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Abstract

INTRODUCTION: The ketogenic diet (KD) is an intriguing therapeutic candidate for

Alzheimer’s disease (AD) given its protective effects against metabolic dysregulation

and seizures. Gut microbiota are essential for KD-mediated neuroprotection against

seizures as well as modulation of bile acids, which play a major role in cholesterol

metabolism. These relationshipsmotivated our analysis of gutmicrobiota andmetabo-

lites related to cognitive status following a controlled KD intervention compared with

a low-fat-diet intervention.

METHODS: Prediabetic adults, either with mild cognitive impairment (MCI) or cogni-

tively normal (CN), were placed on either a low-fat American Heart Association diet

or high-fat modified Mediterranean KD (MMKD) for 6 weeks; then, after a 6-week
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2 DILMORE ET AL.

Forest Alzheimer’s Disease Research Center,

Grant/Award Number: P30-AG072947 washout period, they crossed over to the alternate diet.We collected stool samples for

shotgunmetagenomics and untargetedmetabolomics at five time points to investigate

individuals’ microbiome andmetabolome throughout the dietary interventions.

RESULTS: Participants with MCI on the MMKD had lower levels of GABA-producing

microbes Alistipes sp. CAG:514 and GABA, and higher levels of GABA-regulating

microbes Akkermansia muciniphila. MCI individuals with curcumin in their diet had

lower levels of bile salt hydrolase-containing microbes and an altered bile acid pool,

suggesting reduced gut motility.

DISCUSSION: Our results suggest that the MMKD may benefit adults with MCI

throughmodulation of GABA levels and gut-transit time.

KEYWORDS

Alzheimer’s disease, ketogenic diet, low-fat American Heart Association Diet (AHAD),
metabolome, microbiome, mild cognitive impairment

1 BACKGROUND

Despite decades of research, the pathophysiological events that result

in cognitive impairment are not fully understood, delaying the develop-

ment of effective therapeutic options for neurodegenerative diseases

such as Alzheimer’s disease (AD).1,2 However, it is now appreciated

that a variety of systemic changes occur throughout the course of AD,

including metabolic dysregulation,3,4 mitochondrial dysfunction,5,6

inflammation,7 and body compositional changes.8,9

AD-related metabolic dysregulation has been investigated by com-

paring AD metabolomic profiles to those of unaffected individuals.

However, identifying metabolites universally associated with AD or

cognitive decline is not straightforward. Both the Alzheimer’s Disease

Neuroimaging Initiative’s (ADNI) studies10,11 and mouse models12

have demonstrated that metabolic signatures for AD are sex and

apolipoprotein E (APOE) genotype-dependent. Though the study of

the UK Biobank cohort showed that AD incidence was correlated

with metabolites including the ketone body β-hydroxybutyrate, ace-
tone, and valine, these metabolites were also associated with age and

APOE genotype, complicating interpretation.13 Triglycerides (particu-

larly polyunsaturated serum triglycerides) are also broadly associated

with mild cognitive impairment (MCI) and AD onset.14,15 In terms of

symptom-specific associations, both short- and medium-/long-chain

acylcarnitines were associated with episodic memory scores and AD

severity in the ADNI cohort,16 while C3 (propionylcarnitine) was asso-

ciated with decreased amyloid beta (Aβ) accumulation and higher

memory scores.17 These observations have provided new directions

for AD therapeutics.

In parallel, research into the gut-microbiota brain axis has spear-

headed the investigation into an altered gut microbiome in AD.18 It is

hypothesized that gut microbiome disruptions may lead to local gas-

trointestinal inflammationor disturbanceof the intestinalmucosal bar-

rier, resulting in dysregulation of the signaling pathways between the

gut and brain.19 Another hypothesis implicating the gut microbiome

in AD comes from the connection between cholesterol, bile acids, and

the gut microbiota. Cholesterol metabolism is consistently reported

to be dysregulated in AD and AD-related diseases.20–22 Cholesterol

accumulation in the brain contributes to hepatic encephalopathy, a

chronic liver disease that leads to neuron loss and increased risk for

AD, through bile acid-mediated effects on the farnesoid X receptor.23

This observation is significant because bile acids, the main source

of cholesterol elimination in the brain, are transformed by the gut

microbiota.24 One preliminary study into this link showed that bile

acids in serum were associated with A/T/N AD biomarkers, while

another demonstrated that AD-related cognitive impairment was tied

to higher levels of bacterially modified secondary bile acids and lower

levels of primary bile acids.25,26 Similarly, another group reported that

the deoxycholate/cholate (DCA/CA) ratio and primary bile acid syn-

thesis were among the metabolites and metabolic pathways that most

differentiatedMCI and cognitively normal (CN) groups.27

A significant factor uniting the gut microbiome, inflammation, and

neurocognitive status with metabolic disorders is their relationship

with diet.28–31 The ketogenic diet (KD) is a candidate therapeu-

tic for AD because of its ability to improve mitochondrial function

and cerebral bioenergetics, enhance autophagy, and reduce oxida-

tive stress.30,31 It also reduces neuronal hyperexcitability and leads to

improved amyloid and tau regulation, substantiating its potential use

for cognitive impairment.32

We previously performed a pilot trial of a low-carbohydrate modi-

fied Mediterranean ketogenic diet (MMKD) in patients at risk for AD.

We found that the MMKD increased levels of Aβ42, decreased levels

of tau in the cerebrospinal fluid (CSF), and improved peripheral lipid

and glucose metabolism (i.e., reduction of Hb1Ac, insulin, triglyceride

levels) in patients with mild cognitive impairment (MCI).32 Patients on

the MMKD also showed increased cerebral ketone body uptake and

cerebral perfusion, important metrics of brain function.32 Microbially,

the MMKD was associated with increased relative abundances of

the Enterobacteriaceae,Akkermansia, Slackia, Christensenellaceae, and
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DILMORE ET AL. 3

RESEARCH INCONTEXT

1. Systematic Review: The authors used PubMed to

review literature related to the gut microbiome’s and

metabolome’s association with either AD or the KD.

While the literature relating the gut microbiome to

Alzheimer’s is not well established, there is significant

literature examining KD induced changes in the gut

microbiome. We also reference previous work on this

same study population.

2. Interpretation:Our study suggested that theMMKDmay

benefit adults with MCI through modulation of GABA

levels and gut-transit time.

3. Future Directions: Our work serves as a model for elu-

cidating microbiome and metabolome alterations in a

dietary interventionwith advanced statistical techniques.

In the future, we will use more precise metabolomics

investigations to elucidate how specific metabolites of

interest are altered in this dietary intervention.

Erysipelotrichaceae taxa and decreases in the relative abundances of

Bifidobacterium and Lachnobacterium.33 Metabolically, the MMKD was

associated with increased propionate and butyrate and decreased lac-

tate and acetate in stool.33 Investigation into themycobiome, or fungal

microbiome, demonstrated that MMKD increased the relative abun-

dance of Agaricus andMrakia and decreased the relative abundance of

Saccharomyces and Claviceps in patients withMCI.34

Although thought provoking, previous analyses relied on amplicon

sequencing (of the 16S ribosomal RNA gene and internal transcribed

spacer regions). In this study, we sought to further characterize the

complex relationship between diet, cognitive status, and the human

microbiome and metabolome using shotgun metagenomic sequenc-

ing and untargeted metabolomics on the same samples. Furthermore,

we employed a novel reference data-driven tool to read out dietary

metabolites empirically and retrospectively from our samples.35 By

updating our methods and integrating multiple data types, we identi-

fied key modulations to the gut microbiome and metabolome related

to diet alone, cognitive status alone, or both.

2 METHODS

2.1 Participant information

Participants were deemed at risk for AD based on their sys-

temic metabolic dysfunction and cognitive dysfunction or subjec-

tive/objective memory complaints at study onset. Participants were

diagnosed by a physician or neuropsychologist as either CN with

subjective memory complaints using Alzheimer’s Disease Neuroimag-

ing Initiative (ADNI) criteria or mild cognitively impaired (MCI) using

National Institute on Aging (NIA)-Alzheimer’s Association (AA) guide-

lines for clinical diagnoses without reference to biomarker status.

Exclusion criteria included statin use and neurological conditions

other than MCI. See the Methods Supplement for full inclusion and

exclusion criteria for this study. The protocol was approved by the

Wake Forest Institutional Review Board (ClinicalTrials.gov Identifier:

NCT02984540), and written informed consent was obtained from all

participants and/or their study partners. Participants were medically

supervised by clinicians, with safety monitoring overseen by theWake

Forest Institutional Data and SafetyMonitoring Committee.

2.2 Procedure

The primary pilot trial was a randomized crossover design in which

participants consumed either a MMKD or the control American Heart

Association Diet (AHAD) for 6 weeks, followed by a 6-week washout

with their prestudy diet, after which the second diet was consumed for

6 weeks (Figure S1). For further information on diet information and

education, see theMethods Supplement.

2.3 Data collection and processing

Stool samples were collected from participants at five study time

points: at the beginning and end of each diet intervention and 6 weeks

after washout of the second diet (Figure S1). Methods for collec-

tion were adapted from the Manual of Procedures for the Human

MicrobiomeProject (National Institutes ofHealth [NIH], Version 12.0).

We extracted DNA for metagenomic sequencing and metabolites for

untargeted tandem mass spectrometry (MS/MS) analysis. For more

information on metagenomics, metabolomics, and foodomics data

processing and analysis, see theMethods Supplement.

3 RESULTS

Twenty-three adults were enrolled in the study, and 20 completed

the full intervention. Participant characteristics by AD risk group are

presented in Table 1.

3.1 Dimensionality reduction of microbiome,
foodomics, and metabolome datasets

Each of the three data layers collected is high-dimensional (i.e., hun-

dreds to thousands of microbes, foods features, and metabolites are

quantified in each assay), making it difficult to draw direct compar-

isons between individuals. One strategy to mitigate this challenge is

to reduce the high-dimensional data into a few informative dimen-

sions. We did so with both the robust Aitchison principal component

analysis (RPCA) andCompositional Tensor Factorization (CTF)metrics,

then computed the effect size of variables of interest (diet, cognitive

status, diet order, and subject identity) in the low-dimensional space

Emba
rgo

ed
 un

til 
Wed

ne
sd

ay
 5t

h A
pri

l 2
02

3, 
7:0

0 a
m ET



4 DILMORE ET AL.

TABLE 1 Participant characteristics for full sample and by AD risk group at study baseline.

Variable All (n= 20) CN (n= 11) MCI (n= 9)

Age, years 64.3 (6.3) 64.9 (7.9) 63.4 (4.0)

Female sex 15 (75%) 9 (81.8%) 6 (66.7%)

Black race 7 (35%) 2 (18.2%) 5 (55.6%)

APOE4 -positive 6 (31.6%) 2 (20%)b 4 (44.4%)

Education, years 16.1 (2.5) 16.5 (2.3) 15.7 (2.9)

BMI, kg/m2 28.4 (5.7) 26.9 (6.2) 30.3 (4.7)

Mini-Mental State Examination Score (MMSE) 28.7 (1.1) 28.9 (1.0) 28.3 (1.2)

Glucose, mg/dL 97.6 (18.3) 93.9 (11.4) 102.1 (24.4)

Beta-hydroxybutyrate (BHB), mmol/L 0.23 (0.27) 0.35 (0.31)a 0.1 (0.14)a

Insulin, μIU/mL 8.3 (6.1) 5.2 (3.4)a 12.0 (6.8)a

HbA1c, % 5.9 (0.3) 5.9 (0.2) 6.1 (0.4)

Total Chol, mg/dL 215.2 (43.7) 200.5 (42.1) 233.2 (40.6)

High density lipoprotein (HDL) Chol, mg/dL 67.4 (25.8) 69.5 (25.8) 64.8 (27.1)

Very low density lipoprotein (VLDL) Chol, mg/dL 20.0 (11.1) 15.2 (6.2)a 25.8 (13.2)a

Low density lipoprotein (LDL) Chol, mg/dL 121.5 (41.2) 104.1 (45.6)a 142.7 (24.2)a

Triglycerides, mg/dL 99.8 (55.7) 75.5 (30.5)a 129.4 (66.4)a

Note: Table values aremean (SD) orN (%).
aDenotes a difference between CN andMCI, p< 0.05, using t-test for continuous and Fisher’s exact test for categorical variables.
bAPOE genotype information unavailable for one participant.

using permutational multivariate analysis of variance (PERMANOVA)

tests (Figure 1).39,40 RPCA is a distance metric that accounts for

the sparse, compositional nature of microbiome data, but it does not

perform any correction when a given subject is measured multiple

times.39 CTF, on the other hand, represents multiple samples from a

given host as a tensor to account for the fact that the microbiome

and metabolome of a given individual correlate over time.40 There-

fore, we hypothesized that subject identity would have the highest

effect size with RPCA, while other variables of interest would have

a larger effect size with CTF. This was not the case; subject identity

only had the largest effect size by RPCA for metabolomics (F = 29.68,

padj = 4.33e-6). No variables of interest were significant by RPCA

for metagenomics or foodomics. However, the diet was significant by

CTF in all groups (metagenomics: F = 10.17, padj = 0.012; foodomics:

F=41.99, padj =1.07e-7,metabolomics: F=42.73, padj=8.64e-8). This

suggests that once repeatedmeasurements are accounted for, the diet

has a larger effect on the gut microbiome andmetabolome than cogni-

tive status. Results from all PERMANOVAs performed after RPCA and

CTF are presented in Table S1.

3.2 Relative abundance analyses

After performing a broad assessment of the microbiome, foodome,

and metabolome’s associations with diet and cognitive status via

dimensionality reduction, we utilized Bayesian inferential regression

to identify particular microbes, foods, and metabolites associated with

diet and/or cognitive status. Specifically, wemodeled differential abun-

dances using a negative binomial linear mixed-effects model designed

specifically for crossover trials, then identified features thatweremost

associated with the MMKD or AHAD and CN or MCI. The results are

detailed below.

3.2.1 Features associated with cognitive status
independent of diet

The top features associated with cognitive status independent of diet

were identified by sorting the values in the cognitive status column

of our Bayesian inferential regression results; more positive values

represented a stronger association with CN while more negative val-

ues indicated a stronger association with MCI. The top 10 microbial,

food-derived metabolite, and overall metabolite features associated

with normal cognition or MCI are displayed in Figure 2A-C. Notably,

Ruminococcus sp. CAG:330 is associated with MCI while Bacteroides

fragilis and Dialister invisus are associated with CN independently of

diet or time point. Figure 2D illustrates that the ratio of Ruminococ-

cus sp. CAG:330 to Bacteroides fragilis CAG: 47 is consistently elevated

in MCI at each time point of the study, regardless of each participant’s

diet order (p= 0.016). Interestingly, CN individuals had higher levels of

dietarymetabolites that corresponded to cheddar cheese, goat cheese,

and almonds while individuals with MCI had relatively higher loads of

dietary metabolites that corresponded to turkey, smelt, and almonds

(Figure 2B). All these foods are likely to be consumed on a KD, reflect-

ing that individuals of both cognitive status categories consumed both

diets. Themetabolites 13S-hydroxy-9Z,11E,15Z-octadecatrienoic acid
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DILMORE ET AL. 5

F IGURE 1 Microbiome (left column), foodomics (middle column), andmetabolome (right column), separate by subject and by diet across time.
Robust Aitchison principal component analysis (RPCA) PC1 (x-axis) and PC2 (y-axis) colored by subject identification withmarker shape by diet
across study, clusters by subject. Compositional Tensor Factorization, method accounting for repeatedmeasures across time (x-axis) PC1 (y-axis)
colored by diet types, follows crossover study design in each datamodality.

(a polyunsaturated fat related to many cooking oils), and Ile-Lys were

associatedwith CN, while sumaresinolic acid and L-Valine were associ-

ated withMCI. The role that these metabolites may or may not have in

disease pathology is unknown, though it is interesting to see a polyun-

saturated fatty acid (PUFA) correlated with normal cognition, since

consumption of fats overall is increased on the MMKD. Furthermore,

we found that the ratio of two particular plant-associated metabo-

lites (IDs 11216 and 12323) to betaine, an osmoregulatory compound

downstream of choline, was significantly higher in normal cognition

than mild cognitive impairment (p = 0.022). However, it is unclear

whether this reflects a higher consumption of plants or lower amounts

of betaine, which could be related to bile acid metabolism.

3.2.2 Features associated with diet intervention
independent of cognitive status

The top features associated with diet independent of cognitive status

were identified by sorting the values in the diet column of our Bayesian

inferential regression results; more positive values represented a

stronger association with the MMKDwhile more negative values indi-

cated a stronger association with the AHAD. The top 10 microbial,

food-derived metabolite, and overall metabolite features associated

with the MMKD and AHAD are displayed in Figure 3A-C. Many of

the top microbes associated with MMKD are of the Akkermansia taxa,

while Veillonella, Sutterella, and Eubacteria are associated with AHAD.

We consistently observed higher relative abundances of Akkermansia

muciniphila on theMMKD and higher relative abundances of Veillonella

sp. ACP1 on the AHAD (Figure 3D). Foodwise, those on the MMKD

hadhigher relative abundances of dietarymetabolites found in high-fat

dairy products, including cheddar cheese, low-sugar fruits like cher-

ries, and low-sugar vegetables including broccoli (Figure 3B). Those on

the AHAD had higher relative abundances of dietary metabolites that

corresponded to low-fat foods, including parsley, oregano, and shrimp

(Figure 3B). None of the top metabolites associated with the AHAD

were annotated through feature-basedmolecular networking (FBMN),

but the metabolites 13S-hydroxy-9Z,11E,15Z-octadecatrienoic acid,

Ile-Lys, and diphenhydramine (an antihistamine) were associated with

the MMKD. The former two were independently associated with CN

individuals, suggesting that particular PUFAs or conjugated amino

acids may be implicated in the relationship between the MMKD and

normal cognition. However, it is important to note that the log ratios of

the sum of the top 10mostMMKD-associated to the sum of the top 10

AHAD-associated dietary metabolites were not significantly different

over the course of the study (Figure 3E-F).

3.2.3 Microbes and metabolites jointly associated
with cognitive status and dietary intervention

To identify microbes and metabolites that had strong diet- and cog-

nitive status-specific associations, we plotted the log ratios for CN
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6 DILMORE ET AL.

F IGURE 2 Microbial strains (left), foods (middle), andmetabolites (right) related to cognitive status, but not necessarily diet type. The
differential abundances for the top 10 and bottom 10withmean (bar) andmodel 95% confidence interval (error bars) associated with normal
cognition (more positive, blue) andmild cognitive impairment (more negative, red) (A-C). The log-ratio (y-axis) of the top and bottom bacterial
strains (D, E) plotted across time (x-axis) and colored by cognitive status. The presented cognitive status p-values in log-ratio plots are determined
from linear mixed-effects models with fixed effects of diet, cognitive status, period, and diet sequences with random effect of subject.

to MCI against the log ratios for MMKD over AHAD and examined

features that fell in each corner of the plot (Figure 4A,C). Each corner

corresponds to a different subpopulation: the top right corner repre-

sents microbes/metabolites associated with the MMKD and normal

cognition, the top left corner contains the microbes/metabolites cor-

related with the AHAD and normal cognition, the bottom left corner

shows microbes/metabolites associated with the AHAD and MCI,

and the bottom right corner corresponds to microbes/metabolites

correlated with the MMKD and MCI. These investigations allowed us

to examine microbial and metabolite changes that were modulated by

both diet and cognitive status.

Microbially, we found that the ratio of Alistipes sp. CAG:514 to Bifi-

dobacterium adolescentis was significantly different between MCI and

CN individuals only after consuming the low-fat AHAD (Figure 4B;

t = 3.78, p = 0.00082). This finding is significant because microbial

strains that are similar to Alistipes sp. CAG:514 are known to pro-

duce GABA.45 This led us to re-investigate the relative relationship

between Akkermansia muciniphila and Alistipes sp. CAG:514 and levels

of the GABA metabolite in our population. We found that the ratio of

Alistipes sp.CAG:514 toAkkermansiamuciniphilawaselevated in individ-

uals with MCI relative to normal individuals only on the low-fat AHAD

(Figure S3A). Furthermore, GABA levels were higher in the stool of

cognitively impaired individuals on the AHAD compared with those on

the MMKD, but there was no diet-related difference in CN individuals

(Figure S3B). This trendwas consistent in a separate dataset examining

cerebrospinal fluid metabolites of the same individuals (Figure S3B).

These observations led us to hypothesize that the low-fat AHADmod-

ulates key neurotransmitters, such as promoting GABA production,

in individuals with cognitive impairment. This dysregulation may be

related to increases in GABA-producing microbes, such as Alistipes sp.

CAG:514, while dietary interventions such as theMMKDmay decrease

GABA levels in the opposite direction through its associated increases

in GABA-regulatingmicrobes such as Akkermansia muciniphila.

Metabolite-wise, we found that the log ratio of two plant-derived

metabolites to diarylheptanoids, a class of plant secondary metabo-

lites, was much lower in individuals with MCI only after consuming

the AHAD (Figure 4D; t = –2.33, p = 0.0326). This indicates that

diarylheptanoids, which most notably include the turmeric-associated

metabolite curcumin, may be selectively enriched in people with

cognitive impairment after consuming a low-fat diet. This observation
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DILMORE ET AL. 7

F IGURE 3 Microbial strains (left), foods (middle), andmetabolites (right) related to diet type, but not necessarily cognitive status. The
differential abundances for the top 10 and bottom 10withmean (bar) andmodel 95% confidence interval (error bars) associated with cognitive
ketogenic (more positive, green) and low-fat/American Heart Association diets (more negative, blue) (A-C). The log-ratio (y-axis) of the top and
bottom bacterial strains (D), and sum of the top and bottom 10 foods (E) or metabolites (F) plotted across time (x-axis) and colored by diet. The
presented diet stage p-values in log-ratio plots are determined from linear mixed-effects models with fixed effects of diet, cognitive status, period,
and diet sequences with random effect of subject.

is interesting given curcumin’s previous implications with longer gut

transit time and increased bile acid levels, which is particularly relevant

to our work given the role of bile acids in cholesterol metabolism.41

Though curcumin was not annotated by FBMN, a nearest-neighbor

suspect library suggested that metabolite 7357 in our dataset might

be demethoxycurcumin.42

3.3 Multiomics analyses

Given that cholesterol metabolism is consistently dysregulated in AD

andMCI, we monitored bile acids in different subpopulations over the

course of the dietary intervention. Bile acids are significant because

they are the primary source of cholesterol elimination in the brain,

and their chemistries are modified by microbes. Specifically, microbes

can modulate the relative amounts of secondary and primary bile

acids, as well as conjugate particular amino acids to bile acids.43 The

former ratio is particularly relevant given that AD-related cognitive

impairment was previously associated with a higher ratio of sec-

ondary bile acids to primary bile acids.26 The bacterial enzyme bile

salt hydrolase (BSH) promotes deconjugation of conjugated bile acids

and production of secondary bile acids, leading us to hypothesize that

the abundance of BSH-containing microbes would positively covary

with levels of secondary bile acids and deconjugated bile acids.41,26 To

test this hypothesis, we usedMMvec to quantify covariances between

bile acids and BSH-containing microbes.44 We also clustered rela-

tionships by diet to determine whether covariances between any

particular bile acids and BSH-containing microbes were diet-specific.

We found that Bifidobacterium adolescentis, Akkermansia muciniphila,

and Akkermansia muciniphila CAG:154were associated with several ion

forms of cholic acid (CA), deoxycholic acid (DCA), (3a, 5b)-3-hydroxy-

12-oxocholan-245-oic acid (3β-DCA), hyocholic acid, ursodeoxycholic
acid, and glycine-conjugated chenodeoxycholic acid in the MMKD,

while Alistipes sp. CAG:514 was associated with leucine-conjugated

chenodeoxycholic acid, and a few ion forms of CA, DCA, and 3β-DCA,
and Clostridium sp. CAG:568was associated with demethoxycurcumin,

ursocholic acid, glycocholic acid, and a few ion forms ofCAand3β-DCA
in the AHAD (Figure 5A). Each group contains all forms of bile acids

(primary, secondary, conjugated, and unconjugated), so we could not

draw conclusions on whether diet was associated with any particular

shift in bile acids.

We were also interested in examining the metabolite demethoxy-

curcumin’s relationships with abundance of BSH-containing microbes

as well as the ratio of unconjugated to conjugated bile acids. Turmeric

is known to increase the levels of unconjugated bile acids specifically in

hosts colonizedwith bacteria containing high levels of BSH.However, it
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F IGURE 4 Microbial strains (left), foods (middle), andmetabolites (right) related to both cognitive status and diet. Scatterplot of log ratios of
differential abundances by diet (x-axes) and cognitive status (y-axes) for microbes, with the 10most differential microbes andmetabolites in both
axes colored (A). Violin plot of log-ratio of Alistepes sp. CAG: 514 to Bifidobacterium adolescentis at four different time points in study (B). Scatterplot
of log ratios of differential abundances by diet (x-axes) and cognitive status (y-axes) for microbes, with the 10most differential microbes and
metabolites in both axes colored (C). Violin plot of log-ratio of plantmetabolites to diarylheptanoids at four different time points in study (D). In the
scatterplots shown in (A) and (C), each corner corresponds to a different subpopulation: the top right corner represents microbes/metabolites
associated with theMMKD and normal cognition, the top left corner contains themicrobes/metabolites correlated with the AHAD and normal
cognition, the bottom left corner showsmicrobes/metabolites associated with the AHAD andMCI, and the bottom right corner corresponds to
microbes/metabolites correlated with theMMKD andMCI. These analyses allowed us to examinemicrobial andmetabolite changes that were
modulated by both diet and cognitive status.

is unknown whether turmeric itself modulates levels of BSH-encoding

microbes, and the effects of this system in individuals experiencing

cognitive impairment are unknown. Interestingly, we found that indi-

viduals with MCI had lower relative abundances of BSH-encoding

microbes when their metabolome contained curcumin, while no differ-

encewas found inCN individuals (Figure 5B; t=2.9, p=0.0089; t=0.5,

p = 0.6308). On the other hand, there was no significant difference

in the ratio of unconjugated bile acids to conjugated bile acids among

the diet groups of either CN or MCI individuals (Figure 5C; t = –1.1,

p = 0.2623; t = –1.2, p = 0.2528). The lower levels of BSH-encoding

microbes and slightly elevated (though not significant) unconjugated-

to-conjugated bile acid ratio in response to turmeric suggests that

individuals with MCI may have decreased gut motility (increased gut

transit time) relative to CN individuals (Figure S4).41

4 DISCUSSION

It is well established that metabolic dysregulation3,4 and

inflammation7 occur in tandem with cognitive decline over the

course of AD. Therefore, modulating host metabolism through spe-

cialized diets, such as the KD, is one strategy to mitigate the effects of

AD-associated cognitive impairment. These diet-associated changes

in cognitive status may be microbiota-dependent or microbiota-

modulated. Previouswork found that gutmicrobiotawere required for

the KD’s protection against seizures in a murine model of epilepsy.46

Furthermore, gut microbiota are known tomodulate the bile acid pool;

given that bile acids are the primary agent of cholesterol depletion in

the brain, gut microbiota-induced changes to the bile acid pool may

mitigate the dysregulation of cholesterol metabolism.

Broadly, our investigation demonstrated that controlled changes in

diet led to widespread changes in the microbiome and metabolome

over time.Ourmetagenomic results are consistentwith those reported

in a previous, preliminary analysis of the microbiome in this trial but

provide greater resolution since we utilized shallow shotgun sequenc-

ing over 16S rRNA gene amplicon sequencing.33 Furthermore, we

utilized updated methods, including Bayesian inferential regression,

with amodel thatwas customized for the crossover nature of the study,

while previous authors reported differences in relative abundances

without accounting for the longitudinality of the data.33 Our studies
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F IGURE 5 Strongest diet- and cognitive status-linked differential abundances and co-occurrences linked to BSH-containing bacterial species,
diarylheptanoids, and bile acids (BAs). TheMMvec log co-occurrence probabilities (red-blue colors, color bar) between differentially abundant and
annotatedmetabolites (y-axis) andmicrobes (x-axis) colored by their association with diet (color bar top of x-axis, color legend) (A). Log-ratio of
BSH-containing microbes versus those without BSH (y-axis) across diets and diarylheptanoid consumption (x-axis) (B). Log-ratio of unconjugated
to conjugated BAs (y-axis) across diets and diarylheptanoids consumption (x-axis) (C). Annotations are Level II or Level III according to the
Metabolomics Standards Initiative, and significance was evaluated by a two-sided t-test.50

drew similar conclusions—we both reported an increase in Akkerman-

sia on the MMKD relative to the AHAD and increases in Dialister

and Bacteriodes in CN individuals relative to MCI individuals—but our

studywasable to identify several subspeciesofAkkermansiamuciniphila

that were enriched on the MMKD and identify Dialister invisus and

multiple Bacteriodes fragilis strains that were enriched in CN individ-

uals. Our observation of Akkermansia muciniphila’s enrichment on the

MMKD is consistentwithprevious findings that the relative abundance

of Akkermansia muciniphila greatly increased over the course of keto-

genic dietary intervention in amousemodel of epilepsy.46 Interestingly,

another study reported an increase in the relative abundance of Akker-

mansia muciniphila in individuals who completed a calorie-restricted

high-protein, moderate-fat (35% protein, 25% fat, 40% carbohydrate)

diet.47 Both the calorie-restricted diet and our KD were observed

to improve metabolic regulation and insulin sensitivity. It is possible,

therefore, that Akkermansia muciniphila is involved in metabolic reg-

ulation in a manner that relates to effects such as improved insulin

sensitivity rather than being tied specifically to dietary composition.

Our study also determined that the ratio of Alistipes sp. CAG:514

to Bifidobacterium adolescentiswas significantly different between indi-

viduals with MCI and CN individuals only after consuming the low-fat

AHAD. This finding is significant given Alistipes’ ability to produce

GABA, which we validated by checking that GABA levels trended

higher in the stool of cognitively impaired individuals after consuming

the AHAD but not the MMKD, while there is no such diet difference

in CN individuals (Figure S2B). We therefore hypothesize that AHAD

leads to increased GABA production in individuals with MCI through

an increase in GABA-producing Alistipes. Inversely, the MMKD regu-

latesGABAproduction in both individualswithMCI andCN individuals

through its associated increase in the production of GABA-regulating

Akkermansia muciniphila. This possibility is inconsistent with some pre-

viouswork relatingGABAtoAD; thoughdysfunction inGABAsignaling

has been hypothesized to play a role in AD, the strongest evidence

shows lower levels of GABA in the postmortem brains of patients with

AD.48 However, recent studies have highlighted the multifaceted role

GABA plays within the gut-brain axis. GABA within the gut regulates

localmicrobial populations (whichmay serve as growth factors), signals

through the gastrointestinal tract impacting motility, regulates inflam-

mation, and may impact GABA levels within other organs, including

the brain.49 Further, variable response of the GABAergic system to

the KD has been observed in response to individual factors such as

age.50 One such factor of relevance to AD is the APOE genotype; our

own data indicate that APOE4-positive individuals have higher loads of

GABA-producing microbes in the gut and higher amounts of GABA in

their CSF (Figure S3). Therefore, it is possible that GABA dysfunction

in the gut follows a different trend thanGABAdysfunction in the brain,

particularly at the earlier stages of disease we are observing in this

study. Our results showing that GABA levels were higher after AHAD

but not MMKD highlight that dietary intervention can alter the micro-

biome and downstreammetabolites/signalingmolecules. This was only

seen in cognitively impaired participants, suggesting that individu-

als throughout the cognitive spectrum may differentially respond to
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intervention impacting the microbiome. Nonetheless, our study was

underpowered, and the direct implications of these gut changes on

the central nervous system (CNS) remains unclear. Future studies

assessing the microbiome in patients with cognitive impairment and

modification by intervention are needed.

Our study also addressed the relationships between bile acids, diet,

and cognitive status given bile acids’ role in cholesterol regulation.

Though we found diet-specific relationships between BSH-containing

microbes and particular bile acids, we did not find diet-specific rela-

tionships between more broad bile acid classifications. We found that

differences in bile acid categories (unconjugated vs. conjugated) were

not differentiated by curcumin presence, dietary fat content, or cog-

nitive status. This result is inconsistent with the previous finding that

turmeric (which contains curcumin as an active ingredient) significantly

increases the levels of unconjugated bile acids specifically in hosts col-

onized with high levels of bacteria containing BSH.41 However, our

sample size was small, so it is possible that we lacked the power to reli-

ably detect this difference. Our study also did not investigate Bilophila

wadsworthia, which has a previously documented relationship to cogni-

tive impairment in mice as well as dietary fat-induced taurocholic acid

(TCA) production.51,52 We were unable to detect TCA through FBMN

but are interested in determining, in future studies, whether specific

bile acid transformations by BSH (i.e., from conjugated TCA to uncon-

jugated CA) are enriched in particular diets or in particular cognitive

groups.

4.1 Limitations and further work

Our study was limited by its small size and relatively brief interven-

tion period, because it was a pilot trial. We were also significantly

limited by the low annotation rate of the untargeted metabolomics

experiments, which left many of the key metabolites that were asso-

ciated with cognitive status and diet unannotated. For this reason,

much of our metabolomics analyses relied on metabolites that were

previously described in the AD and dietarymetabolite literature. Addi-

tionally, becausewedidnot runbile acid or neurotransmitter standards

in these experiments, our annotations are Level II or Level III by the

Metabolomics Standards Initiative; this could be one reason why we

were unable to detect certain bile acids of interest, such as TCA.53

Since we know that bile acid metabolites and neurotransmitters such

as GABA are potentially important AD-related mechanistic pathways,

in the future we may choose to perform targeted metabolomics or,

at a minimum, run these compounds as standards in the same mass

spectrometry run to increase the rigor of our annotations.

Similarly,while our foodomics tool provides a handy reversemethod

to read out food counts, it is not perfect in reproducing exact dietary

features. Although it reproduces dietary patterns that are consistent

with the KD or a low-fat diet, the tool cannot be used to distinguish

exact dietary conditions. As more reference foods are added to the

FoodOmics database and the tool grows in power, its precision and

usefulness will also grow. In the future, we may also choose to utilize

patient dietary logs to identify foods that are highly associated with

changes in cognitive status.

An additional technical limitation is that the untargeted

metabolomics platform does not provide the level of characteri-

zation of lipid metabolism and mitochondrial function that is available

on targeted platforms. The current results should be interpreted

as a snapshot of metabolism with more detailed analysis of lipid

metabolism, ketogenesis, and other processes known both to be

affected by diet and important for AD to come in future studies.

Despite these technical challenges, we performed a longitudinal

trial using statistical techniques that accounted for various challeng-

ing aspects of our data (sparsity, compositionality, and longitudinality).

These statistical analyses allowed us to identify microbial andmetabo-

lite features that were specifically associated with both diet and

cognitive status.
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