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[bookmark: OLE_LINK2]Scientific Abstract. Prof. Iris Shai. No._____, Title: Personalized Gut-Brain-Microbiome-Axis and Mediterranean Diet Interventions for Cognitive Health. The potential of the Mediterranean (MED) diet for to slowslowing cognitive decline and reducing reduce Alzheimer’s dementia (AD) has been identified in observational studies1 and the PREDIMED Trial2. In our 18-month DIRECT-PLUS tTrial, we provided first-of-its-kind evidence that MED diets, and especially, particularly the higher polyphenol green-MED diet, delay MRImagnetic resonance imaging (MRI)-measured brain aging3. Based on those In light of this evidence,s various authorities recommend MED diets to improvefor cognitive health4. These However, these recommendations are based on population averages and may not be best suited for a given personto any given individual. Emerging evidence supports a gut microbial contribution to AD5. In animal models, microbial metabolites, amyloid-like peptides (ALPs), and bacterial structural components are involved in amyloid β (aβ) and tau pathology6, the modulation of blood-brain barrier permeability modulation7,  and neuroinflammation8, and act as in addition to serving as neurotransmitters9. We In an observational study, we recently reported , for the first time , in an observational study, that the benefits ofbeneficial effects of MED diets on inflammation for reducing inflammation and metabolic risk vary by based on individuals’ gut microbial profiles10. However, no randomized controlled trials (RCTs) study has studieto date have examined d dietary approaches tailored to based on individual gut microbiome composition with the goal of more effectively preventing AD. s to improve AD prevention in randomized controlled trials (RCTs). The few extant human microbiome-related studies of AD11-16 are typically limited by cross-sectional design, small sample sizes, and a lack of high-resolution microbial profiling and or measurements of multiple neuropathologies along the AD continuum. Thus, we propose a highly cost-efficient study combining data from the DIRECT-PLUS RCT (n=294, adherence rate=89%) and its ongoing 5-year follow-up, with cognitive and brain MRI measurements and existing microbiome data. This project will assay baseline and post-interventional data points to look intoexamine individuals’ gut microbial profiles related to multiple forms of neuropathologyies. Our central hypotheses are that (1) MED diets contribute to cognitive health partly through modulating the gut microbiome, and (2) the effects of MED diets on cognitive health vary based on individuals’ gut microbial profiles. Our specific aims are (1) to examine whether gut microbial features modify the effects of MED diet interventions on cognitive function; (2) to identify microbial metabolites in the stool and plasma that explain inter-individual differences in post-intervention cognitive changes; and (3) to evaluate how MED diet-induced changes in the gut microbiome influence multiple biomarker-measured neuropathologies. Methods: In the DIRECT-PLUS study, abdominally obese/dyslipidemic participants were randomly assigned to follow 1) healthy dietary guidelines (HDG), 2) MED, or 3) green-MED diets. All subjects received free gym memberships and physical activity guidance. Both MED groups consumed 28g walnuts/d (+440 mg/d polyphenols). The green-MED group consumed green tea (3-4 cups/d) and a Mankai (Wolffia-globosa duckweed strain, 100 g frozen cubes/d) green shake (+800 mg/d polyphenols) while forgoing red meat. The DIRECT-PLUSThis study and its ongoing 5-y follow-up measure entail longitudinal datameasurements of , including cognitive function, brain MRI, and blood ATX(N)  biomarkers [Aβ, tau, novel biomarkers (neurodegeneration)], multi‘omics datas (metagenomic and metatranscriptomic sequencing, fecal and circulating metabolomics,  and genotyping arrays, and APOE genotype data), dietary assessments, and clinical biomarkers.  We will perform bioinformatic profiling of these raw data to generate high-resolution microbial profiles in a high-resolution manner, and will measure both the enzymatic function and metabolic activity of the microbiome.  To date, we have reached out to 81% of the DIRECT-PLUS participants, who confirmed arriving on sample -collection days and 75% who have already started begun undergoing conducting follow-up measurements. Significance: This will be the first longitudinal evaluation RCT evaluatingof the role of the microbiome-gut-brain axis in the primary prevention of AD in an RCT. Built on the well-conducted DIRECT-PLUS and its follow-up, together with , its 5-year follow-up, and state-of-the-art multiomics technologies, this application will contribute to the translation of biological mechanisms and gut microbial profiles induced by dietary interventions, which will enhance thesupporting a paradigm shift towards precision nutrition for AD prevention.	Comment by Editor: A general comment: The selected font seems to introduce variable spacing between lines. I would suggest switching to a font such as Times New Roman, Arial, or Cambria that avoids this.	Comment by Editor: Reduce the incidence? Rate of progression?	Comment by Editor: Alzheimer’s disease is the more common phrasing	Comment by Editor: “polyphenol-rich”?	Comment by Editor: You may need to introduce this above, when you first mention this trial.	Comment by Editor: “novel biomarkers of neruodengeneration”?	Comment by Editor: Were these meant to be separate or a single item?	Comment by Editor: I don’t think you need this in your Abstract.	Comment by Editor: Avoid the word “probably” – you can say “to the best of our knowledge”
Research Program
i. Scientific background 	Comment by Editor: I think you need to provide a specific overview of the DIRECT-PLUS trial and its key findings in this section, since it is integral to the proposal and the lack of an up-front explanation of its construction and findings makes it harder to follow some sections.
A.1. Mediterranean Diet (MED diet) Diets and the Prevention of  for Alzheimer's Dementia (AD) Prevention. MED diets are  is characterized by abundant and varied plant foods (e.g., nuts, and whole grains), olive oil as the principal fat, fresh fruits as dessert,  frequent intake of fish and seafood intake, moderate intake of wine intake17 , and the intake of low levels of rlow consumption of red meat, dairy products, and refined grains.; Iit is the only dietary pattern causally linked to cognitive health2,. In the DIRECT-PLUS tTrial, we provided first-of-its-kind evidence demonstrating that MED diets delay MRI-measured hippocampal atrophy and ventricular enlargement, two hallmarks of brain aging3. Cohort studies further support the benefits of MED diets in MED diet in reducing the risk of AD and cognitive impairment1 and slowing cognitive decline18, gray matter atrophy, and amyloid-β (Aβ) and tau pathologies19. Hence, the WHO recommends MED diets as a means of  MED diet for reducing cognitive decline and dementia4.  
A.2. Rationale for Microbiome-Guided Precision Dietary Prevention. Although MED diets can reduce  MED diet reduces the population-level burden of AD, it this does not adequately not consider inter-individual variability in response to the this diet. It is well-established that individuals vary markedly in their responses to dietsThe high variability in individuals’ responses to diets is well-established20, including as in our recent publications wherein we found thatby our recent publications that identify unique microbial features that may underlie the beneficial effects of the MED MED diet10,21. In the PREDICT1 Study, the gut microbiome explained was found to explain the largest proportion of variation in postprandial plasma triglyceride and C-peptide responses following identical meals for plasma triglycerides and C-peptide, accounting for more of the this variation than age, sex, and or genetics20. We recently reported, for the first time, that the associations between MED diet intake and both of a MED diet with systemic inflammation and metabolic risk are highly variable, depending on individuals’ gut microbial profiles10. These observational studies provide an important foundation for studying dietary approaches tailored to based on individual gut microbiome composition in an efforts to improve AD prevention., However, studies randomized controlled trials (RCTs) evaluating whether the gut microbiome can modify the effects of MED diets MED diet on cognitive health in randomized controlled trials (RCTs) are needed.	Comment by Editor: These did not have paragraph breaks oritinally, but if you want them to have subtitles, they should have paragraph separation like this.
 A.3. Microbiome-Gut-Brain Axis and ADRD  (ADRD) Pathogenesis. In vitro and in vivo evidence supports the notion that the gut microbiome, through dynamic communications along the ‘gut-brain axis,’ contributes to the pathogenesis of AD5. Microbially generated amyloid-like peptides (ALPs) and bacterial structural components are involved in Aβ deposition and innate immune function in the brain22. Through molecular mimicry of Aβ23, microbial ALPs elicit the cross-seeding of amyloid misfolding, altered proteostasis, and oxidative stress23, leading to enhanced Aβ accumulation and both microgliosis and astrogliosis in the brain24. In addition, findings on regarding the dual immunomodulatory /antimicrobial duality role of Aβ have given rise to the “antimicrobial protection hypothesis” of regarding the function of the commensal gut microbiome’s functional role in AD25, in which bacterial structural components induce the production of Aβ, as an early molecular component of the innate immunity cascade in the brain22. SubsequentlyThis is followed by the misdirected attack of neurons , misdirected attacks on neurons by cytotoxic T cells are initiated. The breakdown products of necrotic neurons further stimulate Aβ release, establishing a chronic, self-perpetuating cycle accompanied by microglial activation26, pro-inflammatory cytokine release, tau aggregation, and eventually neuronal injury and death and that causes eventual cognitive impairment8. Gut microbial metabolites reflect the crosstalk between diet, the gut microbiome, and host metabolism, and are involved in Aβ and pathologic tau accumulations6, immune-mediated signaling and neuroinflammation8, and the modulation of blood-brain barrier (BBB) permeability modulation7, in addition to serving and act as neurotransmitters9. Secondary bile acids are produced by the microbial modification of primary bile acids (BAs)27. The secondary BA production pathway is likely diet- dependent as suggested by our recent report that its 7α-dehydroxylation step was downregulated by the MED diet MED diet10. Alterations in secondary BA levels have been linked to demyelination, neuroinflammation, and learning impairment in animal models, as well as the risk of AD and cognitive impairment in human studies28,29. Dietary amino acid metabolites: Byproducts are byproducts of the microbial metabolism of dietary amino acids and can act as neurotransmitters and in addition to modulating neuroinflammatory activitymodulate neuroinflammation30. Gut microbes break down tryptophan into indole derivatives with antioxidant (e.g., indolepropionic acid)31 and immunomodulatory properties (e.g., indoxyl sulfate) in the brain32 and neuro-modulatory tryptamine and kynurenine metabolites (e.g., kynurenic acid)33 that may affect memory34. Gut microbes (e.g., Bifidobacterium and Parabacteroides spp.)35 metabolize dietary glutamate into γ-aminobutyric acid (GABA)35 that mediates neuromodulation and neurotransmission36. Short-chain fatty acids (SCFAs), including acetate, propionate, and butyrate, can be produced from the microbial fermentation of dietary fibers37. SCFAs can regulate neuroplasticity, BBB permeability7, neuroinflammation38,  and Aβ deposition39 in the brain primarily via peripheral signaling. Butyrate regulates the expression of brain-derived neurotrophic factor (BDNF)40 and histone acetylation, a characteristic of neurodegeneration41. Dietary polyphenols are metabolized by the gut microbiome into bioactive metabolites42, and brain levels of these . mMicrobial phenolic metabolites (e.g., 3-hydroxybenzoic acid and ferulic acid) in the brain correlate with polyphenol intakes43, modulate while they function as modulators of neuroinflammation44, synaptic plasticity43, and neuronal cell death, interfere with Aβ deposition, and slow the progression of AD45. In the DIRECT-PLUS trial we found that a green-MED (high-polyphenol) diet had a potentiallymore strongly protected against  stronger role neuroprotective for age-related brain atrophy, while elevated urinary concentrations of the polyphenols urolithin-A and tyrosol were significantly associated with lower MRI- assessed hippocampal occupancy score declines in study participants3. Trimethylamine N-oxide (TMAO) is produced through the conversion of trimethylamine, a microbial metabolite derived from dietary choline and L-carnitine46. Elevated TMAO levels in the cerebrospinal fluid and plasma was have been observed in AD patients47 and individuals with cognitive decline48, and. In addition, ooral TMAO aadministration of TMAO accelerated cognitive decline in mice49. Branched-chain amino acids (BCAAs) including isoleucine, valine, and leucine are produced in substantial quantities by gut microbes): Gut microbes produce substantial quantities of BCAAs (isoleucine, valine, and leucine)50. Uptake of BCAA uptakes into the brain occurs at the BBB through a competitive transport carrier shared among amino acids, including tryptophan51, and may contribute to AD development through decreasing neuronal serotonin synthesis and serotonergic signaling52.	Comment by Editor: Is this level of detail necessary? It is very dense, so it may be easier to cut some of this out, or to generate a summary figure highlighting some of these roles.	Comment by Editor: Does this need to be in bold? This seems less improtant than the first half of the sentence
Several small human studies have examined the relationship between the gut microbiome and cognitive health, yielding inconsistent findings11-16, 53. For example, in a cross-sectional study, Vogt et al. reported decreased richness and α-diversity of the gut microbiome and when comparing AD patients and controls (n=25 each), together with decreased decreased Firmicutes and Bifidobacterium and abundance and increased Bilophila, Bacteroides, and Alistipes comparing 25 AD patients to 25 controlsabundance12, while . In contrast, aanother  recent study identified gut microbial features of preclinical AD, including B. intestinalis, E. ventriosum, and Blautia obeum, in a cohort of 164 participants followed for ~2 years53. More recently, the CARDIA study reported cross-sectional associations of between genus--level taxa (, including enriched Barnesiella enrichment aand depleted Sutterella depletion) , with and better cognitive function in 597 participants54. 	Comment by Editor: Include the genus names since they have not previously been introduced
A.4. Multio’Omics for High-Resolution Functional Profiling of Microbiome. Given the high level of functional redundancy within and across microbial groups55 and the rapid adaptability of microbes to environmental changes56, DNA profiling alone is not sufficient to describe the a microbiome in complete mechanistic detail. Phenotypical changes may be mechanistically linked to gene expression and metabolite production without any alteration corresponding shift in microbial abundance.in the abundance of microbes. For example, a recent study demonstrated that gut microbially microbe-derived tryptophan metabolites, SCFAs, and lithocholic acid were associated with AD , independent of differences in microbial abundance when comparing e abundance between AD patients and healthy controls57. Therefore, a thorough functional characterization of the gut microbiome, incorporating multiple molecular data types (i.e. multiomics) is , i.e., multi’omics, is clearly needed58. Most microbiome studies on AD and cognition are limited by restricted to 16S rRNA sequencing yielding only general taxonomic profiling (e.g., genera) without capturing microbial functions11-16. However, to gain more advanced mechanistic insights, high-resolution whole-genome microbial profiling is essential to characterize strain-specific gut microbial functions. Similar microbial functions (e.g., enzymes carried by microbes) can be carried out by different microorganisms in different individuals55. Furthermore, although members within a species may share core microbial genomic elements, genes and pathways that respond to external stimuli like dietary factors  or contribute to the development of host diseases are highly specific to individual strains59. It is, therefore, crucial to apply microbial profiling techniques that 1) characterize both microbial composition and molecular functions and 2) identify microbial features that are responsible for disease and responsive to dietary intake at the species and strain levels to gain mechanistic insights and actionable targets for translation. 	Comment by Editor: No apostrophe in this word.
A.5. Longitudinal Biomarker Profiling to Delineate Multiple Neuropathologic Processes and Cognitive Resilience. AD pathogenesis AD is complex and multifactorial, with; Aβ, tau, and neurodegeneration [AT(N)], as serving as dynamic neuropathological factors that have a concrete impact on cognition. , impact cognition in concrete. In addition, distinct mechanisms characterize different stages along the temporal continuum of AD development of AD (AD continuum) (Fig 1)60. An eEmerging research framework recommends end a shift from a symptom-based disease model to a clinical-biological construct, emphasizing the AT(N) biomarkers along the AD continuum, which  that includes preclinical stages61. Recently, the AT(N) system has evolved into an an ATX(N) system, introducing novel biomarkers (denoted as X) to capture additional AD-related mechanisms (e.g., neuroimmune dysregulation and synaptic dysfunction)62. Longitudinal data collection efforts combining biomarker profiling, cognitive assessments, and evaluations of clinical function evaluations are crucial for the more accurate characterization of the multifactorial pathogenesis of AD63 and cognitive resilience64. It is vital to profile biomarkers during the preclinical or prodromal stages to develop strategies for preventing or delaying AD onset and progression before irreversible neurodegeneration occurs63. This approach also enables the application of precision dietary interventions, as different dietary factors target specific pathways and may be more effective for subpopulations with varying susceptibilities. For example, recent studies suggest that the benefits of ω-3 fatty acids are associated with improved white matter integrity65, while an inflammatory diet linked to decreased grey matter volume explains its associationis associated with worse visuospatial cognition66. Fig 1. Model of dynamic biomarkers of AD neuropathogenesis. Adapted from Ref#57.

[bookmark: _Hlk15222976]A.6. Rigor of Prior Studies. Although prior rigorous prior studies support a “gut-microbiome-brain-axis” underlying AD67, these they are subject to have significant limitations. First, prior these studies have relied heavily on in vivo and in vitro experiments rather than human studies. Second, all past human studies were have been cross-sectional, prone to reverse causality, limited in size, and lacked lacking in independent replication, precluding causal inference. Third, as mentioned, most studies applied theemployed low-resolution 16S rRNA sequencing,  yielding very general microbial profiles without considering the function and metabolic activity of the microflorabiome11-16. Fourth, there is little evidence regarding inter-individual variability in response to diets and biological mechanisms explaining the variability. Lastly, few studies have ccombined multimodal ATX(N) biomarkers, cognitive tests, and brain MRI findings to delineate steps along the AD continuum, along and RCT-based analyses of the effects of dietary interventions in this context are lackingRCT dietary interventions.
ii. Research objectives Objectives & expected sExpected Significance
We Here, we propose a highly cost-efficient study in building on the 18-month DIRECT-PLUS Trial (n =294) a, and its 5-year follow-up, leveraging )c with cognitive and brain MRI measurements and existing microbiome data. This project will assay baseline and post-intervention blood biomarkers of multiple neuropathologies in DIRECT-PLUS participants. Our central hypotheses are that: 1) MED diets  contributes to cognitive health partly through modulating the gut microbiome, and 2) the effects of MED diets on cognitive health vary by according to individuals’ gut microbial profiles. The To test these hypotheses, we propose the following three specific aims are:
 Aim 1: To examine whether gut microbial features modify the effects of MED diet interventions on cognitive function. 1.1)  We hypothesize ththat : 1.1. MED diets, compared to the control diets, induce changes in microbial taxonomic and functional features, including higher abundance of GABAγ-aminobutyric acid (GABA)-producing bacteria (e.g., Bifidobacterium dentium), enriched the enrichment and over-transcribed transcription of enzymes in involved in butyrate production and flavonoid metabolism, lower abundance of branched-chain amino acid (BCAA)BCAA producers (e.g., Lactobacillus spp.), and and the depletion and under-transcription of depleted and under-transcribed enzymes in involved in ALP production. These features are associated with subsequent reduced cognitive decline. 1.2) We will also assess whether the 1.2. Bbeneficial effects of MED diets on cognitive function are stronger in individuals with unique gut microbial profiles (i.e., such as enriched Faecalibacterium prausnitzii and enrichment and ALP production-related enzyme depletion).depleted enzymes in ALP production. 	Comment by Editor: These should include statements of what will be assessed under each aim, not just additional hypothesis statements
Aim 2: To identify microbial metabolites in stool and plasma that explain inter-individual differences in post-intervention cognitive changes. 2.1) We hypothesize that:  2.1. MED diets, compared to the control diets, lead to changes in levels of specific fecal metabolites, including increased levels of indolepropionic acid, GABA, serotonin, and butyrate, and decreased levels of deoxycholic acid, kynurenine, and trimethylamine N-oxide, which in turn are linked with subsequent reduced cognitive decline. 2.2) We further speculate that the 2.2. Bbeneficial effects of MED diets on cognition vary with the ffecal metabolomic signatures of AD and AD progression (e.g., secondary BAs abile acids and kynurenine) andand the microbial metabolism of dietary components (e.g., hippurate). 
Aim 3: To evaluate how MED diet-induced changes in the gut microbiome influence multiple biomarker-measured multiple neuropathologies. We hypothesize that the gut microbial and metabolomic consequences of MED diet intake are prospectively associated with slower brain aging as measured by MRI and aβ and tau deposition, neurodegeneration and neuroinflammation as measured by plasma aβ40/42, pTau181&231, neurofilament light chain, glial fibrillary acidic protein, and brain-derived neurotrophic factor levels. 
Secondary aims: We will 1) develop a scoring system to identify individuals whose cognitive health may benefit more from adhering to a MED diet for improving cognitive health and 2) identify specific MED diet components (e.g., extra-virgin olive oils and flavonoids) that explain the effects of the MED diet on the gut microbiome and cognitive health.
This project will be the first to RCT to prospectively assess the role of the microbiome-gut-brain axis in cognitive health as primary prevention of for AD in an RCT. Built on the well-conducted DIRECT-PLUS study aand state-of-the-art multi’omics technologiesapproaches, this application effort will lead toreveal translatable biological mechanisms , and will enhance thefoster a paradigm shift towards precision nutrition for AD prevention based on the gut microbial profiles induced by dietary interventions.
iii. Detailed description of the proposed research
Working hypothesis: Our main hypotheses concentrate on the contribution of the MED diet to  MED diet contribution to cognitive health specifically through the modulation of the gut microbiota with a further focus on  gut microbiome modulation as well as the involvementthe mediating effects of individual gut microbial profiles on the impact of MED diets on cognitive  of individuals’ gut microbial profiles in the effects of MED diet on cognitive health, as discussed above. . The rationale for these has been discussed above (sections i+ii). 	Comment by Editor: Given that you have your hypothesis in the previous section, I suggest omitting this to minimize repetition.
Research design & methods:
B.1. Study Team and respective roles of the Israeli and US researchers: We have formed an interdisciplinary team comprising leaders and experts in the microbiome, nutrition, neurology, biostatistics, epidemiology, and bioinformatics to fields to address the complexities and richness of the resourcesand resource requirements of in this study. Professor Iris Shai research explores researches the effects of nutrition on aging, cognition, the microbiome, cardiometabolic risk,  and chronic diseases. Prof. Shai has performed four long-term, large-scale comprehensive dietary RCTs in standards of drug trials and long-term cohorts. With her team,  she performed the 18-month long DIRECT PLUS trial which investigatesinvestigating the effect of green-MED / high-polyphenols diets on the gut-fat-brain axis. In This trial explored a range of advanced topics including autologous fecal microbiota tthis trial, new horizons were explored related to Autologous Fecal Microbiota Transplantation68 , the attenuation of brain atrophy attenuation3, and epigenetics69 and more..  Currently, Prof. Shai directs the DIRECT PLUS follow-up project which aims to identify predictors and drivers determining that determine personal health outcomes related to the gut-brain axis. Professor Meir Stampfer has an enduring collaboration with Prof. Shai. He actively participated in the design and analysis of results from the interventional clinical trials performed in Israel that are relevant for to this proposal. Prof. Stampfer’s expertise is in the fields of epidemiology, nutrition, and chronic diseases following a wide variety of exposures and disease outcomes as evidenced bydue to his involvement in four major studies: the Nurses’ Health Study, Nurses’ Health Study II (NHSII), Health Professionals’ Follow-up Study, and the Physicians’ Health Study. Prof. Stampfer will provide guidance, advice, and support for the study design and will be further actively involved in this project, providing input in on data analysis, result interpretation of the results, summariesy of the findings, and preparation for scientific publications. Dr. Daniel Wang, has longstanding collaborations with Profs. Stampfer and Prof.  Shai. Notably, he was a trainee within PREDIMED from 2015 to 2018 and is the PI of several NIH grants that support multi'omics data generation in the DIRECT-PLUS study. Dr. Wang will lend his expertise in the human microbiome, multi'omics analysis,  and chronic disease prevention fields, while also providing metagenomic, metatranscriptomic, and fecal microbial metabolite data , as well as provide data on metagenomics, metatranscriptomics and fecal microbial metabolites profiled from fecal samples collected in the DIRECT-PLUS sStudy. Dr. Wang will contribute to study design and analytic protocol development, result interpretation and reporting, and attend investigator meetings. Prof. Ilan Shelef, a medical doctor and the director of the imaging department in of Soroka University Medical Center, and a BGU Faculty of Health Sciences member, will serve as a PI on the Israeli part of this study and will support the neuroimaging part of this our proposal. Prof. Shelef is an expert in neuroimaging and collaborated with Prof. Shai’s group on for the CENTRAL and the DIRECT PLUS trials that included brain and whole body-fat imaging.	Comment by Editor: I usually reserve this information for the end of the proposal, where you are required to provide detail on the available resources. Consider moving this their and adding in detail on your accesss to the needed resources.	Comment by Editor: I’m not clear what you mean by this – do you mean “in accordance with drug trial standards using long-term cohorts”?	Comment by Editor: Which trials? DIRECT PLUS?
B.2. Study Design. The DIRECT-PLUS trial is an Israeli RCT among that enrolled 294 participants (Mean baseline age =51 yrs) with abdominal obesity or dyslipidemia but without major chronic diseases70.The trial was initiated in 2017 with an 18-month intervention period and an ongoing 5-year follow-up period (Fig. 2). Currently, 81% of the enrolled DIRECT-PLUS participants have confirmed participation in the 5-year DIRECT PLUS follow-up. To date, 75% of the initial 294 participants have already started begun undergoing executing follow-up measurements. In the DIRECT-PLUS Trial trial, these participants were randomized into one of the three isocaloric diet groups in at a 1:1:1 ratio: 1) Healthy dietary guidelines (Control group): Multiple 90-minute counseling sessions on healthy eating; 2) MED diet: Instructions on adopting a MED diet and the provision of 28 g/day of walnuts; and 3) green-MED diet: MED diet + polyphenols: 3-4 cups/day of green tea and 100 g/day of frozen Wolffia globosa duckweed plant cubes33 prepared as a green shake in addition to MED diet interventions and the provision of walnuts. Participants attended weekly counseling sessions during the first month and monthly sessions during the remainder of the trial.
[bookmark: _Hlk140506770]Whole-genome metagenomics and metatranscriptomics, fecal and plasma metabolomics, and multiple biomarker assays in for the DIRECT-PLUS trial have been funded by NIH (R00DK119412 and R01NR019992 grants, Table 1). Adherence and Retention in the DIRECT PLUS: This RCT employs extensively validated questionnaires71-73 to measure adherence. The DDIRECT-PLUS assayed objective adherence biomarkers, including folic acid (a biomarker of vegetables, fruits, and legumes) and polyphenols (berries and whole grains) in urine, repeatedly over the intervention. The DIRECT PLUS trial achieved reported excellent compliance and very high retention rates (89% at Month 18 in DIRECT-PLUS, corroborated by objective adherence biomarkers 70,74,75). . Biospecimen Collection: The sample collection schedule is shown in Fig. 2. 	Comment by Editor: I’m not sure there is any need to include these subheadings, especially without bolding or paragraph breaks.	Comment by Editor: The labels here are difficutl to readFig. 2: Design of the DIRECT PLUS study.
Table 1: Percentages of existing and proposed data in total samples in the DIRECT PLUS study.

Following the sample collection in the DIRECT-PLUS Trial, tThe ongoing 5-year follow-up includes measurements of blood, urine, feces, and clinical data collection with assessing diverse multi'omic biomarkers, and as well as MRI brain measurements with and cognitive testsfunction tests, which serve as study .  DIRECT-PLUS and its ongoing follow-up measure brain MRI markers and cognitive function as endpoints. Blood samples are collected after an overnight fast, centrifuged, and stored at -80 °C. Fecal samples are immediately frozen at -20°C for 1-3 days after collection, then stored at -80°C.
B.3. Outcome Assessments:  B.3.1. 	Comment by Editor: It may be helpful to structure this section with a brief introduction indicating that you will first detail the sample collection and analysis approach (B.3-B.7) before providing Aim-specific detials (B.8). Usually this seciton of grant proposals is organized in an Aim-specific manner (as in B.8), so your alternative organization strategy may cause some initial reviewer confusion without a corresponding explanation	Comment by Editor: There is some confusing tense selection in this section – B.3.2, for example, is written in the presnet tense, while B.3.3 is written in the future tense. This is correct if the MRI measured in 3.2 are ongoing but the measures in 3.3 have yet to be performed. Otherwise, you should standardize accordingly.
Cognitive Function. Fig. 2 and Table 1 show the schedule of the cognitive assessments for the DIRECT PLUS and its 5-year follow-up studies. The DIRECT-PLUS trial assessed five domains as defined by the DSM-5, including perceptual-motor function, executive function, complex attention, language, and learning and memory. DIRECT-PLUS used employed a neuropsychological battery76,77 to measure: 1) Working memory and decision load: Choice Reaction Time (CRT) and DS Backward; 2) Task switching: 2-choice stimulus-response mapping rules after the CRT tasks; 3) Inhibition: anti-saccade task; 4) Short-term memory: 5-item word list recall task; 5) Executive function: TMT part B, phonemic fluency, and verbal abstraction; 6) Attention and processing speed: DS Forward, target detection and serial subtraction; 7) Language: confrontation naming with low-familiarity animals and repetition of complex sentences; 8) Orientation to time and place. B.3.2. Brain MRI. Brain MRI measurements (Fig. 2) for the 284 DIRECT-PLUS participants used involved in the 5-year follow-up study are performed using 3-Tesla scanners with 8-channel head coils in 284 DIRECT-PLUS participants as currently measured in the DIRECT PLUS 5-year follow-up. T1-weighted high-resolution anatomical data are collected with a 3D magnetization-prepared rapid acquisition gradient echo sequence. T2-weighted fluid-attenuated inversion recovery (FLAIR) data is collected with a 20-fast spin-echo sequence. Diffusion-weighted images (DWI) are collected with a 20 spin-echo echo-planar diffusion-weighted sequence, using FreeSurfer78 to classify brain tissue as gray matter, white matter, or cerebrospinal fluid. Gray matter was is segmented into 83 cortical (per hemisphere) and 15 subcortical regions (both hemispheres). We estimate the thickness and area of cortical regions and normalized based ony the intracranial volume and the , volumes of the whole brain, gray/white matter, and gray matter regions. The T1-weighted and FLAIR data are used to segment lesions. Diffusion tensors are estimated using TORTOISE79. B.3.3. Blood ATX(N) Biomarkers. We will measure biomarkers of multiple neuropathological processes60, 78, 80-83 (Table 2) in longitudinally collected blood samples in the DIRECT-PLUS (Fig. 2 and Table 1). ATX(N) biomarker data will be analyzed in Massachusetts General Hospital labs. We will measure Aβ42/40, NfL, and GFAP levels using a Simoa Neurology 4-Plex E Kit84, BDNF using Simoa Planar Array kit, and pTau-181 and -231 using Simoa bead-based assay kits. 	Comment by Editor: I strongly suggest using paragraph breaks for these subheadings throughout. At a minimum, I have made this change for the higher level headings (i.e. B.4, B.5).Table 2: Plasma biomarkers to be measured. 
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B.4. Multio‘Omics analyses. This project will generate new data and leverage existing omics data from DIRECT PLUS and its 5-year follow-up (Table 1).  B.4.1. Whole-Genome Shotgun Metagenomic and Metatranscriptomic Sequencing. We will use a well-established protocol for immediate ex-situ conservation of metagenomic and metatranscriptomic components, laboratory handling, and paired-end shotgun sequencing of RNA and DNA28 to generate new data for based on samples collected through the DIRECT-PLUS study and its 5-year follow-up. Total nucleic acids will be extracted from samples using the Chemagic MSMI with the Chemagic DNA Blood Kit-96 from Perkin Elmer. The resulting eluate will be split for DNA and RNA assays. DNA samples will be quantified by via Quant-iT PicoGreen dsDNA assay. Sequencing libraries will be prepared from 100-250 pg of DNA using the Nextera XT DNA Library Preparation Kit. For RNA-seq libraries, a modified RNAtag-seq protocol will be used to generate cDNA libraries. In brief, 500 ng - 1 mg of total DNA will be depleted of remaining sample DNA, fragmented, and ligated to DNA adapters. Pooled barcoded RNAs will be depleted of rRNA and used as a template for strand-specific cDNA synthesis. DNA and cDNA libraries will be sequenced on the Illumina HiSeq platform (cDNA samples have twice the sequencing depth of DNA samples).  B.4.2. Fecal and Circulating Metabolomic Analysess. DIRECT-PLUS used a global platform that identifies, on average, ~2,200 metabolites (maximum ~5,400) from the Broad Institute of MIT and Harvard for fecal and plasma metabolomics. We In our proposed project, we will use the same platform to generate additional metabolomic data in thefor the DIRECT-PLUS, as well as generating metabolomic data for its and 5-year follow-up using studies. the same platform. Three aliquots will be analyzed by using two separate reverse phase/ultra-performance liquid chromatography-tandem mass spectrometer (UPLC-MS/MS) methods with positive ion mode electrospray ionization (ESI) or negative ion mode ESI. One aliquot will be analyzed using acidic positive ion conditions, chromatographically optimized for more hydrophilic compounds. Another aliquot will be analyzed using acidic positive ion conditions but; however, it will be chromatographically optimized for more hydrophobic compounds. The third aliquot will be analyzed using basic negative ion optimized conditions using with a separate dedicated C18 column. A fourth aliquot will be analyzed by via hydrophilic interaction liquid chromatography (HILIC) /UPLC-MS/MS with negative ion mode ESI. Raw data will be peak-identified by through comparisons with  to library entries of for purified standards or recurrent unknown entities.  B.4.3. Genotyping array and APOE Genotype Data. Participants in the DIRECT PLUS were genotyped by underwent APOE genotyping with a TaqMan SNP Genotyping Assay for APOE genotype and have available genotyping array data generated by Illumina Global Screening Array that contained ~654,027 markers.  	Comment by Editor: Is this information necessary?
B.5. Dietary Assessment, Covariables, and Biomarkers. Dietary intake is longitudinally measured using FFQs in the DIRECT PLUS and its 5-year follow-up studies (See Fig. 2 for dietary assessment schedule). The FFQs have been extensively validated against multiplemulti-week diet records and biomarkers 73, 85, 86. Participants report how often, on average, they consumed a specified portion of a food/beverage over the past year. Nutrient intake is calculated from FFQ data. The study measures objective dietary biomarkers from blood and urine samples. Covariables, including anthropometrics (e.g., weight), blood pressure, lifestyle (e.g., smoking), physical activity (measured by using accelerometers and questionnaires87), education, family histories, diseases, and health conditions (e.g., depression, hypercholesterolemia, hypertension, and diabetes), and medications (e.g., antidepressants, statins, and antihypertensives) , are assessed at baseline and updated during follow-up. Blood biomarkers of lipid metabolism (e.g., LDL-cholesterol), glucose homeostasis (e.g., HbA1c), and inflammation (hs-CRP) will be repeatedly measured for longitudinal analyses as well as additional biomarkers of inflammation (e.g., IL-6) and gut permeability (e.g., lipopolysaccharide-binding protein). 
B.6. Bioinformatic Pipeline. All studies will transfer raw sequencing data to Brigham and Women's Hospital (BWH). The Harvard Microbiome Analysis Core will perform centralized bioinformatic profiling of the raw data to generate microbial profiles using the bioBakery meta’omics workflow88 and will profile ALPs through a targeted workflow. Taxonomic Profiling: Low-quality reads, reads that align with the human genome, and other sequencing contaminants will be filtered out using KneadData88. Taxonomic profiles will be generated using MetaPhlAn388. MetaPhlAn3 classifies metagenomic reads to taxa and yields their relative abundances in each sample based on ~1 M clade-specific marker genes derived from 17,000 microbial genomes encompassing >7,500 bacterial, viral, archaeal, and eukaryotic species. Strain-level microbial profiling: We will apply PanPhlAn3, which performs a gene-content-based profiling88, and StrainPhlAn, which utilizes sequence variations within the marker genes of a certain species89. Functional Profiling: We will perform functional profiling for both metagenomes and metatranscriptomes using HUMAnN390. HUMAnN3 constructs a sample-specific reference database from the pangenomes of species detected in the sample by MetaPhlAn3. Sample reads are mapped against this database to quantify gene presence and abundance on a per-species basis. Unmapped reads will be aligned against UniRef9091 using DIAMOND translated search92. The resulting gene abundances, stratified by each species contributing those genes, from both nucleotide and protein levels, will be mapped to level 4 Enzyme Commission nomenclature and combined into structured MetaCyc pathways93. Amyloid-Like Peptide Targeted ALP Profiling: First, we will query Aβ sequences against dbAMP94, a comprehensive database of antimicrobial peptides, using PSI-BLAST95. Among the peptides with exhibiting significant matches (e-value <10), we will filter out those without lacking experimental validation. We will also analyze the sequence similarity of Aβ with peptides that are experimentally validated irrespective of PSI-BLAST search results. Second, we will refine the candidate peptides based on their genetic similarities to Aβ including: 1) shorter than< 50 amino acids in length, 2) less than four< 4 cysteines, and 3) with the presence ofa transmembrane topology or membrane localized localizationwithin the membrane in the Swiss-Prot knowledgebase96. Lastly, we will profile the identified candidate peptides using the ShortBRED97, software for profiling protein families of interest at high specificity. In briefBriefly, we will combine these peptides with UniRef9091 as a comprehensive background for marker identification using ShortBRED-Identify and apply the resulting markers to quantify the abundance of ALPs from metagenomes and metatranscriptomes using ShortBRED-Quantify. The workflow outputs from this workflow will be the relative abundance and transcription levels of ALPs.  
B.7. Data Harmonization. We will perform data harmonization following Maelstrom Guidelines for Data Harmonization98 and FAIR Data Principles99, with additional plans for harmonizing cognitive and brain MRI data. All data: 1) Before data processing: We will define each variable and describe its characteristics (e.g., format and unit); identify conditions that influence harmonization; define the harmonization criteria for reconciling variable definitions and define criteria to assess precision. 2) Data processing: We will conduct harmonization using direct mapping, algorithmic transformation, calibration, rescaling, and standardization; ensure documentation (e.g., computer programs and specific decisions); and create one harmonized dataset and its data dictionary. 3) Quality control (QC): We will assess the harmonized data to ensure their correct formatting and value ranges and run descriptive analyses to evaluate missingness, heterogeneity, and potential bias. If a variable fails QC, we will clarify the issues and generate additional iterations of data delivery, transformation, and QC until the data quality is satisfactory. 4) Data analysis: A GitHub version control system will ensure standardized programming and statistical analysis. Batch effect correction: We will create pooled fecal and plasma samples using samples from all the batches and inject them frequently across assay batches to provide enough sufficient data points for to enable data merging and normalization.merging and normalizing data. We will assess batch effects again when cleaning data and, if needed, correct them using the MMUPHin program100, software for correcting batch effects in ‘omics. Brain MRI data: The DIRECT PLUS trial and its ongoing 5-year follow-up will transfer raw T1, T2 (FLAIR), and DWI images to BWH. We will reorient T1 and T2 images to a common axial orientation, correct for inhomogeneity using N4BiasFieldCorrection101, and conduct QC to identify and exclude low-quality data points and flag data outliers. For each DWI volume, we will remove weighted gradient images exhibiting signal dropout, ghosting artifacts, and image stripping. We will then use a Combat102-based method for harmonizing MRI data in the Alzheimer’s Disease Neuroimaging Initiative103 for location and scale adjustments to all the data types. This method removes variations due to study/instrument differences but preserves biologically relevant variations. Cognitive data: We will calculate the overall cognitive score and its subdomains that measure perceptual-motor function, executive function, complex attention, language, and learning and memory. We will use methods for harmonizing cognitive measures recommended by the Agency for Healthcare Research and Quality104, including the two-step T-scores (by creating across-study norms and standardizing cognitive measures based on the norms), the standardized demographic category-centered scores (by standardizing the scores to a consistent group),  and the latent variable scores.  
Preliminary results:B.8 Experimental Approaches for Individual Aims:  In all the following proposed analyses, we will 1) perform multiple-comparison adjustments using the Benjamini-Hochberg method (FDR); 2) conduct primary analyses as hypothesis-driven analyses and secondary analyses as data-driven analyses; 3) repeat the our analyses in subgroups defined by sex, age, education, vascular health, APOE genotype, and a dementia polygenic risk score105, and including e interaction terms with these variables to assess sex differences and heterogeneity across otheramong subgroups; 4) analyze overall cognition and DSM-5 defined cognitive subdomains. 	Comment by Editor: It is confusing to refer to this section as “Preliminary Results” when it is also the only section where you provide specific details regarding what will be done for each Aim. I suggest changing it accordingly as suggested.Fig. 3: The inverse associations of the MED diet with metabolic risk (A) and systemic inflammation (B) are particularly pronounced in P. copri noncarriers (P interaction =0.001 and 0.03, respectively). (C) MED diet was significantly associated with phylogenetically diverse microbes. Orange or blue colors correspond to βbeta coefficients estimated from linear mixed models, including     abundance of gut microbes as dependent variables and MED diet index or its components as independent variables. Adapted from Ref #10.


B.8.1. Aim 1: To examine whether microbial features modify the effects of MED diets on cognition. Preliminary Data. 1) The gGut microbiome modifies the protective association between MED diet and systemic inflammation and metabolic risk. In our recent study in Nature Medicine10, we profiled the gut microbiome using whole-genome metagenomics and metatranscriptomics in 307 white men aged 65-82. We revealed significantly stronger protective associations of between the MED diet with and both systemic inflammation and metabolic risk in participants whose gut was depleted of Prevotella copri (P interaction =0.03 and 0.001, respectively, Fig. 3A and B). We observed diverse taxonomic and functional changes associated with the MED diet, (e.g., the SCFA-producing Bacteroides cellulosilyticus)  and reduced secondary BA biosynthesis (Fig. 3C). 2) MED diet intake altered the gut microbiome in the DIRECT-PLUS trial. We recently published the effects of MED diets on the gut microbiome in over 6 months in the DIRECT-PLUS study21. Of note, this study used 16S rRNA sequencing that generates only general taxonomic profiles. In contrast, this proposed project will apply whole-genome shotgun sequencing to generate high-resolution microbial features and functions. Despite the crude microbial profiling, we still observed significant effects of MED diets on the overall microbiome structure (Fig. 4, P  for time×intervention =0.01) and on specific microbes. These preliminary data support the premise of identifying the interaction between MED diets and the gut microbiome in over a longer follow-up. However, whether microbial features modify the effect of MED diets on cognition is unclear. Aim 1 will address this question. Data Analysis. Aim 1.1: We will quantify the microbial taxonomic and functional abundance of microbial taxonomy and functions using the total sum normalization method. The quotient of smoothed RNA and DNA abundances will quantify gene/pathway the transcription levels of gene/pathway90. Microbial features will be log-transformed for variance stabilization. Effects of MED diets on microbial features: Hypothesis-driven analysis: We will focus on ALPs, microbial features of MED diet and its components from our own studies10,106, 107 and those of others108, and functional features (enzymes and their transcripts) such as those involved in the catabolism of dietary fibers and amino acids. We will build linear mixed models (to account for repeated measurements) in MaAsLin2, a validated software for modeling phenotype-‘omics associations and handling compositional microbiome data109. The model will include intervention assignment as an independent variable and the hypothesized microbial features as dependent variables. Secondarily, we will adjust for covariablescovariates, including MED diet adherence, age, sex, physical activity, smoking, probiotics use, medications (metformin, statins, and antihypertensives), hypertension, dyslipidemia, and the Bristol stool scale. Data-driven analysis: To select microbial features most significantly altered by MED diets, we will employ SuperLearner110, an algorithm that uses cross-validation to evaluate multiple machine-learning models and creates an optimal ensemble of those models. This approach has been proven to be asymptotically as accurate as the best possible prediction algorithm and is used in the microbiome studies111. Microbial features and cognition: We will employ linear mixed models that account for the longitudinal design and include microbial features and covariables (intervention assignment, APOE genotype, family history of dementia, antidepressant use, depression, and education in addition to the covariables covariates above) as fixed effects, and cognitive scores as dependent variables. Secondarily, we will apply a smoothing mixture model-based method112 to flexibly model potential non-linearity in temporal cognitive changes and to link the microbial features to different trajectories of cognitive changes. Aim 1.2: Microbial features modify the effects of MED diet on cognitive changes. Hypothesis-driven analyses: We will focus on microbial features shown to modify the diet-disease associations in our previous studies10,106,107,113 (, e.g., P. copri) , and with the potential to modify dietary effects on cognitive health (, e.g., ALPs and Bifidobacterium spp.). We will build linear mixed models as described above. The models will include the main effects of MED diet and a microbial feature and the product term of the two main effects. A significant P value of for the product term indicates that the microbial feature significantly modifies the effect of MED diet on cognition. We will then conduct stratified analyses to quantify the effects of MED diet on cognition in subgroups defined by levels of microbial features. Data-driven analyses: To mitigate the multiple-testing issue in the high-dimensional database, we will take employ a two-step approach we previously developed10. , including Step 1: Principal coordinate (PCo) analysis on based on the Bray-Curtis dissimilarity calculated from all the microbial features for dimensionality reduction. The Scores for the first PCo scores summarize unique microbiome patterns of the microbiome. We will test the interaction between a PCo score s and MED diet using the linear mixed models described above. Step 2: Determination of the microbial feature that accounts for the most variability in the PCo score after identification of a significant interaction and a subsequent test of the interaction between the that microbial feature and MED diet intake. Power Calculations. All calculations incorporate the overly stringent Bonferroni multiple comparison adjustment to an adjusted P-value of 0.05, assuming that we will test for 8 candidate taxonomic features and 20 candidate functional features. Aim 1.1: We calculate detectable effect sizes comparing the MED diet to the control diet based on the distributions of microbial features from the NIH Human Microbiome Project (HMP)114. We will have 90% power to detect a 0.017 and a 0.043 difference in the relative abundance of an uncommon taxon (prevalence < 50%) and a common taxon (prevalence > 50%), respectively. At 90% power, the detection limit is 0.006 -units  for a metagenomic pathway and 0.01 -units for a transcript. For the analysis of the associations of between microbial features and cognition, we apply the method in detailed by Lu et al.115 and assume an annual loss-to-follow-up rate of 1.5%, a within-individual correlation of 0.95 and the first-order autoregressive variance-covariance structure. We will have 90% power to detect a difference of 0.27 in the change in a composite global cognitive score (Z-score, ranging from -3 to 3) comparing high vs. low levels of a microbial feature (median as cutoff) from baseline until the third cognitive test. Aim 1.2: By applying a simulation-based method for linear mixed models, we calculate the statistical power to detect an interaction between MED diet and a microbial feature in relation to global cognition. We vary the ratio of beta coefficients between the interaction term and the term for MED diet (interaction/main ratio). Using the PCo1 score as a summary statistic for overall microbiome structure, we will have 92% power to detect an interaction/main ratio of -0.89 (Fig. 5), an effect size smaller than the interaction effect between PCo1 and MED diet observed in our recent publication10 (-1.3). We use P. copri and B. uniform as examples of uncommon and common species, respectively. We will have 90% power to detect an interaction/main ratio of 1.2 for P. copri and 0.29 for B. uniform. Using L-arginine biosynthesis IV as an example of a metagenomic pathway, we will have 90% power to detect an interaction/main ratio of -0.25. Using ribonucleoside-triphosphate reductase as an example of DNA-normalized transcript, we will have 90% power to detect an interaction/main ratio of -1.20.  	Comment by Editor: Changes in what way?	Comment by Editor: You are only assessing the first prinicipal coordinate?Fig. 4: Population-level gut microbiome structure at baseline and Month 6. Dashed and solid eEllipses with dash and solid lines indicate clustering of microbiomes collected at baseline and Month 6, respectively. Adapted from Ref#21. 
Fig. 5: Power for detecting interaction effect between MED diet and a microbial feature/metabolite in Aims 1.2 & 2.2. 

B.8.2. Aim 2: To identify microbial metabolites explaining inter-individual differences in cognitive changes in response to MED diets. Preliminary Data. Many plasma metabolomic features of cognitive decline are microbiome-linked. In a metabolome-wide association study based on 117 plasma metabolites in 1,600 women in the NHSII, we identified a total of 26 metabolite features of cognitive function (FDR P <0.05, Fig. 6A), among which 9 were microbiome-linked metabolites. These included a byproduct of the microbial fermentation of dietary fiber (methylimidazole acetic acid), a nutrient precursor for TMAO production116 (N6,N6,N6-Trimethyl-L-lysine), metabolites generated by the microbiome (N-acetyl-L-tryptophan, serotonin, and spermidine), metabolites with their levels that are indirectly influenced by the microbiome (kynurenic acid, dimethylglycine, and betaine), and a metabolite processed by the microbiome (creatinine). For example, the levels  of N6,N6,N6-Trimethyl-L-lysine was were higher in those with poorer cognition (Fig. 6B), whereas the levels of N-acetyl-L-tryptophan, a neuroprotective microbial metabolite117, was were higher in those with better cognition. These data support the premise for of profiling the gut microbiome’s metabolic activity of the gut microbiome in relation to cognition. However, plasma metabolomics cannot provide a direct readout of local-level microbial metabolite production, and that the prior analysis was based on only 117 metabolites. We will address this in Aim 3 by applying both fecal and plasma metabolomics with a wider coverage (~2,200 metabolites). Data Analysis. Aim 2.1: Interrelationships among MED diet, microbial metabolites, and cognition. Metabolite concentrations will be log-transformed. Hypothesis-driven analyses: We will build linear mixed models in MaAsLin2 that include MED diets as an independent variable and the abundance of candidate metabolites (including butyrate, TMAO, BCAAs, tryptophan metabolites, and secondary BAs) as dependent variables with adjustment for covariables described in Aim 1.1. We will examine fecal and plasma levels of candidate metabolites in relation to subsequent cognitive changes using linear mixed models described in Aim 1.1. Semi-supervised pathway analysis: Secondarily, we will evaluate the effects of MED diets on microbial metabolic pathways and the associations of these  pathways with cognition. We will first identify KEGG pathways involved in the microbial metabolism of MED diet components using iPath118. Second, the MetaboAnalystR119 will be applied to derive pre-defined metabolite sets for each pathway. Lastly, each metabolite set will be evaluated in relation to MED diet intake and cognition by calculating an enrichment score that reflects the degree to which the pathway is over-represented with by calculating permutation-based P -values calculated120. Aim 2.2: Microbial metabolic pathways that modify the effects of MED diet on cognition. Hypothesis-driven analyses: We will focus on metabolites that have been linked to microbial metabolism of dietary factors and cognitive health in previous studies. Linear mixed models, as described in Aim 1.2, will be used to test whether the candidate metabolite levels modify the effects of MED diets on cognition. Data-driven analyses: 1) We will apply a network-based method developed for metabolomics and tested for application in PREDIMED121 by first constructing a global network of all metabolites based on partial correlation coefficients and partitioning the global network into clusters of covarying metabolites using module detection methods. Then, we will apply the topological structure-based weights122 to capture a metabolic pathway as the weighted sum of metabolite abundance. Lastly, linear mixed models described above will be used to test the interactions between a pathway score and MED diet intake in relation to cognition. 2) The SuperLeaner approach will be applied to identify metabolites most significantly associated with MED diet intake. Secondarily, we will conduct a comparative analysis of plasma and fecal metabolomic data to investigate the microbial production of metabolites (feces), the bioavailability of microbial metabolites (plasma), and the microbe-host metabolite exchange. We will perform high-sensitivity pattern discovery on the metagenome, fecal metabolome, and plasma metabolome. Power Calculations. Aim 2.1: We estimate detectable effect sizes based on the distributions of metabolites in the PRISM cohort123. We will have 90% power to detect a 0.002 and a 9e-5 difference in the relative abundance of common and uncommon metabolites, respectively, comparing the MED diet to the control diet. Similar to that for Aim 1.1, we will have 86% power to detect a difference of 0.26 in standardized global cognition comparing high vs. low levels of a given metabolite. Aim 2.2: We conducted simulation-based calculations based on the HMP2124. For a metabolite with low variability (, e.g., butyrate), we will have 91% power to detect an interaction/main ratio of -1.7 (Fig. 5). For a metabolite with large variability (, e.g., taurocholate), we will have 93% power to detect an interaction/main ratio of 0.70. 	Comment by Editor: Aim 2 or Aim 3?	Comment by Editor: Is this what was menat?Fig. 6: Manhattan plot for metabolomic features of cognition (A) and distributions of select metabolites across cognitive status (B). Red vertical lines indicate mean metabolite levels. FDR P was from linear models adjusting for age, education, depression, and smoking.

B.8.3. Aim 3: To evaluate MED diet-microbiome interactions in the context of biomarker-measured neuropathogenesis. Preliminary Data. 1) MED diets  slows brain aging in the DIRECT-PLUS study. We recently reported the effects of MED diet on the slowing of MRI-measured brain aging, measured by based on hippocampal atrophy and lateral ventricle expansion, in the DIRECT-PLUS trial, with these effects being particularly pronounced in participants aged >50 yrs3 (Fig. 7A). This study also demonstrates revealed that an 18-month follow-up is sufficient to capture changes in MRI-measured hippocampal-occupancy (HOC) and lateral-ventricle volume (LVV, Fig. 7B). 2) Many microbial enzymes are cross-sectionally associated with HOC. Using baseline data from DIRECT-PLUS, our preliminary analysis identified s 89 microbial enzymes significantly associated with age- and sex-adjusted HOC. These include microbial enzymes involved in the biosynthesis of pro-neuroinflammatory bacterial membrane components (e.g., peptidoglycan, Fig. 7C)125, which were that are most significantly associated with HOC. ; eEnzymes involved in B vitamin metabolism and dietary fiber fermentation are enriched in those with higher HOC. These data support the premise of investigating MED diet-microbiome interactions in and their relationships with the biomarker-measured neuropathology of AD in Aim 3. Data Analysis. We will log-transform ICV-adjusted brain MRI indices (total brain volume, gray matter volume, white matter volume, white matter lesion volume, hippocampal volume) and blood biomarkers (Aβ42/Aβ40, pTau-231, pTau-181, NfL, GFAP, and BDNF). We will examine relationships between these biomarkers and the microbial features and fecal/ and plasma metabolites, and will  in relation to the biomarkers and test the interaction between a microbial feature/ metabolite and the MED diet in relation to these  biomarkers in linear mixed models described above. Secondary analyses: 1) Cognitive resilience64: We will apply the residual method64 and dynamic time-warping method to identify cognitive resilience phenotypes based on the cognitive measures and MRI and ATX(N) biomarkers, and we will  and link microbial features to the phenotypes using linear mixed models. 2) Mediation analyses to will be used to test the degree to which a) changes in the ATX(N) biomarkers mediate the effects of MED diet on cognitive changes using the causal mediation method. Power Calculations. Based on the distributions of MRI metrics in Gu et al126, our calculations yield have 90% power to detect differences of 28.5 ml for total brain volume, 16.5 ml for total gray matter volume, and 20.3 ml for total white matter volume comparing high vs. low levels of a microbial feature/ metabolite. Based on previous publications127-129, our calculations for have 90% power yield detectableto detect differences of 2.7 pg/ml for NFL, 1.05 pg/ml for pTau-181, 2.75 pg/ml for pTau-231, 22 pg/ml for GFAP, 9.1 μg/ml for BDNF and 0.0016 for Aβ42/Aβ40 comparing high vs. low levels of a microbial feature/ metabolite. 	Comment by Editor: This Legend for Fig. 7 says “media” – do you mean “median”?	Comment by Editor: I’m not sure I fully understood this – please double check it for clarity and accuracyFig. 7: DIRECT-PLUS: Effects of MED diets on MRI-measured brain aging (A), relative changes in hippocampal-occupancy (HOC) and lateral-ventricle volume (LVV) during 18 months (B), and abundance of microbial enzymes according to levels (>media vs. ≤media) of age- and sex-adjusted HOC at baseline (C). (A) and (B) are adapted from Ref#3.

B.8.5. Secondary Aims. 1) To quantify personalized responses to MED diets. We will apply machine learning algorithms, e.g.,  such as eXtreme Gradient Boosting, which  that has been applied to identify features predictive of personalized postprandial plasma glucose in RCTs130, to identify conventional risk factors such as the covariables covariates described above, host genetic variants (from a recent dementia GWAS105), and gut microbial and metabolomic features that predict individualized post-intervention cognitive changes (random slopes of age in linear mixed models). We will utilize the feature interaction constraints in the algorithms to model feature-MED diet interactions and calculate a score based on the features with significant interactions with the MED diet. Alternatively, we will calculate another score based on the identified gut microbial and fecal metabolomic features identified. We will calculate the scores as the weighted sum of the feature abundance or level of a conventional risk factor with the beta coefficients of an interaction term between MED diet intake  and the feature/risk factor from the models for interaction tests as weights. Participants with a lower score are more likely to have experiencea less cognitive decline by adhering to the MED diet, while those with a higher score need to focusmay benefit from focusing more on non-dietary modifiable risk factors of AD (, e.g., physical inactivity) and are target populations for interventions designed to modify the gut microbiome such as the fecal microbiota transplantation-enhanced dietary interventions that we reported recently68. 2) To identify dietary components of MED diets responsible for the post-intervention effects: By using dietary data, we will identify specific foods (e.g., extra-virgin olive oil) and nutrients (e.g., flavonoids) that explain the effects of MED diet on the gut microbiome and benefits of MED diet for slowing cognitive decline by modeling time-varying dietary intakes in relation to longitudinal changes in microbial and metabolomic features and cognitive function. 
Expected results & pitfalls:  We expect that the effects of MED diets will contribute to cognitive health partly through modulating the modulation of the gut microbiome, and the that these effects will vary based on individual-specific differences in geffects of MED diet on cognitive health will vary by individuals’ gut microbial profiles. Our There are several potential pitfalls to this study: study includes several pitfalls:1) We acknowledge the potential for missing data due to loss-to-follow-up. However, this risk is minimal due to the our very high retention rates (see B.2). The Oujr linear mixed models will account for the small amount of missingness under the missing-at-random assumption. 2) While our project, as an RCT, will greatly strengthen causal interpretations, additional functional validations will beare needed. 3) We recognize that the compositionality of microbiome data is a limitation shared by all sequencing-based microbiome studies. However, we will apply composition-aware and transformation-based methods that have been validated for the NIH HMP124 to account for compositionality. 4) The generalizability in of the DIRECT PLUS trial and its follow-up to other ethnic groups may be limited. Additionally, we have few women female participantsparticipating, reflecting the workplace (Nuclear Research Center) distribution, which will affect the generalizability of these results to women.  5) Study pParticipants were at high risk of cardiometabolic disease at on recruitment. Thus, the applicability of these results to groups at lower risk of cardiometabolic disease is uncertain.  However, our study holds exhibits several key various strengths:   1) The DIRECT PLUS is rigorous, with excellent compliance, high follow-up, and low drop-out rates. 2) This resource provides a unique opportunity to shed light on the pathogenic processes of ADRD by longitudinally assessing cognition and measuring brain MRI and blood biomarkers. 3) The availability of biospecimens at baseline and multiple times over follow-up allows us to prospectively assess the interaction between MED diet intake and the gut microbiome prospectively. 4) This study addresses an important public health issue (, i.e.,the need for more effective and precision precise ADRD prevention strategies)  for ADRD prevention, by applying cutting-edge multi’omics analyses to delineate the biological pathways underlying inter-individual variability in response to dietary interventions. 5) The bioinformatic and downstream analysis analytical tools are well-established and have been used in our previous studies. 6) The project includes a population encompassing a broad range of ages, providing a unique opportunity to determine the optimal time window for the dietary prevention of AD and to better characterize biological-clinical trajectories of cognitive declines. 7) The DIRECT PLUS study includes a rich dataset based on clinical interventions and an ongoing long-term follow-up. Some of the measurements were obtained using state-of-the-art tools (e.g., MRI) at multiple time points with for hundreds of participants.	Comment by Editor: You are missing a section at the end describing the resources available for the proposed study.	Comment by Editor: Perhaps end with a general summary statement regarding the impact of the proposed study?
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Table 2. Percentages of existing and proposed data in total samples at each

time point in PREDIMED-Plus and DIRECT-PLUS
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MGX: shotgun metagenomics; M
MBX: metabolomics; GWAS: genotyping array

TX: shotgun metatranscriptomics; Yr: Y

ear; Mo: Month
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