significant differences in age, gender, and community, the strata of which 
were used to match the two groups. Participants with MCI had poorer 
education (6.3 vs. 9.0 years), a higher percentage of hypertension (61 vs. 
37%), and a lower frequency of coffee consumption. A total of 8,370,548 
non-chimeric high-quality reads were yielded by thirty-one MCIs and 
sixty-five controls, with an average of 87193.2 reads per sample. On 
average, these reads for subsequent analysis accounted for 66.8% of raw 
reads. MCI patients had a slightly lower percentage (65.5 vs. 67.4%)
(Supplementary Table S2). A total of 4,925 ASVs were identified.

3.2. Biodiversities: alpha and beta diversity

Figure 1 shows the biodiversity comparisons in MCIs and controls. 
Alpha diversity and richness were both similar between the two groups, 
representing similar biodiversity within each sample. After adjusting for 
age, gender, rural/urban area, education, and hypertension, the indices 
of the MCI group remained lower than those of controls, although not 
statistically significant (Supplementary Table S3). The beta diversity 
presented by PCoA was also similar, which means that similarities and 
dissimilarities between samples were indistinguishable. Only 
unweighted Unifrac distance indicated that there was a differential 
clustering pattern by PERMANOVA and Wd* test (p-value < 0.05) 
(Supplementary Table S4). In summary, the alpha and beta diversity 
analyses did not show significant differences between individuals with 
MCI and cognitively normal controls.
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3.3. The compositional differences 
between MCIs and controls

The compositional analysis identified taxa of interest that 
differed between individuals with MCI and normal controls (LDA 
score > 2, p < 0.05, Figure  2). The LDA barplot and cladogram 
indicated the differentially abundant microbiota between the two 
groups. At the order level, two bacterial orders, including 
Negativicutes and Flavobacteriales, were significantly abundant in 
individuals with MCI. We  also found that at the family level, 
Gemellaceae and Saccharimonadaceae had increased in the MCI 
group, while Oxalobacteraceae were more abundant in controls. 
Twelve genera of interest varied between the two groups. Nine 
genera: Phocea, Gemella, Anaeroglobus, Cloacibacillus, Lactococcus, 
Flavonifractor, Lactiplantibacillus, Cetobacterium, Eubacterium 
fissicatena group had increased in MCI, termed as MCI-abundant 
genera in the subsequent analysis. Three genera, Ruminococcus, 
Butyricimonas, and Oxalobacter, had increased in controls and were 
called control-abundant genera. Finally, as shown in Figure  2, 
several species were found to be different between the two groups; 
however, species identification is more prone to inaccuracy in 16S 
rRNA analysis. CLR transformed relative abundances of twelve 
genera different between MCIs and controls were shown in 
Supplementary Figure S1.

Figure  3 shows the ROC curves using the centered-log ratio 
transformed value of twelve genera of interest alone and all together. 
The blue-dashed and red-solid curves represented control-abundant 
and MCI-abundant genera, respectively. The black curve was fitted by 
logistic regression incorporating all twelve genera of interest as 
predictors. The twelve genera altogether showed a good performance 
in discriminating MCI from control [area under the ROC curve 
(AUC): 84.0%], demonstrating the potential of gut microbiota as a 
classification model.

3.4. Correlations between genera of 
interest and cognitive domains and brain 
structures

Among twelve genera of interest, some were present in very few 
individuals, and it’s inappropriate to correlate their abundance with 
other clinical features because of scarcity. As a result, only genera 
harbored by more than 60% of participants were included in 
correlation analysis, including Flavonifractor, Butyricimos, and 
Ruminococcus. Figure 4 demonstrates the partial correlations between 
the abundance of the genera above and the cognitive functions and 
volumes/thickness of brain structures. The MCI-abundant genus, 
Flavonifractor, was associated with poorer performance in Color Trails 
Test 2 (r = −0.22, p-value = 0.04). Moreover, these nine MCI-abundant 
genera collectively had a significant negative association with 
executive function (r = −0.22, p-value = 0.03) and Color Trails Test 1 
(r = −0.24, p-value = 0.02) and 2 (r = −0.29, p-value = 0.005). In 
contrast, control-abundant genera altogether were associated with 
better performance in Digit Symbol Substitute Test (r = 0.26, 
p-value = 0.01). Ruminococcus was positively correlated with Color 
Trails Test 2 (r = 0.21, p-value = 0.047).

The volumes/thickness of brain structures between the groups is 
shown in Supplementary Table S5. Cognitively normal adults have 

TABLE 1 Characteristics of the study population.

Characteristics MCI 
patients 
n = 31

Healthy 
controls 
n = 65

p-value

Age, years, mean ± SD 73.9 ± 6.7 74.2 ± 6.1 0.83

Gender, male/female 16/15 31/34 0.72

Urban area, N(%) 20 (65) 43 (66) 0.87

Education years, 

mean ± SD

6.3 ± 3.7 9.0 ± 4.4 0.005

Smoking never, N(%) 23 (74) 42 (65) 0.35

Drinking never, N(%) 20 (65) 41 (63) 0.89

BMI, mean ± SD 24.8 ± 3.1 24.4 ± 3.1 0.48

Diabetes mellitus, N(%) 11 (35) 13 (20) 0.10

Hypertension, N(%) 19 (61) 24 (37) 0.025

Vegetarian, N(%)*

Vegetarian 2 (6) 5 (8) 0.81

Flexitarian 3 (10) 9 (14)

Non-vegetarian 26 (84) 51 (78)

Tea consumption, N(%)†

Never 12 (39) 24 (37) 0.29

Sometimes 9 (29) 11 (17)

Frequently 10 (32) 30 (46)

Coffee consumption, 

N(%)†

Never 27 (87) 33 (51) 0.002

Sometimes 3 (10) 11 (17)

Frequently 1 (3) 21 (32)

Neuropsychological test 

score, mean ± SD

MMSE 24.6 ± 3.1 27.5 ± 2.1 <0.001

LMII 5.4 ± 5.1 14.7 ± 7.9 <0.001

LMI 15.1 ± 6.4 27.9 ± 11.1 <0.001

DS 13.8 ± 4.2 17.1 ± 4.1 <0.001

DSST 31.1 ± 17.2 47.9 ± 19.5 <0.001

SS 14.0 ± 7.1 23.8 ± 8.5 <0.001

CTT1 (sec) 115.1 ± 78.4 67.0 ± 36.9 <0.001

VF 30.0 ± 8.2 36.6 ± 8.4 <0.001

CTT2 (sec) 228.1 ± 111.0 142.2 ± 69.9 <0.001

SCWT-color 55.3 ± 12.1 72.6 ± 18.8 <0.001

SCWT-word 65.0 ± 17.2 86.0 ± 21.1 <0.001

SCWT-colored word 28.3 ± 10.7 41.7 ± 15.6 <0.001

SCWT-interference −1.9 ± 8.6 2.6 ± 11.6 0.11

Memory −0.8 ± 0.6 0.3 ± 0.9 <0.001

Attention −0.6 ± 0.7 0.3 ± 0.7 <0.001

Executive functions −0.5 ± 0.7 0.2 ± 0.6 <0.001

BMI, body max index; MMSE, Mini-Mental State Examination; LM, Logical Memory Test; 
DS, Digit Span; DSST, Digit Symbol Substitute Test; SS, Symbol Search; CTT, Color Trails 
Test; VF, Semantic Verbal Fluency; SCWT, Stroop Color and Word Test. *Vegetarian, a 
person who does not eat meat or meat products; Flexitarian, a person who follows a 
vegetarian diet but occasionally eats meat or fish; Non-vegetarian, a person who eats meat. 
†Never, less than 1 time per week; Sometimes, more than 1 but less than 5 times per week; 
Frequently, more than 5 times per week.
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generally larger total brain and gray/white matter volume, as well as 
the hippocampus, entorhinal, and amygdala, though not significantly 
different. AD-score thickness is identical between groups. The genera 
of interest did not show significant associations with the volumes/
thickness of brain structures (Figure 4B).

4. Discussion

In this case-control study nested in a well-characterized 
community-based cohort, altered gut microbiota was found in 
individuals with MCI. Twelve genera of gut microbiota had a good 

FIGURE 1

Alpha and beta diversity in MCI patients and healthy controls. Alpha diversity and richness indices (observed OTUs, Chao1 estimator, Shannon, 
Simpson, and InvSimpson) were both similar between the two groups, representing similar biodiversity within each sample. The beta diversity 
presented by PCoA (measured by Jaccard, Bray–Curtis, unweighted UniFrac, and weighted UniFrac distance) was also similar, which means that 
similarities and dissimilarities between samples were indistinguishable.

FIGURE 2

Differential bacterial taxonomies in LEfSe. The LDA barplot and cladogram indicated the differentially abundant microbiota between MCIs and controls 
(LDA score > 2, p < 0.05). At the order level, two bacterial orders, including Negativicutes and Flavobacteriales, were significantly abundant in individuals 
with MCI. We also found that at the family level, Gemellaceae and Saccharimonadaceae had increased in the MCI group, while Oxalobacteraceae were 
more abundant in controls. Twelve genera of interest varied between the two groups. Nine genera: Phocea, Gemella, Anaeroglobus, Cloacibacillus, 
Lactococcus, Flavonifractor, Lactiplantibacillus, Cetobacterium, Eubacterium fissicatena group had increased in MCI, while three genera, 
Ruminococcus, Butyricimonas, and Oxalobacter, had increased in controls.
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performance differentiating MCI from cognitively normal controls. 
MCI-abundant genera such as Flavonifractor were associated with 
poorer executive functions, whereas genera more abundant in 
controls, especially Ruminococcus, were linked to better performance.

The finding that no differences in biodiversity of gut microbiota 
were observed between individuals with MCI and normal cognition is 
consistent with previous studies (Li et al., 2019; Liu et al., 2019, 2021; 
Nagpal et  al., 2019; Zhang et  al., 2021; Hung et  al., 2022). On the 
contrary, the reported microbial compositional differences between 
MCI patients and healthy controls varied considerably (Liu et al., 2019, 
2021; Saji et al., 2019a; Guo et al., 2021; Pan et al., 2021; Zhang et al., 
2021). We also revealed other families or genera of gut microbiota 
associated with MCI. Discrepancies may come from methodological 
differences, including the source of participants (memory clinic or 
community), the criteria used to diagnose MCI, and pipelines used to 
analyze gut microbiota. Most studies published before 2022 (Li et al., 
2019; Liu et al., 2019, 2021; Guo et al., 2021; Pan et al., 2021; Sheng 
et  al., 2021; Zhang et  al., 2021) relied on OTU-or ZOTU-picking 
strategies and annotations in QIIME, which is more error-prone than 
DADA2-denoised ASV tables (Prodan et al., 2020). Therefore, different 
analytical pipelines coupled with various databases (SILVA or 
Greengene) used in each study made the results hardly comparable. 
Furthermore, since microbiota could be heavily dependent on the 
living environment and dietary styles, our study results are more likely 
to be comparable to studies conducted in Asia, including China, Japan, 
and Thailand instead of those in the Netherlands and Turkey.

We found that the genus Ruminococcus, Butyricimonas, and 
Oxalobacter decreased in participants with MCI, and the abundance of 
the genera was associated with better attention and executive function. 

Ruminococcus spp., one of humans’ most abundant flora, plays a crucial 
role in deconstructing, fermenting, and utilizing a wide range of dietary 
plant polysaccharides into various nutrients and finally affects human 
health status (la Reau and Suen, 2018). Polysaccharides have long been 
seen as a modulator in the gut-brain axis. One of the significant 
components of dietary polysaccharides reaching the gut is insoluble 
plant fibers, or called dietary fibers, such as inulin, 
fructooligosaccharides, and pectin (Sun et al., 2023). These non-starch 
polysaccharides (NSPs) are rich in high-fiber diets, e.g., traditional rural 
African diets (De Filippo et al., 2010; Ho Do et al., 2021). Moreover, an 
animal study discovered that Ruminococcus gnauvus monocolonized 
mice performed better on a spatial working memory test and were 
associated with metabolites such as tryptamine, indolacetate, and 
TMAO (trimethylamine N-oxide). Tryptamine induces serotonin 
release through enterochromaffin cells, while indole-derived metabolites 
regulate the increase of the hippocampus’s neural progenitor cells, some 
showing anti-inflammatory effects on the brain. Furthermore, TMAO 
has protective effects on BBB integrity (Hoyles et al., 2021; Coletto et al., 
2022). The genus Butyricimonas produce butyrate, one of the short-
chain fatty acids shown to exert crucial cognitive-protecting effects on 
the central nervous system. Butyrate prevents cognitive decline by 
improving barrier function and acting as an assumed negative regulator 
of amyloidosis and neuroinflammation (Marizzoni et  al., 2020). In 
addition, Butyricimonas are grouped into taxa that increase with age yet 
deplete in unhealthy aging (Ghosh et  al., 2022). Finally, 
Oxalobacteraceae, Oxalobacter, and Oxalobacter formigenes found in 
this study are less discussed in gut-brain communications. Some 
research highlighted the pathogenic role of oxalate distribution in the 
entorhinal cortex; nevertheless, the potential effect of oxalate on 
cognitive decline remains unclear (Heller et al., 2020).

In our study, several taxa found to increase in MCI patients were 
reported to increase in the AD patients. These taxa include the genus 
Anaeroglobus, the family Gemellaceae, and the genus Gemella. In 
addition, the genus Flavonifractor (Coello et al., 2019; Ogita et al., 
2020) and the Eubacterium fissicatena group (Heo et al., 2016; Xiao 
et al., 2021) enriched in MCI in our study may involve an escalation 
of inflammation, oxidative stress, and proinflammatory response. 
Flavonifractor was further correlated with poor performance in the 
executive function test in our study. Derailed systemic immune system 
via circulating cytokines and increased gut inflammation is one of the 
proposed pathways linking the gut microbiota and the brain (Cattaneo 
et al., 2017). Intriguingly, Lactococcus and Lactiplantibacillus, both 
lactate-producing and commonly used as probiotics, produce several 
metabolites in the nervous system, such as serotonin, acetylcholine, 
histamine, and dopamine (Alkasir et al., 2017), which were increased 
in MCI patients. The increased amount of these two genera in MCI 
patients may imply the compensatory response toward the 
overrepresentation of inflammation-producing gut microbiota.

Some studies examined the cross-sectional relationship between 
gut microbiota and brain imaging. Akkermansia, Lachnospiraceae 
NK4A136 group spp., and Anaerostipes spp. were found to 
be correlated with medial temporal atrophy or global cortical atrophy 
(Li et  al., 2019; Verhaar et  al., 2022). MCI patients with more 
Bacteroides are more likely to present brain atrophy patterns 
compatible with AD (Saji et  al., 2019a). Regarding regional brain 
volume, Wanapaisan et al. have discovered associations of left and 
right-hippocampus and right amygdala volumes with groups of 
bacteria identified in their study (Wanapaisan et al., 2022). However, 

FIGURE 3

Receiver operating characteristic (ROC) curves of genera as 
biomarkers. The ROC curves were fitted by the centered-log ratio 
transformed value of twelve genera of interest alone and all together. 
The blue-dashed and red-solid curves represented control-abundant 
and MCI-abundant genera, respectively. The black curve was fitted 
by logistic regression incorporating all twelve genera of interest as 
predictors. The twelve genera altogether showed a good 
performance in discriminating MCI from control [area under the 
ROC curve (AUC): 84.0%], demonstrating the potential of gut 
microbiota as a classification model.
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they also enrolled AD patients and mainly compared brain volumes 
in controls with AD/MCI. The insignificant correlations between 
brain volumes/thickness and the relative abundance of microbiota in 
our study may be explained by the early stage of cognitive impairment 
and less brain volume change in the individuals with MCI from 
the community.

Our research had several strengths. First, the study population was 
derived from a well-characterized community-based cohort, which 
better represents older adults’ lifestyles and characteristics in the 
community than those from clinics. In addition, the diagnosis of MCI 
was rigorously made through a panel of experts. Second, we used the 
state-of-the-art pipeline with the best sensitivity and accuracy among 
all the 16S rRNA pipelines. The database was also the latest updated 
version. Third, we corroborated the results of identified bacteria by 
examining the relationship with other outcome assessments, cognitive 
functions, and brain volumes/thickness. This study is not without 
limitations. First, a single fecal sample was collected from each 
participant, rendering temporality hard to infer because microbial 
composition possibly fluctuates within a person over time. More 
importantly, 16S rRNA sequencing gives us a picture of bacterial 
composition; nevertheless, it fails to pinpoint species precisely with a 
complete view of microbiota. Moreover, we did not assess metabolites, 
pro-inflammatory markers, and BBB integrity. Hence, we could only 
postulate mechanisms but not construct robust associations. Second, 

although covariates were carefully measured and used for adjustment 
in analysis, unmeasured and residual confounding may still exist. For 
example, adjusting for levels of educational attainment in the analysis 
of cognitive functions may not fully account for confounding effects of 
factors closely related to the education level, such as healthy lifestyles 
diet, or socioeconomic resources. These factors could directly impact 
the gut microbiome or indirectly by modulating other behaviors (Herd 
et al., 2018). To what extent these factors confound the relationship 
between gut microbiota and cognitive function should be addressed in 
future research. Finally, although our sample size for gut microbiota 
analysis is comparable with other studies, it could still be insufficient 
to detect the relationship between the identified genera with subtle 
differences in brain volume/thickness. Future research with a larger 
sample size is needed to elucidate the brain structural differences 
associated with gut microbiota.

In conclusion, MCI was associated with altered gut microbiota, 
which further correlated with the performance of attention and 
executive functions. This altered gut microbiota collectively can 
differentiate MCI from cognitively normal adults. The findings 
supported the role of gut microbiota in the pathogenesis of cognitive 
impairment. Further longitudinal follow-up results from this cohort 
study are needed to elucidate the mechanism underlying how gut 
microbiota influences the aging brain and contributes to the 
development of cognitive impairment.

FIGURE 4

Correlations between genera of interest and (A) cognitive tests (B) brain structure. MMSE, Mini-Mental State Examination; LM, Logical Memory Test; DS, 
Digit Span; DSST, Digit Symbol Substitute Test; SS, Symbol Search; CTT, Color Trails Test; VF, Semantic Verbal Fluency; SCWT, Stroop Color and Word 
Test interference score; TBV, Total Brain Volume; GM, Gray Matter Volume; WM, White Matter Volume. + p-value < 0.05. Partial correlations between the 
genera of interest and the cognitive functions and volumes/thickness of brain structures were shown. (A) Partial correlations of genera of interest and 
neuropsychological tests’ scores were adjusted for age, gender, and year of education. Outcomes of color trails test 1 and 2 were added a minus sign 
to make the colors of correlations indicate the same direction. The MCI-abundant genus, Flavonifractor, was associated with poorer performance in 
Color Trails Test 2. Moreover, these nine MCI-abundant genera collectively had a significant negative association with executive function and Color 
Trails Test 1 and 2. In contrast, control-abundant genera altogether were associated with better performance in Digit Symbol Substitute Test. 
Ruminococcus was positively correlated with Color Trails Test 2. (B) Partial correlations genera of interest and brain volume indicators (cm3) were 
adjusted for age, gender, and estimated intracranial volume (eTIV). Correlations of genera and AD-score, a cortical thickness indicator (cm), were only 
adjusted for age and gender. Ventricle included lateral ventricle, lateral inferior ventricle, and 3rd, 4th, 5th ventricles. The genera of interest did not 
show significant associations with the volumes/thickness of brain structures.
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