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Abstract

Recent evidence supports a role for the gut microbiota in hypertension, but whether
ambulatory blood pressure (BP) is associated with gut microbiota and their metabolites
remains unclear. We characterised the function of the gut microbiota, their metabolites and
receptors in untreated human hypertensive participants in Australian metropolitan and
regional areas. Ambulatory BP, faecal microbiome predicted from 16S rRNA gene
sequencing, plasma and faecal metabolites called short-chain fatty acid (SCFASs), and
expression of their receptors were analysed in 70 untreated and otherwise healthy participants
from metropolitan and regional communities. Most normotensives were female (66%)
compared to hypertensives (35%, P<0.01), but there was no difference in age between the
groups (59.2+7.7 versus 60.3+6.6-years-old). Based on machine-learning multivariate
covariance analyses of de-noised amplicon sequence variant prevalence data, we determined
that there were no significant differences in predicted gut microbiome a- and p-diversity
metrics between normotensives versus essential or masked hypertensives. However, select
taxa were specific to these groups, notably Acidaminococcus spp., Eubacterium fissicatena
and Muribaculaceae were higher, while Ruminococcus and Eubacterium eligens were lower
in hypertensives. Importantly, normotensive and essential hypertensive cohorts could be
differentiated based on gut microbiome gene pathways and metabolites. Specifically,
hypertensive participants exhibited higher plasma acetate and butyrate, but their immune cells
expressed reduced levels of SCFA-activated G-protein coupled relceptor 43 (GPR43). In
conclusion, gut microbial diversity did not change in essential hypertension, but we observed
a significant shift in microbial gene pathways. Hypertensive subjects had lower levels of

GPR43, putatively blunting their response to BP-lowering metabolites.
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Introduction

Lifestyle and environmental factors are well-established contributors to increased blood
pressure (BP). The gut microbiota, the community of microorganisms that inhabit our small
and large intestines, is a newly described risk factor for the development of hypertension.?3
Importantly, increasing evidence using faecal microbiota transplants (FMTSs) to germ-free
animals supports that the gut microbiota is not merely associated with experimental and
essential hypertension, but it drives an increase in BP.*® While some studies have explored
the association between essential hypertension and the gut microbiota,>"4 a major limitation
has been the use of self-reported hypertension or office BP, which do not allow for distinction
between types of hypertension and decrease the power of studies.? All but one study also
included patients using a varied range of BP-lowering medications, but each of these

medications on their own have been reported to affect the gut microbiota.'>

A major modulator of the gut microbiota is diet, which can alter the microbiota in as
little as a few days.!’ Dietary fibre, in particular soluble fibre and resistant starches (also
known as prebiotics), are particularly important as they feed commensal bacteria. Fibre is
also important for BP control: in a meta-analysis and a prospective study that involved
388,000 participants followed-up for approximately 9 years, fibre intake was associated with
lower risk of both cardiovascular and all-cause death, and lower systolic BP (SBP).*® This
was validated by a more recent study, which identified that fibre intake is an underlying
factor for mortality, driven by BP.!® Fermentation of fibre by gut bacteria results in the
release of short-chain fatty acids (SCFAs). SCFAs, such as acetate, propionate and butyrate,
are able to lower BP in experimental models of hypertension.*%2%2! Yet, a lack of consistency
in SCFA levels still exists across studies in essential hypertension and its association with

BP.122% This may be due to the volatile characteristic of these metabolites, making them
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challenging to quantify, as well as differences in colonic (i.e., produced), faecal (i.e.,

excreted) and circulatory (i.e., absorbed) levels.?’

Here we aimed to characterise the predicted gut bacteriome, their function and levels
of SCFAs in participants will well-characterised BP. Our study addresses the following
limitations in our field: it is the first multi-site gut microbiota study which analysed samples
from both male and female participants from regional and metropolitan areas, diagnosed
using ambulatory BP monitoring (ABPM). As such, we provide the predicted gut bacteriome
of patients with essential and masked hypertension. Importantly, all participants included
were not receiving any BP-lowering medication. We also determined the impact of their diet
on the predicted gut bacteriome and associated circulating and faecal levels of SCFAs and

SCFA-sensing receptors.

Methods

Anonymized microbiome data and materials have been made publicly available at the NCBI
Sequence Read Archive (SRA) database and can be accessed at

https://dataview.ncbi.nlm.nih.gov/object/PRINA7223597reviewer=qu9taron24c26mcfvgk30qg

569 with assess numbers SAMN18752981 through SAMN18753049. Other data that support
the findings of this study are available from the corresponding author upon reasonable

request.
Participants and recruitment

In this observational, case-control study, 76 participants were recruited from the community
in metropolitan (n=41 Baker Institute and Alfred Hospital, Melbourne) and regional (n=35,
Shepparton) areas (Figures S1 and S2) between October-2016 and April-2018. Inclusion

criteria were: aged 40-70 years, either sex, body mass index (BMI) 18.5-30 kg/m?, and not


https://dataview.ncbi.nlm.nih.gov/object/PRJNA722359?reviewer=qu9taron24c26mcfvgk30qf56g
https://dataview.ncbi.nlm.nih.gov/object/PRJNA722359?reviewer=qu9taron24c26mcfvgk30qf56g
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using BP-lowering medication. Exclusion criteria included gastrointestinal disease (including
history of intestinal surgery, inflammatory bowel disease, celiac disease, lactose intolerance,
chronic pancreatitis or other malabsorption disorder), diabetes (type 1 and 2), chronic kidney
disease, probiotics or antibiotics use in the past 3 months. Two participants were excluded
due to high BMI and four were excluded due to incomplete 24-hour BP measurements. After
exclusions, a total of 70 participants remained: 40 in the metropolitan clinics and 30 in the
regional clinic (Figures S1 and S2). This study complied with the Declaration of Helsinki,
and was approved by the human research ethics committee of the Alfred Hospital (approval
415/16). All participants provided informed consent. The study is registered in the Australian

New Zealand Clinical Trials Registry under ACTRN12620000958987.
Blood pressure measurement and hypertension diagnosis

Office BP was measured using an automatic BP monitor (Omron) after the participant had
been seated for at least 5 minutes with both feet flat on the floor, legs uncrossed and upper
arm relaxed. Two measurements were taken 1 minute apart, and if systolic BP was >15
mmHg apart of diastolic BP >10 mmHg apart a third measurement was performed and
averaged. Participants were then fitted with a calibrated ABPM device (AND or SpaceLabs)
for 24-hours and given clear instructions of how to operate the device and when to remove it.

Hypertension was diagnosed using the European guidelines.?
Food frequency questionnaire

Dietary intake over a period of 12 months was assessed using the Dietary Questionnaire for
Epidemiological Studies (DQES) version 3.2, a self-administered and validated food
frequency questionnaire (FFQ), developed by the Cancer Council Victoria that reflects
dietary intake of the Australian population.? Dietary intake estimates of 98 nutrients were

derived from two Australian databases, AUSNUT 20072 and NUTTAB 2010.2° Since data
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on fibre subtypes (insoluble fibre, soluble fibre and resistant starch) are not provided by
DQES v3.1, we have followed the protocol previously described?® to obtain those estimates.
This method involves calculating the amount of total fibre and fibre subtypes for each single
food using the following sources: (1) latest dietary fibre values found on the AUSNUT 2011-
13 database;?’ (2) food industry provided dietary fibre composition data published by
FSANZ? and (3) the published dietary fibre data by the FSANZ in “Composition of Foods”,

Australia, 1989.%

Participants’ diet quality was measured by comparing their intake (according to age
and sex) with the Dietary Guidelines for Australian (DGA)* recommendations using the
Australian Dietary Guideline Index (DGI-2013).%132 The DGI-2013 includes ten components
in total: six core-food components reflecting adequacy, quality and variety of intake within
the ADG core food groups (vegetables, fruit, grains, lean meats and alternatives, and dairy
and alternatives), one reflecting adequacy of fluid intake, and three noncore food groups
(unsaturated spreads or oils, discretionary items and alcohol) reflecting compliance with
guidelines to moderate or limit intake. The quality of grain (prefer wholegrain), dairy foods
(prefer reduced-fat) and fluid intake (prefer water) was also assessed to reflect the
recommendations set by ADG. Total beverage intake consisted of water, fruit juice, tea,
coffee, milk and milk-based beverages.3®3® Altogether, a maximum of 120 points could be

achieved if all ADG recommendations were met (i.e. high diet quality).
Faecal DNA extraction, library preparation and sequencing

Our study followed guidelines for gut microbiota studies in hypertension,® and the
Strengthening The Organization and Reporting of Microbiome Studies (STORMS) reporting
(Table S1, Figure S2).%° Stool samples were collected by participants at home in empty tubes

(for SCFA determination) or tubes containing RNAlater (Thermo Scientific, previously
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shown to preserve bacterial DNA*) for microbial DNA extraction. Tubes were brought to the
clinics immediately or stored at -20°C for less than 24-hours and then brought to the clinics,
where they were stored at -80°C until further processing. DNA was extracted using the
DNeasy PowerSoil DNA isolation kit (Qiagen). The V4-V5 region of the bacterial 16S rRNA
was amplified by PCR using 20ng of DNA, Platinum Hot Start PCR master mix
(ThermoFisher Scientific), 515F and 926R primers (Bioneer), single-indexing and methods
previously described in the Earth Microbiome Project®” in a Veriti Thermal Cycler
(ThermoFisher Scientific). As such, all the gut microbiome data reported refers to predicted
faecal microbiome, as it was not obtained from shot-gun metagenome sequencing. Non-
template controls (NTC) were used to identify contamination. The quality and quantity of the
PCR product was assessed in a Qubit (ThermoFisher Scientific). No NTC samples showed
any amplification. 240ng of PCR product per sample were pooled and cleaned using the
PureLink PCR Purification kit (ThermoFisher Scientific). The product was then sequenced in
a lllumina MiSeq sequencer (300 bp paired-end reads) with 20% PhiX spiked in. To increase
the reproducibility of the findings, all samples were independently sequenced twice. These

technical duplicated samples were combined for the analyses described below.

Bioinformatic analyses of gut microbiome

Sequence reads from samples were first analysed using the QIIME2 framework.3® Forward
and reverse reads were first truncated at base number 243 for forward reads and base number
224 for reverse reads, then were denoised, merged, and chimera filtered using the DADA2
plugin,® resulting in an amplicon sequence variant (ASV) table (via g2-dada2) with
resolution at the single nucleotide level. A phylogeny was then created using fasttree2*° from
mafft-aligned*! ASVs, and were then subsampled without replacement to 29,000 reads per
sample (via g2-alignment and g2-phylogeny). Both a and B diversity metrics were generated

from the rarefied samples (via g2-diversity), including unweighted and weighted Unifrac
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metrics along with associated Principle Coordinate Analysis (PCoA) distance tables.
Taxonomic assignment used a naive Bayes classifier to label ASVs (via g2-feature-
classifier*?), trained against the SILVA database (version 138) 99% OTU reference sequences
specific for bacterial V4-V5 rRNA regions. Categorical sample metadata predictions were
attempted on the rarefied samples using the g2-sample-classifier plugin.*® Linear discriminant
analysis (LDA) effect size (LEfSe)* was used to identify differentially abundant taxa
between groups, with a specified effect size cut-off of 2.0 and Kruskal-Wallis test P<0.05.
This data was validated using the edgeR differential abundance and heat tree* (Wilcox rank-
sum test P<0.05 on species) methods on MicrobiomeAnalyst.*®4” The data was also imported
to Calypso® and analysed using Spearman correlations to validate these associations with BP
as a continuous variable using the top 200 most abundant taxa. These analyses were adjusted
for multiple comparisons using false discovery rate (FDR), where g<0.05 was considered

significant.

Separately, the OTU table output from the QIIME2 framework was converted to
predicted gene abundances on the Piphillin®® and PICRUSt2 servers. These servers do not
cover the same pathways, thus some specific pathways are not represented in both and they
complement each other. The resulting hypothesised gene abundances were then imported into
R (version 4.0.2) using the package phyloseq™ and transferred through the R package PIME®!
to capture gene abundance differences only at high sample prevalence levels. Effect sizes for
genes were generated when PIME-filtered tables were passed onto ALDEX2, which
conducted a differential abundance analysis comparing samples grouped by selected
categorical variables in the metadata. ALDEX2 also inferred biological and sampling
variation to calculate the expected false discovery rate, based on a Welch’s t-test.5? Via the
DADAZ2/PIME/ALDEX2 pipeline, we used denoised prevalences which permit valid

permutational multivariate analyses of covariance-based dissimilarities and effect sizes using

10
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a compositional dataset approach. To this end, in the present study we employed a machine
learning algorithm using that produced denoised prevalences at the level of single nucleotide
resolution. Our study benefited from our machine learning workflow that performed an
internal validation of prevalence data that accounts for power, and reports significant
differences—subtle or large—with respect to normalization, eigenvalue ordination,
permutational analyses of covariance, dissimilarity matrices, and correlation with clustering
within the 95% Confidence Interval, shown as principal coordinate analyses (PCA) plots, to

show differences between groups.
Short-chain fatty acids measurement

Plasma SCFAs were measured in 200 pL and faecal SCFAs were measured from 1 g of
faecal sample, all in triplicates, as previously published.>** Heptanoic acid was used as an
internal standard. Samples were analysed using an Agilent GC6890 coupled to a flame-
ionisation detector (FID), with helium used as the carrier gas. An Agilent FFAP column (30
m x 0.53 mM (internal diameter) x 1.00 uM (film thickness)) was installed for analysis. A
splitless injection technique was used, with 0.2 pLL of sample injected. A constant flow rate of
4.0 mL/min was used on the column. Upon injection, the oven was initially held at 90 °C for
1 minute, then raised to 190 °C at 20 °C/min and held for 3 minutes. A coefficient of

variation of <10% within triplicate samples was used as a quality control measure.
Blood expression of SCFA receptors and transporters

We have previously shown in animal models that all 3 main SCFA-sensing receptors GPR41
(FFAR3), GPR43 (FFAR2) and GPR109A (HCAR2) have a role in cardiovascular
dysfunction.® These receptors are highly expressed in immune cells.> To determine whether
hypertensive patients had a deficiency in sensing these receptors, we quantified their levels in

white blood cells from the participants with the highest (n=22 hypertensives) and lowest BP

11
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(n=25). Blood RNA was extracted using the Red Blood Cell Lysis Buffer (ThermoFisher
Scientific) and RNeasy Mini kit (Qiagen). RNA was quantified in a Nanodrop
Spectrophotometer and first-strand complementary synthesis reaction (cDNA) was made
using the SuperScript™ [V VILO™ Master Mix with ezDNase™ Enzyme (ThermoFisher
Scientific). TagMan assays (Table S2) and the TagMan Advanced Fast Master Mix were used
in a QuantStudio 6 Flex Real-Time PCR (gPCR) system (all ThermoFisher Scientific).
Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) and -actin (ACTB) were used as
housekeeping genes. All expression experiments were run in duplicates and significance was

assessed by 222C€T method.
Statistical analyses

Microbiome data was analysed as explained above. Data were analysed blind. GraphPad
Prism (version 8) package was used for statistical analysis and graphing. Results were tested
for outliers using the Robust regression and outlier removal (ROUT) method®® and for normal
distribution using the D'Agostino & Pearson tests. Non-parametric tests were used in case of
non-normally distributed data. An F test was used to verify similar variance between groups.
Two-tail independent sample t-tests (with Welch’s correction in the case of different
variance) were used to compare demographic, BP, gPCR and SCFA data between 2 groups.
Correlations were performed using Pearson’s or Spearman’s correlation coefficients. Further
analyses were conducted using step-wise multiple linear regression models for acetate,
butyrate and GPR43 levels. These models had clinical (age, sex, body mass index,
recruitment centre) variables as independent parameters (criteria of F-entry probability: 0.15,
removal: 0.20) in Statistical package SPSS for Windows (release 25). Demographic, BP,
gPCR and SCFA data are presented as mean=SEM, and those with a P<0.05 considered

significant.

12
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Results

Participants’ characteristics

A total of 70 participants were included in this study (Table 1). Based on ABPM, we
identified that 33% of participants had hypertension. Six percent had white coat and 19%
were masked hypertensives. Hypertensive patients had a similar age and body mass index
(BMI) compared to normotensive controls, but there were sex differences between
hypertensive, masked hypertensive and normotensive participants. As expected hypertensive
and masked hypertensive participants also had higher ABPM, while white coat hypertensive
participants had high office BP, but not ABPM. One participant was excluded due to low
number of microbiome sequencing reads, resulting in a total of 69 participants included in the
sequencing analyses below. Due to the small number of white coat hypertensives, we did not

perform any predicted gut microbiome analyses in this group.

Dietary food intake

There was no difference between total fibre, resistant starches, insoluble and soluble fibre
levels between normotensive and hypertensive participants, nor for different types of food
individually that contribute towards the total fibre intake (e.g., nuts, legumes, grains) (Table
S3). There was also no statistically significant difference in Australian dietary score between

normotensive (60.2+1.1) and hypertensive participants (58.5+1.6, P=0.358).

Gut microbiome

In total, over 4.3 million reads were denoised, merged, and survived chimera filtering, a
survival rate of 43% with read counts averaging 63,000 reads per sample. Rarefaction of

samples to 29,000 reads showed consistent and plateauing diversity metrics across samples

13
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(Figure S3), but caused the loss of data from one participant. We quantified two commonly
used metrics for predicted gut microbiome studies, a- (i.e., a within sample metrics) and -
diversity (i.e., a between samples metrics). We found no association between 5 measurements
of a-diversity and essential hypertension (Table S4) or masked hypertension in t-tests nor
using machine learning algorithms (data not shown). We identified similar results when we
studied B-diversity: there was no difference between normotensive controls and essential
hypertensive (Figure S4) and masked hypertensive (Figure S5) participants. There was also
no B-diversity difference between clinics, sex, age, BMI, fibre intake or diet score (Figure
S6). However, some specific taxa were still more prevalent in hypertensive groups or
normotensive controls, shown by LDA scores higher than 2 in normotensive or hypertensive
groups (Figure 1 and Figure S7). This cut-off was chosen specifically to identify taxa that
were likely to have a biological significance instead of just significant P-value. We identified
that normotensive subjects had higher levels of Ruminococcus spp. and Eubacterium eligens,
while essential hypertensive subjects had higher levels of Acidaminococcus spp.,
Eubacterium fissicatena and Muribaculaceae spp (Figure 1 and S7); masked hypertensives
had higher levels of Alistipes and Muribaculaceae, (Figure 1). Some of these taxa were
further validated in the edgeR analysis including Acidaminococcus (fold change=1.8, g-value
0.015) and Ruminococcus (fold change=-1.9, g-value 0.017) in essential hypertensives, and
Ruminococcus (fold change=-2.3, g-value 0.004) in masked hypertensives. The heat tree
analysis, which compares species communities between groups, validated Ruminococcus,
Acidaminococcus and Eubacterium in essential hypertensives (Figure S8A), and
Ruminococcus and Alistipes in masked hypertensives (Figure S8B). To further validate these
findings, we then performed correlations between the microbiome and 24-hour SBP and DBP
(Figure S9, Table S5). Acidaminococcus was positively correlated with BP (r=0.28 to 0.34,

P=0.005-0.018), and Ruminococcus (r=-0.26 to -0.32, P=0.008-0.031) and Eubacterium

14
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eligens (r=-0.28 to -0.3, P=0.013-0.021) negatively correlated with BP. However, no taxa
reached FDR<0.05 for the correlation analyses. Differently from previously reported,®” we
did not identify any changes in Lactobacillus spp. in any of the groups nor associations with

reported sodium intake (data not shown).

To determine whether predicted biological pathways with high sample prevalence
rather than specific types of bacteria were associated with hypertension, we then analysed the
data using ALDEx2 and PIME, which employs robust machine learning combined with
microbiome pathway analysis. 4,038 predicted genes were identified after passing QIIME2-
outputted ASV tables through the PICRUSt2 server (Figure 2) and 5,488 predicted genes in
the Piphillin server (Figure S10). The following results are described for the PICRUSt2
server, although the Piphillin server generated similar results (Figure S10). After filtering out
low sample prevalence genes using PIME (Figure 2A and 2B) and finding the prevalence
interval with the lowest out-of-bag error rate (Figure 2C), only 2,339 genes and
3,950,619,227 sequences remained, showing a removal of over 95% of genes from the gene
abundance table. In contrast to Figure S3 where at the taxa level we did not see clusters
between normotensive and hypertensive or masked hypertensive groups, at the biological
pathway level these groups show distinct clustering (Figure 2D-E and Figure S10C-D). This
supports that while the microbial taxa might be mostly similar between these groups, the gene
pathways in each condition are different. These findings were also independent of
clinic/location, sex, BMI and Australian dietary index scores (Figures S11 and S12). We
identified 121 predicted microbiome gene pathways that were different as a result of the gut
microbiota of hypertensive participants, 49 up-regulated and 72 down-regulated using
PICRUSt2 (Table S6), and 69 pathways (31 up-regulated and 38 down-regulated) using

Piphillin (Table S7). Particularly relevant were the down-regulation of genes involved in the

15
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sodium transport system and nitrite transporter, all relevant to hypertension and

cardiovascular disease.

Moreover, we observed a significant increase in acetate-CoA ligase (ADP-forming) in
hypertensive participants (fold change 2.4, FDR-adjusted P= 1.97x10%%). This enzyme is
responsible for the conversion of ATP, acetate and CoA into ADP, phosphate and acetyl-
CoA, which is involved in the production of butyrate. This is relevant as acetate and butyrate
are abundant SCFAs produced by the gut microbiota, and they are able to lower BP in
experimental hypertension.*?° No other pathways and genes associated with SCFAs were
differentially regulated in human hypertension in both Piphillin and PICRUSt2 servers

(Figure S13).
Short-chain fatty acids and receptors

To validate these findings, we then directly measured the levels of SCFAs. Hypertensive
patients had higher levels of plasma, but not faecal (data not shown, all P>0.05), total levels
of SCFAs compared to normotensive controls (P=0.04, Figure 3A). This was driven by
higher levels of acetate (P=0.002, Figure 3B) and butyrate (P=0.0008, Figure 3C), but not
propionate (P =0.32, Figure 3D). These associations were still significant after adjustment for
age, BMI and sex (acetate: f=0.012, P=0.05; butyrate: = 0.519, P=0.006). Butyrate levels
were positively correlated with 24-hour SBP (r=0.428, P=0.0009, Figure 3E) and DBP
(r=0.453, P=0.0004, Figure 3F). We did not see any changes in SCFAS in patients with white
coat hypertension, but those with masked hypertension also had higher levels of butyrate
(mean+SEM: masked 6.42+0.6 vs others 4.88+0.3, P=0.027). Changes in plasma and faecal
SCFAs were independent of dietary fibre, nut, legume, grain and vegetable intake (data not

shown).

16



HYPE/2021/17288-R1

These findings, however, were in the opposite direction to what we expected since
acetate and butyrate are able to lower BP in experimental hypertension.*?° We hypothesised
that while hypertensive patients had higher levels of circulating SCFAs, they may lack the
receptors that sense SCFAs. We then quantified the mRNA levels of SCFA-sensing
receptors, GPR41, GPR43 and GPR109A, in white blood cells from these patients (Figure 4).
We found that hypertensive patients had significantly lower levels of GPR43 (FFAR2)
MRNA compared to normotensive controls (P<0.001). This was still significant after
adjustment for age, BMI and sex (f=-12.3, P=0.004), where only GPR43 expression was still
significantly associated with hypertension. GPR43 levels were also strongly negatively
correlated with 24-hour SBP (p=-0.75, P<0.001) and DBP (p=-0.70, P<0.001). There were no
changes in the expression of GPR41 and GPRO19A. Our data suggest that untreated
hypertensive patients have elevated circulating levels of acetate and butyrate, but lower levels

of the SCFA-sensing receptor GPR43.

Discussion

Here we combined machine-learning, predicted gut microbiome sequencing, metabolite and
receptor quantification with 24-hour BP monitoring from a multi-centre cohort. Our study
uncovered that the gut microbiome of untreated essential and masked hypertensive subjects is
similar to normotensive subjects in terms of diversity and composition, having only minor
differences in taxa. It is, however, the predicted gut microbiota-derived gene pathways that
are different across groups, particularly between normotensives and essential hypertensives.
This was independent of traditional risk factors (e.g., age, sex and BMI) and microbiota risk
factors (e.g., location, diet), and some of these changes were detected in the hosts’
circulation. One of the pathways identified involves the production of acetyl-CoA, which is

relevant for the production of gut microbiota-derived SCFAs. Indeed, we found that

17
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hypertensive participants had higher plasma, but not faecal, levels of acetate and butyrate, but
reduced levels of the main receptor that senses these metabolites, GPR43, in immune cells.
Taken together, our study uncovered important metabolic gene pathways produced by the
predicted human hypertensive gut microbiota and dysfunction of receptor targets that may
drive an increase in BP and could form new therapeutic approaches for hypertension

(summarised in Figure 5).

Contrary to some prior studies,>”#11! put in accordance with others,®2** we did not
observe a change in microbial a diversity between groups. Similarly, most studies have not
been able to show a difference'®*® or have not reported differences>!*** in microbial
diversity between people with normal and high BP. This may be explained by poor
characterisation often with the use of office BP and inclusion of treated patients, amongst
other factors.'* Indeed, to date only one study of 54 men recruited in one centre has analysed
ABPM.™ Another explanation is the use of BP-lowering medication, which has been
associated with changes in the gut microbiota,'>® as most studied besides one® combined
treated and untreated patients, while others classified treated patients with controlled BP as
normotensive controls.”® Albeit we did not identify p diversity changes between hypertensive
groups, we still identified some differentially prevalent taxa. Particularly relevant are the
lower levels of Ruminococcus spp. and Eubacterium eligens observed in both essential and
masked hypertensive groups. Ruminococcus spp. are known as SCFA-producers,> and have
been previously associated with hypertension in other cohorts, %1314 and recently in
patients with heart failure with preserved ejection fraction (HFpEF),>® for which hypertension
is a major risk factor for. Similarly, the less studied Acidaminococcus spp has also been
reported.>*? Interestingly, hypertensive subjects had higher levels of taxa associated with
degradation of mucin (mucosal-sugars), such as Muribaculaceae spp. and Alistipes,® the

latter being associated with epithelial inflammation.5?
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An alternative explanation to the lack of association with microbial diversity and
different disease states has been recently introduced: diet may only modify the gut microbiota
at the post-transcriptional (proteome) level, leading to altered protein and metabolite
production while microbiota composition may remain the same.®? Our study provides the first
human evidence that this may be the case for cardiovascular disease, particularly in the
setting of untreated essential hypertension diagnosed with ABPM. We show that while o and
B diversity remained unchanged, the predicted microbial gene networks associated with
hypertension changed dramatically. Particularly relevant to hypertension, we identified that
the human hypertension gut microbiota had higher expression of genes associated with
sodium and nitrite transport, and acetate-CoA ligase, all relevant to the development of
hypertension, but never before studied from a gut microbiota perspective. The role of
intestinal bacteria, as opposed to oral bacteria,? to the production of nitric oxide is not
known, and was outside the scope of the present study. Similarly, it is still unknown whether
bacterial sodium transport activity impacts on the host sodium absorption, but due to the role
of the intestine in sodium absorption this could be a new direction to the field. We
acknowledge as a limitation of our study that we did not quantify the levels of sodium in the
faeces of our participants, because all the material had been used for SCFA and microbiome
analyses. We also acknowledge that the difference in the microbial gene pathways detected
are predictions and need to be validated with metatranscriptomics and proteomic analysis.

This was outside the scope of the current study.

Gut microbial metabolites are key for microbial-host communication. One of the gene
pathways we identified was an upregulation of acetate-CoA ligase in hypertensive subjects.
Indeed, we found higher levels of acetate and butyrate, another SCFA that can also be a result
of down-stream metabolism of acetate by acetate-CoA, in hypertensive subjects. Acetate and

butyrate are sensed by three G-protein coupled receptors (GPCR), GPR43 being the major of
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these receptors. These SCFA-sensing receptors are highly expressed in immune cells,* being
one of the possible ways that microbiota-host communication takes place. Our study provides
the first human evidence that GPR43 is differentially regulated in essential hypertension. One
of the major findings of our study is that hypertensive subjects have a significantly lower
expression of GPR43. Deficiency of GPR43 signalling results in immune dysfunction which
drives a shift to a pro-inflammatory phenotype including recruitment of neutrophils and other
immune cells.%* In a large follow-up study of 28,850 subjects, a greater peripheral neutrophil-
to-lymphocyte ratio was found among hypertensive subjects proving inflammation exists in
hypertensive subjects and at least involves an increase in neutrophils.®® Thus, the deficiency
of GPR43 signalling may be (partially) responsible for the pro-inflammatory phenotype
(increase in neutrophils) observed in hypertensive subjects. In the future, coupling the
immune phenotype of subjects with metabolite-sensing GPCR expression is needed to further
understand how SCFA-signalling affects the various immune cells. The increase we observed
in SCFASs in hypertensive patients, however, remains unclear. The affinity of SCFA receptors
has been shown to vary according to the concentrations of SCFAs,® and the decrease in
GPR43 could be a compensatory mechanism. This interaction between GPR43 and SCFAs in
hypertension likely involves changes in the gastrointestinal tract, which is highly enriched
with not only SCFA transporters but also with immune cells that highly express GPR43.
Human intestinal tissue combined with colonic and plasma SCFA levels would be ideal to

determine their relationship.

We acknowledge our study has some limitations, including the relatively small
sample size. Albeit modest, our study took advantage of the only multi-site cohort published
to date that has hypertension diagnosed by ABPM and includes both men and women, all
untreated for BP-lowering medication. This is also the only cohort to date that contains

detailed information regarding dietary intake as well as plasma and faecal metabolites, which
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allowed us to determine their relationship to the microbiota and BP, and show that our results
are robust and valid across 2 independent recruitment sites. As a result of the detailed
characterisation of this cohort including ABPM, our sample had similar power to identify
microbial associations as some of the largest studies reported to date.*®> However, due to the
modest sample size, these results need to be independently validated. Ideally, a meta-analysis

should be performed, however, this is impacted by the lack of studies with ABPM data.

Perspectives

We identified that while predicted microbial diversity did not change in essential and masked
hypertension diagnosed with 24-hour BP monitoring, there was a significant shift in
microbial gene pathways involved in essential hypertension. Acetate-CoA ligase was up-
regulated, coupled with higher levels of the SCFAs acetate and butyrate. Hypertensive
subjects, however, had lower levels of the SCFA-sensing receptor GPR43 in immune cells,
which may blunt their response to BP-lowering metabolites. This suggests that targeting the
new pathways and the receptor identified here may represent new avenues in the search for

mechanisms that control BP in hypertensive patients.
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Novelty and Significance

1. What is new?

e We performed the first predicted gut microbiome multi-site study of normotensive
and untreated hypertensive participants, men and women, whose blood pressure was
measured using ambulatory blood pressure monitoring.

e Normotensive and essential hypertensive groups could be differentiated based on
predicted gut microbiome gene pathways and metabolites, but few differences were
detected in terms of specific microbial types.

e Hypertensive patients exhibited higher levels of gut microbial-derived metabolites,
but their immune cells expressed reduced levels of the main receptor that senses these

metabolites.

2. What is relevant?

e This study addresses many gaps in the gut microbiota-hypertension literature
including comparison across metropolitan and regional areas, men and women, all
with 24-hour blood pressure measurements.

e The predicted gut microbiome was mostly similar between normotensive and essential
hypertensive groups, but the predicted gut microbial gene pathways were different,
suggesting major differences in the function of the microbiota.

e We identified that hypertensive subjects have a deficiency in a new target gene that

senses gut microbiota-derived metabolites that lower blood pressure.

3. Summary
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While predicted gut microbial diversity did not change in essential hypertension, there was a
significant shift in microbial gene pathways, and an increase in the circulating levels of the
SCFAs acetate and butyrate. Hypertensive subjects, however, had lower levels of the SCFA-

sensing receptor GPR43, putatively blunting their response to BP-lowering metabolites.
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Figure legends

Figure 1. Predicted gut microbiome taxa linear discriminant analysis effect sizes.
Predicted gut microbiome taxa that are different between normotensive subjects and A,
essential hypertensives (n=46 normotensives and 23 hypertensives), B, masked hypertensives
(n=46 normotensives and 13 masked hypertensives), with a linear discriminant analysis

(LDA) score of least 2.

Figure 2. A. Using the DADA2/PIME/ALDEX2 machine-learning pipeline described in
Methods,*? the initial microbiome ASV dataset of 4,098 total raw data pathways was parsed
into 5% intervals and ranked by out-of-bag (OOB) errors of signal-to-noise ratios giving
minimized OBB error rate = 0 at the 95% prevalence level. This interval held 2,339 gene
pathways. B and C. Mann-Whitney plot validating the 2,339 prevalent pathways (red points)
of the 95% prevalence interval of (A). These pathways were subsequently used downstream
for all the ensuing multivariate analyses comparing the groups. Points represent unique
microbial gene functions that are differentially abundant at g<0.1 (red); abundant but non-
differentially abundant (gray); rare and not differentially abundant (black). D. Principal
component analysis (PCA) of prevalent microbial gene pathways using the data pool of (A)
and (B), comparing essential hypertensive subjects (n=23) vs. normotensives (n=46). E. PCA
comparing masked hypertensives (n=13) vs. normotensives (n=46). All PCA points are
shown within 95% confidence interval ellipses. This figure shows data analysed with the

PICRUSt2 server, while S10 shows data analysed with the Piphillin server.

Figure 3. Plasma levels of gut microbial metabolites short-chain fatty acids (SCFAS) in
association with hypertension. Showing A, total SCFAs, B, acetate, C, butyrate, and D,

propionate. Showing mean standard error of mean. Correlations between butyrate and E,
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systolic blood pressure (SBP) and F, diastolic blood pressure (DBP). *indicates P<0.05, ***P

<0.001.

Figure 4. Relative expression of short-chain fatty acids (SCFAs)-sensing receptors,
showing that A, GPR43 mRNA is down-regulated in white blood cells of hypertensive
participants, while there are no changes in B, GPR41 and C, GPR109A. Showing mean
tstandard error of mean. Sample size: n=25 normotensives and 22 hypertensives.

***indicates P<0.001.

Figure 5. Summary of the study findings.
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Tables

Table 1. Demographics and clinical characteristics of participants.

Variable Normotensives | Hypertensives* White coat Masked
hypertensives | hypertensives
Sample size (n, %) 47 (67%) 23 (33%) 4 (6%) 13 (19%)
Age (years) 59.2+7.7 60.31£6.6 60.0£9.8 59.1+£7.5
BMI (kg/m2) 24.9+3.0 26.0+2.6 23.9+1.3 26.6+2.3
Waist to hip ratio 0.86+0.1 0.88+0.1 0.85+0.1 0.88+0.01
Sex (% female) 31 (66%) 8 (35%)¥ 1 (25%) 4 (31%)7
Office SBP (mmHg) 122.3+12.5 135.6+18.0% 140.9+9.98 123.1+12.5
Office DBP (mmHg) 75.548.3 82.2+10.5% 89.3+6.0§ 76.3+8.8
24h SBP (mmHg) 114.3+8.5 139.7+£10.18 120.0+5.3 135.2+7.68
24h DBP (mmHg) 69.6+5.1 83.1+6.38 74.0+8.61 80.4+5.1§
Day SBP (mmHg) 121.849.5 145.7+9.88§ 127.8+2.1 141.3+7.88§
Day DBP (mmHg) 75.546.2 87.6+5.98 80.9+4.9 84.8+4.48
Night SBP (mmHg) 105.3+8.7 132.3+12.38 110.2+9.4 127.5+10.08
Night DBP (mmHg) 62.6+5.1 77.4+8.48 67.1+3.0 74.6+7.48

Data are shown as mean = standard deviation or numbers and percentages. Legend: body

mass index, BMI; systolic blood pressure, SBP; diastolic blood pressure; waist to hip ratio,

WHR. *Hypertensives include all diagnosed with hypertension. Significant associations in

bold. 1P<0.05, $P<0.01, §P<0.001.
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Interval OOB error rate (%) OTUs  Number of sequences
Prevalence 5% 39.13 3,841 3,958,378,340
Prevalence 10% 37.68 3,680 3,958,252,378
Prevalence 15% 37.68 3,564 3,958,138,081
Prevalence 20% 20.29 3,485 3,957,990,776
Prevalence 25% 20.29 3,453 3,957,924,173
Prevalence 30% 18.84 3,427 3,957,843,634
Prevalence 35% 18.84 3,342 3,957,542,147
Prevalence 40% 14.49 3,305 3,957,198,877
Prevalence 45% 10.14 3,072 3,956,949,220
Prevalence 50% 8.7 2,897 3,956,543,207
Prevalence 55% 5.8 2,842 3,956,268,063
Prevalence 60% 5.8 2,803 3,955,857,233
Prevalence 65% 5.8 2,705 3,955,597,458
Prevalence 70% 1.45 2,605 3,955,026,954
Prevalence 75% 1.45 2,563 3,954,419,934
Prevalence 80% 1.45 2,529 3,953,960,141
Prevalence 85% 1.45 2,478 3,953,002,496
Prevalence 90% 1.45 2,427 3,951,990,160
I Prevalence 95% 0 2,339 3,950,619,227
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