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a b s t r a c t 

Background: Gut microbiome-associated metabolites and white matter hyperintensities (WMH) are independently 

associated with cognitive impairment. However, it is unclear if gut metabolites and WMH interact to influence 

dementia. 

Objectives: To examine the association between gut microbial metabolites and cognitive outcomes and assess 

whether the severity of baseline WMH would impact associations between gut microbial metabolites and cognitive 

outcomes. 

Design: Cross-sectional design. Setting: Cohort of individuals who are clinically normal, mild cognitive impair- 

ment, or Alzheimer’s Disease in the Alzheimer’s Disease Neuroimaging Initiative (ADNI). Participants: A total of 

578 participants with available baseline 3.0T 2D-Fluid Attenuation Inversion Recovery (FLAIR) Magnetic Reso- 

nance Imaging (MRI) scans and baseline gut microbial metabolite measurement were included in the analysis. 

Measurements: Gut metabolite measurements and automated WMH volume estimations were obtained from FLAIR 

MRI and were used to assess the association and interaction with cognitive impairment. 

Results: Of 104 metabolites studied, glycodeoxycholic acid (GDCA) surpassed the false discovery rate and was 

associated the Alzheimer’s Disease Assessment Scale-Cognitive Subscale version 13 (ADAS-Cog13) score ( 𝛽 = 0.12, 

95 % CI = 0.05–0.20, p = 0.001) and cognitive impairment determined by mini-mental status exam (MMSE) 

(OR = 2.11, 95 % CI = 1.41–3.15, p < 0.001). GDCA was associated with higher ADAS-Cog13 in participants 

with low WMH burden ( 𝛽 = 0.21, 95% CI = 0.10–0.32, p < 0.001) but not in participants with high WMH burden 

( 𝛽 = 0.04, 95 % CI = -0.07 to 0.14, p = 0.48; interaction p = 0.02). 

Conclusion: An elevated level of GDCA was associated with worse cognition. WMH severity modified the associ- 

ation between GDCA and cognitive outcomes. 
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. Introduction 

The prevalence of dementia continues to increase [ 1–3 ] and is pre-

icted to triple by 2050 [ 1 ]. Forty percent of dementia worldwide may

esult from modifiable risk factors [ 4 ]. A better understanding of mod-

fiable risk factors that contribute to cognitive impairment is essential

or the prevention of dementia. 

Increasing evidence points towards a role of gut-brain interactions,

hich impacts brain health and is linked to neurodegenerative disease

 5–9 ]. The routes of communication between the gut and the brain

nclude several potential mechanisms, including vagus nerve activa-

ion and enterochromaffin cell activation, immune-mediated signaling,

nd gut-derived metabolites [ 5 , 10 ]. Gut microbial metabolites can be

lassified into 3 types, including diet-derived products, microbial co-

etabolites, and intermediary metabolites [ 10 , 11 ]. Both animal and

uman studies demonstrate associations between the gut microbiota or

ts metabolites and cognitive impairment, including Alzheimer’s disease

 5 , 10 , 12 ]. 

White matter hyperintensities (WMH) are well-characterized imag-

ng features of cerebral small vessel disease (CVSD) [ 13 , 14 ]. They are

lso a prominent feature in dementia due to both vascular contribution

o cognitive impairment and dementia (VCID) [ 15 ] and Alzheimer’s dis-

ase [ 16 , 17 ]. The distinction between Alzheimer’s disease and VCID

s challenging clinically [ 18–20 ]. However, a community-based neu-

opathological study demonstrated that most elderly individuals had

ixed disease [ 21 ]. In the setting of known neurodegenerative disease,

MH contribute to cognitive impairment by lowering the threshold for

linical dementia [ 22 ]. In addition, WMH may have an additive inter-

ction with Alzheimer’s disease pathology [ 15 , 23 ]. 

Despite independent evidence sugesting associations of both gut

etabolites and WMH with cognitive impairment, evidence for poten-

ial interaction between gut metabolites and WMH in association with

ognitive impairment is lacking. Understanding the interaction between

ultiple exposures could provide insight into health disparities [ 24 ]. For

xample, evidence suggests that mid-life exposure to vascular risk fac-

ors has a stronger impact on cognitive outcomes than late-life exposure

 25 ]. 

In this study, we aimed to explore the link between gut metabolites,

MH, and cognitive impairment. Several vascular risk factors, such as

ypertension, diabetes, and hypercholesterolemia, are risk factors for

he development and progression of WMH [ 19 , 26 , 27 ]. Since metabolite

evels can reflect modifiable health behaviors and lifestyles that impact

he development of disease [ 28 ], understanding the interaction between

he metabolites and WMH in association with cognitive impairment

ould shed light on the appropriate timing of interventions to modify

ealth behaviors that are essential for successful dementia prevention. 

The objectives of this study were to determine the association be-

ween gut microbial metabolites and cognitive outcomes and assess

hether the severity of baseline WMH could impact associations be-

ween gut microbial metabolites and cognitive outcomes. In this anal-

sis, we used global and region-based WMH burden derived from

tiology-specific WMH topographies [ 29 ] to classify the WMH sever-

ty into a high vs. low burden. This approach allowed the assessment

f whether the WMH burden is an effect modifier in the relationship

etween gut metabolites and cognitive impairment. We hypothesized

hat the severity of the WMH would impact the association between gut

etabolites and cognitive impairment. 

. Methods 

.1. Study design and population 

Data used in preparation of this article were obtained from

he Alzheimer’s Disease Neuroimaging Initiative (ADNI) database

 https://adni.loni.usc.edu/ ). The ADNI study design has been described

lsewhere [ 30 , 31 ]. In brief, participants between the ages of 55 and
2

0 who spoke English or Spanish fluently and were cognitively normal

CN), had mild cognitive impairment (MCI), or had Alzheimer’s disease

AD) without other significant neurological diseases were enrolled. Par-

icipants were followed to determine the progression of cognitive im-

airment using serial measurements of clinical and neuropsychological

ssessments and biomarkers. 

Participants with available baseline 3.0T 2D-FLAIR MRI scans and

ut microbial metabolite measurements were included in this study.

he ADNI datasets for this study were downloaded in May 2023. Key

ariables extracted for our analysis include age, years of education, use

f antihypertensive, antihyperglycemic, and lipid-lowering medications,

moking, APOE genotype, the Alzheimer’s Disease Assessment Scale 13-

tem Cognitive Subscale (ADAS-Cog13), Mini-Mental State Examination

MMSE), metabolite measurements, and cortical standardized uptake

alue ratio (SUVR) from amyloid positron emission tomography (PET)

erformed within 12 months of the brain MRI scan. 

.2. Cognitive assessment 

Baseline cognitive assessments using the ADAS-Cog13 and MMSE

ormed the cognitive outcomes in this study. The ADAS-Cog13 score

anges from 0 to 85, with higher scores reflecting worsening cognitive

unction. Since the ADAS-Cog13 scores did not conform to a normal dis-

ribution, the scores were rank-based inverse normal transformed prior

o statistical analysis. The MMSE score measures the total number of cor-

ect answers with a maximum score of 30, with lower scores reflecting

orsening cognitive function. In this study, we identified participants

ith cognitive impairment by using an MMSE score cut-off of 23 or less

 32 ]. 

.3. Image processing for global and region of interest (roi)-based white 

atter hyperintensities 

Automated WMH volume estimations were obtained from FLAIR

RI using a validated convolutional neural network-based segmenta-

ion method, as described previously [ 29 ]. In brief, standard prepro-

essing of FLAIR and T1 MRI images, including skull-stripping, co-

egistration of FLAIR to corresponding T1 images, bias field correc-

ion, and intensity harmonization by z-score normalization, were per-

ormed using openly available imaging software, including Statistical

arametric Mapping (SPM) and the FMRIB Software Library (FSL) [ 33 ].

oxel-wise WMH probabilistic maps were then calculated by a trained

eep neural network [ 29 ] using axial FLAIR MRI as input. Finalized

MH maps were co-registered to their corresponding T1-weighted im-

ges, spatially aligned, and nonlinearly registered to the ICBM-152 brain

emplate using Advanced Normalization Tools (ANT) [ 34 ] and FMRIB’s

inear Image Registration Tool (FLIRT). The threshold used for WMH

robability maps was ≥ 50 % probability, i.e. the WMH burden was cal-

ulated based on the volume of voxels with WMH threshold of ≥ 0.5.

he deep learning network used in our study was previously validated

gainst manual WMH segmentations by experts and the UCD four-tissue

egmentation method used by ADNI [ 29 ]. The co-registered and stan-

ardized individual WMH probability maps were then overlaid on a

ustom template created for delineating the distribution of five spe-

ific WMH spatial topographies, including juxtacortical, deep frontal,

eriventricular, parietal, and posterior. These topographies were previ-

usly identified using data-driven multivariate clustering analysis and

emonstrated unique associations with distinct vascular and amyloid

SVD, and AD etiopathologies [ 29 ]. We applied this imaging pipeline

o the study data to obtain estimations of global and regional WMH vol-

mes within each of the five spatial topographies. 

In this study, the total WMH represents the total volume of WMH

urden, while the spatial WMH was the relative WMH volume for each

egion of interest (ROI) or WMH spatial topography adjusted for the

otal WMH [ 29 ]. Values for total and spatial WMH were rank-based

nverse normal transformed prior to statistical analysis. 

https://adni.loni.usc.edu/
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.4. Amyloid burden parameters 

The 18 F-florbetapir (FBP) AV45 PET was used to quantify brain amy-

oid. Details of image acquisition and the processing methods have been

escribed elsewhere [ 35 ]. The global A 𝛽 burden was based on a sum of

he SUVR of weighted FBP mean uptake in 4 cortical regions, including

rontal, lateral temporal, lateral parietal, and cingulate, and normalized

o the uptake in the cerebellum. The data for FBP PET analyses in this

tudy were obtained from the ADNI database using the PET scan per-

ormed within 1 year of the baseline FLAIR MRI [ 29 ]. The SUVR were

ank-based inverse normal transformed prior to statistical analysis. 

The details of APOE genotyping have been described previously [ 36 ].

ll APOE genotype data were subjected to quality control checks, in-

luding sex and identity checks. The finalized quality-controlled data

as obtained from the ADNI database. The number of APOE 𝜀 4 alleles

as analyzed as a categorical variable [ 29 ]. 

The diagnosis of cerebral amyloid angiopathy (CAA) was performed

sing T2∗ -weighted MRIs to assess for presence and number of lobar

erebral microbleeds and cortical superficial siderosis based on the Mod-

fied Boston Criteria v1.5 [ 29 , 37 ]. 

.5. Metabolite measurements 

Gut metabolite data was obtained from the ADNI database.

etails of the metabolite measurements are available at

ttps://adni.bitbucket.io/reference/admcgutmetaboliteslong.html. 

riefly, fasting serum samples obtained at the baseline visit were used

or the extraction of metabolites. Targeted metabolomics profiling of

04 metabolites was performed at the University of Hawaii Cancer

enter using an ultra-performance liquid chromatography with tandem

ass spectrometry (UPLC-MS/MS) system (ACQUITY UPLC-Xevo TQ-S,

aters Corp., Milford, MA). This panel of metabolites is a representa-

ive of gut microbial metabolites and bile acids. The peak integration,

alibration, and quantification of each metabolite were processed by

MBQ software (v1.0, HMI, Shenzhen, Guandong, China) [ 38 , 39 ]. All

alues of metabolite levels were logarithmically transformed prior to

nalysis [ 38 ]. 

.6. Statistical analyses 

Since the objective of this study was to assess the impact of the bur-

en of WMH on the association between metabolites and cognitive out-

omes, total WMH volume was dichotomized using the median which

orresponds to the Fazekas score of 2 [ 40 , 41 ]. Baseline characteristics

f continuous variables were presented as mean ± standard deviation

r median with interquartile range based on their distribution. Categor-

cal variables were presented as frequency and percentage. The base-

ine characteristics between the high and low WMH burden groups were

ompared using t -test, Wilcoxon rank-sum test, and chi-square test for

ormally distributed continuous, non-normal continuous, and categori-

al variables, respectively. 

First, we identified the gut metabolites associated with cognitive per-

ormance as determined by the ADAS-Cog13 score as the primary anal-

sis using linear regression adjusted for age, sex, education, and vascu-

ar risk factors, including hypertension, diabetes, hyperlipidemia, and

moking. We also evaluated the association between the gut metabo-

ites and cognitive impairment defined by MMSE using logistic regres-

ion with similar adjustment for covariates. Metabolites that surpassed

he Benjamini-Hochberg [ 42 ] false discovery rate (FDR) of 10 % for 104

ested metabolites were carried forward in the next step. 

Next, to determine whether total WMH burden was an effect modifier

n the association between candidate gut metabolites and cognitive per-

ormance, we examined a metabolite-by-WMH burden interaction in as-

ociation with the ADAS-Cog13 score in a linear regression adjusted for

ge, sex, education, hypertension, diabetes, hyperlipidemia, and smok-

ng. 
3

Finally, we assessed whether etiology-associated WMH spatial to-

ographies were an effect modifier in the association between ADAS-

og13 scores and the gut metabolites for which total WMH burden was

n effect modifier. In this analysis, we used a linear regression model ad-

usted for age, sex, education, hypertension, diabetes, hyperlipidemia,

nd smoking. We also included the amyloid burden determined by the

POE 𝜀 4 genotype and the global A 𝛽 burden from the FBP PET analyses

s the covariates in this analysis, as our prior study demonstrated that

myloid burden was associated with different spatial patterns of WMH

 29 ]. All statistical analyzes were performed using STATA version 17.0

StataCorp, LLC., College Station, TX). 

. Results 

.1. Study population and baseline characteristics 

There were 1046 participants with 2D-FLAIR sequences available for

MH analysis [ 29 ]. Among these, 578 participants had available gut

icrobiome metabolite measurements at baseline. The median volume

f WMH, which was used as a cut-off point was 12.62 [6.73,22.81] cc.

his cut-off value corresponds to the Fazekas score of 2 in prior studies

 40 , 41 ]. Participants with high WMH burden were older and had fewer

ears of education, a higher prevalence of hypertension, higher amyloid

urden, and higher ADAS-Cog13 scores. The proportion of participants

ith Alzheimer’s disease was also higher in the high WMH burden group

 Table 1 ). 

.2. Gut microbial metabolites and cognitive outcomes 

Among 104 metabolites, 18 metabolites were associated with cog-

itive performance as determined by ADAS-Cog13 scores with a nomi-

al p-value < 0.05. However, only two bile acids —glycodeoxycholic acid

GDCA) and glycohyodeoxycholic acid (GHDCA) —surpassed the 10 %

DR threshold. Higher levels of both GDCA ( 𝛽 = 0.12, 95 % CI = 0.05–

.20, p = 0.001) and GHDCA ( 𝛽 = 0.12, 95 % CI = 0.05–0.19, p < 0.001)

ere associated with higher ADAS-Cog13 scores, consistent with worse

ognitive performance. We also assessed the associations between the

04 metabolites and cognitive impairment determined by the MMSE

 32 ]. Only GDCA was associated with cognitive impairment and sur-

assed the FDR threshold (OR = 2.11, 95 % CI = 1.41–3.15, p < 0.001)

 Table 2 ). 

.3. White matter hyperintensity as an effect modifier of the gut microbial 

etabolites 

Since WMH volume has been associated with cognitive function

 19 , 26 ], we explored whether WMH burden (high versus low) modi-

ed the effect of both GDCA and GHDCA on cognition. The association

etween GDCA and cognitive performance measured by ADAS-Cog13

iffered by the severity of the total WMH burden ( p for interaction

 0.02). Specifically, GDCA was associated with worsened cognition

n participants with low WMH burden ( 𝛽 = 0.21, 95 % CI = 0.10–0.32,

 < 0.001) but not in participants with high WMH burden ( 𝛽 = 0.04,

5 % CI = -0.07 to 0.14, p = 0.48). We also performed a sensitivity anal-

sis to determine the significance of the interaction between GDCA and

MH burden in association with cognitive function when WMH burden

as treated as a continuous variable ( 𝛽 = -0.08, 95 % CI = -0.15 to -

.003, p = 0.04). This analysis also indicated that increased severity of

MH attenuates the association between GDCA and cognitive function.

here were no differential effects in the association between GHDCA and

ognitive outcome according to the severity of WMH ( p for interaction

 0.66) ( Table 3 ). 
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Table 1 

Baseline characteristics of the study population. 

Characteristics All (n = 578) Low WMH (289) High WMH (289) p value 

Age, years, mean (SD) 72.56 (7.35) 69.34 (6.7) 75.78 (6.5) < 0.001 

Male, N(%) 309 (53.46) 153 (52.94) 156 (53.98) 0.80 

Female, N(%) 269 (46.54) 136 (47.06) 133 (46.02) 

Education, years, median [IQR] 16 [14,18] 16 [15,18] 16 [14,18] 0.002 

Vascular risk factors, N(%) 

- Hypertension 261 (45.16) 107 (37.02) 154 (53.29) < 0.001 

- Diabetes mellitus 60 (10.38) 31 (10.73) 29 (10.03) 0.79 

Hyperlipidemia 247 (42.73) 124 (42.91) 123 (42.56) 0.93 

- Current smoker 227 (39.27) 105 (36.33) 122 (42.21) 0.15 

APOE 𝜀 4, N(%) 0.60 

- 1 allele 200 (58.13) 95 (32.87) 105 (36.63) 

- 2 alleles 42 (7.27) 20 (6.92) 22 (7.61) 

Amyloid SUVR, median [IQR] 1.11 [1.01,1.34] 1.06 [1.00,1.27] 1.19 [1.02,1.38] < 0.001 

Abnormal amyloid PET (SUVR ≥ 1.1), n(%) 290 (51.06) 116 (40.56) 174 (61.70) < 0.001 

CAA, N(%) < 0.001 

- Probable CAA 59 (10.21) 17 (5.88) 42 (14.53) 

- Possible CAA 124 (21.45) 55 (19.03) 69 (23.88) 

ADAS-Cog 13, median [IQR] 12 [8,18] 11 [7,15.5] 14 [9,20] < 0.001 

Total WMH (cc) ∗ , median [IQR] 12.62 [6.73,22.81] 6.73 [4.68,9.54] 22.81 [17.27,33.29] < 0.001 

- Juxtacortical 0.03 [0.02,0.07] 0.02 [0.01,0.04] 0.06 [0.03, 0.11] < 0.001 

- Parietal 0.08 [0.03,0.15] 0.03 [0.01,0.07] 0.14 [0.09,0.19] < 0.001 

- Frontal 0.13 [0.07,0.21] 0.09 [0.05,0.14] 0.18 [0.11,0.29] < 0.001 

- Posterior 0.15 [0.08,0.23] 0.13 [0.07,0.19] 0.18 [0.09,0.27] < 0.001 

- Periventricular 0.47 [0.36,0.59] 0.52 [0.43,0.64] 0.42 [0.32,0.52] < 0.001 

Diagnosis in ADNI, N(%) 0.02 

- Cognitively Normal 191 (33.04) 96 (33.22) 95 (32.87) 

- Early Mild Cognitive Impairment 222 (38.41) 124 (42.91) 98 (33.91) 

- Late Mild Cognitive Impairment 124 (21.45) 56 (19.38) 69 (23.53) 

- Alzheimer’s Disease 41 (7.09) 13 (4.50) 28 (9.69) 

∗ Regional WMH are relative WMH adjusted for total WMH 

Table 2 

Associations between gut metabolites and cognitive outcomes. 

Metabolites ADAS-Cog 13 (n = 578) † Cognitive impairment (n = 578) ‡ 

𝛽 (95 %CI) p value OR = (95 %CI) p value 

Glycodeoxycholic Acid 0.12 (0.05–0.20) 0.001 ∗ 2.11 (1.41–3.15) < 0.001 ∗ 

Glycohyodeoxycholic Acid 0.12 (0.05–0.19) < 0.001 ∗ 1.60 (1.14–2.24) 0.006 

Hippuric Acid -0.11 (-0.18 to -0.03) 0.007 0.61 (0.41–0.90) 0.01 

Apocholic Acid 0.11 (0.03–0.18) 0.007 1.41 (0.96–2.06) 0.08 

Deoxycholic Acid 0.09 (0.02–0.17) 0.02 1.67 (1.13–2.46) 0.01 

Taurodeoxycholic Acid 0.10 (0.02–0.18) 0.02 1.72 (1.14–2.59) 0.01 

3-Oxocholic Acid 0.10 (0.02–0.18) 0.02 1.64 (1.06–2.53) 0.03 

Murocholic Acid 0.09 (0.02–0.16) 0.02 1.55 (1.07–2.24) 0.02 

Lithocholic Acid 3-Sulfate 0.09 (0.01–0.17) 0.02 1.34 (0.90–2.01) 0.15 

Glycolithocholic Acid 0.09 (0.01–0.17) 0.02 1.51 (1.01–2.26) 0.05 

p-Cresol Sulfate 0.09 (0.01–0.17) 0.02 1.30 (0.88–1.93) 0.18 

L-Tryptophan -0.09 (-0.18 to -0.01) 0.02 1.02 (0.68–1.53) 0.94 

Nordeoxycholic Acid 0.08 (0.01–0.16) 0.03 1.48 (1.02–2.16) 0.04 

Gamma-Linoleic Acid 0.09 (0.01–0.16) 0.03 1.10 (0.75–1.63) 0.63 

3-Methyl-2-Oxovaleric Acid -0.09 (-0.17 to -0.01) 0.03 0.79 (0.52–1.20) 0.27 

Cholic Acid -0.09 (-0.17 to -0.01) 0.03 0.87 (0.59–1.30) 0.51 

L-Malic Acid 0.09 (0.00–0.17) 0.04 1.19 (0.77–1.82) 0.43 

L-Serine -0.09 (-0.17 to 0.00) 0.04 0.72 (0.47–1.09) 0.12 

∗ Surpassed the Benjamini-Hochberg false discovery rate of 10 % for 104 tests. 
† 𝛽 represents and p values were obtained from linear regressions, and the outcome was the ADAS-Cog 13 score (rank-based inverse normal trans- 

formed). Models were corrected for age, sex, education, smoking, hypertension, diabetes, and hyperlipidemia 
‡ Odds ratios (OR) and p values were obtained from logistic regressions. Models were corrected for age, sex, education, smoking, hypertension, 

diabetes, and hyperlipidemia. 

Table 3 

Total WMH as an effect modifier in the association between metabolite and cognitive performance. 

Metabolites 

Low WMH 

∗ High WMH 

∗ 

p for interaction 
𝛽 (95 %CI) p value 𝛽 (95 %CI) p value 

Glycodeoxycholic Acid 0.21 (0.1–0.32) < 0.001 0.04 (-0.07 to 0.14) 0.48 0.02 

Glycohyodeoxycholic Acid 0.13 (0.04–0.22) 0.005 0.10 (0.00–0.19) 0.04 0.66 

∗ 𝛽 represents and p values were obtained from linear regressions. The outcome was the ADAS-Cog 13 score (rank-based 

inverse normal transformed). Models were corrected for age, sex, education, smoking, and usage of antihypertensive, an- 

tidiabetic, and lipid-lowering agents. Models were corrected for age, sex, education, smoking, hypertension, diabetes, and 

hyperlipidemia. Interaction test was performed in a non-stratified analysis. 

4
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Table 4 

Association between GDCA and cognitive outcome in different regions of WMH. 

Low WMH 

∗ High WMH 

∗ p for interaction 

𝛽 (95 %CI) p value 𝛽 (95 %CI) p value 

Total WMH 0.23 (0.12–0.33) < 0.001 0.03 (-0.07 to 0.13) 0.55 0.014 

- Juxtacortical 0.21 (0.10–0.32) < 0.001 0.05 (-0.05 to 0.15) 0.29 0.046 

- Parietal 0.21 (0.11–0.32) < 0.001 0.03 (-0.08 to 0.13) 0.65 0.016 

- Posterior 0.17 (0.07–0.27) 0.001 0.07 (-0.04 to 0.18) 0.22 0.118 

- Frontal 0.11 (0.00–0.21) 0.04 0.12 (0.01–0.22) 0.03 0.923 

- Periventricular 0.06 (-0.05 to 0.17) 0.26 0.18 (0.08–0.28) 0.001 0.169 

∗ 𝛽 represents and p values were obtained from linear regressions. The outcome was the ADAS-Cog 13 score (rank-based inverse normal transformed). 

Models were corrected for age, sex, education, smoking, hypertension, diabetes, hyperlipidemia, APOE 𝜀 4 genotype, and amyloid SUVR. Interaction 

test was performed in a non-stratified analysis. 
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.4. White matter hyperintensity spatial patterns modify gdca association 

ith cognition 

Next, we examined the effects of regional WMH on the association

etween GDCA and ADAS-Cog13 in a linear regression model adjusted

or age, sex, education, vascular risk factors, APOE 𝜀 4 genotype, and

rain amyloid burden. We examined associations with five previously

dentified spatial patterns that reflect different underlying etiologies,

ncluding juxtacortical, deep frontal, periventricular, parietal, and pos-

erior WMH [ 29 ]. Among these five patterns, the association between

DCA and cognitive outcome differed by the severity of WMH in the jux-

acortical ( p for interaction = 0.046) and parietal regions ( p for inter-

ction = 0.016), two regions associated with CAA and AD pathologies

 29 ]. Accordingly, in a subgroup analysis, GDCA was associated with an

ncrease in ADAS-Cog13 in participants with a low burden of WMH in

he juxtacortical ( 𝛽 = 0.21, 95 % CI = 0.10–0.32, p < 0.001) and parietal

egions ( 𝛽 = 0.21, 95 % CI = 0.11–0.32, p < 0.001) ( Table 4 ). A sensi-

ivity analysis in a model that excluded amyloid burden (including both

POE 𝜀 4 allele status and amyloid SUVR) yielded comparable results to

he main findings (Table S1). 

. Discussion 

In this study, we identified GDCA as a gut microbial metabolite that

s associated with cognitive impairment. We also demonstrated that the

everity of global WMH burden modified the association between GDCA

nd cognitive outcomes. Specifically, GDCA was associated with worse

ognition amongst those with a lower burden of WMH. The effect re-

ained significant independent of brain amyloid burden. 

Bile acids are an important class of gut microbiota metabolites [ 43 ].

hey are microbe-host co-metabolites that are synthesized from choles-

erol and play an important role in lipid metabolism [ 10 , 43 ]. In prior

DNI studies, alterations in bile acid profiles were found in patients with

lzheimer’s disease [ 38 , 44 ]. Lower serum primary bile acids and in-

reased secondary bile acid were observed in patients with Alzheimer’s

isease compared to cognitively normal participants. Secondary conju-

ated bile acids, including GDCA, were identified to be associated with

igher ADAS-Cog13 scores, reflecting worse cognition. In addition, an

ncrease in the ratio between secondary to primary bile acids was asso-

iated with cognitive impairment and predicted the progression of the

ognitive impairment [ 38 ]. Bile acids were also shown to be associated

ith neuroimaging and CSF biomarkers related to cognitive impairment.

igher levels of secondary bile acids, including GDCA, and their ratio

o the primary bile acids, were associated with a decrease in hippocam-

al volume, reduction in cortical thickness in several brain regions, and

eduction in glucose metabolism. Regarding the amyloid burden, the ra-

io between GDCA and cholic acid, which is its primary bile acid, was

egatively associated with CSF A 𝛽1–42 values and marginally associated

ith global cortical amyloid load [ 44 ]. These findings were in line with

ur study where we demonstrated the association between GDCA and
5

ognitive impairment as determined by both ADAS-Cog13 scores and

MSE. 

GDCA is a glycine-conjugated form of a secondary bile acid, deoxy-

holic acid (DCA), which is considered a cytotoxic bile acid [ 38 , 45 ].

he cytotoxic effect of DCA results from the disruption of mitochondrial

embranes, leading to apoptosis [ 38 , 46 ]. In addition to cytotoxicity,

CA also increases the permeability of the blood-brain barrier and may

nter the brain [ 38 , 47 ]. Although the unconjugated form of bile acid,

uch as DCA, appears to have a more cytotoxic effect than the conjugated

orm [ 48 ], it is likely that the highly toxic DCA is rapidly metabolized

o the less toxic form of GDCA, resulting in the detection of its metabo-

ite rather than DCA itself [ 49 ]. This cytotoxic effect of DCA could alter

rain physiology and play a role in cognitive impairment, though the

xact pathophysiology remains to be fully elucidated. [ 38 , 47 ]. 

WMH is a neuroimaging finding seen in MRI, particularly in the el-

erly. It represents changes in the water content of the white matter

racts resulting from pathologies such as demyelination, axonal loss,

nd gliosis [ 15 , 19 , 26 ]. Chronic hypoxia and ischemia are proposed as

he main cause of WMH. Subsequent disruption of the blood-brain bar-

ier resulting from ischemia also leads to the leakage of macromolecules

uch as albumin and other plasma proteins, leading to microglia and as-

rocyte activation [ 15 , 19 ]. The association between WMH and cognitive

mpairment has been demonstrated in several studies [ 50–52 ]. This evi-

ence is also supported by a recent meta-analysis, suggesting that WMH

s associated with an increased risk of cognitive impairment, all-cause

ementia, vascular dementia, and Alzheimer’s disease [ 53 ]. Cognitive

ecline in WMH is related to reduced processing speed and executive

unction [ 15 , 19 ]. 

Although there is evidence separately connecting bile acids and

MH with cognitive impairment, the relationship between these two

isk factors and cognitive function has not been described elsewhere. In

his study, we demonstrated that the WMH burden had a differential ef-

ect on GDCA in association with cognitive impairment. The impact of

econdary bile acids, specifically GDCA, on cognitive impairment was

ronounced in participants with a lower burden of WMH. The associ-

tion remained significant after adjusting for vascular risk factors and

myloid burden. Since different regions of WMH could reflect different

nderlying pathologies, we also assessed if the regional WMH burden

ad differential effects on the association between GDCA and cogni-

ive impairment. We adopted 5 spatial WMH patterns identified in our

rior study, including juxtacortical, deep frontal, periventricular, pari-

tal, and posterior WMH. These spatial patterns were associated with

ifferent etiologies. Brain amyloid burden was associated with juxta-

ortical and parietal WMH, while risk factors for arteriolosclerosis, in-

luding hypertension and diabetes mellitus, were associated with deep

rontal WMH. Age was associated with all of the identified spatial pat-

erns. Among these 5 patterns, juxtacortical and parietal WMH were

ssociated with dementia [ 29 ]. In this study, we found that the burden

f WMH in the juxtacortical and parietal regions had differential effects

n the association between GDCA and cognitive impairment. GDCA was

ssociated with poor cognitive outcomes in those with a lower burden
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MH in the juxtacortical and parietal regions. There were no differen-

ial effects of WMH burden in other regions. 

Our findings suggest that once structural changes become evident

hrough the presence of a significant WMH burden, the association of

DCA on cognition becomes less pronounced. The differential effects of

egional WMH burden also support this hypothesis in that once a high

MH burden is present in an area associated with brain amyloid bur-

en and clinical dementia (i.e., the juxtacortical and parietal regions),

he GDCA level has less impact on cognitive outcome. This is also sup-

orted by a study of the dose-response association between WMH and

ementia, in which the association was demonstrated only above mod-

rate severity WMH [ 53 ]. The association between GDCA and cognitive

mpairment in participants with a lower WMH burden identified in our

tudy suggests the potential for early dementia prevention before appar-

nt white matter changes. These highlight the potential of GDCA as the

arget for intervention for dementia prevention by modifying the GDCA

evel at the early stage prior to the substantial burden of WMH. 

The strengths of this study include the study design of the ADNI

ohort, which is a population-based cohort with well-phenotyped char-

cteristics, including cognitive assessments, neuroimaging, and genetic

rofiles. However, there are some limitations in the study. Due to the

bservational design of the ADNI study and the cross-sectional analysis,

he associations found in this study do not imply a specific direction-

lity in the association or a causal relationship. The ADNI cohort en-

olled participants with cognitive impairment predominantly related to

myloid-related pathology, which may limit the generalizability of our

ndings. Nevertheless, our findings remained significant even after ad-

ustment for the amyloid burden using both the APOE 𝜀 4 genotype and

rain amyloid from PET scans. Future prospective studies on the mod-

fication of the GDCA level in specific populations, such as those with

 lower WMH burden, are warranted to validate the effect of GDCA on

ognitive impairment in a prospective study. 

. Conclusions 

Appropriate timing of interventions, such as lifestyle modification,

s essential for successful prevention of cognitive impairment. In this

tudy, we identified GDCA, a secondary conjugated bile acid, that was

ssociated with cognitive impairment. Using WMH phenotyping, we

lso demonstrated that the severity of WMH modified the association

etween GDCA and cognitive impairment. GDCA was associated with

orse cognitive outcomes among those with lower total WMH burden,

pecifically in the juxtacortical and parietal regions. The associations

emained unchanged after adjusting for both vascular risk factors and

myloid-related parameters. Our findings suggest that GDCA has a more

ignificant relationship to cognitive impairment in the setting of a lower

MH burden, which highlights the potential role of GDCA in early de-

entia prevention. 
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