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BACKGROUND: The enterosalivary nitrate– nitrite– nitric oxide (NO3– NO2– NO) pathway generates NO following oral microbiota- 
mediated production of salivary nitrite, potentially linking the oral microbiota to reduced cardiometabolic risk. Nitrite depletion 
by oral bacteria may also be important for determining the net nitrite available systemically. We examine if higher abundance 
of oral microbial genes favoring increased oral nitrite generation and decreased nitrite depletion is associated with a better 
cardiometabolic profile cross- sectionally.

METHODS AND RESULTS: This study includes 764 adults (mean [SD] age 32 [9] years, 71% women) enrolled in ORIGINS (Oral 
Infections, Glucose Intolerance, and Insulin Resistance Study). Microbial DNA from subgingival dental plaques underwent 16S 
rRNA gene sequencing; PICRUSt2 was used to estimate functional gene profiles. To represent the different components and 
pathways of nitrogen metabolism in bacteria, predicted gene abundances were operationalized to create summary scores by 
(1) bacterial nitrogen metabolic pathway or (2) biochemical product (NO2, NO, or ammonia [NH3]) formed by the action of the 
bacterial reductases encoded. Finally, nitrite generation- to- depletion ratios of gene abundances were created from the above 
summary scores. A composite cardiometabolic Z score was created from cardiometabolic risk variables, with higher scores 
associated with worse cardiometabolic health. We performed multivariable linear regression analysis with cardiometabolic 
Z score as the outcome and the gene abundance summary scores and ratios as predictor variables, adjusting for sex, age, 
race, and ethnicity in the simple adjusted model. A 1 SD higher NO versus NH3 summary ratio was inversely associated with 
a −0.10 (false discovery rate q=0.003) lower composite cardiometabolic Z score in simple adjusted models. Higher NH3 sum-
mary score (suggestive of nitrite depletion) was associated with higher cardiometabolic risk, with a 0.06 (false discovery rate 
q=0.04) higher composite cardiometabolic Z score.

CONCLUSIONS: Increased net capacity for nitrite generation versus depletion by oral bacteria, assessed through a metagenome 
estimation approach, is associated with lower levels of cardiometabolic risk.
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microbiome

Nitric oxide (NO) is an important signaling mole-
cule for cardiometabolic health, and is involved 
in vasodilation, glucose metabolism, and other 

physiological functions.1– 3 The oral microbiome con-
tributes to NO generation through the enterosalivary 
nitrate– nitrite– NO (NO3– NO2– NO) pathway.3 Oral 
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bacteria reduce salivary nitrate (NO3) derived from di-
etary nitrate or metabolism of endogenously produced 
NO to nitrite (NO2), which is swallowed and made sys-
temically available for further reduction into NO in the 
blood vessels and tissues.3 The potential importance 
of the oral microbiome in this pathway and the bene-
ficial effect of this NO pathway on blood pressure and 

metabolism has been demonstrated through several 
experimental studies.1,3,4 Decreases in salivary and 
plasma nitrite,5– 11 and corresponding increases in 
blood pressure and plasma glucose levels,6– 8,12 follow-
ing antibacterial mouthwash use and presumed lower 
oral bacteria levels, have been observed. Likewise, as-
sociations between bacterial taxa and genes coding for 
bacterial enzymes along the NO3– NO2– NO pathway, 
and blood pressure levels have been found,13,14 further 
emphasizing the importance of the oral microbiome.

Because nitrite is thought to act as a storage pool 
for bioavailable NO, most studies have focused on the 
nitrate- reducing capacity (ie, the nitrite- generating ca-
pacity of the oral microbiome).7,9,10,13 However, some 
oral bacteria can also further reduce salivary nitrite to 
NO or ammonia (NH3), affecting the amount of salivary 
nitrite swallowed and absorbed into the circulation for 
systemic NO generation. Figure 1 illustrates the 3 main 
pathways of bacterial nitrogen metabolism.3,15 Previous 
authors have suggested that an oral microbiome that 
allows nitrite accumulation is beneficial, and that the 
overall balance between nitrite- generating versus 
nitrite- depleting capacity may be more important than 
the absolute nitrate- reducing capacity of the oral mi-
crobiome.16 In an experimental study, no association 
was observed between nitrate reductase genes and 
blood pressure, but higher levels of NO- forming nitrite 
reductase genes and lower levels of NH3- forming ni-
trite reductase genes were observed to be associated 
with lower systolic blood pressure.14 This suggests that 
salivary nitrite depletion by oral bacteria can influence 
the NO3– NO2– NO pathway and may be associated 
with blood pressure as well, and that the association 
may vary dependent on the product (NO or NH3) of 
that nitrite depletion. Larger population- based stud-
ies examining how in addition to nitrite generation (ie, 
nitrate reduction), the nitrite depletion by oral bacteria 
may also be associated with cardiometabolic risk, can 
help validate findings from smaller experimental stud-
ies highlighting the importance of oral bacteria in car-
diometabolic health.

Therefore, this study aimed for a more nuanced in-
terrogation of the role of the oral microbiome in the 
enterosalivary pathway on cardiometabolic health by 
operationalizing different components of the NO3– 
NO2– NO pathway. Prior attempts simply focused on the 
relative abundance of nitrate- reducing bacterial taxa, 
but it is unknown whether the different pathways of bac-
terial nitrate metabolism, levels of a specific reductase 
gene, or the overall balance between nitrite generation 
and depletion is of greatest relevance to cardiometabolic 
risk. Recent tools predicting gene abundances from 16S 
rRNA sequencing data show reasonable performance 
for human data sets in particular, with correlations of 
0.79 to 0.88 with shotgun metagenomics results.17– 19 
Therefore, using predicted gene abundances from 16S 

CLINICAL PERSPECTIVE

What Is New?
• Previous investigations have observed that 

nitrate- reducing oral bacteria and the nitrite- 
generating capacity of the oral microbiome 
are associated with reduced cardiometabolic 
disease risk through the enterosalivary NO3– 
NO2– NO pathway of NO generation.

• This study uses predicted metagenomic con-
tent from 16S rRNA sequencing to operational-
ize different components of the NO3– NO2– NO 
pathway to investigate whether the different 
pathways of bacterial nitrate metabolism, levels 
of a specific reductase gene, or the overall bal-
ance/ratio between nitrite generation and nitrite 
depletion are of greatest relevance to cardio-
metabolic outcomes.

• Our results suggest that nitrite depletion by oral 
bacteria can influence the NO3– NO2– NO path-
way, and gene scores that conceptually capture 
the net NO- generating potential of the oral mi-
crobiome were most strongly and consistently 
associated with cardiometabolic outcomes.

What Are the Clinical Implications?
• This knowledge will aid in clinical trial de-

signs that aim to enrich oral nitrate reducers 
by identifying individuals with low levels of net 
NO- producing capacity and characterizing an 
intermediate biomarker of efficacy.

• Furthermore, a high net nitrite- generating ca-
pacity could be a characteristic used to identify 
potential candidate bacteria species for probiot-
ics to enhance enterosalivary NO generation.

Nonstandard Abbreviations and Acronyms

ANR assimilatory nitrate reduction
CMZ composite cardiometabolic Z score
DNRA dissimilatory nitrate reduction to 

ammonia
FDR false discovery rate
KO Kyoto Encyclopedia of Genes and 

Genomes Orthologs
RD respiratory denitrification
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rRNA sequencing data, we aimed to examine the asso-
ciation of the nitrite- generating and nitrite- depleting ca-
pacity of the oral microbiome with cardiometabolic risk. 
We hypothesize that a higher abundance of oral micro-
bial genes favoring increased oral nitrite generation and 
decreased nitrite depletion are associated with a better 
cardiometabolic profile.

METHODS
The data that support the findings of this study are 
available from the corresponding author upon reason-
able request.

Study Population
ORIGINS (Oral Infections, Glucose Intolerance, and 
Insulin Resistance Study) is a prospective cohort study 
investigating the relationship between the subgingi-
val microbial community composition and impaired 
glucose metabolism.20,21 From February 2011 to May 
2013, 300 men and women were enrolled in wave 1 
of the study, and from January 2016 to January 2020 
an additional 800 individuals were enrolled during 
wave 2 of the study. Inclusion criteria were (1) age 20 
to 55 years; (2) no diabetes (type 1 or type 2) based 
on participant self- report of no previously diagnosed 
disease, hemoglobin A1c (HbA1c) values <6.5%, 

Figure 1. Representation of the 3 major bacterial pathways for nitrate reduction to nitrite.
(Adapted from Koch et al3 and Sparacino- Watkins et al15 and created with BioRender.com). Pathways, proteins and genes are color 
coded. Blue genes and proteins indicate NO2 or NO- generating enzymes, whereas red indicates nitrite depletion to NH3. Nitrite and 
nitrate move through the plasma membrane through NNP (nitrate/nitrite transporter ) (in green), coded by the gene narK. The blue 
box contains the RD pathway that increases nitrite and NO availability through the nitrate reductase Nar (coded by genes narB, narG, 
narZ, nxrA, narH, narY, nxrB, narI, narV ) and nitrite reductase Nir (coded by genes nirK and nirS), respectively, and thus characterized 
as a nitrite/NO- generating pathway. Red boxes contain the DNRA and ANR pathways characterized as nitrite- depleting pathways. 
Following nitrite generation by nitrate reductases Nap (coded by genes napA and napB) and Nas (coded by genes nasA and nasB), 
nitrite is depleted by the NH3- producing enzyme proteins Nir (coded by the genes nirA, nirB, and nirD), and Nrf (coded by the genes 
nrfA and nrfB). Dotted arrows represent the diffusion of the nitrate, nitrite, nitric oxide, and ammonia in and out of the cell. ANR 
indicates assimilatory nitrate reduction; DNRA, dissimilatory nitrate reduction to ammonia; glu, glutamine; Nar, Nap, Nas, nitrate 
reductase; NH3, ammonia; NH4+, ammonium; Nir, Nrf, nitrite reductase; NO2, nitrite; NO3, nitrate; NNP, nitrate/nitrite transporter; and 
RD, respiratory denitrification.
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and fasting plasma glucose <126  mg/dL; (3) no his-
tory of myocardial infarction, congestive heart failure, 
stroke, or chronic inflammatory conditions based on 
participant self- report. The Columbia University and 
University of Minnesota institutional review boards ap-
proved the protocol. All participants provided informed 
consent. Only wave 2 participants who had 16S rRNA 
microbial data from subgingival plaque samples and 
were not missing important baseline risk factors or out-
come data were included in this study.

Subgingival Plaque Collection and 
Bacterial Assessments
Subgingival plaque samples (6– 8 teeth per participant) 
were collected from predefined index teeth using ster-
ile curettes after removal of the supragingival plaque as 
previously described.20 The samples were pooled by 
shallow (probing depth of <4 mm) versus deep (probing 
depth ≥4 mm) collection sites, and suspended in 300 µL 
of Tris- EDTA buffer (50 mmol/L Tris, 1 mmol/L EDTA; pH 
7.6). Microbial DNA was extracted using the MasterPure 
Gram Positive DNA Positive Purification kit (Lucigen).

Only pooled samples from shallow sites (n=764) were 
used for the main analyses, because deeper probing 
depths are often associated with periodontal disease, and 
microbiome from these sites could reflect local inflam-
matory disease processes and environmental pressures 
that may alter the composition of the oral microbiome. 
Sensitivity analyses using a weighted average of within- 
mouth gene abundances across pooled samples from 
both deep and shallow sites showed similar results to our 
main analyses and are presented in Figure S1.

16S rRNA Sequencing and Prediction of 
Gene Abundances Using PICRUSt2
We used 50 ng of DNA in polymerase chain reaction 
amplification targeting the V3 to V4 region of the 16S 
rRNA gene (using 341F/806R universal primers), and 
polymerase chain reaction products were purified 
using AMPure beads.22,23 For each library, 100 ng were 
pooled, gel purified, and quantified using a bioana-
lyzer, and 12 pM of the library mixture was spiked with 
20% PhiX and run on a MiSeq (Illumina) platform. Raw 
reads were analyzed with QIIME224 (the data curation 
pipeline is outlined in Data S1). Overall, 44 776 283 se-
quences were generated for final analysis (median of 
37 067 sequences per sample).

We then used the bioinformatics tool PICRUSt218 
through the qiime2 plugin, which uses the amplicon se-
quence variant relative abundance table, together with 
a reference database of known microbial genomes, to 
predict metagenomic content from 16S rRNA marker 
gene sequencing. The output is in the form of a ma-
trix of Kyoto Encyclopedia of Genes and Genomes 
Orthologs (KO), functional orthologs containing a 

group of bacterial genes coding for that molecular- level 
function, and the predicted count of each KO in each 
sample. Relative gene abundance was then calculated 
for each KO as the proportion of counts for that indi-
vidual KO over the total counts of all KOs in the sample.

Identification of Functional Gene 
Orthologs on the Enterosalivary Pathway
KOs containing bacterial genes of interest on the 
NO3– NO2– NO pathway were identified from the Kyoto 
Encyclopedia of Genes and Genomes Pathways bac-
terial nitrogen metabolism pathway.25,26 These KOs 
correspond to nitrate reductase enzymes (ie, nitrite- 
generating) such as Nar, Nap, Nas, and the nitrite reduc-
tase enzymes (ie, nitrite- depleting) Nir and Nrf in the 3 
bacterial nitrate reduction pathways illustrated in Figure 1. 
Because nitrate transport is thought to be critical for ni-
trate reduction, we examined the KO corresponding to 
NNP, the nitrate/nitrite transporter responsible for major-
ity of nitrate transport as well.3 Therefore, a total of 16 
KOs representing 21 genes of interest across 3 bacterial 
pathways were identified for our exposure (Table S1).

Operationalization of the Gene 
Abundance Exposure
Bacterial nitrate reduction to nitrite occurs along 3 major 
metabolic pathways: (1) respiratory denitrification (RD), 
(2) dissimilatory nitrate reduction to ammonia (DNRA), 
and (3) assimilatory nitrate reduction (ANR) (Figure 1). 
Each pathway has a different function, location, and ni-
trate and nitrite reductase enzymes involved. Following 
nitrite generation, nitrite depletion occurs differently for 
each pathway as well, leading to NO in the RD path-
way and NH3 in the DNRA and ANR pathways. Based 
on these bacterial nitrate reduction pathways, 2 main 
approaches were used to operationalize the nitrite- 
generating and nitrite- depleting gene abundances, by 
pathway or biochemical product created.

Exposure Operationalization by Pathway

Microbial gene abundances were summed according 
to their pathway, creating 3 pathway summary scores: 
an RD pathway score, ANR pathway score, and DNRA 
pathway score. For example, the RD score includes 
only nar and nir relative gene abundances (Table S1). 
This enables an examination of which, if any, bacte-
rial nitrogen metabolic pathways were associated with 
cardiometabolic risk.

Exposure Operationalization by 
Biochemical Product

Microbial gene abundances scores were also summed 
by the biochemical product, NO2, NO, or NH3, formed 
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from the action of the bacterial reductase enzymes 
(ie, nitrate reductase or nitrite reductase) along the 
NO3– NO2– NO pathway of NO generation. Therefore, 
3 summary scores were created: a summary score of 
microbial genes that generated nitrite from nitrate (NO2 
score), depleted nitrite to form NO (NO score), or de-
pleted nitrite to NH3 (NH3 score). These product sum-
mary scores are distinct from the pathway summary 
scores, because they can include genes from >1 path-
way. For example, the NO2 summary score includes 
nitrate reductases genes (nar, nap, nas) from across 
the 3 pathways, representing the total nitrate- reducing 
capacity of the oral microbiome. The NH3 summary 
score includes both nrf and nir gene abundances from 
the DNRA and ANR pathway, which reduce nitrite to 
NH3, whereas the NO summary score includes only nir 
gene abundances from the RD pathway. Table S1 de-
tails the KOs and corresponding bacterial genes used 
for each pathway and product summary score.

Ratios of Nitrite Generation to Nitrite Depletion

As the overall balance between nitrite- generating ver-
sus nitrite- depleting capacity of the oral microbiome 
is of interest, nitrite generation- to- depletion ratios of 
gene abundances were created. First, a ratio of NO2 
versus NO+NH3 was created. NO formation in the 
mouth has been suggested to have systemic effects 
as well14; therefore, we also created a ratio comparing 
NO2 versus NH3, and another ratio, NO2+NO versus 
NH3, which considered both NO2 and NO generation 
as contributing to the overall effect of the enterosali-
vary pathway and NH3 as depleting from this pathway. 
Finally, to assess the importance of nitrite depletion 
end products, we examined if the ratio of depletion of 
nitrite into NO, directly beneficial to cardiometabolic 
health, or NH3 (ie, a NO versus NH3 ratio) was associ-
ated with cardiometabolic risk.

Pathways were characterized as nitrite/nitric oxide 
generating (RD pathway) or nitrite depleting (DNR and 
ANR pathways), and ratios of nitrite generation- to- 
depletion pathways were created as well as RD versus 
ANR, RD versus DNRA, and RD versus ANR+DNRA.

Cardiometabolic Risk
Plasma glucose, HbA1c, and insulin were measured 
from blood collected following an overnight fast with 
standard methods.20,27 Insulin resistance was meas-
ured using the Homeostasis Model Assessment for 
Insulin Resistance (HOMA- IR) values calculated from 
fasting insulin and glucose levels.28 Seated resting sys-
tolic and diastolic blood pressures were measured in 
triplicate, and the last 2 measurements averaged.

The primary outcome of interest, overall cardiomet-
abolic risk, was calculated as the average of the 
summed Z scores of the following variables: HbA1c, 

fasting plasma glucose, insulin, HOMA- IR, and systolic 
and diastolic blood pressure. Z scores were calculated 
for each cardiometabolic risk variable by subtract-
ing the study population mean value, divided by the 
population standard deviation. Insulin resistance and 
plasma insulin were natural log- transformed to ad-
dress their skewed distributions before standardization 
into Z scores. A higher composite cardiometabolic Z 
score (CMZ) represents worse cardiometabolic health.

Risk Factor Assessment
Cardiometabolic risk factors were measured by 
trained research assistants as previously described.20 
Questionnaires assessed information on age, sex, 
race and ethnicity (non- Hispanic Black, non- Hispanic 
White, Hispanic, other (including American Indian or 
Alaska Native, Native Hawaiian or Pacific Islander, and 
Asian), educational level (less than a bachelor’s de-
gree, bachelor’s degree, higher than a bachelor’s de-
gree), and cigarette smoking (current, former, or never 
smoking). Body mass index was calculated as weight 
(in kilograms)/height (meters2) from in- person physical 
assessments. From clinical oral examinations, peri-
odontal measures were obtained, and the periodontal 
status of the participants classified according to the 
Centers for Disease Control and Prevention/American 
Academy of Periodontology diagnosis classification 
(none/mild versus moderate/severe).29

Statistical Analysis
Individual relative gene abundances were first summed 
into pathway and biochemical product summary 
scores as described above, and then arcsine square 
root transformed to stabilize the variance and create a 
more normally distributed continuous summary score 
variable for use in linear regression analyses.30 Ratios 
of nitrite generation- to- depletion (described above) un-
derwent natural log- transformation before statistical 
analyses.

We performed multivariable linear regression 
analyses with composite and individual cardiometa-
bolic risk variable Z- scores as the outcome, and the 
arcsine square root transformed relative gene abun-
dance summary scores and log- transformed ratios 
as the predictor variables, adjusting for the potential 
confounders (sex, age, and race and ethnicity) in the 
simple adjusted model. We additionally adjusted for 
education, smoking status, body mass index, and 
periodontal disease status in the fully adjusted model. 
These adjustments were made either a priori based 
on previous studies or on their association with nitrite 
generation- to- depletion ratio NO versus NH3 and the 
primary outcome CMZ score at an α=0.20 threshold of 
significance (Table S2). The false discovery rate (FDR) q 
value calculated according to the Benjamini- Hochberg 
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method was used to account for multiple- hypothesis 
testing.31 All results are presented as the change in the 
dependent variable for a 1 SD change in the indepen-
dent variable. The key results are also graphically pre-
sented as exposure quartiles, with the cardiometabolic 
risk biomarkers in their original scale for interpretabil-
ity. Exploratory analyses of the relationship between 
the 16 individual natural log- transformed relative gene 
abundances and cardiometabolic risk were also con-
ducted, but no clear patterns were observed, and the 
results are presented in Figure S2.

RESULTS
Participant Characteristics and Predicted 
Gene Abundance Counts
Of the 764 participants (mean [SD] age=32 [9] years, 
71% women), 71% of participants had none or mild peri-
odontitis as defined per the Centers for Disease Control 
and Prevention/American Academy of Periodontology 
guidelines, and a majority were never smokers (82%) 
(Table). The mean relative gene abundances for the 
bacterial nitrate and nitrite reductases are presented 
in Table S1. Overall, the bacterial gene with the highest 
relative gene abundance was nar, with a 0.08% total 
mean relative gene abundance, and the lowest was 
the nas gene, representing 0.001% of all genes in the 
sample (Table S1). Of the total bacterial metagenomic 
content, 0.098% was nitrate- reducing (nar, nap, nas). 
Almost all of the bacterial genes of interest were de-
tected in 100% of participants. Only genes nirS, narB, 
nasB, and nasA were not prevalent in all participants, 
represented in only 94%, 62%, 21%, and 2% of partici-
pants, respectively.

The mean (SD) gene summary scores are pre-
sented in the Table. RD gene abundance pathway and 
NO2 and NO product summary scores were higher in 
those with CMZ below the median. Similarly, ratios of 
nitrite generation to depletion were appreciably larger 
in those with CMZ scores below the median CMZ, and 
mostly indicated a net nitrite or NO generating versus 
depleting capacity.

Association of Pathway- Specific Gene 
Abundances Summary Scores With 
Cardiometabolic Risk
In unadjusted analyses, the RD pathway was overall in-
versely associated with several cardiometabolic risk bi-
omarkers (Figure 2A, upper panels). Upon adjustment 
for age, sex and race/ethnicity in the simple adjusted 
model, these associations were attenuated. Higher 
combined nitrite- depleting pathways summary score 
(ANR+DNRA) was overall associated with higher cardi-
ometabolic risk, though this was statistically significant 

only for HbA1c (q=0.03) (Figure 2A, middle panels). In 
the fully adjusted models, these associations no longer 
met the FDR threshold for significance, but remained 
P<0.05.

Association of Biochemical Product- 
Specific Gene Abundances Summary 
Scores With Cardiometabolic Risk
Higher NO2 and NO summary scores were strongly 
associated with lower levels of cardiometabolic bio-
markers in unadjusted analyses (Figure  2B). In the 
simple adjustment model, the inverse associations 
of NO summary score with overall CMZ, insulin, and 
HOMA- IR met the FDR threshold for significance, 
whereas statistically significant positive associations 
emerged between NH3 summary score (reflective of 
nitrite depletion away from the enterosalivary pathway) 
and higher overall CMZ, HbA1c, and fasting plasma 
glucose (Figure  2B). One SD higher NH3 summary 
score was associated with a 0.06 (q=0.04) higher CMZ 
(Table S3). In the fully adjusted models, only NH3 sum-
mary score was associated with higher cardiometa-
bolic risk at the P<0.05 threshold. Figure 3A illustrates 
that overall cardiometabolic risk worsened across in-
creasing quartiles of NH3 summary score, demonstrat-
ing a significant linear trend for HbA1c, glucose, and 
diastolic blood pressure. Pairwise comparisons be-
tween the highest versus lowest quartile of NH3 sum-
mary score were statistically significant for HbA1c and 
glucose.

Association of Ratios of Nitrite 
Generation- to- Depletion Gene Abundance 
With Cardiometabolic Risk
The nitrite generation- to- depletion ratios all showed 
inverse associations with cardiometabolic risk in un-
adjusted analyses (Figure  2C), indicating that a net 
nitrite- generating gene abundance was associated with 
better cardiometabolic risk. Focusing on the biochemi-
cal product ratios as their summary scores had stronger 
associations with cardiometabolic risk, the NO versus 
NH3 ratio remained statistically significant (FDR q<0.05) 
with all the cardiometabolic risk biomarkers in simple 
adjusted models except blood pressure (Figure  2C, 
middle panels). One SD higher NO versus NH3 sum-
mary ratio was associated with a −0.10 (q=0.03) lower 
CMZ (Table S3). In addition, ratios of NO2+NO versus 
NH3 and NO2 versus NH3, were significantly associ-
ated with CMZ and systolic blood pressure (q<0.05). 
Alternatively, the ratio capturing nitrate reductase genes 
to nitrite reductase genes (NO2 versus NO+NH3) was 
associated only with systolic blood pressure (q=0.03) 
and not overall cardiometabolic risk. In fully adjusted 
models, the ratios of NO2+NO versus NH3, NO2 versus 
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NH3, and NO versus NH3, remained inversely associ-
ated with composite CMZ at the P<0.05 threshold only 
(Figure 2C, lower panels).

The means of cardiometabolic risk biomarkers 
across quartiles of the ratio of NO versus NH3 genera-
tion are presented in Figure 3B. The geometric means 
of HOMA- IR values and insulin observed in the high-
est versus lowest quartile of NO versus NH3 across 

increasing quartiles of NO versus NH3 ratio were 1.80 
versus 1.51, and 8.4 versus 7.1  mU/L, respectively 
(P < 0.05).

DISCUSSION
In this cross- sectional study using predicted metagen-
omic content from 16S rRNA sequencing, we found 

Figure 2. Association between various measures of nitrogen metabolism and cardiometabolic risk Z scores, unadjusted, 
adjusted for sex, age, race and ethnicity in the simple adjusted model, and additionally for education, smoking status, body 
mass index, and periodontal disease in the fully adjusted model. Results from n=764 participants in the ORIGINS (Oral 
Infections, Glucose Intolerance, and Insulin Resistance Study).
This heatmap represents the β coefficients (change in cardiometabolic risk Z score per 1 SD increase in metagenomic variable) from 
(1) unadjusted linear regression models (upper panels), (2) simple adjusted multivariable linear regression models (middle panels), 
and (3) fully adjusted multivariable linear regression models (lower panels) regressing cardiometabolic risk Z scores on the following 
measures of nitrogen metabolism. A, Abundance of microbial genes in the following 3 pathways were considered: respiratory 
denitrification (RD), dissimilatory nitrate reduction to ammonia (DNRA), and assimilatory nitrate reduction (ANR). B, Abundance of 
microbial genes for reductase enzymes that produce the following biochemical products: NO2, NO, and NH3. C, Nitrite generation 
vs depletion ratios of microbial gene abundances for pathways (RD vs ANR, RD vs DNRA, RD vs ANR+DNRA) or products (NO2 vs 
NH3, NO vs NH3, NO+NO2 vs NH3, NO2 vs NO+NH3). Green represents inverse associations, and red represents positive associations. 
Darker colors represent a larger effect estimate. The values from the analyses used to create this heatmap are presented in Table S3. 
DBP indicates diastolic blood pressure; FDR, false discovery rate; FPG, fasting plasma glucose; HbA1c, hemoglobin A1c; HOMA- IR, 
Homeostatic Model Assessment of Insulin Resistance; NH3, ammonia; NO2, nitrite; and SBP, systolic blood pressure.
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Figure 3. Plasma insulin, Homeostatic Model Assessment of Insulin Resistance (HOMA- IR), hemoglobin A1c (HbA1c), 
fasting plasma glucose (FPG), diastolic blood pressure (DBP), and systolic blood pressure (SBP) values across increasing 
quartiles of (A) NH3 product summary score and (B) NO vs NH3 nitrite generation to depletion predicted gene abundance 
ratio.
In fully adjusted models controlling for sex, age, race and ethnicity, education, smoking status, body mass index, and periodontal 
disease status. *P<0.05 for pairwise comparisons between the first and fourth quartile. NH3 indicates ammonia.
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Table. Characteristics of the 764 Diabetes- Free Adults in the ORIGINS Study

Characteristic Mean (SD) or n (%) ≤ Median CMZ > Median CMZ P value

Age, y 31.66 (9.36) 29.30 (7.96) 34.03 (10.06) <0.0001

Sex <0.0001

Women 541 (70.81%) 305 (79.84%) 236 (61.78%)

Men 223 (29.19%) 77 (20.16%) 146 (38.22%)

Race and ethnicity <0.0001

Hispanic 217 (28.40%) 146 (38.22%) 71 (18.59%)

Non- Hispanic White 111 (14.53%) 30 (7.85%) 81 (21.20%)

Black 212 (27.75%) 89 (23.30%) 123 (32.20%)

Other (including American Indian/
Alaska Native, Native Hawaiian/Pacific 
Islander, and Asian)

218 (28.53%) 113 (29.58%) 105 (27.49%)

Education <0.0001

< Bachelor’s degree 171 (22.38%) 52 (13.61%) 119 (31.15%)

Bachelor’s degree 365 (47.77%) 204 (53.40%) 161 (42.15%)

> Bachelor’s degree 204 (26.70%) 115 (30.10%) 89 (23.30%)

Smoking status 0.82

Never 630 (82.46%) 315 (82.46%) 315 (82.46%)

Former 43 (5.63%) 23 (6.02%) 20 (5.24%)

Current 49 (6.41%) 23 (6.02%) 26 (6.81%)

BMI, kg/m2 25.52 (5.81) 22.91 (3.77) 28.14 (6.29) <0.0001

Periodontal disease <0.0001

None/mild 540 (70.68%) 294 (76.96%) 246 (64.40%)

Moderate/severe 217 (28.40%) 87 (22.77%) 130 (34.04%)

Bacterial gene abundance summary scores

RD pathway* 0.033 (0.008) 0.034 (0.008) 0.033 (0.008) 0.01

ANR pathway* 0.017 (0.005) 0.017 (0.005) 0.017 (0.005) 0.54

DNRA pathway* 0.020 (0.005) 0.020 (0.005) 0.020 (0.005) 0.37

NO2 product* 0.031 (0.006) 0.031 (0.006) 0.030 (0.007) 0.02

NO product* 0.018 (0.004) 0.018 (0.004) 0.017 (0.005) 0.01

NH3 product* 0.025 (0.004) 0.025 (0.004) 0.025 (0.004) 0.78

Ratios of nitrite generation- to- depletion gene abundances

RD vs ANR ratio† 4.18 (2.19) 4.37 (2.35) 4.00 (2.01) 0.02

RD vs DNRA ratio† 3.99 (5.11) 4.26 (5.83) 3.72 (4.26) 0.14

RD vs ANR+DNRA ratio† 1.65 (0.87) 1.72 (0.89) 1.58 (0.85) 0.02

NO2 vs NH3 ratio† 1.66 (0.72) 1.72 (0.74) 1.61 (0.70) 0.03

NO vs NH3 ratio† 0.57 (0.30) 0.6 (0.30) 0.55 (0.30) 0.01

NO+NO2 vs NH3 ratio† 2.23 (0.99) 2.32 (1.01) 2.15 (0.96) 0.02

NO2 vs NO+NH3 ratio† 1.02 (0.27) 1.04 (0.27) 1.01 (0.28) 0.06

Cardiometabolic risk biomarkers

Insulin 7.68 (4.62) 5.10 (1.96) 10.26 (5.06) <0.0001

HOMA- IR 1.64 (1.09) 1.02 (0.40) 2.26 (1.19) <0.0001

HbA1C 5.26 (0.33) 5.12 (0.27) 5.40 (0.32) <0.0001

Fasting plasma glucose 84.78 (8.22) 80.70 (5.45) 88.87 (8.48) <0.0001

Diastolic blood pressure 72.29 (9.05) 67.20 (6.54) 77.39 (8.33) <0.0001

Systolic blood pressure 116.70 (12.28) 110.18 (8.90) 123.23 (11.71) <0.0001

Values are presented as mean (SD) or n (%). P values are for ANOVA F statistics or χ2 tests for differences in level of covariates between participants with less 
than median CMZ score and more than median CMZ score. Missing values: n=6 for race and ethnicity, n=24 for education, n=42 for smoking status, n=11 for 
BMI, n=7 for periodontal status. ANR indicates assimilatory nitrate reduction; BMI, body mass index; CMZ, composite cardiometabolic score that averages the 
Z scores for the individual cardiometabolic risk variables; DNRA, dissimilatory nitrate reduction to ammonia; HbA1c, hemoglobin A1c; HOMA- IR, Homeostatic 
Model Assessment of Insulin Resistance; NH3, ammonia; NO, nitric oxide; NO2, nitrite; ORIGINS, Oral Infections, Glucose Intolerance, and Insulin Resistance 
Study and RD, respiratory denitrification.

*Arcsine square root transformed summary scores of relative gene abundance.
†Ratios of nitrite generation- to- depletion proportions of pathway and product relative gene abundances before log- transformation.
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gene function scores representing enhanced nitrite 
generation- to- depletion (eg, NO versus NH3) associ-
ated with lower values of a composite cardiometabolic 
Z score (ie, lower cardiometabolic risk). Conversely, 
nitrite- generating gene abundance alone (NO2 product 
summary score) was not associated with any markers 
of cardiometabolic health, whereas the NH3 product 
summary score (suggestive of nitrite depletion) was 
strongly associated with a higher cardiometabolic risk.

These findings extend our previous work demon-
strating an inverse association between higher levels 
of a priori identified nitrate- reducing taxa and car-
diometabolic health.13 The results show that more 
precise scores using hypothesis- driven metagenomic 
inference approaches can improve prediction of car-
diometabolic risk. The impact of nitrite depletion on the 
NO generating capacity of the enterosalivary pathway 
has been suggested by several authors, but few have 
explicitly tested the association of nitrite depletion with 
cardiometabolic risk or attempted to operationalize ni-
trite/NO generation- versus- depletion capacity of the 
oral microbiome. Our findings suggest that in addition 
to nitrite generation (ie, nitrate- reducing capacity), ni-
trite depletion by oral bacteria is of relevance to the 
enterosalivary pathway of NO generation as well. In 
this population of healthy diabetes- free individuals, the 
net balance of generation versus consumption of nitrite 
by bacteria in the mouth may have a greater associ-
ation with cardiometabolic risk. Furthermore, the net 
balance of the product generated by nitrite depletion, 
NO versus NH3, may also be a meaningful predictor of 
cardiometabolic health.

The lack of association between higher levels of 
bacterial nitrate reductase genes or nitrate- reducing 
bacteria and blood pressure has been observed in 
other studies.14,32 For example, Burleigh et al report 
that greater abundance of nitrate- reducing oral bacte-
ria and correspondingly greater salivary nitrate to nitrite 
reduction was not related to plasma nitrite and blood 
pressure. The authors hypothesized that as the mean 
relative abundance of bacteria containing at least 1 
nitrate reductase gene was already high (mean [SD], 
41% [6%], with a lowest abundance of 29%), a satu-
ration threshold for circulating nitrite may have been 
reached, and any additional bacterial nitrate reduc-
tion did not influence systemic NO levels.33 It may be 
possible that for many people there is a substantial 
abundance of nitrate- reducing oral bacteria, beyond 
which no additional effects of nitrite generation are 
observed. Additionally, regardless of nitrate- reducing 
capacity, most nitrate- reducing organisms also have 
functional potential for depleting nitrite. Thus, it is pos-
sible that with sufficient nitrate- reducing capacity of 
the oral microbiome, nitrite depletion and its steady- 
state becomes an important factor determining nitrite 
accumulation and NO production potential. Our results 

support this notion by showing that gene ratios and 
gene product scores that conceptually capture the net 
NO- generating potential of the oral microbiome were 
most strongly and consistently associated with car-
diometabolic risk.

Our results indicate that oral nitrite depletion can 
influence the enterosalivary NO pathway, and its ef-
fects may vary by the biochemical product formed (NO 
or NH3). NO produced in the mouth may have direct 
interaction with the circulation through the vascular 
tissues of the mouth.34 Oral NO may also have sys-
temic effects affecting tissues (eg, gut and liver) distal 
to its production.35,36 While NO has a short half- life of 
<1  second, NO metabolites formed including nitrite 
and S- nitrosothiols have a longer half- life of minutes 
and can contribute to signaling activities outside the 
mouth.4,37 Our findings of an association with compos-
ite cardiometabolic Z score for NO product summary 
score and the NO versus NH3 ratio in simple adjusted 
models, reinforce the idea that NO formed orally con-
tributes to the beneficial systemic effects of vasodi-
lation and metabolism- modulation mediated through 
the enterosalivary NO3– NO2– NO pathway. We also 
observed significant associations between higher lev-
els of NH3- forming nitrite reductase genes and higher 
cardiometabolic risk, which is consistent with previous 
studies. Tribble et al likewise found an association be-
tween higher levels of NH3- forming nitrite reductase 
genes and higher systolic blood pressure.14 The role 
of NH3 in the NO3– NO2– NO pathway is not clear, but 
an increase in NH3 production may lead to an increase 
in pH, reducing environmental factors conducive for 
NO2- to- NO reduction for some species,38 or create se-
lective pressures on the oral microbiome toward other 
species. Additionally, more NH3 generation also por-
tends depleted nitrite stores.

In a recent study aimed at identifying bacterial 
species for potential nitrate- reducing probiotics, it 
was noted that bacterial isolates with the best nitrate- 
reducing capacity (Rothia aeria, Rothia dentocariosa, 
and Rothia mucilaginosa) also encoded genes for 
both NO2- to- NO and NO2- to- NH3 nitrite reductase en-
zymes, as well as the nitrate transporter gene, narK.38 
This suggests that an optimal taxa contributing to the 
NO pathway is one that has the ability to reduce nitrite 
to NO or NH3 depending on the different environmental 
pressures, and further supports the relevance of bac-
terial nitrite reductase genes to the enterosalivary NO 
pathway. Although in previous analyses we did not find 
any consistent associations with cardiometabolic risk 
for individual a priori identified taxa,13 correlations be-
tween these taxa and the gene abundance summary 
scores and ratios in this study (Data S2, Figure  S3) 
support the finding of Rothia dentocariosa as an im-
portant bacterial species for net NO generation, and 
identifies other potential candidate bacterial species 
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that may help achieve a net nitrite generating capac-
ity such as Actinomyces naeslundii, Corynebacterium 
durum, and Corynebacterium matruchotti.

Our study has several strengths. First, ORIGINS col-
lected a robust set of risk factor data allowing for control 
of confounding variables. The metagenomic analyses 
extend previous findings using a summary score of a 
priori selected bacterial taxa found to be most asso-
ciated with nitrate- reducing capacity.13 Using predicted 
metagenomic content enables us to further tease apart 
oral bacterial nitrogen metabolism and its influence on 
systemic NO bioavailability, testing several hypotheses 
about the relative importance of specific bacterial gene 
abundances and pathways. Both approaches are of 
importance. The nitrate- reducing taxa summary score 
optimizes the exposure measurement, using only the 
presence of a small number of bacterial species most 
associated with nitrate- reducing capacity, and has use 
as a clinical biomarker of oral microbiome- mediated en-
terosalivary NO generation. On the other hand, unlike 
for nitrate reduction, the key bacterial species most as-
sociated with nitrite reduction have yet to be identified. 
This is further complicated by the fact that nitrite can 
be reduced to NO or NH3, and the different products 
may influence the enterosalivary pathway differently.39 
Using the gene abundances of all taxa present incor-
porates a community picture of the microbiome func-
tional activity and its complex interactions, which may 
be more informative than the characterization of only a 
handful of species.16 The knowledge gained from using 
the predicted gene abundances of nitrite generation- to- 
depletion ratios is important for future research that tries 
to maximize the salivary nitrite swallowed, such as in the 
development of probiotics and trial protocols that try to 
manipulate the enterosalivary pathway of NO genera-
tion. Future methodological work could combine both 
approaches by identifying taxa from the taxa summary 
score most strongly associated with actual gene abun-
dances shown to be the best predictors of cardiometa-
bolic risk (eg, NO versus NH3 ratios or NH3 biochemical 
product summary score). Such information can be used 
to further refine and optimize the taxa summary score, 
and improve the specificity of this measure as a predic-
tor of cardiometabolic risk. Doing so will aid in clinical 
trial designs that aim to enrich oral nitrate reducers by 
identifying individuals with low levels of NO producing 
capacity and characterizing an intermediate biomarker 
of efficacy.

Finally, there is increased attention on the bias of 
comparisons using the relative abundance of mi-
crobial data40. The use of compositional differential 
abundance or reference frames is advocated for cir-
cumventing some of these biases,41 and the results of 
the nitrite generation- to- depletion ratios may be more 
robust than that of the biochemical product and path-
way gene summary scores. Furthermore, as individual 

gene abundances on the same pathway are highly cor-
related, the NO versus NH3 ratio that compares genes 
from different pathways may have the largest power 
for teasing out associations with cardiometabolic risk.

Limitations
This study has some limitations. Associations ob-
served between nitrite generation- to- depletion gene 
abundance and cardiometabolic risk met the FDR 
threshold for statistical significance in simple adjusted 
models, whereas in the fully adjusted models they only 
reached a P<0.05 threshold, limiting how conclusive 
these findings are and highlighting the need for future 
replication. Our study used cross- sectional data, and 
reverse causation may explain our findings. It should be 
noted that the nitrite- generating and nitrite- depleting 
functional capacity in our population was inferred from 
16S rRNA gene sequences and known bacterial ge-
nomes in available databases. Therefore, the findings 
still rely on taxonomic identified 16S rRNA marker gene 
sequences and do not reflect the true functional gene 
sequences from the microbiome.7,10 The 16S rRNA 
sequencing does not enable resolution for strain- 
level variation within species (eg, for nitrate- reduction 
capacity between strains) or account for horizontal 
gene transfer between bacteria. Future studies with 
metagenomic shotgun sequencing and metatranscrip-
tomics capturing actual genomic content and variable 
gene expression and metabolic activity of the oral 
microbiome would be useful in addressing potential 
misclassification.

The predicted gene abundance summary scores 
also assumed that nitrate or nitrite produced by one 
pathway and/or in a certain location in the bacterial cell 
(Figure 1) can be acted on by reductases from another 
pathway, or transported interchangeably through the 
cell, and excreted to be swallowed for systemic bio-
availability. We could not account for the local envi-
ronmental factors, including oral pH, and oxygen and 
nitrate availability, which may influence the expression 
and activity of nitrate and nitrite reductase, and thus 
the amount of NO available systemically.3,15,34 For ex-
ample, nitrite can be chemically reduced to NO under 
acidic conditions in the mouth.34 Thus, the ratio of NO 
versus NH3 observed to be associated with cardiomet-
abolic risk in our study could reflect environmental 
local factors that influence oral microbiome compo-
sition, such as pH that determines whether nitrite is 
further reduced to NO or NH3,

42 rather than the sys-
temic effects of bacterial nitrite reduction. Although the 
exact mechanisms of how oral nitrite reductase genes 
are associated with the enterosalivary NO generation 
are unclear, our findings warrant further investigations 
into how these processes are linked. Furthermore, 
although we did not observe stark differences in the 
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associations of the predicted gene abundances with 
cardiometabolic risk in analyses using shallow sam-
ples only (Figure 2) compared with weighted averaged 
gene abundances across samples from shallow and 
deep sites (Figure S1), oral disease status may influ-
ence nitrite generation to depletion. Future in- depth 
examinations of the interactions between oral disease 
and the enterosalivary pathway can move toward a 
better understanding of the effects of local environ-
mental factors. Similarly, the interplay of conditions in 
the gut (eg, pH) and the gut microbiome on the entero-
salivary pathway could not be accounted for. NO pro-
duced by gut bacteria such as Lactobacilli can affect 
mucus generation and blood flow,43 potentially influ-
encing the circulatory uptake of swallowed nitrate and 
nitrite, and modifying nitrite and NO bioavailability.44 
Likewise, acid- reducing proton pump inhibitors have 
been shown to blunt the effect of nitrate supplementa-
tion on blood pressure reductions.45

Finally, although the tongue microbiome is believed 
to be the main site of oral nitrate reduction,46 we were 
only able to use the subgingival plaque microbiome. 
A recent study of subgingival plaque from 739 partic-
ipants observed Rothia dentocariosa as consistently 
one of the most abundant species regardless of peri-
odontal health status,47 suggesting that subgingival 
plaque is at least abundant in key bacterial species 
for the enterosalivary pathway. Nevertheless, the cor-
relation of the nitrite generation- to- depletion capacity 
of the tongue and subgingival microbiome is unknown 
and of methodological interest for future studies.

CONCLUSIONS
We observed gene abundances representing higher 
nitrite generating- to- depleting capacity to be associ-
ated with lower cardiometabolic risk. Our findings sug-
gest that nitrite depletion plays an important role in the 
enterosalivary pathway and provides support for future 
studies examining the interplay of nitrite generation and 
depletion and cardiometabolic health.
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Data S1. Supplemental Methods 

Bacterial DNA extraction and 16S rRNA sequencing  

50 ng of DNA was used in polymerase chain reaction (PCR) amplification targeting the V3-

V4 region of the 16S rRNA gene (using 341F/806R universal primers), and PCR products 

were purified using AMPure beads22,23. 100 ng of each library were pooled, gel-purified, and 

quantified using a bioanalyzer. 12 pM of the library mixture was spiked with 20% PhiX and 

run on a MiSeq (Illumina) platform. Raw reads were analyzed with QIIME224. 

 

Data curation pipeline of the raw 16S rRNA sequences using QIIME2 

Demultiplexed sequences were quality filtered with default parameters in qiime quality-filter 

q-score, namely, reads were trimmed after the first appearance of 3 basecalls with a PHRED 

score of 4 or less, and the entire read was removed if the read was truncated to less than 75% 

of the input sequence. Quality filtered forward-read sequences were denoised using Deblur 

with the default parameters48. Samples with less than 1,000 quality filtered reads were 

removed from downstream analysis. In order to remove reads aligned to chloroplast or 

mitochondrial genes, sequences were aligned using a classifier pretrained on the GreenGenes 

v13_8 database with 99% sequence homology using sklearn49. Sequences aligned to 

mitochondria or chloroplast were removed using filter-table --p-exclude (0.005% of the entire 

dataset). Overall, 44,776,283 sequences were generated for final analysis (median of 37,067 

sequences per sample).  

 

 

 

 

    



 
 

 
 

Data S2. Supplemental Results  

Correlation of nitrate-reducing taxa summary score NO3TSS and a priori individual taxa 

relative abundances with predicted gene abundance summary scores and ratios 

A previous investigation using ORIGINS Wave 1 baseline data (n=281) found higher nitrate-

reducing taxa summary score (NO3TSS) associated with lower insulin resistance and plasma 

glucose in the full cohort, and lower systolic blood pressure in normotensive participants13. 

We replicated the operationalization of NO3TSS and examined its correlation with the 

inferred gene abundance summary scores and ratios created in this study.  

 

16S rRNA gene sequencing was performed per the HOMINGS (Human Oral Microbiome 

Identification using Next Generation Sequencing) methodology specifically designed for oral 

taxa to generate species-level information22,23.  A customized BLAST program for taxonomic 

classification (ProbeSeq for HOMINGS), based on running the 16S rRNA sequence reads 

from Illumina sequencing against in-silico species-specific 16S rRNA-based oligonucleotide 

probes23,50, was used to generate a final table of relative abundances of taxa species in that 

sample. The NO3TSS was created by summing the standardized arcsine square root 

transformed relative abundance of taxa identified a priori to be associated with nitrate-

reducing capacity16,46.  

 

NO3TSS is optimized to include only taxa previously identified to be most associated with 

oral nitrate-reducing capacity whether directly or indirectly (as “helper” species) contributing 

to oral nitrate-reduction16,46, and the small subset of a taxa is selected a priori and 

independently from the PICRUSt2 analyses. However, as gene abundances are inferred from 

the 16S rRNA gene sequences, some correlation with the taxa summary score NO3TSS can 

be expected. The nitrate-reducing taxa summary score NO3TSS was most strongly associated 



 
 

 
 

with the NO2 product summary score (r=0.54, p<0.0001) and RD pathway summary score, 

and least associated with the DNRA pathway and NH3 product summary score (Figure S3A). 

All nitrite generation-to-depletion ratios were moderately positively associated (r=0.41 to 

0.44, p-value =0.0001) with the NO3TSS (Figure S3B).  

 

Among the individual a priori taxa that comprise the NO3TSS, Rothia denticariosa and 

Corynebacterium durum showed the strongest associations with the NO2 and NO gene 

abundance summary score (Figure S3A). Actinomyces odontolyticus did not have any 

associations with the individual gene abundance, summary scores or ratios. The nitrite 

generation-to depletion ratios were most strongly positively correlated to A. naeslundii, C. 

durum, C. matruchotti, and R. dentocariosa (Figure S3B). Only Prevotella melaninogenica 

was consistently inversely associated with the gene abundance ratios (Figure S3B). Neisseria 

sicca was not present in this dataset and not included in the taxa summary score. 

 

In exploratory correlations of the taxa with individual gene abundances (Figure S3C), Rothia 

dentocariosa and Corynebacterium durum were the taxa most strongly associated with the 

nar and nir genes, and the narK nitrate/nitrite transporter gene. Hemophilus parainfluenzae 

had the strongest correlation with the nap nitrate reductase genes. 



 
 

 
 

Table S1. Mean relative gene abundances (%) of the predicted 16 KEGG Orthologs 
(KO) corresponding to bacterial enzymes of interest in the NO3-NO2-NO pathway, in 
subgingival plaque samples among 764 participants in ORIGINS (Oral Infections, 
Glucose Intolerance, and Insulin Resistance Study).   
 

Pathway Product Bacterial Gene KO 
Identifier 

Mean Relative 
Gene 
Abundance (%)* 

Mean (SD) 
Absolute Gene 
Abundance* 

Respiratory 
Denitrification 
(RD) 

NO2  

nar  0.083970  
  narB K00367† 0.000122 32 (185) 
  narG, narZ, nxrA K00370 0.027546 10457 (8389) 
  narH, narY, nxrB K00371 0.028143 10694 (8529) 
  narI, narV K00374 0.028159 10700 (8526) 

NO  
nir  0.033071  
  nirK K00368 0.033067 12569 (9821) 
  nirS K15864† 0.000004 1 (11) 

Dissimilatory 
Nitrate 
Reduction to 
Ammonia 
(DNRA)  

NO2 
nap  0.012145  
  napA K02567 0.006082 2256 (2285) 
  napB K02568 0.006063 2250 (2286) 

NH3  
nrf  0.030303  
  nrfA K03385 0.016998 6246 (4481) 
  nrtH K15876 0.013305 4864 (3892) 

Assimilatory 
Nitrate 
Reduction 
(ANR) 

NO2  
nas  0.001398  
  nasA K00372† 0.000993 358 (652) 
  nasB K00360† 0.000405 150 (449) 

NH3 

nir  0.031157  
  nirA K00366 0.011898 4243 (3286) 
  nirB K00362 0.009682 3905 (5514) 
  nirD K00363 0.009577 3872 (5502) 

NO3 and NO2 
Transport 

- narK K02575 0.032667 12350 (9263) 
* Relative gene abundance refers to the proportion of individual KEGG Orthologs (KO) counts 
over the total number of functional gene counts in the sample. Absolute count data should not be 
directly interpreted as we do not have information about total microbial load and biospecimen 
collection volume was not standardized. Counts are presented only to illustrate the distributions of 
the different KOs. 
† KOs not detected in all participants; Prevalence of K15864 = 714 (93.5%), K00367 = 477 
(62.4%), K00360 = 158 (20.7%), K00372 = 18 (2.4%).  
K17877 and K10534 were not present in the dataset. 
 
 
 
Abbreviations: NO3, nitrate; NO2, nitrite; NO, nitric oxide; NH3, ammonia; RD, respiratory 
denitrification; DNRA, dissimilatory nitrate reduction to ammonia; ANR, assimilatory nitrate 
reduction; KEGG, Kyoto Encyclopedia of Genes and Genomes; KO: Kyoto Encyclopaedia of 
Genes and Genomes Orthologs  
  



 
 

 
 

Table S2. Associations between potential confounders and quartiles of predicted gene abundances: A) NH3 product summary score, B) 
NO vs. NH3 nitrite generation-to-depletion ratio, and C) quartiles of composite cardiometabolic Z-score (CMZ)  
Abbreviations: NO, nitric oxide; NH3, ammonia; BMI, body mass index; CMZ: composite cardiometabolic score which averages the Z-scores 
for the individual cardiometabolic risk variables 
 
A) NH3 product summary score 

 Characteristic  Q1  
NH3   

Q2 
NH3 

Q3 
NH3 

Q4 
NH3 

p-value 

Age (years) 33.13 (10.02) 31.58 (9.38) 31.02 (9.27) 30.93 (8.64) 0.0181 
Sex     0.5948 
Female 128 (67.02%) 136 (71.2%) 138 (72.25%) 139 (72.77%)  
Male 63 (32.98%) 55 (28.8%) 53 (27.75%) 52 (27.23%)  
Race/ethnicity     0.0042 
Hispanic 57 (29.84%) 50 (26.32%) 52 (27.66%) 53 (28.04%)  
Non-Hispanic White 43 (22.51%) 58 (30.53%) 48 (25.53%) 68 (35.98%)  
Black 19 (9.95%) 28 (14.74%) 31 (16.49%) 33 (17.46%)  
Other 72 (37.7%) 54 (28.42%) 57 (30.32%) 35 (18.52%)  
Education     0.581 
< Bachelor’s Degree 49 (26.63%) 43 (22.87%) 44 (23.66%) 35 (19.23%)  
Bachelor’s Degree 80 (43.48%) 94 (50%) 94 (50.54%) 97 (53.3%)  
> Bachelor’s Degree 55 (29.89%) 51 (27.13%) 48 (25.81%) 50 (27.47%)  
Smoking Status     0.7928 
Never 151 (84.83%) 160 (87.43%) 164 (90.11%) 155 (86.59%)  
Former 12 (6.74%) 11 (6.01%) 10 (5.49%) 10 (5.59%)  
Current 15 (8.43%) 12 (6.56%) 8 (4.4%) 14 (7.82%)  
BMI (kg/m2) 26.02 (5.73) 25.1 (5.45) 25.26 (5.92) 25.71 (6.1) 0.6844 
Periodontal Disease     0.0902 
None/Mild 123 (64.74%) 142 (75.13%) 142 (74.74%) 133 (70.74%)  
Moderate/Severe 67 (35.26%) 47 (24.87%) 48 (25.26%) 55 (29.26%)  



 
 

 
 

Values presented in mean (SD) or n (%). P values are for ANOVA F statistics or X2   tests for differences in level of covariates between 
participants across increasing quartiles of predicted gene abundance NH3 product summary score. 
 
 
B) NO vs. NH3 nitrite generation-to-depletion ratio 
 

 Characteristic Q1  
NO vs. NH3   

Q2 
NO vs. NH3 

Q3 
NO vs. NH3 

Q4 
NO vs. NH3 

p-value 

Age (years) 33.22 (9.96) 30.05 (8.47) 31.73 (9.58) 31.65 (9.2) 0.3163 
Sex     0.6968 
Female 541 (70.81%) 136 (71.2%) 141 (73.82%) 133 (69.63%)  
Male 223 (29.19%) 55 (28.8%) 50 (26.18%) 58 (30.37%)  
Race/ethnicity     0.0855 
Hispanic 212 (27.97%) 64 (33.51%) 46 (24.47%) 48 (25.53%)  
Non-Hispanic White 217 (28.63%) 45 (23.56%) 59 (31.38%) 58 (30.85%)  
Black 111 (14.64%) 34 (17.8%) 24 (12.77%) 34 (18.09%)  
Other 218 (28.76%) 48 (25.13%) 59 (31.38%) 48 (25.53%)  
Education     0.0553 
< Bachelor’s Degree 171 (23.11%) 53 (28.96%) 32 (17.58%) 48 (25.67%)  
Bachelor’s Degree 365 (49.32%) 84 (45.9%) 98 (53.85%) 96 (51.34%)  
> Bachelor’s Degree 204 (27.57%) 46 (25.14%) 52 (28.57%) 43 (22.99%)  
Smoking Status     0.801 
Never 630 (87.26%) 153 (85.96%) 157 (87.71%) 161 (88.46%)  
Former 43 (5.96%) 10 (5.62%) 11 (6.15%) 8 (4.4%)  
Current 49 (6.79%) 15 (8.43%) 11 (6.15%) 13 (7.14%)  
BMI (kg/m2) 25.52 (5.81) 26.4 (6.62) 25.22 (5.86) 25.63 (5.56) 0.0247 
Periodontal Disease 55 (28.8%) 50 (26.18%) 58 (30.37%) 60 (31.41%)   0.1732 
None/Mild 540 (71.33%) 123 (65.08%) 140 (74.07%) 141 (73.82%)  
Moderate/Severe 217 (28.67%) 66 (34.92%) 49 (25.93%) 50 (26.18%)  



 
 

 
 

Values presented in mean (SD) or n (%). P values are for ANOVA F statistics or X2   tests for differences in level of covariates between 
participants across increasing quartiles of predicted gene abundance NO vs. NH3 nitrite generation-to-depletion ratio.



 
 

 
 

C) Composite Cardiometabolic Z-score (CMZ) 
 

 Mean SD or % Q1  
CMZ   

Q2 
CMZ 

Q3 
CMZ 

Q4 
CMZ 

p-value 

Age (years) 
29.27 (7.95) 29.34 (7.98) 31.31 (9.01) 36.74 (10.34) 

<.0001 
 

Sex     <.0001 
Female 541 (70.81%) 158 (82.72%) 147 (76.96%) 126 (65.97%)  
Male 223 (29.19%) 33 (17.28%) 44 (23.04%) 65 (34.03%)  
Race/ethnicity     <.0001 
Hispanic 212 (27.97%) 35 (18.42%) 54 (28.72%) 56 (29.63%)  
Non-Hispanic White 217 (28.63%) 81 (42.63%) 65 (34.57%) 46 (24.34%)  
Black 111 (14.64%) 15 (7.89%) 15 (7.98%) 29 (15.34%)  
Other 218 (28.76%) 59 (31.05%) 54 (28.72%) 58 (30.69%)  
Education     <.0001 
< Bachelor’s Degree 171 (23.11%) 22 (11.76%) 30 (16.3%) 45 (24.19%)  
Bachelor’s Degree 365 (49.32%) 100 (53.48%) 104 (56.52%) 96 (51.61%)  
> Bachelor’s Degree 204 (27.57%) 65 (34.76%) 50 (27.17%) 45 (24.19%)  
Smoking Status     0.3257 
Never 630 (87.26%) 155 (85.64%) 160 (88.89%) 164 (90.61%)  
Former 43 (5.96%) 15 (8.29%) 8 (4.44%) 6 (3.31%)  
Current 49 (6.79%) 11 (6.08%) 12 (6.67%) 11 (6.08%)  
BMI (kg/m2) 25.52 (5.81) 21.91 (3.16) 23.89 (4.06) 25.76 (4.98) <.0001 
Periodontal Disease     <.0001 
None/Mild 540 (71.33%) 150 (78.95%) 144 (75.39%) 137 (73.26%)  
Moderate/Severe 217 (28.67%) 40 (21.05%) 47 (24.61%) 50 (26.74%)  

Values presented in mean (SD) or n (%). P values are for ANOVA F statistics or X2   tests for differences in level of covariates between 
participants across increasing quartiles of composite cardiometabolic Z-score (CMZ).  



 
 

 
 

Table S3. Results from Figure 2 – Association of predicted gene abundance pathway and product summary scores and ratios of 
nitrite/NO-generation-to-depletion with cardiometabolic risk Z-scores, in unadjusted (N=764), simple adjusted models (N=758) and fully 
adjusted models (N=705) 
 

Metagenomic 
Score 

Cardiometabolic 
risk variable  
(Z-score) 

Unadjusted 
(N=764) 

Adjusted (Simple) 
(N=758) 

Adjusted (Full) 
(N=705) 

Reg Coef p-value FDR  
q-value  

Reg 
Coef p-value FDR  

q-value 
Reg 

Coef p-value FDR q-value  

Gene abundance pathway summary score 

RD 

Composite  -0.07 0.0059 0.0221 -0.04 0.1000 0.1607 0.00 0.9943 0.9943 
Insulin -0.10 0.0077 0.0252 -0.08 0.0326 0.0912 -0.03 0.4548 0.6964 
HOMA-iR -0.09 0.0100 0.0307 -0.07 0.0534 0.1138 -0.02 0.6462 0.8051 
HbA1C -0.07 0.0393 0.0767 -0.01 0.7648 0.8059 0.00 0.9205 0.9596 
FPG -0.02 0.4999 0.5832 0.01 0.6698 0.7375 0.05 0.1239 0.3036 
DBP -0.04 0.2880 0.3814 -0.01 0.8445 0.8682 0.02 0.5111 0.7366 
SBP -0.08 0.0277 0.0591 -0.07 0.0396 0.0994 -0.03 0.3456 0.6048 

ANR 

Composite 0.01 0.8360 0.8716 0.02 0.3014 0.3938 0.03 0.1165 0.3036 
Insulin -0.03 0.4188 0.5195 -0.02 0.6280 0.7156 -0.01 0.7516 0.8621 
HOMA-iR -0.02 0.5215 0.5942 -0.01 0.8092 0.8437 0.00 0.9680 0.9882 
HbA1C -0.02 0.6662 0.7174 0.04 0.2286 0.3155 0.05 0.1517 0.3458 
FPG 0.02 0.5239 0.5942 0.05 0.1688 0.2433 0.07 0.0313 0.2430 
DBP 0.05 0.2118 0.2965 0.06 0.0829 0.1424 0.05 0.1135 0.3036 
SBP 0.02 0.4917 0.5806 0.01 0.6681 0.7375 0.02 0.5339 0.7582 

DNRA 

Composite 0.02 0.3618 0.4604 0.04 0.0953 0.1557 0.04 0.0869 0.2838 
Insulin 0.03 0.4523 0.5472 0.02 0.4946 0.5771 0.01 0.6827 0.8061 
HOMA-iR 0.03 0.4679 0.5591 0.03 0.4227 0.5126 0.01 0.6768 0.8061 
HbA1C 0.07 0.0478 0.0885 0.06 0.0502 0.1093 0.07 0.0480 0.2447 
FPG 0.01 0.7922 0.8439 0.04 0.2472 0.3318 0.01 0.7909 0.8762 
DBP 0.00 0.8990 0.9124 0.03 0.4301 0.5140 0.04 0.2014 0.4111 



 
 

 
 

SBP 0.00 0.9016 0.9124 0.04 0.2452 0.3318 0.05 0.1155 0.3036 

ANR + DNRA 

Composite 0.03 0.2689 0.3661 0.05 0.0208 0.0669 0.06 0.0042 0.0817 
Insulin 0.00 0.9031 0.9124 0.00 0.9658 0.9757 0.00 0.9878 0.9943 
HOMA-iR 0.00 0.9896 0.9896 0.01 0.7255 0.7900 0.01 0.7566 0.8621 
HbA1C 0.06 0.1046 0.1681 0.09 0.0040 0.0303 0.10 0.0022 0.0531 
FPG 0.03 0.4142 0.5195 0.07 0.0365 0.0990 0.07 0.0353 0.2430 
DBP 0.05 0.1523 0.2180 0.08 0.0218 0.0669 0.09 0.0087 0.1048 
SBP 0.02 0.5275 0.5942 0.05 0.1625 0.2376 0.06 0.0599 0.2447 

Gene abundance product summary score  

NO2 

Composite -0.06 0.0142 0.0340 -0.03 0.2159 0.3023 0.01 0.6141 0.7993 
Insulin -0.09 0.0118 0.0321 -0.07 0.0428 0.1023 -0.02 0.5586 0.7603 
HOMA-iR -0.09 0.0162 0.0377 -0.06 0.0772 0.1408 -0.01 0.8047 0.8762 
HbA1C -0.06 0.1127 0.1782 0.01 0.8505 0.8682 0.02 0.5475 0.7586 
FPG -0.02 0.6548 0.7130 0.03 0.4053 0.5028 0.06 0.0554 0.2447 
DBP -0.03 0.3454 0.4454 0.00 0.9996 0.9996 0.03 0.3582 0.6100 
SBP -0.08 0.0334 0.0682 -0.06 0.0630 0.1234 -0.02 0.4990 0.7366 

NO 

Composite -0.09 0.0004 0.0055 -0.06 0.0113 0.0481 -0.03 0.1943 0.4051 
Insulin -0.12 0.0009 0.0068 -0.10 0.0057 0.0346 -0.06 0.0869 0.2838 
HOMA-iR -0.12 0.0007 0.0067 -0.10 0.0066 0.0346 -0.05 0.1169 0.3036 
HbA1C -0.10 0.0072 0.0243 -0.03 0.3140 0.3999 -0.02 0.5109 0.7366 
FPG -0.07 0.0648 0.1114 -0.03 0.3142 0.3999 0.01 0.8235 0.8869 
DBP -0.04 0.2381 0.3287 -0.01 0.7472 0.7960 0.01 0.8428 0.8978 
SBP -0.07 0.0420 0.0791 -0.06 0.0708 0.1335 -0.03 0.3686 0.6123 

NH3 

Composite 0.04 0.1470 0.2150 0.06 0.0089 0.0404 0.07 0.0010 0.0531 
Insulin 0.01 0.8067 0.8500 0.02 0.6663 0.7375 0.02 0.6490 0.8051 
HOMA-iR 0.02 0.6516 0.7130 0.03 0.4237 0.5126 0.03 0.3967 0.6479 
HbA1C 0.05 0.1323 0.1995 0.09 0.0038 0.0303 0.10 0.0021 0.0531 
FPG 0.05 0.1403 0.2083 0.09 0.0066 0.0346 0.09 0.0063 0.0885 
DBP 0.06 0.1238 0.1926 0.08 0.0214 0.0669 0.09 0.0055 0.0885 



 
 

 
 

SBP 0.02 0.5595 0.6230 0.04 0.2851 0.3776 0.05 0.1087 0.3036 
Gene abundance pathway ratio  

RD vs ANR 

Composite -0.09 0.0005 0.0065 -0.07 0.0013 0.0303 -0.04 0.0434 0.2430 
Insulin -0.07 0.0572 0.1000 -0.06 0.0860 0.1443 -0.01 0.7386 0.8617 
HOMA-iR -0.07 0.0399 0.0767 -0.06 0.0675 0.1298 -0.02 0.6199 0.7993 
HbA1C -0.07 0.0684 0.1136 -0.06 0.0610 0.1220 -0.05 0.1090 0.3036 
FPG -0.06 0.0733 0.1197 -0.05 0.1463 0.2173 -0.04 0.2408 0.4720 
DBP -0.10 0.0046 0.0189 -0.08 0.0152 0.0571 -0.04 0.1898 0.4043 
SBP -0.12 0.0007 0.0067 -0.09 0.0043 0.0303 -0.06 0.0594 0.2447 

RD vs DNRA 

Composite -0.06 0.0124 0.0328 -0.05 0.0297 0.0855 -0.02 0.2926 0.5233 
Insulin -0.08 0.0317 0.0660 -0.06 0.0798 0.1408 -0.02 0.5496 0.7586 
HOMA-iR -0.08 0.0353 0.0706 -0.06 0.0869 0.1443 -0.01 0.6624 0.8061 
HbA1C -0.10 0.0071 0.0243 -0.05 0.1217 0.1893 -0.05 0.1781 0.3878 
FPG -0.03 0.4461 0.5465 -0.02 0.5925 0.6832 0.03 0.4468 0.6964 
DBP -0.04 0.3179 0.4154 -0.03 0.4356 0.5143 -0.01 0.6698 0.8061 
SBP -0.05 0.1290 0.1976 -0.07 0.0384 0.0990 -0.05 0.1290 0.3083 

RD vs ANR + 
DNRA 

Composite -0.09 0.0002 0.0047 -0.07 0.0019 0.0303 -0.04 0.0798 0.2838 
Insulin -0.09 0.0133 0.0336 -0.07 0.0446 0.1023 -0.02 0.6039 0.7993 
HOMA-iR -0.09 0.0117 0.0321 -0.07 0.0437 0.1023 -0.02 0.6366 0.8051 
HbA1C -0.12 0.0010 0.0070 -0.07 0.0271 0.0804 -0.06 0.0578 0.2447 
FPG -0.05 0.1535 0.2180 -0.03 0.3523 0.4426 0.00 0.9409 0.9706 
DBP -0.08 0.0238 0.0531 -0.06 0.0805 0.1408 -0.04 0.2937 0.5233 
SBP -0.10 0.0038 0.0163 -0.10 0.0032 0.0303 -0.06 0.0409 0.2430 

Gene abundance product ratio  

NO2 vs NH3 

Composite -0.10 0.0001 0.0030 -0.08 0.0007 0.0236 -0.04 0.0392 0.2430 
Insulin -0.10 0.0067 0.0243 -0.08 0.0215 0.0669 -0.03 0.4481 0.6964 
HOMA-iR -0.10 0.0051 0.0202 -0.08 0.0194 0.0669 -0.03 0.4532 0.6964 
HbA1C -0.11 0.0031 0.0146 -0.07 0.0377 0.0990 -0.06 0.0749 0.2838 
FPG -0.07 0.0677 0.1136 -0.04 0.1912 0.2716 -0.01 0.7752 0.8732 



 
 

 
 

DBP -0.09 0.0117 0.0321 -0.07 0.0454 0.1023 -0.05 0.1682 0.3747 
SBP -0.11 0.0027 0.0145 -0.10 0.0036 0.0303 -0.06 0.0418 0.2430 

NO vs NH3 

Composite 
-0.12 <0.0001 0.0003 -0.10 

<0.000
1 0.0030 -0.07 0.0013 0.0531 

Insulin -0.12 0.0007 0.0067 -0.10 0.0037 0.0303 -0.06 0.0772 0.2838 
HOMA-iR -0.13 0.0003 0.0053 -0.11 0.0019 0.0303 -0.06 0.0586 0.2447 
HbA1C -0.14 0.0001 0.0030 -0.09 0.0038 0.0303 -0.09 0.0096 0.1048 
FPG -0.11 0.0028 0.0145 -0.09 0.0071 0.0346 -0.05 0.1233 0.3036 
DBP -0.09 0.0142 0.0340 -0.07 0.0581 0.1185 -0.05 0.1226 0.3036 
SBP -0.10 0.0083 0.0261 -0.08 0.0133 0.0523 -0.05 0.0832 0.2838 

NO + NO2 vs 
NH3 

Composite -0.11 <0.0001 0.0010 -0.09 0.0002 0.0088 -0.05 0.0121 0.1182 
Insulin -0.11 0.0022 0.0128 -0.09 0.0091 0.0404 -0.04 0.2506 0.4816 
HOMA-iR -0.11 0.0015 0.0097 -0.10 0.0071 0.0346 -0.04 0.2387 0.4720 
HbA1C -0.12 0.0009 0.0068 -0.08 0.0162 0.0590 -0.07 0.0360 0.2430 
FPG -0.08 0.0275 0.0591 -0.06 0.0779 0.1408 -0.02 0.4930 0.7366 
DBP -0.09 0.0114 0.0321 -0.07 0.0459 0.1023 -0.05 0.1493 0.3458 
SBP -0.11 0.0031 0.0146 -0.10 0.0042 0.0303 -0.06 0.0446 0.2430 

NO2 vs NO + 
NH3 

Composite -0.08 0.0016 0.0100 -0.06 0.0129 0.0523 -0.02 0.3610 0.6100 
Insulin -0.07 0.0542 0.0965 -0.06 0.1199 0.1893 0.01 0.8611 0.9074 
HOMA-iR -0.07 0.0498 0.0905 -0.05 0.1319 0.2020 0.01 0.8004 0.8762 
HbA1C -0.08 0.0211 0.0480 -0.05 0.1463 0.2173 -0.04 0.2797 0.5172 
FPG -0.04 0.2751 0.3693 -0.01 0.7380 0.7948 0.02 0.5891 0.7909 
DBP -0.09 0.0134 0.0336 -0.07 0.0577 0.1185 -0.04 0.2772 0.5172 
SBP -0.11 0.0033 0.0148 -0.09 0.0066 0.0346 -0.05 0.0912 0.2883 

 
Abbreviations: NO3, nitrate; NO2, nitrite; NO, nitric oxide; NH3, ammonia; RD, respiratory denitrification; DNRA, dissimilatory nitrate 
reduction to ammonia; ANR, assimilatory nitrate reduction; CMZ: composite cardiometabolic score which averages the Z-scores for the 
individual cardiometabolic risk variables; HOMA-IR: homeostatic model assessment of insulin resistance, HbA1c: haemoglobin A1c; FPG: 
fasting plasma glucose; DBP: diastolic blood pressure; SBP: systolic blood pressure; FDR: false discovery rate. 
 



 
 

 
 

Simple adjusted multivariable models controlling for sex, age, race/ethinicity.  
Fully adjusted multivariable models controlling for sex, age, race/ethnicity, education, smoking status, body mass index and periodontal disease 
Summary scores were arcsine square root transformed and ratios of nitrite generation-to-depletion underwent natural log-transformation before 
use in linear regression analyses. Results are presented as the change in the dependent variable for a 1 standard deviation change in the 
independent variable. 



 
 

 
 

Figure S1.  
 

 
 
 
Association between select measures of nitrogen metabolism and cardiometabolic risk 
Z-scores, unadjusted and fully adjusted for sex, age, race/ethnicity, education, smoking 
status, body mass index, and periodontal disease. Results from the within-mouth 
average of predicted gene abundances across samples from shallow and deep sites in 
n=772 participants in the Oral Infections, Glucose Intolerance and Insulin Resistance 
Study (ORIGINS).  
 
 
This heatmap represents the beta coefficients (change in cardiometabolic risk Z-score per 1 SD 
increase in metagenomic variable) from i) unadjusted (upper panels) and ii) fully adjusted 
multivariable linear regression models (lower panels) regressing cardiometabolic Z-scores on the 
following measures of nitrogen metabolism. 2A) Abundance of microbial genes in the following 3 
pathways were considered: respiratory denitrification (RD); dissimilatory nitrate reduction to 
ammonia (DNRA); and assimilatory nitrate reduction (ANR);  2B) Abundance of microbial genes for 
reductase enzymes that produce the following biochemical products: (NO2, NO, and NH3); 2C) 
Nitrite generation-vs-depletion ratios of microbial gene abundances for pathways (RD vs. ANR, RD 
vs. DNRA, RD vs. ANR+DNRA) or products (NO2 vs. NH3, NO vs. NH3, NO+NO2 vs. NH3, NO2 
vs. NO + NH3). Green represents inverse associations, and red represents positive associations. 
Darker colors represent a larger effect estimate.  
 
Within-mouth average gene abundances were obtained from both shallow and deep sites by weighting 
samples by the percentage of shallow (< 4mm) vs. deep (≥ 4mm) probing depths in the mouth, 
respectively. Participants with only shallow or disease sample were assigned a weight of 100% for 
that sample. Three participants were missing percentage of probing depths measurements and 
excluded from the analyses. 
 
Abbreviations: NO3, nitrate; NO2, nitrite; NO, nitric oxide; NH3, ammonia; RD, respiratory 
denitrification; DNRA, dissimilatory nitrate reduction to ammonia; ANR, assimilatory nitrate 
reduction; CMZ: composite cardiometabolic score which averages the Z-scores for the 



 
 

 
 

individual cardiometabolic risk variables; HOMA-IR: homeostatic model assessment of 
insulin resistance, HbA1c: haemoglobin A1c; FPG: fasting plasma glucose; DBP: diastolic 
blood pressure; SBP: systolic blood pressure; FDR: false discovery rate. 



 
 

 
 

Figure S2.  

 
Exploratory analyses of the 16 individual natural-log transformed predicted relative gene abundances and cardiometabolic risk Z-
scores, unadjusted (N=764) and fully adjusted for sex, age, race/ethnicity, education smoking status, body mass index, and periodontal 
disease (N= 705)  
Note: Regression coefficients are scaled to present the change in the dependent variable for a 1 standard deviation change in the independent variable. 



 
 

 
 

 
Abbreviations: CMZ: composite cardiometabolic score which averages the Z-scores for the individual cardiometabolic risk variables; HOMA-IR: homeostatic model 
assessment of insulin resistance, HbA1c: haemoglobin A1c; FPG: fasting plasma glucose; DBP: diastolic blood pressure; SBP: systolic blood pressure 



 
 

 
 

Figure S3.  
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Correlation matrices of the nitrate-reducing taxa summary score (NO3TSS) and individual a priori taxa, with the A) gene abundance 
pathway and biochemical product summary scores, B) nitrite generation-to-depletion gene abundance ratios, and C) individual 
relative gene abundances 

Note: Neisseria sicca was not present in this dataset.  
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Abbreviations: NO3TSS, nitrate-reducing taxa summary score;  NO3, nitrate; NO2, nitrite; NO, nitric oxide; NH3, ammonia; RD, respiratory 
denitrification; DNRA, dissimilatory nitrate reduction to ammonia; ANR, assimilatory nitrate reduction; FDR: false discovery rate. 
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