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ABSTRACT

The human oral microbiome is associated with chronic diseases including
cancer. However, our understanding of its relationship with diet is limited.
We assessed the associations between carbohydrate and glycemic index
(GI) with oral microbiome composition in 834 nondiabetic subjects from
the NCI Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial
and the American Cancer Society Cancer Prevention Study II cohorts. The
oral microbiome was characterized using 16Sv3-4 rRNA sequencing from
oral mouthwash samples. Daily carbohydrate and GI were assessed from
food frequency questionnaires. We used linear regression, permutational
multivariate ANOVA, and negative binomial Generalized Linear Models
(GLM) to test associations of diet with α- and β-diversity and taxon abun-
dance (adjusting for age, sex, cohort, body mass index, smoking, caloric
intake, and alcohol). A q-value (FDR-adjusted P value) of <0.05 was con-
sidered significant. Oral bacterial α-diversity trended higher in participants

in the highest quintiles of carbohydrate intake, with marginally increased
richness and Shannon diversity (Ptrend = 0.06 and 0.07). Greater carbohy-
drate intake was associated with greater abundance of class Fusobacteriia
(q= 0.02) and genus Leptotrichia (q= 0.01) andwith lesser abundance of an
Actinomyces operational taxonomic unit (q= 4.7E-04). Higher GI was sig-
nificantly related to greater abundance of genus Gemella (q = 0.001). This
large, nationwide study provides evidence that diets high in carbohydrates
and GI may influence the oral microbiome.

Significance: Taxonomic differences at the highest intake quintiles may
reflect diet-induced increases in carcinogenic bacteria and decreases
in protective bacteria. Genus Leptotrichia has been implicated in can-
cer and inflammatory disease, while immunostimulatory genus Gemella
may increase inflammatory disease risk. These differences further our
understanding of possiblemechanisms leading to oral and systemic disease.

Introduction
The microorganisms colonizing the human oral cavity, commonly referred to
as the oral microbiome, have increasingly demonstrated a pivotal role in hu-
man health outcomes. As the ability to sequence and identify these organisms
has grown, so has our understanding of their impact on human health (1–8).
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However, we have a limited understanding of the dietary factors influencing
human oral microbiome composition.

The oral microbiome has been linked to numerous diseases, including upper
oro-digestive diseases [dental caries (9), periodontitis (10), head and neck and
esophageal cancer (5, 6)], and systemic diseases [rheumatoid arthritis (11), dia-
betes (12), cardiovascular disease (13), colorectal and pancreatic cancer (3, 14)].
While the interaction between the oral microbiome and diet is still under study,
oral dysbiosis is likely influenced by dietary factors (15–17). Increased carbo-
hydrate intake, for example, is associated with many chronic diseases (18–20),
though the extent of its impact on the composition of the oral microbiome
is not fully understood (20). Elevation in blood glucose levels is similarly as-
sociated with poor health and chronic disease (21–23). In addition to total
carbohydrate consumption, the effect of postprandial glycemic response may
also independently predict changes inmicrobiome composition and health out-
comes. Recent studies suggest that poor glycemic control leads to an acidic
oral environment due to elevated salivary glucose, thereby altering oral micro-
bial composition (24). Glycemic index (GI) is a relative physiologic measure of
the postprandial glycemic effect of a food compared with pure glucose. Diets
with high GI are associated with higher levels of inflammatory biomarkers like
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C-reactive protein (25, 26) and an increased risk of inflammation-associated
conditions like diabetes (18), arthritis (26), and cancer (27, 28). Studies in sub-
jects with diabetes mellitus (DM), a disorder characterized by hyperglycemia,
suggest that DM alters the oral microbiome through sustained inflammatory
conditions (29). While connections of carbohydrates and GI with chronic dis-
ease have been extensively investigated, it is only recently, with advances in
molecular sequencing technology, that the relationship of these dietary factors
with the oral microbial ecosystem can be comprehensively studied, potentially
revealing shared mechanisms that increase disease risk.

In an investigation of diet-oral microbial relationships, we assessed the as-
sociations of carbohydrate intake and GI with the oral microbiota in a large
cross-sectional analysis of 834 nondiabetic U.S. adults from two U.S. cohort
studies, the NCI Prostate, Lung, Colorectal, and Ovarian Cancer Screening
Trial (PLCO) and theAmericanCancer Society (ACS)Cancer Prevention Study
II (CPS-II).

Materials and Methods
Study Population
Two large cohort studies, theNCI PLCO (30) andACSCPS-II (31), served as the
source for all subjects in the current analysis. Both cohorts included adult men
and women from the United States and collected baseline demographic, med-
ical, and lifestyle data. Participants were followed prospectively to determine
the occurrence of cancer and to obtain updated medical and lifestyle data. In
addition to baseline questionnaires, oral wash samples were collected from a
subset of participants in each cohort.

All subjects included in the current analyses were originally selected from the
PLCO and CPS-II cohorts as cases or controls for collaborative nested case–
control studies of the oralmicrobiome in relation to two cancers (head and neck
cancer and pancreatic cancer; refs. 3, 4). Cases were participants who developed
one of these two types of cancers at any point after collection of the oral wash
samples (time from sample collection to diagnosis ranged up to 12 years). Age-
and sex-matched controls were selected by incidence density sampling among
cohort members who provided an oral wash sample and had no cancer prior to
selection.

Because the oral microbiome assays took place at different times for the pan-
creas study and the head and neck study, four separate datasets were assembled
for this analysis: PLCO-a (n = 261 PLCO participants in the head and neck
study), PLCO-b (n = 400 PLCO participants in the pancreas study), CPS-II-
a (n = 203 CPS-II participants in the head and neck study), and CPS-II-b
(n = 340 CPS-II participants in the pancreas study), for a total of 1,204 sub-
jects across all cohorts. For this study, we excluded subjects with a self-reported
history of diabetes diagnosis (n = 115), as patients with endocrine disorders
such as type 2 diabetes often consume carbohydrate-modified diets (32, 33).
Previous studies show that agreement between self-reported diabetes andmed-
ical record data is high (97.2%; ref. 34). We further excluded participants based
on the following criteria: missing smoking status or food frequency question-
naire (FFQ) data (n= 146), subjects whosemicrobiome assay sequencing failed
(n = 10), implausible self-reported daily energy intake (defined as <500 or
>4,000 kcal/day; n = 248), and low library depth (one participant with 1,516
sequence reads; n = 1), leaving a final population of 834 (PLCO n = 441,
CPS-II n = 393; Supplementary Fig. S1) for the current cross-sectional analysis
(these reasons could overlap). Written informed consent was obtained from all

study participants, and all protocols were conducted in accordancewith theU.S.
Common Rule and approved by the New York University Grossman School of
Medicine Institutional Review Board.

Carbohydrates and GI
Carbohydrate and GI intake were assessed using validated FFQs in each co-
hort. Questionnaires were administered to each subject prior to the collection
of baseline oral wash samples. In the PLCO, a 137-item FFQ evaluated dietary
intake in the 12 months preceding study entry (35, 36). Subjects’ daily carbo-
hydrate values (g/day) were calculated using the frequency of each consumed
food item multiplied by the nutrient value of the sex-specific portion size (37).
GI values were added to the nutrient database using the methods described for
theNCIDietHistoryQuestionnaire (38). Briefly,GI valueswere associatedwith
individual foods from the approximately 4,200 foods defined in the Continuing
Survey of Food Intakes by Individuals, condensed into 225 nutritionally similar
groupings (35). In the CPS-II, a 152-item FFQ was administered to subjects in
1999 to assess dietary intake over the past year (39). Daily carbohydrate values
(g/day) were obtained using estimations of daily nutrient intake from the FFQ
and GI values were added to the nutrient database for individual food items
using published glycemic response measures as described previously (40). In
this analysis, we evaluated carbohydrates and GI as continuous and categori-
cal variables. Continuous values were scaled to represent a 1 SD unit increase;
quintiles were calculated from the full pooled dataset (n = 834) for categorical
analysis.

Oral Wash Sample Collection
Baseline oral wash samples were obtained by asking participants to swish with
10 mL of Scope mouthwash (P&G) for 30 seconds (41) and expectorate in
a sample collection tube (30, 31). Specimens were then stored at −80°C in
each cohort’s biorepository prior to sequencing. This method of collection is
comparable with that of fresh frozen saliva for assessment of oral microbiome
composition (42).

Microbiome Assay
Genomic DNA from oral bacteria was extracted from oral wash samples
using the MoBio PowerSoil DNA Isolation Kit (Qiagen). 16Sv3-4 rRNA
gene sequencing was performed on the extracted bacterial DNA and gene
amplicon libraries were generated as reported previously (15, 43). Briefly,
libraries were created to allow for sequencing covering variable regions
V3 to V4 (Primers: 347F-5′GGAGGCAGCAGTAAGGAAT-3′ and 803R-
5′CTACCGGGGTATCTAATCC-3′). For 16Sv3-4 rRNA gene amplification
preparation, 5 ng of genomic DNA was used as the template in 25 μL of
PCR reaction buffer. The PCR amplicons were then purified using the Agen-
court AMPure XP kit (Beckman Coulter) and purified by fluorometry using
the Quant-I T PicoGreen dsDNA Assay Kit (Invitrogen; ref. 15). A total of
107 molecules/μL of purified amplicons were pooled for sequencing using
Roche 454 GS FLX Titanium pyrosequencing system.

Sequence Data Processing
Following sequencing read demultiplexing, poor-quality reads were excluded
using the default parameters of the microbiome bioinformatics pipeline Quan-
titative Insights Into Microbial Ecology (QIIME; refs. 15, 44). Reads passing
quality filter parameters were clustered into operational taxonomic units
(OTU) using the Human Oral Microbiome Database (HOMD) reference se-
quence collection (version 14.5; ref. 45) and were assigned HOMD taxonomy
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using QIIME script pick_closed_reference_otus.py (44). For this dataset of 834
subjects, there were 8,772,529 reads with a mean ± SD of 10,519 ± 2,752 and
range (3,084–33,784) per sample. Good reproducibility between replicates has
been demonstrated in this dataset (46).

Statistical Analysis
Within-subject diversity (α-diversity) was calculated in 100 iterations of rar-
efied OTU tables of 3,000 sequence reads per sample using QIIME script
alpha_rerefaction.py (44). This assessed α-diversity by richness, Shannon di-
versity index, and community evenness, with sequence depth selected by the
minimum sequencing depth of our samples (min = 3,084). Linear regression
was used to test the association of carbohydrates and GI with α-diversity, ad-
justing for age, sex, study (PLCOa, PLCOb, CPS-IIa, CPS-IIb), current smoking
status, body mass index (BMI; kg/m2), energy intake (kcal/day), and alco-
hol intake (g/day). Carbohydrates and GI were modeled as both continuous
and categorical variables in separate models. Because of the high correlation
between total carbohydrate intake and glycemic load (GL; a measure of GI
weighted by the proportion of carbohydrate in the food; ref. 47), total daily GL
was not included in the statistical models to avoid multicollinearity (Pearson
correlation coefficient R = 0.98, P < 2.2E-16).

Between-subject diversity (β-diversity) with respect to carbohydrate and GI in-
take was evaluated using permutational multivariate ANOVA (PERMANOVA)
Using the “Adonis” function in the R package “vegan,” (48) PERMANOVA
models included age, sex, study (PLCOa, PLCOb, CPS-IIa, CPS-IIb), current
smoking status, BMI, energy intake, and alcohol intake. Carbohydrates and
GI were modeled as both continuous and categorical variables in separate
models. Terms are added to the PERMANOVA model sequentially, there-
fore separate models were run for each carbohydrate and GI quintile greater
than the reference quintile (Q2–5), entering the measured quintile into the
model as the second-to-last variable after the reference quintile (Q1); this en-
sured the quintile of interest was reflective of variation left unexplained by the
other covariates in themodel. In addition, we performed pairwise comparisons
across carbohydrate and GI quintiles for the weighted UniFrac distance using
unconstrained principal coordinate analysis (PCoA) with the R package “phy-
loseq” (49) and applying the Kruskal–Wallis post hoc test (Dunn test) to assess
statistical significance when comparing quintiles within individual principle
coordinates.

To test the association between carbohydrate and GI intake with microbial
taxa abundance at differing taxonomic levels, negative binomial generalized lin-
ear models using DESeq2 (RRID:SCR_000154; ref. 50) were used. Raw counts
of 681 OTUs were classified into 12 phyla, 26 classes, 41 orders, 71 families,
155 genera, and 549 species. To minimize the number of statistical tests con-
ducted, rare taxa were excluded by filtering data prior to analysis to include
only taxa with ≥2 sequence reads in ≥5% (n = 42) of subjects, resulting in
8 phyla, 17 classes, 24 orders, 42 families, 79 genera, and 293 species. DESeq2
default outlier replacement, independent filtering of low-count taxa, and fil-
tering of count outliers were turned off. To address the large proportion of
zeros in microbiome sequencing counts matrices, we calculated the taxon-
level geometric mean using only positive read counts, such that taxa with zero
counts are still used for downstream normalization. DESeq2’s normalization
procedures have been described previously (50); briefly, the median of ratios
method is used to address between-sample differences in sequencing depth
and RNA composition. Of note, microbiome sequencing data are composi-
tional, meaning the abundance of each count must be interpreted relative to

the other counts within the sample (51). DESeq2’s normalization procedure is
mathematically equivalent to methods designed to address compositional data
(e.g., the centered log-ratio transformation; ref. 52), rendering the analysis of
compositional data with DESeq2 normalization valid (51, 52). Negative bino-
mial models in DESeq2 were adjusted for age, sex, study (PLCOa, PLCOb,
CPS-IIa, CPS-IIb), current smoking status, BMI, energy intake, and alcohol
intake by using a function passing the full model (including counts and all co-
variates) to DESeq2’s differential expression calculation argument, “DESeq()”.
Carbohydrates and GI were modeled as both continuous and categorical vari-
ables in separate models. At each taxonomic level, P values were adjusted for
FDR after removing models with maximum Cook’s distance > 10 (total mod-
els removed across all comparisons: phyla n = 2, class n = 1, order n = 3,
family n = 5, genus n = 7, species n = 42, OTU n = 50). The negative re-
ciprocal was applied to all resulting fold changes <1.00 to reflect the negative
fold-change value. Differential taxa abundance by categorical and continuous
levels of carbohydrate consumption andGIwas illustrated in a cladogramusing
GraPHIan (53).

Sensitivity analyses were conducted stratifying by BMI category (<25 kg/m2,
≥25 to < 30 kg/m2, ≥30 kg/m2), by study site (PLCO or CPS-II), and by sex
(male and female). We also confirmed whether results were consistent when
including diabetic patients, when restricting the analysis to subjects who did
not subsequently develop cancer (i.e., the controls in the PLCO and CPS-II co-
horts), and when assessing carbohydrates as a percent of daily calories. Finally,
we assessed the impact of other dietary factors, including GL, sucrose (g/day),
and fiber (g/day) onmicrobiome diversity and composition. A P value of<0.05
was considered nominally significant, and a q-value (FDR-adjusted P value)
of <0.05 was considered significant after multiple comparison adjustment. All
analyses were conducted using R 4.0.4.

Data Availability
The data generated in this study are available from the Sequence Read Archive
with accession number SRP133146 and SRP133149.

Results
Carbohydrate intake was similar across both PLCO [median, 233 g/day; in-
terquartile range (IQR): 182–282] and ACS-CPSII cohorts (median, 229 g/day;
IQR: 178–284). GI was likewise similar for PLCO (median, 53.7; IQR: 51.5–55.6)
and ACS-CPSII cohorts (median, 53.0; IQR: 50.9–54.8). Participants with the
highest carbohydrate intake were significantly more likely to be male and have
higher overall caloric intake (Table 1). Subjects with a high GI diet were simi-
larlymore likely to bemale, have higher caloric intake, and lower alcohol intake
overall. The Pearson correlation coefficient between carbohydrates and GI was
0.12 (P = 6.6E-04; Supplementary Fig. S2).

We observed a trend of higher overall α-diversity indices in participants with
higher carbohydrate intake, although the results were not statistically signifi-
cant (Shannon index Ptrend = 0.06, Evenness Ptrend = 0.07 across carbohydrate
quintiles; Fig. 1A; Supplementary Table S1); greater GI was marginally associ-
ated with decreased α-diversity (richness P = 0.11 for continuous GI; Fig. 1B;
Supplementary Table S1). In PERMANOVA analysis of the weighted UniFrac
distance, β-diversity was not associated with carbohydrate intake (Ptrend across
quintiles= 0.71, continuous P= 0.38; Fig. 2A; Supplementary Table S2) or with
GI (Ptrend across quintiles= 0.33, continuous P= 0.26; Fig. 2B; Supplementary
Table S2).
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TABLE 1 Demographic characteristics by daily carbohydrate (a) and GI (b)
Table 1a

NCI PLCO Cancer Screening Trial Cohort (n = 441) ACS CPS-II Cohort (n = 393)

Total carbohydrate

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5 Ptrenda Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5 Ptrenda

Range
[40.2–175] (175–214] (214–251] (251–304] (304–639] [61.6–170] (170–208] (208–248] (248–296] (296–511]
N
89 88 88 88 88 79 78 79 78 79
Age (y; mean ± SD)
63.9 ± 5.3 63.7 ± 5.1 63.7 ± 5.2 63.7 ± 5.4 63.3 ± 5.2 0.55 73.3 ± 6.5 73.5 ± 6 73.1 ± 6.3 71.8 ± 5.7 71.9 ± 5.8 0.03
Male (%)
44.9 54.5 69.3 78.4 85.2 4.8E-11 51.9 44.9 62 69.2 70.9 3.7E-04
White (%)
95.5 95.5 97.7 100 93.2 0.99 100 98.7 98.7 94.9 97.5 0.08
BMIb (kg/m2; mean ± SD)
26.9 ± 4.1 26.7 ± 4.1 26.8 ± 4.5 27.3 ± 4 26.6 ± 3.6 0.90 26.9 ± 5.3 25.6 ± 3.5 25.5 ± 4 25.6 ± 4.2 26.9 ± 4.5 0.84
Current smoker (%)
9 8 11.4 6.8 12.5 0.55 10.1 5.1 5.1 7.7 5.1 0.39
Alcohol (g/day; mean ± SD)
11.5 ± 18.9 9.2 ± 18.4 13.5 ± 34.1 11.5 ± 18.8 31.3 ± 88.6 0.52 8.5 ± 11.8 10.3 ± 14.5 13 ± 17.5 9.5 ± 13.9 10.8 ± 15.3 0.88
Total calories (calories/day; mean ± SD)
926 ± 307 1026 ± 425 1011 ± 403 1128 ± 435 1386 ± 536 7.7E-11 1213 ± 246 1498 ± 286 1789 ± 279 2039 ± 287 2605 ± 472 9.9E-4
Daily Glycemic index
52.6 ± 3.7 53.6 ± 3.2 53.7 ± 3.4 53.5 ± 2.5 53.7 ± 4.1 0.03 51.7 ± 3.8 52.7 ± 3 52.3 ± 3.3 53.3 ± 2.7 53.8 ± 2.6 7.5E-60

Table 1b

NCI PLCO Cancer Screening Trial Cohort (n = 441) ACS CPS-II Cohort (n = 393)

Glycemic index

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5 Ptrenda Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5 Ptrenda

Range
[40.4–51] (51–52.8] (52.8–54.3] (54.3–56.2] (56.2–64.9] [39.9–50.3] (50.3–52.2] (52.2–53.8] (53.8–55.3] (55.3–62.9]
N
89 88 88 88 88 79 78 79 78 79
Age (y; mean ± SD)
63.8 ± 5.1 63.7 ± 5.4 63.3 ± 5.5 63.8 ± 5 63.6 ± 5.3 0.85 72.6 ± 6 73.3 ± 6 72.5 ± 6 72.8 ± 6.2 72.6 ± 6.4 0.92
Male (%)
57.3 63.6 69.3 68.2 73.9 0.02 44.3 67.9 65.8 56.4 64.6 0.09
White (%)
97.8 98.9 95.5 97.7 92 0.05 98.7 100 97.5 94.9 98.7 0.31
BMIb (kg/m2; mean ± SD)
26.9 ± 4 26.9 ± 4 26.3 ± 4 27.3 ± 4.2 26.9 ± 4 0.87 26.2 ± 5.7 25.9 ± 4.2 25.9 ± 3.5 25.8 ± 3.9 26.7 ± 4.2 0.16
Current smoker (%)
10.1 5.7 9.1 12.5 10.2 0.48 6.3 7.7 5.1 7.7 6.3 0.99
Alcohol (g/day; mean ± SD)
37.5 ± 87.9 10.1 ± 13.9 12.1 ± 34.7 9.6 ± 18.3 7.5 ± 14.8 8E-05 13.5 ± 17.5 13.5 ± 15.4 9 ± 14 9.7 ± 14.4 6.5 ± 10.6 0.003
Total calories (calories/day; mean ± SD)
1306 ± 537 1169 ± 434 1055 ± 430 1005 ± 414 939 ± 350 3E-09 1708 ± 490 1947 ± 623 1793 ± 551 1855 ± 567 1844 ± 632 0.45
Total carbohydrates (carbs/day; mean ± SD)
234 ± 98 234 ± 77 253 ± 98 251 ± 92 250 ± 88 0.04 202 ± 62 248 ± 78 238 ± 73 243 ± 80 256 ± 85 3E-04

aP values are from Spearman correlations for continuous variables, Χ2 test for trend for categorical variables.
bValue for participants missing BMI (n = 24) imputed with cohort-specific medians.
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Richness
Number of Observed Species

Continuous: P = 0.99
Categorical:         = 0.27

Continuous: P = 0.35
Categorical:         = 0.06

Continuous: P = 0.25
Categorical:         = 0.07

Continuous: P = 0.11
Categorical:         = 0.17

Continuous: P = 0.19
Categorical:         = 0.22

Continuous: P = 0.48
Categorical:         = 0.43

Shannon Evenness Richness
Number of Observed Species

Shannon Diversity Index Evenness

A B

FIGURE 1 Richness, diversity, and evenness of oral microbiome by carbohydrate and GI quintiles (n = 834). Violin plots of α-diversity metrics across
quintiles of daily carbohydrate (A) and GI (B). Plotted are median, IQRs, and the probability density of the indices at different values. P values are from
linear regression models with specified α-diversity metric (richness, Shannon diversity index, community evenness, averaged over 100 iterations of
rarefied OTU table at 3,000 sequence reads/sample) as the outcome. All models were adjusted for age, sex, study (PLCOa, PLCOb, CPS-IIa, CPS-IIb),
current smoking, BMI (kg/m2), energy intake (kcal/day), and alcohol intake (g/day).

FIGURE 2 PCoA of phylogenetic distance matrices, carbohydrate and GI quintiles (n = 834). Bar plots of β-diversity metrics showing the means of
the first, second, and third coordinates (with % variance explained by each coordinate) of PCoA for each quintile of daily carbohydrate (A) and GI (B)
using weighted UniFrac phylogenetic distance matrices.
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FIGURE 3 Cladogram of phylum- to species-level taxa associated with carbohydrate and GI quintiles (n = 834). Only taxa that were identified in the
DESeq2 models as significantly different (q < 0.05) across quintiles or continuous carbohydrate intake or GI are labeled and colored by phylum. Red
nodes indicate significant increases in taxa abundance with increased carbohydrate intake or GI; green nodes indicate significant decreases in
abundance with increased carbohydrate or GI. Size of the significant nodes is proportional to the mean normalized count of the observed taxa. Taxa
shaded in purple are those significantly increased with high carbohydrate; taxa shaded in orange are those significantly decreased with high
carbohydrate. Taxa shaded in yellow are those significantly increased in subjects with high GI; taxa shaded in blue are those significantly decreased
with high GI.

We further investigated specific taxon abundance related to carbohydrate intake
andGI using negative binomial generalized linearmodels.Higher carbohydrate
intake was associated with an increase in taxa belonging to class Fusobacteriia
and its genus Leptotrichia (nominal Ptrend = 1.5E-04, q-trend= 0.01 across car-
bohydrate quintiles). The highest quintile of carbohydrate intake had a 1.98-fold
increase in species Leptotrichia hongkongensis [95% confidence interval (CI),
1.28–3.07] and a 2.02-fold increase in OTU hongkongensis (95% CI, 1.30–3.13)
compared with the lowest quintile. We also observed an increase in several
species of genus Streptococcus with continuous carbohydrate intake including
Streptococcusoral taxon 056 (species q= 0.02 andOTU q= 0.01) and streptococ-
cus cristatus OTU (q = 0.03). Greater carbohydrate intake was also associated
with a decrease in family Coriobacteriaceae (q = 0.01) and an OTU in genus
Actinomyces (phylum Actinobacteria), with a 2.56-fold reduction for the high-
est carbohydrate quintile compared with the lowest quintile for Actinomyces
oral taxon 180 (95% CI = −4.17 to −1.59; Fig. 3; Table 2), although their abun-

dances are low (mean normalized count = 22.3). In addition, increased GI
was associated with increases in familyGemellaceae (nominal Ptrend = 3.6E-05,
q = 0.001 across GI quintiles; Fig. 3; Table 2) and its genus Gemella, including
Gemella haemolysans species (nominal Ptrend = 1.8E-04, q-trend = 0.02 across
GI quintiles) and OTU (Ptrend = 1.9E-04, q-trend = 0.03). The highest quintile
of GI had a 1.62-fold increase of species Gemella haemolysans compared with
the lowest quintile of intake (95% CI = 1.24–2.13).

In stratified analyses, we examined the effect of carbohydrates and GI on the
oral microbiome according to categories of BMI status (normal <25, n = 328;
overweight 25–30, n = 358; and obese BMI >30, n = 148; Supplementary
Tables S3A–S5A). The relationships were largely consistent across BMI cate-
gories, with significantly lower α-diversity with elevated carbohydrate and GI
(Supplementary Table S3A) and no association with β-diversity (Supplemen-
tary Table S4A). Taxa in subjects with elevated BMI (≥25) were moderately
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TABLE 2a Association of daily carbohydrate (a) and GI (b) as categorical (quintiles) or continuous variables with abundance of oral microbial taxa, PLCO and CPS-II cohorts (n = 834)a

Table 2a

Categorical Continuousb

Fold changec,d

(95% CI)
Fold changec,d

(95% CI)

Total carbohydrates

Mean normalized count Q1 Q2 Q3 Q4 Q5 Ptrende q-trende Grams per day P q

Fusobacteria; Fusobacteriia; Fusobacteriales; Leptotrichiaceae; Leptotrichia (Genus)
121 Ref 1.11 (−1.10 to 1.37) 1.28 (1.04–1.58) 1.28 (1.03–1.60) 1.65 (1.28–2.13) 1.5E-04 0.01 1.18 (1.08–1.29) 1.8E-04 0.01
Fusobacteria; Fusobacteriia; Fusobacteriales; Leptotrichiaceae; Leptotrichia; hongkongensis (Species)
12.3 Ref 1.08 (−1.32 to 1.53) 1.08 (−1.33 to 1.55) 1.36 (−1.08 to 2.00) 1.98 (1.28– 3.07) 0.004 0.18 1.34 (1.15–1.56) 1.3E-04 0.02
Firmicutes; Bacilli; Lactobacillales; Streptococcaceae; Streptococcus; sp._oral_taxon_056 (Species)
59.1 Ref 1.10 (−1.14 to 1.37) 1.03 (−1.22 to 1.30) 1.32 (1.04–1.68) 1.5 (1.14–1.98) 0.003 0.18 1.20 (1.09–1.32) 1.6E-04 0.02
Firmicutes; Bacilli; Lactobacillales; Streptococcaceae; Streptococcus; cristatus (OTU)
198 Ref 1.05 (−1.12 to 1.23) 1.04 (−1.14 to 1.23) 1.13 (−1.05 to 1.35) 1.29 (1.05–1.57) 0.02 0.32 1.13 (1.06–1.21) 4.3E-04 0.03
Actinobacteria; Actinobacteria; Actinomycetales; Actinomycetaceae; Actinomyces; sp. oral taxon 180 (OTU)
22.4 Ref −1.05 (−1.56, 1.39) −1.20 (−1.82, 1.23) −1.92 (−2.94, −1.27) −2.56 (−4.17, −1.59) 1.1E-05 0.003 −1.49 (−1.75, -1.27) 1.6E-06 4.7E-04

Table 2b

Categorical Continuousb

Fold changec,d

(95% CI)
Fold changec,d

(95% CI)

Glycemic index

Mean normalized count Q1 Q2 Q3 Q4 Q5 Ptrende q-trende Grams per day P q-value

Firmicutes; Bacilli; Bacillales; Gemellaceae; Gemella (Genus)
337 Ref 1.21 (−1.02 to 1.49) 1.07 (−1.15 to 1.32) 1.51 (1.22–1.86) 1.44 (1.16–1.79) 8.5E-05 0.01 1.12 (1.04–1.20) 0.002 0.15
Firmicutes; Bacilli; Bacillales; Gemellaceae; Gemella; haemolysans (Species)
235 Ref 1.42 (1.09–1.85) 1.28 (−1.02 to 1.67) 1.73 (1.32–2.25) 1.62 (1.24–2.13) 1.8E-04 0.02 1.13 (1.04–1.24) 0.01 0.33
Firmicutes; Negativicutes; Selenomonadales; Veillonellaceae; Veillonella; denticariosi (Species)
3.48 Ref 1.82 (1.2–2.77) 1.92 (1.27–2.93) 2.72 (1.79–4.13) 2 (1.31–3.07) 1.8E-04 0.02 1.3 (1.13–1.50) 1.9E-04 0.05
Firmicutes; Negativicutes; Selenomonadales; Veillonellaceae; Selenomonas; noxia (OTU)
0.85 Ref −1.56 (−2.70 to 1.1) −1.61 (−2.78 to 1.06) −2.38 (−4.17 to -1.39) −2.94 (−5.26 to 1.69) 4.1E-05 0.01 −1.45 (−1.73,-1.20) 7.8E-05 0.02

aTaxa included in the table were associated with daily carbohydrate or GI at q-trend <0.05 for categorical variables or q value < 0.05 for continuous variables.
bContinuous values scaled by 1 SD unit increase.
cDESeq2 models adjusted for age, sex, study (PLCOa, PLCOb, CPS-IIa, CPS-IIb), current smoking, BMI (kg/m2), energy intake (kcal/day), and alcohol intake (g/day).
dFold change <1.00 represented as the negative reciprocal.
eTrend tests across quintiles were calculated by entering the categorical variables into the models as continuous terms.
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distinct from lower BMI categories, with differences in the obese subjects
potentially due to the smaller sample size (n = 148; Supplementary Table S5A).

Findings in carbohydrates and GI are consistent in both PLCO (n = 441) and
ACS-CPSII (n = 393) cohorts (Supplementary Tables S3B–S5B), and in men
(n = 528; Supplementary Tables S3C–S5C). The stratified analysis focusing on
women (n = 306) showed consistency with the main results, except for sig-
nificant decreases in α-diversity at the highest carbohydrate quintile (Shannon
index Ptrend = 0.04; Evenness Ptrend = 0.02). The findings in the full cohort in-
cluding diabetics (n= 938) were relatively unchanged, with modest differences
in α- and β-diversity in the carbohydrate analysis (Supplementary Tables S3D–
S5D). α- and β-diversity metrics were similar when restricting to PLCO and
CPS-II controls (n = 543), but these subjects had relatively distinct taxa, par-
ticularly in theGI analysis, inwhich no taxa passed the initial q< 0.05 threshold
for significant differences across intake levels. No significant differences from
the main analysis were observed when assessing carbohydrates as a percent of
daily calories (Supplementary Tables S3F–S5F).

Finally, we assessed the association between the microbiome and other similar
dietary exposures: GL (the composite measure of GI and carbohydrates) and
specific types of carbohydrates (sucrose and fiber; Supplementary Tables S3G–
S5G). α- and β-diversity were similar across all three exposures and compared
to our main analysis. When comparing the differential abundance results with
our main analysis, there were no shared taxa at the family level when assessing
sucrose intake, while the results in the fiber analysis showed some similari-
ties in taxa to both the carbohydrate and GI analysis. Our assessment of GL
and oral microbial diversity identified a lower abundance of genusActinomyces
(FDR-adjusted q < 0.0005) with increased GL, consistent with the association
we observed with carbohydrate intake, and distinct from the findings based on
GI intake.

Discussion
To our knowledge, this is the first examination of the association of carbo-
hydrate intake and GI with the oral microbiome. In a large, cross-sectional
study of American adults, this analysis demonstrated differentials in the
diversity of the oral microbiome characterized by increased Fusobacteriia
and Leptotrichiaceae and decreased abundance of Actinomyces with greater
carbohydrates, and higher abundance of Gemellaceae and Gemella with
elevated GI.

Our findings may be a result of diet-induced disruptions to the composition of
the oral microbiome. Carbohydrate intake has been hypothesized to affect the
oral microbiome, with a shift in disease-promoting microbiota associated with
the transition to a diet rich in carbohydrates in late hunter-gatherer and early
agrarian societies (54). A “constant supply” (55) of carbohydrates is necessary
for dysbiosis-mediated oral diseases like dental caries and periodontal disease
(55). The proposedmechanism for this relationship is themicrobial production
of glucans as a result of carbohydrate intake, which disrupts the glyco-mediated
salivary immune response and prevents the removal of harmful bacteria (55,
56). In addition to increasing the risk of oral disease, this pathogenic dysbiosis
then promotes an inflammatory immune response (55, 57). This inflammation
stimulates cytokine-induced epithelial cell proliferation (58), potentially lead-
ing to unchecked cell growth and, ultimately, cancer (59). Indeed, the risk of
developing cancer is increased two to five times in those with periodontitis
(7). Dysbiosis of the oral microbiome has also been linked to several chronic
inflammatory conditions such as diabetes, systemic lupus erythematosus, and

rheumatoid arthritis (60). Similarly, higher carbohydrate intake is also a risk
factor for autoimmune conditions such as rheumatoid arthritis (26) and is a
key driver of inflammation (25).

The observed increase in genus Leptotrichia in those with increased carbo-
hydrate intake is noteworthy given the established connection between the
prevalence of order Fusobacteriales and elevated risk of periodontal disease
(61), oral (62), pancreatic (63), and colorectal cancers (64, 65), and inflam-
matory conditions such as ulcerative colitis (66). While order Fusobacteriales,
including genus Leptotrichia, are typically considered to be oral anaerobic
bacteria, there are strong associations with these bacteria at distal disease
sites, suggesting the potential for bacterial translocation from oral to intesti-
nal sites (67, 68). Colorectal cancer in particular is strongly associated with
genus Fusobacterium, and studies show significant co-occurrence of genus
Leptotrichia in Fusobacterium-positive tumors (67, 69). Fusobacteriae invade
host epithelial and oral mucosal cells through their surface adhesion molecule,
Fusobacterium adhesin A (FadA), activating β-catenin signaling pathways re-
sponsible for inflammation and oncogenic cellular proliferation. Species within
genus Leptotrichia also possess FadA (70), and the genetic and functional
similarities between these two genera may be due to horizontal gene trans-
fer between families Fusobacteriaceae and Leptotrichiaceae (66). Consumption
of proinflammatory diets (which include carbohydrate-rich foods such as re-
fined grains, beer, and pizza) is associated with Fusobacteria-positive colorectal
cancer, but not with tumors lacking these bacteria (71). This suggests that
diet-induced alterations to the microbiome may increase the prevalence of
disease-promoting bacteria. While this hypothesis is mechanistically plausible
given the activation of oncogenic pathways by FadA, it may be that the cancer
alters the host microbiota instead (72). Other mechanisms, including chance,
are also possible. Further epidemiologic study is warranted to confirm the di-
rectionality of this relationship, the potential bacterial translocation of these
oral microbes, and the function of Leptotrichia-derived FadA in light of our
observation of elevated levels of oral Leptotrichia with increased carbohydrate
intake.

We found an association between elevated carbohydrates and decreased abun-
dance of Actinomyces oral taxon . Previous research in the Southern
Community Cohort Study indicated that decreased levels of oral genus Actino-
myces (phylumActinobacteria) are associated with an increased risk of diabetes
(73). A possible role of oral Actinobacteria in diabetes may be through the
inhibition by this bacteria of N-acetyl-beta-D-glucosaminidase (73, 74), an en-
zyme linked to decreased glucosemetabolism and diabetes risk (74). A decrease
in Actinomyces related to diet-induced dysbiosis may reduce glycemic con-
trol, suggesting avenues for further study of a potential mechanism linking
carbohydrate intake, oral microbial composition, and risk of systemic disease.

We also found that higherGIwas related to greater abundance of genusGemella
(phylum Firmicutes). Other research has shown a higher abundance ofGemella
in subjects with inflammatory conditions such as obesity (73), diabetes (12,
73), and inflammatory bowel disease (75). The majority of bacteria under the
Firmicutes phylum are Gram positive, including Gemella, and the peptidogly-
can component of Gram-positive bacterial cell walls is a potent stimulator of
proinflammatory cytokines (76). A hypothesis for the potential pathogenic re-
lationship between increases in Gemella and inflammatory diseases is through
the promotion of low-grade inflammation from immune stimulation by Gram-
positive peptidoglycans (77), although these studies have primarily assessed the
presence ofGemella in the gutmicrobiome. The overabundance of oralGemella
associated with elevated GI in our sample suggests the presence of diet-induced
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dysbiosis, although the link betweenGemella abundance and oral inflammation
has not been fully explored.

Our sensitivity analyses were largely consistent with our main findings, with
several key differences. Stratification by sex identified significantly decreased
α-diversity in women with the highest carbohydrate intake, recapitulating find-
ings from a recent study of the association between subgingival microbiota and
carbohydrate intake in a large cohort of postmenopausal women (78). As in our
study of intraindividual salivary microbiome differences, the authors identified
an inverse relationship between carbohydrate consumption and subgingival
α-diversity, highlighting concordance between these two similar, yet distinct,
sources of oral microbiome data.

The consistent results in our cohort for a lack of difference in α- and β-diversity
between carbohydrate, sucrose, and fiber intake, as well as GI and GL, suggest
that the type of carbohydrate consumed may not meaningfully influence oral
microbial diversity across intake quintiles. A sensitivity analysis assessing the
association of GL and the oral microbiome showed consistency with the find-
ings of taxonomic diversity in our carbohydrate analysis, and no overlap with
our GI results. Given the high correlation between GL and carbohydrates in
our dataset, these results highlight the utility of analyzing the components of
the composite GL variable (namely, carbohydrates and GI) individually.

Intriguingly, none of our key taxonomic findings in Leptotrichia, Gemella, or
Actinomyces oral taxon —all of which point to potentially pathogenic mech-
anisms due to oral dysbiosis—were identified when restricting the analysis to
the subset of patients in the PLCO and CPS-II cohorts who did not subse-
quently develop cancers (i.e., the controls in the nested case–control analysis).
This points to avenues for further prospective research on the effects of diet-
induced changes to the oral ecosystem which may be related to subsequent
disease development. However, there is also the potential for reverse causa-
tion, wherein undetected precancerous or early-stage cancers contribute to the
observed taxonomic differences. Longitudinal studies with serial collections of
oral wash samples can be used to interrogate these potential causal mechanisms
and determine the direction of causality.

Among the strengths of this study were its large sample size (n = 834) and the
ability to obtain comprehensive phylogenetic information for the composition
of the oralmicrobiome using 16Sv3-4 rRNA sequencing,mapped to theHOMD
reference sequence collection (45). In addition, the detailed demographic and
FFQs allowed us to control for known confounders of the composition of the
oral microbiome, such as smoking and alcohol consumption. Study limitations
include its cross-sectional design, which limits our ability to make causal infer-
ences or directly assess the association with subsequent disease development,
although it is more plausible that diet influences the oral microbiome rather
than the reverse having occurred. Our findings are also susceptible to inher-
ent measurement error associated with diet assessment from self-administered
FFQ. We did not have information on the oral health of participants, nor their
oral hygiene practices, which may be another important confounder of oral
microbiome composition. We also sampled the average bacterial composition
of the mouth from oral wash samples rather than specific sites in the mouth,
which vary in microbial composition. Finally, the study population was pri-
marily white, which limits the generalizability of these results to other, more
diverse populations.

In conclusion, in this large study, we showed for the first time that high carbo-
hydrate intake is related to increased abundance of Leptotrichia and decreased

abundance of Actinomyces oral taxon  and that elevated GI is related to
increased abundance of Gemella. Further studies are warranted to replicate
these findings and assess potential underlying molecular pathways and links
to disease.
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