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A B S T R A C T

Background: Dietary patterns high in healthy minimally processed plant foods play an important role in modulating the gut microbiome and promoting
cardiometabolic health. Little is known on the diet–gut microbiome relationship in US Hispanics/Latinos, who have a high burden of obesity and diabetes.
Objective: In a cross-sectional analysis, we sought to examine the relationships of 3 healthy dietary patterns—the alternate Mediterranean diet (aMED),
the Healthy Eating Index (HEI)-2015, and the healthful plant-based diet index (hPDI)—with the gut microbiome in US Hispanic/Latino adults, and to
study the association of diet-related species with cardiometabolic traits.
Methods: The Hispanic Community Health Study/Study of Latinos is a multi-site community-based cohort. At baseline (2008-2011), diet was assessed
by using 2, 24-hour recalls. Shotgun sequencing was performed on stool samples collected in 2014-17 (n ¼ 2444). Analysis of Compositions of
Microbiomes 2 (ANCOM2) was used to identify the associations of dietary pattern scores with gut microbiome species and functions, adjusting for
sociodemographic, behavioral, and clinical covariates.
Results: Better diet quality according to multiple healthy dietary patterns was associated with a higher abundance of species from class Clostridia,
including [Eubacterium] eligens, Butyrivibrio crossotus, and Lachnospiraceae bacterium TF01-11, but functions related to better diet quality differed for
the dietary patterns (e.g., aMED with pyruvate:ferredoxin oxidoreductase, hPDI with L-arabinose/lactose transport). Poorer diet quality was associated
with a higher abundance of Acidaminococcus intestini and with functions of manganese/iron transport, adhesin protein transport, and nitrate reduction.
Some healthy diet pattern-enriched Clostridia species were related to more favorable cardiometabolic traits such as lower triglycerides and waist-to-hip
ratio.
Conclusions: Healthy dietary patterns in this population are associated with a higher abundance of fiber-fermenting Clostridia species in the gut
microbiome, consistent with previous studies in other racial/ethnic groups. Gut microbiota may be involved in the beneficial effect of higher diet quality
on cardiometabolic disease risk.

Keywords: gut microbiome, diet, Hispanic, Latino, cardiometabolic health, dietary pattern, Mediterranean diet, healthy eating index
Abbreviations used: aMED, alternate Mediterranean diet; ANCOM, Analysis of Composition of Microbiomes; CLR, centered log ratio; CVD, cardiovascular disease; DGA,
Dietary Guidelines for Americans; HCHS/SOL, Hispanic Community Health Study/Study of Latinos; HDL, high-density lipoprotein; HEI-2015, Healthy Eating Index 2015; HOMA-
IR, homeostatic model assessment of insulin resistance; hPDI, healthful plant-based diet index; JSD, Jensen-Shannon Divergence.
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Introduction

Poor diet quality is the leading risk factor for death globally, pri-
marily from cardiovascular disease (CVD) [1]. Diets high in sodium
and low in whole grains, fruit, and nuts and seeds are associated with
the highest risk of mortality [1], consistent with many observational
studies and clinical trials showing the significance of these dietary
factors in cardiometabolic disease risk [2–7]. Recognizing this evi-
dence, the Dietary Guidelines for Americans (DGA) issued by the US
Departments of Agriculture and Health and Human Services recom-
mends dietary patterns that are high in fruit, vegetables, and whole
grains and low in sodium, as well as other criteria [8]. Starting in 2015,
the DGA identified several healthful dietary patterns that should pro-
mote optimal health—the Healthy US-Style, Mediterranean style, and
vegetarian dietary patterns. Indeed, adherence to healthy dietary pat-
terns is associated with reduced CVD risk in large observational pro-
spective studies [9–11] and some randomized clinical trials [12, 13].

Biological mechanisms by which healthful dietary patterns exert
protective effects are complex and multifactorial, involving synergistic
actions of the individual foods and nutrients present in the dietary
pattern [14–17]. Importantly, the influence of diet is mediated not only
through effects on human cells but also through effects on
human-resident gut microbes [18]. Since the early landmark studies in
mice implicating the gut microbiome in dietary energy harvest and
diet-induced obesity [19–23] and proof-of-principle studies demon-
strating the impact of short-term extreme diet changes on the human
gut microbiome [24–26], population-level human studies have
revealed that long-term habitual food intakes are small but significant
determinants of gut microbiome composition [27–30]. Studies
focusing on healthy dietary patterns have found significant associations
with the gut microbiome [31–34], with higher diet quality (particularly
healthy plant food intake) associated with a higher abundance of
fiber-fermenting Firmicutes members (e.g., Roseburia, Feacalibacte-
rium). In addition, healthy diet-linked microbial species tend to asso-
ciate with favorable cardiometabolic profiles [31–33], supporting the
role of gut microbiota in diet-related disease risk [18]. However, mi-
crobial species related to healthy dietary patterns in diverse populations
remain elusive because most of the large extensively phenotyped gut
microbiome studies have been conducted in the populations of Euro-
pean ancestry [31, 32]. Variation in the human gut microbiome has
been widely observed across populations of different race/ethnicity
[35–37].

Here, we identify gut microbial species related to multiple healthy
dietary patterns in the Hispanic Community Health Study/Study of
Latinos (HCHS/SOL). US Hispanics hail from diverse genetic back-
grounds and countries of origin and harbor distinct gut microbiota
shaped by geographic relocation [38], providing an opportunity to
identify potentially novel gut microbiota related to healthy dietary
patterns. We additionally explore whether healthy diet-related gut
microbiota are associated with favorable cardiometabolic traits, of
particular importance in US Hispanics/Latinos with a high burden of
type 2 diabetes and other cardiometabolic risk factors [39–41].

Methods

Study cohort
The HCHS/SOL is a prospective, population-based cohort study of

16,415 Hispanic/Latino adults (aged 18-74 years at the time of
recruitment during 2008-2011) who were selected by using a multi-
stage probability sampling design from randomly sampled census
541
block areas within 4 US communities (Chicago, IL; Miami, FL; Bronx,
NY; and San Diego, CA) [42, 43]. The first (2008-2011) and second
(2014-2017) clinic visits entailed a comprehensive battery of in-
terviews and a clinical assessment with fasting blood draw, conducted
in-person by trained, certified, and bilingual staff. The first visit also
included collection of 2 24-hour dietary recalls, discussed in further
detail below. The current analysis used data from the HCHS/SOL Gut
Origins of Latino Diabetes ancillary study [38], which was conducted
to examine the role of gut microbiome composition on diabetes and
other outcomes, enrolling participants from the HCHS/SOL approxi-
mately concurrent with the second in-person HCHS/SOL visit cycle.
Starting with n¼ 3035 participants with a microbiome sample, we then
excluded participants with missing dietary data (n ¼ 50), prevalent
cancer (n ¼ 161), or with <500 K sequence reads in their microbiome
sample (n¼ 380), thus retaining n¼ 2444 participants for this analysis
(Figure 1A). There were no participants with implausible energy intake
(>6000 or <600 kcal/day in men or >4000 or <400 kcal/day in
women). The study was conducted with the approval of the Institu-
tional Review Boards of all HCHS/SOL study centers. Written
informed consent was provided by all study participants.

Diet assessment and calculation of dietary scores
Information on dietary intake was collected using 2 24-hour dietary

recalls [44, 45]. The first recall was administered through in-person
interviews conducted at the time of the first HCHS/SOL clinic visit,
whereas the second was performed primarily via telephone approxi-
mately 30 days after the first interview. Participants estimated portion
sizes with the use of food models (in-person) or a food-amount booklet
(for telephone interviews). Data on foods and nutrients were collected
and analyzed using the multiple-pass methods of Nutrition Data Sys-
tem for Research software (version 11) from the Nutrition Coordinating
Center at the University of Minnesota. Dietary data from both recalls
were then averaged for use in deriving dietary pattern scores. We
focused on 3 dietary patterns closely reflecting the 3 healthful patterns
in the DGA—the alternate Mediterranean diet (aMED), the Healthy
Eating Index (HEI)-2015, and the healthful plant-based diet index
(hPDI), with scoring criteria presented in Supplemental Figure 1.
Briefly, the aMED score was adapted by Fung et al. [46] to reflect
adherence to the Mediterranean diet, and each of its 9 components was
assigned 0 or 1 point according to intake median or moderate drinking,
with the total score ranging from 0 to 9. The Healthy Eating Index 2015
(HEI-2015) assesses the extent to which an individual’s diet aligns with
the 2015 to 2020 DGA, and it includes 13 components and ranges from
0 to 100 [47]. Although the aMED and HEI-2015 include both food
and nutrient components, the hPDI comprises solely food groups that
were coded based on intake quintiles [48, 49]. Higher intakes of 6
“healthy plant foods” (e.g., whole grains) were awarded points,
whereas intakes of 5 animal foods and 4 “less healthy plant foods”
(e.g., sugar-sweetened beverages and fruit juices) both were
reverse-coded, leading to a range of 15 to 75 for the total score of hPDI.
For all dietary patterns, a higher score indicates a healthier diet quality.

Microbiome measurement
Stool samples were collected by participants at their homes by using

stool collection kits provided at or around the time of the second
HCHS/SOL clinic visit [38]. Samples received in the laboratory were
immediately frozen at �80�C. The median time between sample
receipt in the laboratory and shipment for sequencing was 392 days
(range: 23-601). Shotgun sequencing was conducted in the Knight
laboratory at the University of California, San Diego by using a



FIGURE 1. Gut microbiome species associated with 3 healthy dietary patterns in the Hispanic Community Health Study/Study of Latinos (HCHS/SOL) (N ¼
2444). (A) Flow diagram of the exclusion criteria for the current analyses. (B) We used ANCOM2 to identify species for which species abundance was
associated with the alternate Mediterranean diet (aMED), the Healthy Eating Index (HEI)-2015, or the healthful plant-based diet index (hPDI) scores. ANCOM2
models were adjusted for age, sex, field center, Hispanic/Latino background, US nativity, antibiotics use, probiotics use, Bristol stool score, and total energy
intake. The number of species detected for each dietary score, and overlapping species, is shown in the Venn diagram. (C) For each species associated with at
least one dietary score in ANCOM2 (detection level �0.60), we show the mean relative abundance and the estimated effect size (Beta) per SD increase in dietary
score from multivariable linear regression models, with CLR-transformed species abundance as outcomes, adjusting for same covariates listed in (A). (D) A
network graph representing Spearman correlations among species associated with at least one dietary score. CLR-transformed species abundance was used for
correlations. Correlations greater than 0.20 with q < 0.05 are shown with lines, with line thickness corresponding to the magnitude of correlation. Green and red
lines represent positive and negative correlations, respectively. Sizes of the dots are based on relative abundance of the species. CLR, centered log ratio.
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shallow approach [50, 51]. Briefly, DNA is extracted from fecal sam-
ples following the Earth Microbiome Project protocol [52]. Input DNA
is quantified by using a PicoGreen fluorescence assay (ThermoFisher,
Inc.) and is normalized to 1 ng by using an Echo 550 acoustic
liquid-handling robot (Labcyte, Inc.). Enzyme mixes for fragmentation,
end repair and A-tailing, ligation, and PCR are added by using a
Mosquito HV micropipetting robot (TTP Labtech). Fragmentation is
performed at 37�C for 20 minutes, followed by end repair and A-tailing
at 65�C for 30 minutes. Sequencing adapters and barcode indices are
added in 2 steps, following the iTru adapter protocol [53]. Universal
“stub” adapter molecules and ligase mix are first added to the
end-repaired DNA by using the Mosquito HV robot, and ligation was
performed at 20�C for 1 hour. Unligated adapters and adapter dimers
are removed by using AMPure XP magnetic beads and a BlueCat
purification robot (BlueCat Bio). Next, individual i7 and i5 are added to
542
the adapter-ligated samples by using the Echo 550 robot. Then, eluted
bead-washed ligated samples are added to the PCR master mix and are
PCR-amplified for 15 cycles. The amplified and indexed libraries are
purified again by using magnetic beads and the BlueCat robot, resus-
pended in water, and transferred to a 384-well plate by using the
Mosquito HTS liquid-handling robot for library quantitation,
sequencing, and storage. Samples are then normalized based on a
PicoGreen fluorescence assay, for sequencing on Illumina NovaSeq.

Microbiome bioinformatics processing
FASTQ sequence reads were demultiplexed, sequence adapters

were trimmed, and reads mapping to the human genome identified by
using Bowtie2 [54] were removed. The quality-controlled paired-end
sequences were then aligned against the NCBI RefSeq representative
prokaryotic genome collection (release 82) [55] by using Bowtie2 [54],
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and per strain coverage was calculated by using the default SHOGUN
[50, 56] settings. Reads mapping to a single reference genome are
labeled with NCBI taxonomy at the species level, whereas reads
mapping to multiple genomes are labeled with the lowest common
ancestor [50]. Species tables were subset to bacterial species only
(making up >99.5% of reads), and indices of α-diversity (Shannon
diversity index) and β-diversity Jensen-Shannon Divergence (JSD)
were calculated by using “vegan” and “phyloseq” packages in R [57,
58]. Functional profiles were obtained by using SHOGUN through
sequence alignment to a nucleotide gene database derived from NCBI
RefSeq (release 82) and annotated with the Kyoto Encyclopedia of
Genes and Genomes (KEGG) orthology [56, 59].

Assessment of cardiometabolic traits
Cardiometabolic traits were based on the data collected at HCHS/

SOL visit 2. By using an automatic sphygmomanometer, 3 seated
blood pressure measures were obtained for each participant after a 5-
minute rest period, and means of the second and third measurements
were used to derive systolic blood pressure and diastolic blood pressure
[60]. Centralized laboratory tests included blood glucose, insulin, he-
moglobin A1c, triglycerides, and total high-density lipoprotein (HDL)
and low-density lipoprotein cholesterol, all measured after overnight
fast [61]. Homeostatic model assessment of insulin resistance
(HOMA-IR) was derived by using a common equation based on fasting
glucose and insulin [62].

Other covariates
Participant characteristics were included for statistical adjustment in

our analysis, based on known or suspected relationships with diet and/
or the gut microbiome. These included age (years), sex (male, female),
field center (Bronx, Chicago, San Diego, and Miami), Hispanic/Latino
background (Central or South American, Cuban, Dominican, Mexican,
Puerto Rican, and more than one heritage), US nativity (born in 50 US
states/DC or not born in the 50 US states/DC), use of antibiotics in past
6 months (yes or no), use of probiotics in past 6 months (yes or no),
Bristol stool score (8 categories), total dietary energy intake (kcal/day),
educational attainment (<9th grade, at least some high school, high
school diploma, and more than high school), income (�20K, 20-40 K,
and >40 K), smoking history (never, former, and current), alcohol use
(none, low, and high), physical activity based on the Global Physical
Activity Questionnaire (MET-min/day), BMI (kg/m2), prevalent dia-
betes (yes or no), prevalent CVD (yes or no), use of lipid-lowering
medication (yes or no), and use of blood pressure medication (yes or
no). With the exception of total energy intake, all other covariates are
based on the data collected at HCHS/SOL visit 2. Missing covariate
data were imputed at the median and mode for continuous and cate-
gorical variables, respectively, except for categorical variables with
>1%missing, for which a missing category was created (Supplemental
Tables 1-3).

Statistical analysis

General principles
Primary data analysis goals were to relate dietary patterns with gut

microbiome features and then to examine the relationship of diet-
related gut microbiome features with cardiometabolic traits. For
examining the associations of diet with gut microbiome features,
continuous dietary pattern scores were Z-score standardized, and nes-
ted models were developed to serially adjust for the sets of potentially
confounding variables: Model 1 (demographic factors, microbiome-
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related factors, and total energy intake)—age, sex, field center, His-
panic/Latino background, US nativity, antibiotics use, probiotics use,
Bristol stool score, and total energy intake—Model 2 (socioeconomic
and behavioral factors)—additionally adjusted for educational attain-
ment, income, smoking history, alcohol use, and physical activity—and
Model 3 (cardiometabolic factors)—additionally adjusted for BMI,
prevalent diabetes, prevalent CVD, use of lipid-lowering medication,
and use of blood pressure medication. All statistical analyses were
conducted in R version 3.6.3.

Within-subject (α-) and between-subject (β-) diversity
Multivariable linear regression was used to examine the associa-

tions of dietary patterns with the Shannon diversity index, adjusting for
covariates as described above. Permutational multivariate analysis of
variance was used to assess the association of dietary patterns with
overall microbiome composition, as measured by the JSD, adjusting for
aforementioned covariates. In a sensitivity analysis, we excluded par-
ticipants with prevalent diabetes and CVD.

Species, functional modules, and orthologs
Microbial species, KEGG functional modules, and KEGG ortho-

logs were analyzed in the following 2 stages: first by using the Analysis
of Composition of Microbiomes (ANCOM2) method (implemented
with the “ancom” function in the “ANCOMBC” Bioconductor pack-
age) [63], followed by confirmatory multivariable linear regression,
described below. ANCOM2 was used to detect species, functional
modules, and orthologs associated with dietary patterns, adjusting for
Model 1 covariates described above. We controlled the false discovery
rate at 10% and excluded species, modules, or orthologs from testing if
they were present in <20% of the study population. We also excluded
modules for which the average coverage was <50% and orthologs that
were not annotated with enzyme information. An ANCOM detection
level�0.6 was considered significant–this level indicates that the ratios
of the species, module, or ortholog to at least 60% of other taxa,
modules, or orthologs were detected to be significantly associated with
a dietary pattern (false discovery rate q < 0.10). These thresholds were
chosen to minimize false negatives because diet is well known to
broadly affect the gut microbiome and to facilitate comparison across
the dietary patterns. For the ANCOM-selected species, modules, and
orthologs, we constructed multivariable linear regression models, with
the centered log ratio (CLR)-transformed species/module/ortholog
abundance as outcomes and dietary pattern as the main predictor,
adjusting for covariates in Models 1, 2, and 3 described above. Partial
Spearman’s correlations (adjusting for Model 1 covariates) were used
to assess the relationships of ANCOM-selected microbiome features
(species, modules, and orthologs) with individual diet score compo-
nents (e.g., fruit and whole grains).

Association with cardiometabolic traits
This analysis was performed in a subset of participants not taking

antidiabetic, antihypertensive, or lipid-lowering medications to avoid
bias of reverse causation (i.e., disease-related medication use influ-
encing the gut microbiome). Multivariable linear regression was used
to examine the association of CLR-transformed gut microbial species,
modules, and orthologs (predictors) with continuous Z-score stan-
dardized cardiometabolic traits (outcomes), adjusting for Model 1
covariates. All species/modules/orthologs related to at least one dietary
pattern were included. We also checked the association of the diet
scores with the cardiometabolic traits in multivariable linear regression
models adjusting for age, sex, field center, Hispanic/Latino back-
ground, US nativity, and total energy intake. We developed a healthy
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diet-related microbiome score to relate with cardiometabolic traits.
First, the CLR-transformed abundance of species associated with at
least 2 dietary patterns was Z-score standardized to give equal weight
to each species; then, those species related to a better diet were sum-
med, whereas species related to a poorer diet were substracted within
each participant to derive the score.

Results

Participant characteristics
Data from 2444 participants (65% women) were included in the

current analysis, with a median age of 58 years (interquartile range 52-
64). Participants with healthier dietary patterns according to the aMED,
HEI-2015, and hPDI were more likely to be older, to have been born
TABLE 1
Characteristics of participants according to healthy dietary patterns in the Hispani

aMED quintile

1 (score 0-2) 5 (score 6-9)

n 642 250
Age, y; median (IQR) 57 (50-63) 58 (53-64)
BMI, kg; median (IQR) 29.7 (26.6-

33.9)
28.84 (25.6-
32.2)

Women, % 64.5 66.0
Center, %
Bronx 38.6 9.6
Chicago 23.1 31.2
Miami 26.3 10.0
San Diego 12.0 49.2

Hispanic/Latino background, %
Dominican 10.9 7.6
Central/South American 7.5 10.0
Cuban 20.7 6.0
Mexican 20.9 66.4
Puerto Rican 31.8 4.4
More than 1 heritage 6.7 4.4

Education, %
<9th grade 18.2 27.6
Some HS 13.1 10.8
HS diploma 25.6 21.6
More than HS 42.2 38.4

Income, %
�20K 45.3 36.4
>20-40K 28.0 27.2
>40K 19.5 32.8

Cigarette use, %
Never smoker 56.4 66.0
Former smoker 24.9 28.0
Current smoker 18.7 6.0

Alcohol use, %
No current use 45.8 48.0
Low level use 51.3 48.8
High level use 3.0 3.2

GPAQ total physical activity MET-min/d,
median (IQR)

120.0 (0-
530.0)

171.4 (28.6-
677.1)

Probiotics in the past 6 months, % 6.4 12.4
Antibiotics in the past 6 months, % 28.2 27.2
US born, % 21.0 9.2
Prevalent diabetes, % 27.7 28.4
Prevalent cardiovascular disease, % 8.7 5.2
Blood pressure medication use, % 38.5 30.8
Lipid-lowering medication use, % 21.7 19.6
Antidiabetic medication use, % 19.2 15.6

1 Only 1st and 5th quintiles are included here because of space constraints. Fu
missing for each characteristic, and P values for association of dietary pattern qui
Healthy Eating Index 2015; hPDI, healthful plant-based diet index.
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outside the United States, to be of Mexican background, to be never
smokers, and to have less educational attainment (Table 1; Supple-
mental Tables 1-3). In addition, a higher aMED score was associated
with lower BMI, higher income, higher physical activity, and higher
probiotics usage; a higher HEI-2015 score was associated with female
sex and higher prevalence of diabetes; and a higher hPDI score was
associated with female sex, lower alcohol use, lower physical activity,
and higher prevalence of diabetes (Table 1; Supplemental Tables 1-3).
Dietary patterns and overall microbiome diversity and
composition

The 3 dietary patterns were not associated with gut microbiome
α-diversity, as measured by the Shannon diversity index, in nested
multivariable linear regression models adjusting for demographic
c Community Health Study/Study of Latinos (n ¼ 2444)1

HEI-2015 quintile hPDI quintile

1 (score<47.1) 5 (score�71.1) 1 (score<42) 5 (score�53)

487 485 445 470
56 (51-63) 58 (52-65) 54 (47-61) 60 (54-66)
29.8 (26.5-33.6) 29.3 (26.0-32.8) 29.4 (26.1-33.7) 29.4 (26.1-32.4)

61.2 71.8 48.8 78.3

37.4 12.8 31.0 24.3
22.2 37.7 24.0 32.3
29.8 7.2 27.2 11.9
10.7 42.3 17.8 31.5

9.7 6.6 7.6 15.3
8.6 8.0 7.0 10.4
22.2 5.0 20.2 5.1
18.1 67.8 27.4 53.6
33.1 7.2 29.4 8.7
7.4 4.1 6.3 5.7

18.5 32.8 12.8 37.7
10.1 9.5 11.0 10.0
25.1 21.9 26.5 17.9
45.4 34.9 48.5 33.2

42.9 35.9 39.6 40.0
30.4 32.6 31.0 28.9
20.9 25.8 24.7 23.2

56.5 71.8 53.5 67.0
24.2 21.7 25.8 23.2
19.3 6.6 20.7 9.8

43.5 52.0 36.9 51.1
52.0 45.0 59.3 45.7
4.5 3.1 3.8 3.2
137.14 (0-
587.1)

171.4 (25.7-
600)

180.0 (11.4-
874.3)

132.9 (17.1-
426.4)

7.4 10.5 7.4 11.7
26.9 27.0 26.1 33.6
21.2 8.0 28.8 6.0
25.9 35.1 23.4 35.5
8.4 8.0 7.2 7.9
36.1 34.2 31.2 37.9
18.1 25.6 19.1 26.8
17.3 24.7 15.1 26.0

ll versions located in Supplemental Tables 1-3 include all quintiles, number
ntile with the characteristics. aMED, alternate Mediterranean diet; HEI-2015,
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factors, microbiome-related factors, and total energy intake (Model 1);
socioeconomic and behavioral factors (Model 2); and cardiometabolic
factors (Model 3) (Supplemental Table 4). The aMED and hPDI scores
were marginally related to the overall gut microbiome composition
assessed by the JSD in Permutational multivariate analysis of variance
models with full covariate adjustment (P ¼ 0.07 for both), whereas the
HEI-2015 score was not (P ¼ 0.22) (Supplemental Table 5). These re-
sults were consistent in a sensitivity analysis excluding participants with
prevalent diabetes and CVD (n ¼ 1615; Supplemental Tables 4 and 5).

Dietary patterns and gut microbiome species abundance
Of the 494 gut microbiome species tested, a total of 18, 15, and 9

species met the ANCOM2 criteria for association with the aMED, HEI-
FIGURE 2. Correlations of diet score food components with diet score-related sp
(HCHS/SOL) (N ¼ 2444). The heatmap displays partial Spearman correlations o
dance, adjusted for age, sex, field center, Hispanic/Latino background, US nativit
The dietary score (aMED, HEI-2015, or hPDI) relevant to each food component
components of multiple dietary scores). Side annotation for species/modules indi
module category, and whether the species/module was detected with ANCOM2 fo
for the false discovery rate. #P < 0.05, *q < 0.05, **q < 0.01, ***q < 0.001,
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2015, and hPDI dietary patterns, respectively, adjusting for de-
mographic factors, microbiome-related factors, and total energy intake.
Among these species, all of which had the same direction of association
with the 3 dietary patterns, 9 overlapped in ANCOM2 detection for 2
dietary patterns, and 4 overlapped for all 3 patterns (Figure 1B; Sup-
plemental Table 6). A higher score for all 3 dietary patterns was
associated with a higher abundance of [Eubacterium] eligens, Butyr-
ivibrio crossotus, and Lachnospiraceae bacterium TF01-11 and a
lower abundance of Acidaminococcus intestini (Figure 1C). Higher
aMED and HEI-2015 scores were both additionally associated with a
higher abundance of Coprococcus eutactus, Anaerostipes hadrus,
Ruminococcus lactaris, and Roseburia hominis and a lower abundance
of Bifidobacterium bifidum. Higher aMED and hPDI scores were both
ecies and modules in the Hispanic Community Health Study/Study of Latinos
f food components with CLR-transformed (A) species or (B) module abun-
y, antibiotics use, probiotics use, Bristol stool score, and total energy intake.
is shown in parentheses next to the food component (note: some foods were
cates direction of association with overall dietary scores, taxonomic class or
r the aMED, HEI-2015, or hPDI scores. P values (per species) were adjusted
****q < 0.0001. CLR, centered log ratio.
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additionally related to a higher abundance of Bacterium LF-3 and
Roseburia intestinalis and a lower abundance of Megasphaera mas-
siliensis. Finally, higher HEI-2015 and hPDI scores were both addi-
tionally associated with the reduced abundance of Mogibacterium
timidum. These associations remained consistent on further adjustment
for socioeconomic/behavioral factors and cardiometabolic factors in
multivariable linear regression models (Supplemental Table 6). Most
species associated with better diet quality were from the class Clos-
tridia, whereas the species associated with poorer diet quality were
from a more diverse taxonomic range (Figure 1C). Most healthy diet
pattern-enriched Clostridia species formed a positive correlation
network with each other (Figure 1D). Flavonifractor plautii, a species
from Clostridia associated with a lower aMED dietary score, negatively
correlated with many of the other Clostridia species (Figure 1D).

Gut microbiome species that were enriched with better diet quality
tended to be positively correlated with dietary intake of whole grains,
nuts, vegetables, and fruit and negatively correlated with a dietary
intake of red and processed meat, refined grains, and saturated fat
FIGURE 3. Gut microbiome functions associated with healthy dietary patterns in
2444). (A) We used ANCOM2 to identify KEGG modules for which abundance
Eating Index (HEI)-2015, or the healthful plant-based diet index (hPDI) scores.
background, US nativity, antibiotics use, probiotics use, Bristol stool score, and tot
ANCOM2 (detection level �0.60), we show the estimated effect size (Beta) per S
CLR-transformed module abundance as outcomes, adjusting for same covariates
KEGG orthologs associated with dietary pattern scores. The number of orthologs
Venn diagram. (C) For all tested KEGG orthologs, we show the estimated effect si
models, with CLR-transformed ortholog abundance as outcomes, adjusting for sam
and colored by the ANCOM2 detection level. Orthologs named on the plot are t

546
(Figure 2A). Dietary intake of whole grains, in particular, was most
strongly correlated with diet pattern-related species.

Dietary patterns and gut microbiome functional capacity
Of the 281 KEGG functional modules tested, a total of 9, 6, and 12

modules met the ANCOM2 criteria for association with the aMED,
HEI-2015, and hPDI dietary patterns, respectively, adjusting for de-
mographic factors, microbiome-related factors, and total energy intake
(Figure 3A; Supplemental Table 7). Most diet pattern-related modules
belonged to the overarching “environmental information processing”
KEGG pathway (Supplemental Table 7). Although no modules were
associated with all 3 dietary scores, higher aMED and HEI-2015 scores
were both associated with a lower abundance of the “manganese/iron
transport system,” and higher HEI-2015 and hPDI scores were both
associated with a lower abundance of the “adhesin protein transport
system” (Figure 3A). The direction of association for dietary pattern
scores with functional modules was usually consistent for all 3 scores,
although some functional modules were uniquely associated with a
the Hispanic Community Health Study/Study of Latinos (HCHS/SOL) (N ¼
was associated with the alternate Mediterranean diet (aMED), the Healthy
ANCOM2 models were adjusted for age, sex, field center, Hispanic/Latino
al energy intake. For each module associated with at least one dietary score in
D increase in dietary score from multivariable linear regression models, with
as used in ANCOM2. (B) We used ANCOM2, as described in (A), to detect
detected for each dietary score, and overlapping orthologs, is shown in the

ze (Beta) per SD increase in dietary score from multivariable linear regression
e covariates as above. Orthologs are grouped by level 1 enzyme classification
hose that overlapped for all 3 dietary patterns. CLR, centered log ratio.
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specific dietary pattern, such as the “branched-chain amino acid
transport system” with the aMED score, and the “L-arabinose/lactose
transport system” with the hPDI score (Figure 3A). Associations of
dietary patterns with modules remained consistent on additional
adjustment for socioeconomic/behavioral and cardiometabolic factors
(Supplemental Table 7). Functional modules uniquely associated with
the aMED score, such as the “branched-chain amino acid transport
system,” “pyruvate:ferredoxin oxidoreductase,” and “oligogalactur-
onide transport system,” were positively correlated with a dietary
intake of whole grains, fruit, and nuts and negatively correlated with
red and processed meat intake, whereas modules uniquely associated
with the hPDI score were positively correlated with vegetable oil intake
and negatively correlated with dairy intake (Figure 2B).

Finally, of the 1991 KEGG orthologs tested, a total of 65, 67, and 38
orthologs met the ANCOM2 criteria for association with the aMED,
HEI-2015, and hPDI dietary patterns, respectively (Figure 3B; Sup-
plemental Table 8). The ANCOM2-detected orthologs differed greatly
for the 3 dietary patterns (Figure 3B, C). However, all 3 dietary patterns
were associated with a lower abundance of adenylate cyclase, nitrate
reductase (K00371), succinate-semialdehyde dehydrogenase
[NAD(P)þ], and 2-C-methyl-D-erythritol 4-phosphate cytidyly-
transferase (Figure 3C). In addition, higher aMED and HEI-2015
scores were associated with a lower abundance of NAD(P)þ trans-
hydrogenase (AB-specific) and glutamate dehydrogenase, whereas
higher HEI-2015 and hPDI scores were associated with a lower
abundance of nitrate reductase (K00370), nitrate reductase (K00374),
RNA helicase, and sulfur carrier protein ThiS adenylyltransferase
(Supplemental Table 8). These orthologs that were inversely associated
with multiple dietary patterns tended to be positively correlated with a
dietary intake of refined grains and negatively correlated with an intake
of vegetables, fruit, nuts, and whole grains (Supplemental Figure 2).

Healthy diet pattern-enriched gut microbiome species tended to be
positively correlated with diet pattern-enriched KEGG modules (Sup-
plemental Figure 3A). In particular, the abundance of Roseburia hominis
was strongly positively correlated with the abundance of aMED-
enriched modules, including pyruvate:ferredoxin oxidoreductase and
transport systems for branched-chain amino acids, sn-glycerol phos-
phate, oligogalacturonide, lipopolysaccharide, phosphonate, and techoic
acid. In addition, positive correlations were observed between species
and KEGG orthologs related to poorer diet quality (Supplemental
Figure 3B). Particularly strong positive correlations were observed for
Acidaminococcus intestini and 2-C-methyl-D-erythritol 4-phosphate
cytidylytransferase, and Bifidobacterium bifidum and NAD(P)þ trans-
hydrogenase (AB-specific). A search of the Acidaminococcus intestini
and Bifidobacterium bifidum genomes in the KEGG database revealed
that these species do contain the respective gene orthologs (https://www.
genome.jp/kegg/catalog/org_list.html) [59].

Diet pattern-related gut microbiota and cardiometabolic
traits

When exploring the associations of dietary pattern scores with
continuous markers of dyslipidemia, glycemic control, adiposity, and
hypertension in multivariable linear regression models adjusting for
demographic factors and total energy intake, we observed that higher
aMED scores were significantly related to lower fasting insulin,
HOMA-IR, and waist-to-hip ratio; higher HEI-2015 scores were
related to lower fasting insulin; and the hPDI scores were not related to
any cardiometabolic traits (Supplemental Table 9). We next examined
associations of diet pattern-related gut microbiome species, modules,
and orthologs with the cardiometabolic traits in multivariable linear
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regression models adjusting for demographic factors, microbiome-
related factors, and total energy intake (Figure 4; Supplemental Fig-
ures 4 and 5). Healthy diet pattern-enriched Clostridia species tended to
be associated with more favorable cardiometabolic profiles, although
not always. For example, healthy diet pattern-enriched Ruminococcus
lactaris, Lachnospiraceae bacterium TF01-11, Butyrivibrio crossotus,
and [Eubacterium] eligens were associated with lower triglycerides;
Ruminococcus lactaris and Marvinbryantia formatexigens were asso-
ciated with lower fasting insulin and HOMA-IR; and Anaerostipes
hadrus and Marvinbryantia formatexigens were related to lower waist
circumference and waist-to-hip ratio (Figure 4). Unexpectedly, healthy
diet pattern-enriched Ruminococcus bicirculans, Roseburia hominis,
Roseburia intestinalis, and Coprococcus eutactus were associated with
lower HDL cholesterol and Flavonifractor plautii, the only Clostridia
species related to poorer diet quality, was associated with a more
favorable cardiometabolic profile, including lower waist circumfer-
ence, waist-to-hip ratio, BMI, fasting glucose, and hemoglobin A1c
(Figure 4). Some species related to poorer diet quality were associated
with unfavorable cardiometabolic profiles, such as Collinsella intesti-
nalis with higher blood pressure and Bifidobacterium bifidum with
higher waist circumference, waist-to-hip ratio, fasting insulin, and
HOMA-IR. To form a clearer picture of the healthy diet-related
microbiome and cardiometabolic health, we developed a microbiome
score that included all species associated with at least 2 dietary patterns.
The healthy diet-related microbiome score was related to lower fasting
insulin, HOMA-IR, and waist-to-hip ratio (Figure 4).

Similarly, some functional modules and orthologs positively related
to the aMED score (e.g., pyruvate:ferredoxin oxidoreductase) were
associated with more favorable cardiometabolic traits (i.e., lower BMI
and waist circumference), whereas others were unexpectedly related to
lower HDL cholesterol (Supplemental Figures 4 and 5). In addition,
unexpectedly, modules and orthologs related uniquely to the hPDI
score were associated with higher BMI, waist circumference, fasting
insulin, and HOMA-IR (Supplemental Figures 4 and 5).

Discussion

In this large study of diet quality and the gut microbiome in US
Hispanic/Latino adults, better diet quality according to multiple diet
patterns was associated with enrichment of a Clostridia species network
and lower functional capacity for microbial manganese/iron transport
and nitrate reduction, among others. Intakes of whole grains, fruit, and
vegetables—common components of the aMED, HEI-2015, and hPDI
patterns—were the strongest drivers of dietary pattern-related gut
microbe composition. By contrast, components specific to a dietary
pattern, such as nuts (aMED) and vegetable oils (hPDI), may have
driven different associations of the dietary patterns with gut micro-
biome functions. Some healthy diet-enriched Clostridia species were
related to more favorable cardiometabolic traits, suggesting that gut
microbiota may be involved in the protective effect of diet quality on
cardiometabolic disease.

Previous large epidemiological studies have examined the associ-
ations of dietary patterns with the gut microbiome, focused mostly in
the populations of European ancestry. We replicated several of their
findings, indicating some universal gut microbiome signatures of diet
quality. For example, studies with deep shotgun sequencing such as the
U.K./US PREDICT1 (n ¼ 1098) and the Dutch Lifelines (n ¼ 8208)
reported that better diet quality related to enrichment of Eubacterium
eligens, Roseburia hominis, Ruminococcus lactaris, Haemophilus
parainfluenzae, Anaerostipes hadrus, and Butyrivibrio crossotus and

https://www.genome.jp/kegg/catalog/org_list.html
https://www.genome.jp/kegg/catalog/org_list.html


FIGURE 4. Associations of diet score-related gut microbiome species with cardiometabolic traits in the Hispanic Community Health Study/Study of Latinos
(HCHS/SOL) (N ¼ 1084). Continuous cardiometabolic trait outcomes were Z-score standardized and used as outcomes in multivariable linear regression
models, with CLR-transformed species (or healthy diet-related microbiome score) as the main predictor and adjusting for age, sex, field center, Hispanic/Latino
background, US nativity, antibiotics use, probiotics use, Bristol stool score, and total energy intake. N ¼ 1084 after excluding participants taking lipid-lowering,
antidiabetic, or antihypertensive medications for this analysis. Side annotation for species indicates direction of association with overall dietary scores, taxo-
nomic class, and whether the species was detected with ANCOM2 for the aMED, HEI-2015, or hPDI scores. P values (per species) were adjusted for the false
discovery rate. #P < 0.05, *q < 0.05, **q < 0.01, ***q < 0.001, ****q < 0.0001. CLR, centered log ratio.
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depletion of Bifidobacterium bifidum and Flavonifractor plautii (31,
32), similar to our findings. Studies with 16S rRNA gene sequencing in
Germany (n ¼ 1992), the United States (n ¼ 1735), and China (n ¼
1920) found associations of better diet quality with enrichment of
Lachnospiraceae, Roseburia, Coprococcus, Ruminococcus, and
Anaerostipes and depletion of Collinsella and Acidaminococcus [33,
34, 64]. Moreover, a randomized trial in Europe (n ¼ 612) found that
1-year Mediterranean diet intervention enriched operational taxonomic
units (OTUs) from Eubacterium eligens, Roseburia hominis, and
Anaerostipes hadrus and decreased OTUs from Flavonifractor plautii
and Mogibacterium [65]. Despite these similarities, the relationship of
diet quality with the gut microbiome may differ in US Hispanic/Lati-
nos. For example, previous studies identified a strong association of
better diet quality with an increased abundance of Faecalibacterium
prausnitzii and a decreased abundance of Clostridium species, which
we did not observe here. Although carriage of Faecalibacterium
prausnitzii in our study was 100%, the average relative abundance was
low (1.84%) compared with other populations [66]. Unique compo-
nents of US Hispanic/Latino diets [44, 67] or gut microbiomes [38],
genetic background, and high prevalence of metabolic disease could
contribute to inconsistencies with other studies. Previous research has
shown that although food and nutrient intakes differ between US
Hispanic/Latino subgroups [44], US Hispanics/Latinos, on average,
have higher diet quality according to the aMED, HEI-2015, and hPDI,
compared with US non-Hispanic Whites and non-Hispanic Blacks [10,
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67, 68]. However, higher acculturation and being born in the United
States are associated with poorer diet quality among US Hispa-
nics/Latinos [67,69,70]. Interestingly, we found that Acidaminococcus
intestini and Megasphaera massiliensis were related to poorer diet
quality, and these genera were related to longer exposure to the United
States in our previous HCHS/SOL analysis [38], suggesting that the
history of relocation could underlie some diet–gut microbiome re-
lationships in US Hispanics/Latinos.

Diet broadly influences the functional capacity of the gut micro-
biome, driven largely by microbial metabolism of complex plant
polysaccharides [22, 24, 71]. The prominent role of healthy plant food
intake in shaping the gut microbiome may explain the many similar
species associations for the 3 dietary patterns because each pattern
places great emphasis on minimally processed plant foods including
whole grains, fruit, and vegetables. Enrichment of Eubacterium eli-
gens, Roseburia hominis, and other Clostridia species with healthier
diet patterns is likely related to their ability to ferment complex dietary
fibers in plant-based foods [24]. Similarly, enrichment of the pyr-
uvate:ferredoxin oxidoreductase pathway [72, 73] and the transport
system for oligogalacturonide [74] with the aMED score may also
reflect higher plant food intake and fiber fermentation. On the other
hand, microbial functions associated with poorer diets may reflect a
higher intake of red and processed meat (aMED, hPDI), refined grains
(HEI-2015, hPDI), or sodium (HEI-2015). For example, the transport
system for manganese/iron was inversely related to the aMED score
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and positively correlated with red and processed meat intake, which
could relate to the high concentrations of iron in meat foods. Functional
pathways associated uniquely with the hPDI pattern, such as transport
systems for L-arabinose/lactose and sulfate, were driven by a higher
dietary intake of vegetable oils and a lower intake of dairy products.
Because the hPDI was the only dietary pattern to positively rate all
vegetables oils and negatively rate all animal foods, microbiome
functions related uniquely to the hPDI score may be compensatory for
reduced dietary availability of certain nutrients (e.g., lactose). The
multitude and complexity of dietary interactions with gut microbiota
[71] clearly result in shifts in gut microbiome functionality, with some
consistency but also with some specificity across dietary patterns.

Our results suggest that some healthy diet enriched gut species and
functions may favorably influence cardiometabolic health. The idea of
a “healthy microbiome signature,” related to both a healthy diet and
physical health, has been purported by several studies [31, 32, 75].
Consistently, we observed a group of healthy diet-enriched species
(Anaerostipes hadrus, Ruminococcus lactaris, Lachnospiraceae bac-
terium TF01-11, Butyrivibrio crossotus, [Eubacterium] eligens, and
Marvinbryantia formatexigens) and functions (pyruvate:ferredoxin
oxidoreductase) associated with favorable cardiometabolic traits. Pre-
vious studies also related Butyrivibrio crossotus and [Eubacterium]
eligens with a better diet and favorable cardiometabolic health [31, 32,
76]. Some of our poorer diet-related microbial functions suggest
increased susceptibility to infection, such as the adhesin protein
transport system [77], KinB-AlgB regulatory system [78], adenylate
cyclase [79], and succinate-semialdehyde dehydrogenase [80]. Unex-
pectedly, poorer diet-related Flavonifractor plautii was associated with
favorable glycemic and body weight traits, whereas some healthy
diet-enriched species (e.g., Roseburia hominis) were associated with
lower HDL cholesterol. Microbial functional pathways related
uniquely to the hPDI score were associated with higher BMI and
HOMA-IR, possibly suggesting that the hPDI pattern does not promote
an optimal gut microbiome for cardiometabolic health.

This study was strengthened by large sample size, comprehensive
participant data allowing for the control of confounders, and the diverse
US Hispanic/Latino population, complementing studies in other racial/
ethnic groups. Our study was limited by its cross-sectional design,
precluding the temporal analysis of diet, gut microbiome, and disease
risk, and possibly limited in generalizability to other racial/ethnic
groups. Our analysis was exploratory, by using lenient significance
thresholds to minimize false negatives and facilitate comparison across
dietary patterns. Dietary assessment was performed �6 years before
stool sample collection; hence, the changes over time in diet may have
diluted or obscured associations. The 24-hour dietary recall method
may not capture the long-term diet or rarer foods. However, dietary
patterns, at least those measured by the food frequency questionnaire
[81], and the gut microbiome [82] exhibit a level of stability over years.
Our replication of multiple diet pattern-associated species from other
large studies supports that the diet measures used here captured suffi-
cient long-term dietary patterns, at least to the extent that we could
observe expected relationships with the gut microbiome.

In conclusion, healthy dietary patterns in US Hispanics/Latinos
are associated with enrichment of fiber-fermenting gut Clostridia
species, replicating findings from other large study populations.
Interestingly, Faecalibacterium prausnitzii, associated with good diet
quality in numerous studies across different populations [31–34, 64,
76], was not associated with diet quality here—underlining the
importance of replication in diverse populations when searching for
common signatures. Our study contributes to a large body of evidence
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indicating that healthy diets, consisting of whole grains, fruit, and
vegetables, modulate the gut microbiome to promote optimal host
health. Gut species such as [Eubacterium] eligens and Butyrivibrio
crossotus, repeatedly associated with healthy diets and better overall
health status in large studies from different geographic and racia-
l/ethnic contexts, should be further probed for universal mechanisms
and utility in potential health-promoting interventions. Although a
healthy diet is inarguably important for the prevention of car-
diometabolic diseases, therapeutic modulation of the gut microbiome
in concert with dietary changes may further improve cardiometabolic
health.

Funding

The HCHS/SOL is a collaborative study supported by contracts
from the National Heart, Lung, and Blood Institute (NHLBI) to the
University of North Carolina (HHSN268201300001I/N01-HC-65233),
University of Miami (HHSN268201300004I/N01-HC-65234), Albert
Einstein College of Medicine (HHSN268201300002I/N01-HC-
65235), University of Illinois at Chicago (HHSN268201300003I/N01-
HC-65236 Northwestern Univ), and San Diego State University
(HHSN268201300005I/N01-HC-65237). The following Institutes/
Centers/Offices have contributed to the HCHS/SOL through a transfer
of funds to the NHLBI: National Institute on Minority Health and
Health Disparities, National Institute on Deafness and Other
Communication Disorders, National Institute of Dental and Craniofa-
cial Research, National Institute of Diabetes and Digestive and Kidney
Diseases, National Institute of Neurological Disorders and Stroke, NIH
Institution-Office of Dietary Supplements. Additional funding for the
“Gut Origins of Latino Diabetes” ancillary study to HCHS/SOL was
provided by R01MD011389-01 from the National Institute on Minority
Health and Health Disparities and the Life Course Methodology Core
(LCMC) at Albert Einstein College of Medicine and the New York
Regional Center for Diabetes Translation Research (P30 DK111022-
8786 and P30 DK111022) through funds from the National Institute of
Diabetes and Digestive and Kidney Diseases. Additional funding for
this work was provided by R01HL060712 from the NHLBI.

Acknowledgments

The authors thank the staff and participants of HCHS/SOL for their
important contributions.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https
://doi.org/10.1016/j.ajcnut.2022.11.020.

Conflict of Interest Statement

The authors declare no conflicts of interest.

Author Contributions

Designed research: QQ, FBH; collected the samples and data: RCK,
RDB; performed microbiome sequencing: RK; performed microbiome
bioinformatics: MU; conducted the data analysis: JX; wrote the
manuscript: BAP; revised the manuscript critically for intellectual

https://doi.org/10.1016/j.ajcnut.2022.11.020
https://doi.org/10.1016/j.ajcnut.2022.11.020


B.A. Peters et al. The American Journal of Clinical Nutrition 117 (2023) 540–552
content: ZW, GC, BT, ACC, MLD, and DS. All authors read and
approved the final manuscript.

Data Availability

HCHS/SOL data are archived at the National Institutes of Health
repositories dbGap and BIOLINCC. Sequence data from the samples
described in this study is deposited in QIITA (study ID 11666). HCHS/
SOL has established a process for the scientific community to apply for
access to participant data and materials, with such requests reviewed by
the project’s Steering Committee. These policies are described at https
://sites.cscc.unc.edu/hchs/.

References

[1] Afshin A, Sur PJ, Fay KA, Cornaby L, Ferrara G, Salama JS, et al, Health
effects of dietary risks in 195 countries, 1990–2017: a systematic analysis for
the Global Burden of Disease Study 2017, The Lancet 393 (10184) (2019)
1958, https://doi.org/10.1016/S0140-6736(19)30041-8, 72.

[2] L. Huang, K. Trieu, S. Yoshimura, B. Neal, M. Woodward, N.R.C. Campbell,
et al., Effect of dose and duration of reduction in dietary sodium on blood
pressure levels: systematic review and meta-analysis of randomised trials, BMJ
368 (2020) m315, https://doi.org/10.1136/bmj.m315.

[3] Y.J. Wang, T.L. Yeh, M.C. Shih, Y.K. Tu, K.L. Chien, Dietary sodium intake
and risk of cardiovascular disease: a systematic review and dose-response meta-
analysis, Nutrients 12 (10) (2020), https://doi.org/10.3390/nu12102934.

[4] G. Zong, A. Gao, F.B. Hu, Q. Sun, Whole grain intake and mortality from all
causes, cardiovascular disease, and cancer: a meta-analysis of prospective
cohort studies, Circulation 133 (24) (2016) 2370–2380, https://doi.org/10.1161/
circulationaha.115.021101.

[5] S. Marshall, P. Petocz, E. Duve, K. Abbott, T. Cassettari, M. Blumfield, F.
Fayet-Moore, The effect of replacing refined grains with whole grains on
cardiovascular risk factors: a systematic review and meta-analysis of
randomized controlled trials with GRADE clinical recommendation, J Acad
Nutr Diet 120 (11) (2020) 1859–1883, https://doi.org/10.1016/j.jand.2020.06.
021, e31.

[6] D. Aune, E. Giovannucci, P. Boffetta, L.T. Fadnes, N. Keum, T. Norat,
D.C. Greenwood, E. Riboli, L.J. Vatten, S. Tonstad, Fruit and vegetable intake
and the risk of cardiovascular disease, total cancer and all-cause mortality-a
systematic review and dose-response meta-analysis of prospective studies, Int J
Epidemiol 46 (3) (2017) 1029–1056, https://doi.org/10.1093/ije/dyw319.

[7] R.J. de Souza, M. Dehghan, A. Mente, S.I. Bangdiwala, S.H. Ahmed,
K.F. Alhabib, et al., Association of nut intake with risk factors, cardiovascular
disease, and mortality in 16 countries from 5 continents: analysis from the
Prospective Urban and Rural Epidemiology (PURE) study, Am J Clin Nutr 112
(1) (2020) 208–219, https://doi.org/10.1093/ajcn/nqaa108.

[8] U.S. Department of Agriculture and U.S. Department of Health and Human
Services. Dietary Guidelines for Americans, 2020-2025. 9th Edition. December
2020. Available at DietaryGuidelines.gov.

[9] A. Satija, S.N. Bhupathiraju, D. Spiegelman, S.E. Chiuve, J.E. Manson,
W. Willett, K.M. Rexrode, E.B. Rimm, F.B. Hu, Healthful and unhealthful
plant-based diets and the risk of coronary heart disease in US adults, J Am Coll
Cardiol 70 (4) (2017) 411–422, https://doi.org/10.1016/j.jacc.2017.05.047.

[10] Z. Shan, Y. Li, M.Y. Baden, S.N. Bhupathiraju, D.D. Wang, Q. Sun, et al.,
Association between healthy eating patterns and risk of cardiovascular disease,
JAMA Intern Med 180 (8) (2020) 1090–1100, https://doi.org/10.1001/
jamainternmed.2020.2176.

[11] E.A. Hu, L.M. Steffen, J. Coresh, L.J. Appel, C.M. Rebholz, Adherence to the
healthy eating index-2015 and other dietary patterns may reduce risk of
cardiovascular disease, cardiovascular mortality, and all-cause mortality, J Nutr
150 (2) (2020) 312–321, https://doi.org/10.1093/jn/nxz218.

[12] K. Rees, A. Takeda, N. Martin, L. Ellis, D. Wijesekara, A. Vepa, A. Das,
L. Hartley, S. Stranges, Mediterranean-style diet for the primary and secondary
prevention of cardiovascular disease: a cochrane review, Glob Heart 15 (1)
(2020) 56, https://doi.org/10.5334/gh.853.

[13] R. Estruch, E. Ros, J. Salas-Salvad�o, M.I. Covas, D. Corella, F. Ar�os, et al.,
Primary prevention of cardiovascular disease with a mediterranean diet
supplemented with extra-virgin olive oil or nuts, N Engl J Med 378 (25) (2018)
e34, https://doi.org/10.1056/NEJMoa1800389.

[14] S. Getz Godfrey, A. Reardon Catherine, Nutrition and cardiovascular disease,
Arterioscler Thromb Vasc Biol 27 (12) (2007) 2499–2506, https://doi.org/
10.1161/ATVBAHA.107.155853.
550
[15] R. De Caterina, A. Zampolli, S. Del Turco, R. Madonna, M. Massaro,
Nutritional mechanisms that influence cardiovascular disease, Am J Clin Nutr
83 (2) (2006), 421S–6S.

[16] F.B. Hu, Plant-based foods and prevention of cardiovascular disease: an
overview, Am J Clin Nut 78 (3) (2003), https://doi.org/10.1093/ajcn/78.3.544S,
544S–51S.

[17] D.R. Jacobs Jr., L.M. Steffen, Nutrients, foods, and dietary patterns as
exposures in research: a framework for food synergy, The American Journal of
Clinical Nutrition 78 (3) (2003), https://doi.org/10.1093/ajcn/78.3.508S,
508S–13S.

[18] C.L. Gentile, T.L. Weir, The gut microbiota at the intersection of diet and
human health, Science 362 (6416) (2018) 776, https://doi.org/10.1126/
science.aau5812.

[19] F. B€ackhed, J.K. Manchester, C.F. Semenkovich, J.I. Gordon, Mechanisms
underlying the resistance to diet-induced obesity in germ-free mice, Proc Natl
Acad Sci U S A 104 (3) (2007) 979–984, https://doi.org/10.1073/
pnas.0605374104.

[20] P.J. Turnbaugh, F. B€ackhed, L. Fulton, J.I. Gordon, Diet-induced obesity is
linked to marked but reversible alterations in the mouse distal gut microbiome,
Cell Host Microbe 3 (4) (2008) 213–223, https://doi.org/10.1016/
j.chom.2008.02.015.

[21] V.K. Ridaura, J.J. Faith, F.E. Rey, J. Cheng, A.E. Duncan, A.L. Kau, et al., Gut
microbiota from twins discordant for obesity modulate metabolism in mice,
Science 341 (6150) (2013), 1241214, https://doi.org/10.1126/science.1241214.

[22] P.J. Turnbaugh, V.K. Ridaura, J.J. Faith, F.E. Rey, R. Knight, J.I. Gordon, The
effect of diet on the human gut microbiome: a metagenomic analysis in
humanized gnotobiotic mice, Sci Transl Med 1 (6) (2009) 6ra14, https://
doi.org/10.1126/scitranslmed.3000322.

[23] P.J. Turnbaugh, R.E. Ley, M.A. Mahowald, V. Magrini, E.R. Mardis,
J.I. Gordon, An obesity-associated gut microbiome with increased capacity for
energy harvest, Nature 444 (7122) (2006) 1027–1031, https://doi.org/10.1038/
nature05414.

[24] L.A. David, C.F. Maurice, R.N. Carmody, D.B. Gootenberg, J.E. Button,
B.E. Wolfe, et al., Diet rapidly and reproducibly alters the human gut
microbiome, Nature 505 (7484) (2014) 559–563, https://doi.org/10.1038/
nature12820.

[25] A.W. Walker, J. Ince, S.H. Duncan, L.M. Webster, G. Holtrop, X. Ze, et al.,
Dominant and diet-responsive groups of bacteria within the human colonic
microbiota, ISME J 5 (2) (2011) 220–230, https://doi.org/10.1038/
ismej.2010.118.

[26] R. Jumpertz, D.S. Le, P.J. Turnbaugh, C. Trinidad, C. Bogardus, J.I. Gordon,
J. Krakoff, Energy-balance studies reveal associations between gut microbes,
caloric load, and nutrient absorption in humans, Am J Clin Nut 94 (1) (2011)
58–65, https://doi.org/10.3945/ajcn.110.010132.

[27] G. Falony, M. Joossens, S. Vieira-Silva, J. Wang, Y. Darzi, K. Faust, et al.,
Population-level analysis of gut microbiome variation, Science 352 (6285)
(2016) 560–564, https://doi.org/10.1126/science.aad3503.

[28] A. Zhernakova, A. Kurilshikov, M.J. Bonder, E.F. Tigchelaar, M. Schirmer,
T. Vatanen, et al., Population-based metagenomics analysis reveals markers for
gut microbiome composition and diversity, Science 352 (6285) (2016)
565–569, https://doi.org/10.1126/science.aad3369.

[29] D. Rothschild, O. Weissbrod, E. Barkan, A. Kurilshikov, T. Korem, D. Zeevi,
et al., Environment dominates over host genetics in shaping human gut
microbiota, Nature 555 (2018) 210, https://doi.org/10.1038/nature25973.

[30] G.D. Wu, J. Chen, C. Hoffmann, K. Bittinger, Y.Y. Chen, S.A. Keilbaugh, et
al., Linking long-term dietary patterns with gut microbial enterotypes, Science
334 (6052) (2011) 105–108, https://doi.org/10.1126/science.1208344.

[31] F. Asnicar, S.E. Berry, A.M. Valdes, L.H. Nguyen, G. Piccinno, D.A. Drew, et
al., Microbiome connections with host metabolism and habitual diet from 1,098
deeply phenotyped individuals, Nat Med 27 (2) (2021) 321–332, https://
doi.org/10.1038/s41591-020-01183-8.

[32] R. Gacesa, A. Kurilshikov, A. Vich Vila, T. Sinha, M.A.Y. Klaassen,
L.A. Bolte, et al., The Dutch Microbiome Project defines factors that shape the
healthy gut microbiome, bioRxiv 27 (2020), 401125, https://doi.org/10.1101/
2020.11.27.401125, 2020.11.

[33] T.A. Breuninger, N. Wawro, J. Breuninger, S. Reitmeier, T. Clavel, J. Six-
Merker, et al., Associations between habitual diet, metabolic disease, and the
gut microbiota using latent Dirichlet allocation, Microbiome 9 (1) (2021) 61,
https://doi.org/10.1186/s40168-020-00969-9.

[34] G. Maskarinec, M.A.J. Hullar, K.R. Monroe, J.A. Shepherd, J. Hunt,
T.W. Randolph, et al., Fecal microbial diversity and structure are associated
with diet quality in the multiethnic cohort adiposity phenotype study, J Nutr
149 (9) (2019) 1575–1584, https://doi.org/10.1093/jn/nxz065.

[35] T. Yatsunenko, F.E. Rey, M.J. Manary, I. Trehan, M.G. Dominguez-Bello,
M. Contreras, et al., Human gut microbiome viewed across age and geography,
Nature 486 (7402) (2012) 222–227, https://doi.org/10.1038/nature11053.

https://sites.cscc.unc.edu/hchs/
https://sites.cscc.unc.edu/hchs/
https://doi.org/10.1016/S0140-6736(19)30041-8
https://doi.org/10.1136/bmj.m315
https://doi.org/10.3390/nu12102934
https://doi.org/10.1161/circulationaha.115.021101
https://doi.org/10.1161/circulationaha.115.021101
https://doi.org/10.1016/j.jand.2020.06.021
https://doi.org/10.1016/j.jand.2020.06.021
https://doi.org/10.1093/ije/dyw319
https://doi.org/10.1093/ajcn/nqaa108
https://doi.org/10.1016/j.jacc.2017.05.047
https://doi.org/10.1001/jamainternmed.2020.2176
https://doi.org/10.1001/jamainternmed.2020.2176
https://doi.org/10.1093/jn/nxz218
https://doi.org/10.5334/gh.853
https://doi.org/10.1056/NEJMoa1800389
https://doi.org/10.1161/ATVBAHA.107.155853
https://doi.org/10.1161/ATVBAHA.107.155853
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref15
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref15
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref15
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref15
https://doi.org/10.1093/ajcn/78.3.544S
https://doi.org/10.1093/ajcn/78.3.508S
https://doi.org/10.1126/science.aau5812
https://doi.org/10.1126/science.aau5812
https://doi.org/10.1073/pnas.0605374104
https://doi.org/10.1073/pnas.0605374104
https://doi.org/10.1016/j.chom.2008.02.015
https://doi.org/10.1016/j.chom.2008.02.015
https://doi.org/10.1126/science.1241214
https://doi.org/10.1126/scitranslmed.3000322
https://doi.org/10.1126/scitranslmed.3000322
https://doi.org/10.1038/nature05414
https://doi.org/10.1038/nature05414
https://doi.org/10.1038/nature12820
https://doi.org/10.1038/nature12820
https://doi.org/10.1038/ismej.2010.118
https://doi.org/10.1038/ismej.2010.118
https://doi.org/10.3945/ajcn.110.010132
https://doi.org/10.1126/science.aad3503
https://doi.org/10.1126/science.aad3369
https://doi.org/10.1038/nature25973
https://doi.org/10.1126/science.1208344
https://doi.org/10.1038/s41591-020-01183-8
https://doi.org/10.1038/s41591-020-01183-8
https://doi.org/10.1101/2020.11.27.401125
https://doi.org/10.1101/2020.11.27.401125
https://doi.org/10.1186/s40168-020-00969-9
https://doi.org/10.1093/jn/nxz065
https://doi.org/10.1038/nature11053


B.A. Peters et al. The American Journal of Clinical Nutrition 117 (2023) 540–552
[36] A.W. Brooks, S. Priya, R. Blekhman, S.R. Bordenstein, Gut microbiota
diversity across ethnicities in the United States, PLoS Biol 16 (12) (2018),
e2006842, https://doi.org/10.1371/journal.pbio.2006842.

[37] M. Deschasaux, K.E. Bouter, A. Prodan, E. Levin, A.K. Groen, H. Herrema, et
al., Depicting the composition of gut microbiota in a population with varied
ethnic origins but shared geography, Nat Med 24 (10) (2018) 1526–1531,
https://doi.org/10.1038/s41591-018-0160-1.

[38] R.C. Kaplan, Z. Wang, M. Usyk, D. Sotres-Alvarez, M.L. Daviglus,
N. Schneiderman, et al., Gut microbiome composition in the Hispanic
Community Health Study/Study of Latinos is shaped by geographic relocation,
environmental factors, and obesity, Genome Biol 20 (1) (2019) 219, https://
doi.org/10.1186/s13059-019-1831-z.

[39] M.L. Daviglus, G.A. Talavera, M.L. Avil�es-Santa, M. Allison, J. Cai,
M.H. Criqui, et al., Prevalence of major cardiovascular risk factors and
cardiovascular diseases among Hispanic/Latino individuals of diverse
backgrounds in the United States, JAMA 308 (17) (2012) 1775–1784, https://
doi.org/10.1001/jama.2012.14517.

[40] A. Menke, S. Casagrande, L. Geiss, C.C. Cowie, Prevalence of and trends in
diabetes among adults in the United States, 1988–2012, JAMA 314 (10) (2015)
1021–1029, https://doi.org/10.1001/jama.2015.10029.

[41] N. Schneiderman, M. Llabre, C.C. Cowie, J. Barnhart, M. Carnethon,
L.C. Gallo, et al., Prevalence of diabetes among hispanics/latinos from diverse
backgrounds: The Hispanic Community Health Study/Study of Latinos
(HCHS/SOL), Diabetes Care 37 (8) (2014) 2233, https://doi.org/10.2337/dc13-
2939.

[42] L.M. Lavange, W.D. Kalsbeek, P.D. Sorlie, L.M. Avil�es-Santa, R.C. Kaplan,
J. Barnhart, et al., Sample design and cohort selection in the Hispanic
Community Health Study/Study of Latinos, Ann Epidemiol 20 (8) (2010)
642–649, https://doi.org/10.1016/j.annepidem.2010.05.006.

[43] P.D. Sorlie, L.M. Avil�es-Santa, S. Wassertheil-Smoller, R.C. Kaplan,
M.L. Daviglus, A.L. Giachello, et al., Design and implementation of the
Hispanic Community Health Study/Study of Latinos, Ann Epidemiol 20 (8)
(2010) 629–641, https://doi.org/10.1016/j.annepidem.2010.03.015.

[44] A.M. Siega-Riz, D. Sotres-Alvarez, G.X. Ayala, M. Ginsberg, J.H. Himes,
K. Liu, et al., Food-group and nutrient-density intakes by Hispanic and Latino
backgrounds in the Hispanic Community Health Study/Study of Latinos, Am J
Clin Nutr 99 (6) (2014) 1487–1498, https://doi.org/10.3945/ajcn.113.082685.

[45] X. Wang, M. Jung, Y. Mossavar-Rahmani, D. Sotres-Alvarez, R.A. Espinoza
Giacinto, A. Pirzada, et al., Macronutrient intake, diagnosis status, and
glycemic control among US hispanics/latinos with diabetes, J Clin Endocrinol
Metab 101 (4) (2016) 1856–1864, https://doi.org/10.1210/jc.2015-3237.

[46] T.T. Fung, F.B. Hu, M.L. McCullough, P.K. Newby, W.C. Willett,
M.D. Holmes, Diet quality is associated with the risk of estrogen receptor-
negative breast cancer in postmenopausal women, J Nut 136 (2) (2006)
466–472.

[47] S.M. Krebs-Smith, T.E. Pannucci, A.F. Subar, S.I. Kirkpatrick, J.L. Lerman,
J.A. Tooze, M.M. Wilson, J. Reedy, Update of the Healthy Eating Index: HEI-
2015, J Acad Nutr Diet 118 (9) (2018) 1591–1602, https://doi.org/10.1016/
j.jand.2018.05.021.

[48] A. Satija, S.N. Bhupathiraju, E.B. Rimm, D. Spiegelman, S.E. Chiuve,
L. Borgi, W.C. Willett, J.E. Manson, Q. Sun, F.B. Hu, Plant-based dietary
patterns and incidence of type 2 diabetes in US men and women: results from
three prospective cohort studies, PLoS Med 13 (6) (2016), e1002039, https://
doi.org/10.1371/journal.pmed.1002039.

[49] G.C. Chen, W.P. Koh, N. Neelakantan, J.M. Yuan, L.Q. Qin, R.M. van Dam,
Diet quality indices and risk of type 2 diabetes mellitus: the Singapore Chinese
Health Study, Am J Epidemiol 187 (12) (2018) 2651–2661, https://doi.org/
10.1093/aje/kwy183.

[50] B. Hillmann, G.A. Al-Ghalith, R.R. Shields-Cutler, Q. Zhu, D.M. Gohl,
K.B. Beckman, R. Knight, D. Knights, Evaluating the information content of
shallow shotgun metagenomics, mSystems 3 (6) (2018), https://doi.org/
10.1128/mSystems.00069-18 e00069-18.

[51] Z. Mei, G.C. Chen, Z. Wang, M. Usyk, B. Yu, Y.V. Baeza, et al., Dietary
factors, gut microbiota, and serum trimethylamine-N-oxide associated with
cardiovascular disease in the Hispanic Community Health Study/Study of
Latinos, Am J Clin Nutr 113 (6) (2021) 1503–1514, https://doi.org/10.1093/
ajcn/nqab001.

[52] L.R. Thompson, J.G. Sanders, D. McDonald, A. Amir, J. Ladau, K.J. Locey, et
al., A communal catalogue reveals Earth’s multiscale microbial diversity,
Nature 551 (7681) (2017) 457–463, https://doi.org/10.1038/nature24621.

[53] T.C. Glenn, R.A. Nilsen, T.J. Kieran, J.G. Sanders, N.J. Bayona-V�asquez,
J.W. Finger, et al., Adapterama I: universal stubs and primers for 384 unique
dual-indexed or 147,456 combinatorially-indexed Illumina libraries (iTru &
iNext), PeerJ 7 (2019), https://doi.org/10.7717/peerj.7755 e7755-e.
551
[54] B. Langmead, S.L. Salzberg, Fast gapped-read alignment with Bowtie 2, Nat
Methods 9 (4) (2012) 357–359, https://doi.org/10.1038/nmeth.1923.

[55] N.A. O'Leary, M.W. Wright, J.R. Brister, S. Ciufo, D. Haddad, R. McVeigh, et
al., Reference sequence (RefSeq) database at NCBI: current status, taxonomic
expansion, and functional annotation, Nucleic Acids Res 44 (D1) (2016)
D733–D745, https://doi.org/10.1093/nar/gkv1189.

[56] B. Hillmann, G.A. Al-Ghalith, R.R. Shields-Cutler, Q. Zhu, R. Knight,
D. Knights, SHOGUN: a modular, accurate and scalable framework for
microbiome quantification, Bioinformatics 36 (13) (2020) 4088–4090, https://
doi.org/10.1093/bioinformatics/btaa277.

[57] P.J. McMurdie, S. Holmes, phyloseq: An R Package for Reproducible
interactive analysis and graphics of microbiome census data, PLoS One 8 (4)
(2013), e61217, https://doi.org/10.1371/journal.pone.0061217.

[58] J. Oksanen, F.G. Blanchet, R. Kindt, P. Legendre, R.G. O’Hara, G. Simpson,
P. Solymos, H. Stevens, H. Wagner, Multivariate analysis of ecological
communities in R: vegan tutorial, R package version 1.7 (2013).

[59] M. Kanehisa, Y. Sato, M. Kawashima, M. Furumichi, M. Tanabe, KEGG as a
reference resource for gene and protein annotation, Nucleic Acids Res 44 (D1)
(2016) D457–D462, https://doi.org/10.1093/nar/gkv1070.

[60] P.D. Sorlie, M.A. Allison, M.L. Aviles-Santa, J. Cai, M.L. Daviglus,
A.G. Howard, et al., Prevalence of hypertension, awareness, treatment, and
control in the Hispanic Community Health Study/Study of Latinos, Am J
Hypertens 27 (6) (2014) 793–800, https://doi.org/10.1093/ajh/hpu003.

[61] Q. Qi, G. Strizich, G. Merchant, D. Sotres-Alvarez, C. Buelna, S.F. Castaneda,
et al., Objectively measured sedentary time and cardiometabolic biomarkers in
US hispanic/latino adults: The Hispanic Community Health Study/Study of
Latinos (HCHS/SOL), Circulation 132 (16) (2015) 1560–1569, https://doi.org/
10.1161/CIRCULATIONAHA.115.016938.

[62] D.R. Matthews, J.P. Hosker, A.S. Rudenski, B.A. Naylor, D.F. Treacher,
R.C. Turner, Homeostasis model assessment: insulin resistance and beta-cell
function from fasting plasma glucose and insulin concentrations in man,
Diabetologia 28 (7) (1985) 412–419.

[63] S. Mandal, W. Van Treuren, R.A. White, M. Eggesbo, R. Knight,
S.D. Peddada, Analysis of composition of microbiomes: a novel method for
studying microbial composition, Microb Ecol Health Dis 26 (2015), 27663,
https://doi.org/10.3402/mehd.v26.27663.

[64] D. Yu, S.M. Nguyen, Y. Yang, W. Xu, H. Cai, J. Wu, Q. Cai, J. Long,
W. Zheng, X.-O. Shu, Long-term diet quality is associated with gut microbiome
diversity and composition among urban Chinese adults, m J Clin Nut 113 (3)
(2021) 684–694, https://doi.org/10.1093/ajcn/nqaa350.

[65] T.S. Ghosh, S. Rampelli, I.B. Jeffery, A. Santoro, M. Neto, M. Capri, et al.,
Mediterranean diet intervention alters the gut microbiome in older people
reducing frailty and improving health status: the NU-AGE 1-year dietary
intervention across five European countries, Gut 69 (7) (2020) 1218–1228,
https://doi.org/10.1136/gutjnl-2019-319654.

[66] S. Miquel, R. Martín, O. Rossi, L.G. Bermúdez-Humar�an, J.M. Chatel,
H. Sokol, M. Thomas, J.M. Wells, P. Langella, Faecalibacterium prausnitzii
and human intestinal health, Curr Opin Microbiol 16 (3) (2013) 255–261,
https://doi.org/10.1016/j.mib.2013.06.003.

[67] A.M. Siega-Riz, N.D. Pace, N.M. Butera, L. Van Horn, M.L. Daviglus,
L. Harnack, Y. Mossavar-Rahmani, C.L. Rock, R.I. Pereira, D. Sotres-Alvarez,
How Well Do US Hispanics adhere to the dietary guidelines for americans?
Results from the Hispanic Community Health Study/Study of Latinos, Health
Equity 3 (1) (2019) 319–327, https://doi.org/10.1089/heq.2018.0105.

[68] Y. Ma, X. Weng, X. Gao, R. Winkels, Y. Cuffee, S. Gupta, L. Wang, Healthy
eating index scores differ by race/ethnicity but not hypertension awareness
status among US adults with hypertension: findings from the 2011-2018
National Health and Nutrition Examination Survey, J Acad Nutr Diet 122 (5)
(2022) 1000–1012, https://doi.org/10.1016/j.jand.2021.11.006.

[69] C. Batis, L. Hernandez-Barrera, S. Barquera, J.A. Rivera, B.M. Popkin, Food
acculturation drives dietary differences among Mexicans, Mexican Americans,
and Non-Hispanic Whites, J Nutr 141 (10) (2011) 1898–1906, https://doi.org/
10.3945/jn.111.141473.

[70] Y.-Y. Chen, G.-C. Chen, N. Abittan, J. Xing, Y. Mossavar-Rahmani, D. Sotres-
Alvarez, et al., Healthy dietary patterns and risk of cardiovascular disease in US
Hispanics/Latinos: the Hispanic Community Health Study/Study of Latinos
(HCHS/SOL), Am J Clin Nut 116 (4) (2022) 920–927, https://doi.org/10.1093/
ajcn/nqac199.

[71] N. Zmora, J. Suez, E. Elinav, You are what you eat: diet, health and the gut
microbiota, Nat Rev Gastroenterol Hepatol 16 (1) (2019) 35–56, https://doi.org/
10.1038/s41575-018-0061-2.

[72] K. Oliphant, E. Allen-Vercoe, Macronutrient metabolism by the human gut
microbiome: major fermentation by-products and their impact on host health,
Microbiome 7 (1) (2019) 91, https://doi.org/10.1186/s40168-019-0704-8.

https://doi.org/10.1371/journal.pbio.2006842
https://doi.org/10.1038/s41591-018-0160-1
https://doi.org/10.1186/s13059-019-1831-z
https://doi.org/10.1186/s13059-019-1831-z
https://doi.org/10.1001/jama.2012.14517
https://doi.org/10.1001/jama.2012.14517
https://doi.org/10.1001/jama.2015.10029
https://doi.org/10.2337/dc13-2939
https://doi.org/10.2337/dc13-2939
https://doi.org/10.1016/j.annepidem.2010.05.006
https://doi.org/10.1016/j.annepidem.2010.03.015
https://doi.org/10.3945/ajcn.113.082685
https://doi.org/10.1210/jc.2015-3237
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref46
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref46
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref46
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref46
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref46
https://doi.org/10.1016/j.jand.2018.05.021
https://doi.org/10.1016/j.jand.2018.05.021
https://doi.org/10.1371/journal.pmed.1002039
https://doi.org/10.1371/journal.pmed.1002039
https://doi.org/10.1093/aje/kwy183
https://doi.org/10.1093/aje/kwy183
https://doi.org/10.1128/mSystems.00069-18
https://doi.org/10.1128/mSystems.00069-18
https://doi.org/10.1093/ajcn/nqab001
https://doi.org/10.1093/ajcn/nqab001
https://doi.org/10.1038/nature24621
https://doi.org/10.7717/peerj.7755
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1093/nar/gkv1189
https://doi.org/10.1093/bioinformatics/btaa277
https://doi.org/10.1093/bioinformatics/btaa277
https://doi.org/10.1371/journal.pone.0061217
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref58
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref58
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref58
https://doi.org/10.1093/nar/gkv1070
https://doi.org/10.1093/ajh/hpu003
https://doi.org/10.1161/CIRCULATIONAHA.115.016938
https://doi.org/10.1161/CIRCULATIONAHA.115.016938
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref62
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref62
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref62
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref62
http://refhub.elsevier.com/S0002-9165(22)10547-2/sref62
https://doi.org/10.3402/mehd.v26.27663
https://doi.org/10.1093/ajcn/nqaa350
https://doi.org/10.1136/gutjnl-2019-319654
https://doi.org/10.1016/j.mib.2013.06.003
https://doi.org/10.1089/heq.2018.0105
https://doi.org/10.1016/j.jand.2021.11.006
https://doi.org/10.3945/jn.111.141473
https://doi.org/10.3945/jn.111.141473
https://doi.org/10.1093/ajcn/nqac199
https://doi.org/10.1093/ajcn/nqac199
https://doi.org/10.1038/s41575-018-0061-2
https://doi.org/10.1038/s41575-018-0061-2
https://doi.org/10.1186/s40168-019-0704-8


B.A. Peters et al. The American Journal of Clinical Nutrition 117 (2023) 540–552
[73] D.D. Wang, L.H. Nguyen, Y. Li, Y. Yan, W. Ma, E. Rinott, et al., The gut
microbiome modulates the protective association between a Mediterranean diet
and cardiometabolic disease risk, Nat Med 27 (2) (2021) 333–343, https://
doi.org/10.1038/s41591-020-01223-3.

[74] A. Voxeur, O. Habrylo, S. Gu�enin, F. Miart, M.-C. Souli�e, C. Rihouey, et al.,
Oligogalacturonide production upon Arabidopsis thaliana–Botrytis cinerea
interaction, PNAS 116 (39) (2019) 19743–19752, https://doi.org/10.1073/
pnas.1900317116.

[75] O. Manor, C.L. Dai, S.A. Kornilov, B. Smith, N.D. Price, J.C. Lovejoy,
S.M. Gibbons, A.T. Magis, Health and disease markers correlate with gut
microbiome composition across thousands of people, Nat Commun 11 (1)
(2020) 5206, https://doi.org/10.1038/s41467-020-18871-1.

[76] Y. Li, D.D. Wang, A. Satija, K.L. Ivey, J. Li, J.E. Wilkinson, et al., Plant-based
diet index and metabolic risk in men: exploring the role of the gut microbiome,
J Nutr (2021), https://doi.org/10.1093/jn/nxab175.

[77] V. Solanki, M. Tiwari, V. Tiwari, Host-bacteria interaction and adhesin study
for development of therapeutics, Int J Biol Macromol 112 (2018) 54–64,
https://doi.org/10.1016/j.ijbiomac.2018.01.151.
552
[78] N.S. Chand, A.E. Clatworthy, D.T. Hung, The two-component sensor
KinB acts as a phosphatase to regulate Pseudomonas aeruginosa
Virulence, J Bacteriol 194 (23) (2012) 6537–6547, https://doi.org/10.1128/
JB.01168-12.

[79] S. Lory, M. Wolfgang, V. Lee, R. Smith, The multi-talented bacterial adenylate
cyclases, Int J Med Microbiol 293 (7-8) (2004) 479–482, https://doi.org/
10.1078/1438-4221-00297.

[80] S. Fern�andez-Veledo, J. Vendrell, Gut microbiota-derived succinate: friend or
foe in human metabolic diseases? Rev End Metab Dis 20 (4) (2019) 439–447,
https://doi.org/10.1007/s11154-019-09513-z.

[81] P.K. Newby, C. Weismayer, A. Åkesson, K.L. Tucker, A. Wolk, Long-
term stability of food patterns identified by use of factor analysis among
swedish women, J Nut 136 (3) (2006) 626–633, https://doi.org/10.1093/jn/
136.3.626.

[82] L. Chen, D. Wang, S. Garmaeva, A. Kurilshikov, A. Vich Vila, R. Gacesa, et
al., The long-term genetic stability and individual specificity of the human gut
microbiome, Cell 184 (9) (2021) 2302–2315, https://doi.org/10.1016/
j.cell.2021.03.024, e12.

https://doi.org/10.1038/s41591-020-01223-3
https://doi.org/10.1038/s41591-020-01223-3
https://doi.org/10.1073/pnas.1900317116
https://doi.org/10.1073/pnas.1900317116
https://doi.org/10.1038/s41467-020-18871-1
https://doi.org/10.1093/jn/nxab175
https://doi.org/10.1016/j.ijbiomac.2018.01.151
https://doi.org/10.1128/JB.01168-12
https://doi.org/10.1128/JB.01168-12
https://doi.org/10.1078/1438-4221-00297
https://doi.org/10.1078/1438-4221-00297
https://doi.org/10.1007/s11154-019-09513-z
https://doi.org/10.1093/jn/136.3.626
https://doi.org/10.1093/jn/136.3.626
https://doi.org/10.1016/j.cell.2021.03.024
https://doi.org/10.1016/j.cell.2021.03.024

	Healthy dietary patterns are associated with the gut microbiome in the Hispanic Community Health Study/Study of Latinos
	Introduction
	Methods
	Study cohort
	Diet assessment and calculation of dietary scores
	Microbiome measurement
	Microbiome bioinformatics processing
	Assessment of cardiometabolic traits
	Other covariates
	Statistical analysis
	General principles
	Within-subject (α-) and between-subject (β-) diversity
	Species, functional modules, and orthologs
	Association with cardiometabolic traits


	Results
	Participant characteristics
	Dietary patterns and overall microbiome diversity and composition
	Dietary patterns and gut microbiome species abundance
	Dietary patterns and gut microbiome functional capacity
	Diet pattern-related gut microbiota and cardiometabolic traits

	Discussion
	Funding
	Acknowledgments
	Appendix A. Supplementary data
	Conflict of Interest Statement
	Author Contributions
	Data Availability
	References




