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Abstract

(add specific directions for each type here)

Summary of research proposal:

Droplet aerosolization during specific orthodontic procedures has been a prime concern in the orthodontic
community since the start of the COVID19 pandemic. Due to the nature of such procedures, large oral and
nasal spray blooms are generated, which puts the orthodontic personnel at risk of contracting microbial
infections carried out by related aerosols. During specific orthodontic procedures, the orthodontic staff is
exposed to aerosol fluids from various anatomical areas (salivary glands, nose) due to the use of air/water
syringes and handpieces. Since aerosols remain in circulation for a significant amount of time after the
termination of the orthodontic procedure, other patients and the dental staff can be at risk of developing
various illnesses based on the biological content of the circulating aerosols. While oral biomass dispersion is
reduced through saliva ejectors, high-volume suctions, and mouthwashes based on current guidelines,
remaining circulating aerosols still contain significant microbial content from the nose, currently understood
to be more COVID-19 infectious than salivary particles. Moreover, extra-oral aerosol capture devices that
hover above the patient’s head are now commercially available, theoretically reducing the nasal bioaerosol
that escaped to adjacent areas. However, this has not been thoroughly tested yet.

This proposal aims to test the nasal bioaerosols produced during specific orthodontic aerosol-generating
procedures. We hypothesize that some orthodontic visits generate bioaerosol sprays (droplets and aerosols)
from the nose and the saliva, which could be mitigated by antimicrobial nasal sprays and extra-oral aerosol
capture devices. We will interrogate this hypothesis using the following specific aims 1) Test the level of
particle emission reduction with the successive inclusion of three aerosol mitigation devices 2) Characterize
the bioaerosol exposure of the operator and assistant underneath the mask 3) Characterize the patient’s
bioaerosol exposure.

An improved understanding of the physical characteristics of the generated spray, their biological origin, how
far they travel, and how to best mitigate them to assess if additional infection control procedures are needed
when providing orthodontic aerosol-generating procedures.

Respond to the following questions:

Detailed results and inferences:*

If the work has been published, please attach a pdf of manuscript below by clicking "Upload a file".

OR

Use the text box below to describe in detail the results of your study. The intent is to share the knowledge you
have generated with the AAOF and orthodontic community specifically and other who may benefit from your
study. Table, Figures, Statistical Analysis, and interpretation of results should also be attached by clicking "Upload a
file".
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Across the three aims, this study provides a comprehensive and clinically relevant understanding of both
aerosol mitigation and bioaerosol exposure in the orthodontic setting. From a mitigation standpoint (Aim 1),
high-volume evacuation alone (HV only) consistently performed as a non-inferior—and, in some cases,
potentially more effective—approach compared to the traditional combination of high-volume evacuation
with a saliva ejector (HVE + SE). While the BriteHive suction device showed the largest reductions in the
DustTrak data, this was not consistently supported by the OPS analysis, which showed more variable
performance. In contrast, HV demonstrated stable, reproducible performance across both measurement
systems, supporting its role as the most reliable approach overall. Importantly, we suspect that some
DustTrak sessions may have been artificially elevated due to suboptimal handling of HVE + SE and Brithive, as
both methods must be actively positioned by the assistant. Variability in positioning and technique may
reduce capture efficiency, which could explain why the combined approach did not outperform HV only.
Clinically, this highlights an important principle: adding more suction devices does not necessarily improve
aerosol control, and in practice, a simpler and well-positioned system (HV only) may be more effective than a
more complex setup. Based on these findings, HV can only be recommended as the most practical and reliable
aerosol mitigation strategy, while BriteHive remains promising but requires further validation.

From a bioaerosol exposure perspective (Aims 2 and 3), a consistent pattern emerged: nasal microbiota—not
saliva—was the dominant source of exposure for both dental personnel and patients. Under-mask analysis
showed that operators and assistants were primarily exposed to their own nasal microbiota and that of
nearby individuals, with only a minimal contribution from saliva. Similarly, patient exposure was driven
largely by nasal emissions from dental personnel, with saliva again playing a negligible role. These findings
challenge the long-standing assumption that dental aerosols are predominantly saliva-based and instead
point to respiratory emissions as the main contributor to bioaerosol exposure.

Critically, the results also highlight important limitations of standard clinical masking. Despite wearing
masks, both operators and assistants were still exposed to each other's microbiota, indicating that the masks
did not fully prevent cross-exposure. This likely reflects real-world conditions, where air leakage around the
sides of masks allows unfiltered air to be inhaled. Clinically, this suggests that conventional masks may not
provide sufficient protection in aerosol-generating environments, and that respirators with improved facial
seal (e.g., N95-type devices) may be more appropriate for reducing inhalation exposure. Additionally, because
a substantial portion of exposure originates from other individuals’ nasal emissions, these findings reinforce
the importance of strict illness policies: dental personnel who are unwell should avoid clinical work to
minimize the risk of transmitting respiratory microbes to colleagues and patients.

In summary, this study demonstrates that effective aerosol control and exposure reduction require both
optimized mitigation strategies and attention to respiratory sources of contamination. HV emerges as a
simple, reliable, and clinically effective mitigation approach, reinforcing the idea that more complex systems
are not always better. At the same time, bioaerosol exposure is driven primarily by nasal emissions and is not
fully prevented by standard masks, underscoring the need for improved respiratory protection and infection
control practices in everyday clinical care.

Find attached the detailed results, including tables and figures.
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Have the results of this proposal been presented?*
Yes

To what extent have you used, or how do you intend to use, AAOF funding to

further your career?*

AAOF funding has been crucial to my progress, providing support through salary supplementation and,
subsequently, by empowering my teams to successfully complete multiple research projects.

Accounting: Were there any leftover funds?
$0.00

Not Published

Are there plans to publish? If not, why not?*
We will work on publications now that the final analyses have been completed.

Presented

Please list titles, author or co-authors of these presentation/s, year and

locations:*

Three poster sessions during the 2024, 2025, and 2026 Day of Dentistry events. One oral presentation during
the 2024 and 2025 Graduate Research Days. All these events took place at the Mike Petryk School of
Dentistry.

Was AAOF support acknowledged?

If so, please describe:

Yes. The AAOF logo was embedded in the posters and oral presentations. AAOF support was verbally
conveyed.
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Results

Preamble: Analysis in preparation for analyzing the grant

To prepare for analyzing this grant, we used data from the previous AAOF grant to
determine the optimal parameters for the current data. The previous grant used state-of-
the-art full 16s rDNA sequencing and source tracking in a novel way. Since then, other
algorithms have been developed, and various studies have used different shorter 16s
rDNA sequences for source tracking. In the following pages, we will show how we used
the original data to identify the best parameters to use for the current one.

Question 1: How Much Sequencing Data Do We Need?

The question: Microbiome sequencing produces thousands of unique DNA sequences
(called ASVs - amplicon sequence variants), many of which are extremely rare in
abundance in the samples (i.e., are found in a very low copy number). These rare
sequences might be a genuine biological signal that helps distinguish sources, or they
might be considered “noise” by source-tracking algorithms. The deeper the sequencing,
the more likely it is to yield such low-copy unique sequences. Therefore, we wanted to
determine the minimum sequencing depth required for accurate source tracking. This was
simulated by inverting the question: how aggressively can we filter out rare sequences
before source-tracking accuracy suffers?

What we did: We systematically removed rare sequences at 16 different thresholds,
keeping the top 95%, 90%, 85%, and so on down to just the top 20% of sequences by
abundance within each sample. At each threshold, we ran both STENSL and
SourceTracker2 on 584 source—sink comparisons and measured the extent of variation
in the estimates.

What we found: Both methods are remarkably robust to moderate filtering. From 95%
down to 50% retention, estimates remain stable. Below 50%, the two methods diverge
dramatically:

Metric STENSL SourceTracker2
Variability at full data SD=34 SD =10.6

Variability at 50% filtering | SD =4.5 SD=11.5

Variability at 25% filtering |SD =7.8 SD =13.5

Sharp breakdown point Yes — at 45% retention | No — gradual decline
Complete failures 13 failures at 20% None at any level




Phase 1: Source Tracking Variability Across ASV Retention Levels
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Figure 1. Standard deviation of source tracking estimates across ASV retention levels.
The dashed vertical line marks the 50% stability threshold, below which STENSL (blue)
degrades sharply while SourceTracker2 (orange) declines gradually.

Implication: Filtering the bottom 20-50% of rare sequences per sample is safe and
reduces noise without sacrificing accuracy. STENSL requires at least 50% retention;
SourceTracker2 is more tolerant but also benefits from keeping more data.

Question 2: Does Coarser Taxonomic Resolution Help?

The question: Instead of tracking individual DNA sequences (ASV-level), what happens
if we group sequences by bacterial genus first? Genus-level analysis collapses strain-
level variation that might be noise but also discards potentially useful fine-grained
information.

What we did: We classified all 21,572 ASVs into bacterial genera using the eHOMD oral
microbiome reference database (version 16.03), then repeated the filtering analysis from
Phase 1 at the genus level. We also analysed how consistently the same genera
dominate across different individuals.

What we found: The two algorithms responded in opposite directions:

Characteristic STENSL SourceTracker2

ASV-level baseline (SD) 3.0 10.4

Genus-level baseline (SD) | 8.5 (2.9% worse) 16.3 (1.6% worse)

Effect of genus filtering Gets worse with more | Gets better with more

filtering filtering

Optimal strategy Use ASV-level data Filter to top 40% of
genera

Best achievable SD 3.0 (ASV, no filtering) | 10.0 (genus, 40%
filtering)




Phase 2: Impact of Genus-Level Aggregation on Source Tracking Variability
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Figure 2. Impact of genus-level aggregation on source tracking variability. Top left:
STENSL variability increases steadily above its ASV baseline (dashed line). Top right:
SourceTracker?2 variability decreases with genus filtering, dropping below its ASV
baseline at 40% retention. Bottom Left: STENSL consistently overestimates the
contribution of sources relative to the same sources when analyzed as ASV.
SourceTracker2 consistently overestimates the contribution of the sources compared to
the same source when analyzed as ASV.

A core set of genera drives the source tracking signal. For saliva, Streptococcus (25.4%
of reads), Prevotella (17.4%), and Rothia (9.4%) are consistently the most abundant
across individuals. For nasal communities, Corynebacterium (33.2%) and Cutibacterium
(17.0%) dominate. Filtering to the top 40% of genera captures these core taxa while
removing person-specific noise that confuses SourceTracker2.

Implications: When using SourceTracker2, filtering to the ~40% most abundant genera
actually improve precision to match ASV-level performance. STENSL should always be
run at the full ASV level. Running both methods provides complementary information.
Using ASVs is the more accurate strategy as genera-level analysis inflates the
contribution from sources.

Question 3: Creating Realistic Simulated Data

The problem: Phases 1 and 2 revealed important differences between the algorithms,
but without knowing the true answer (which sources contributed to each mixed sample,
and in what proportions), we could not determine which algorithm is more accurate. To
solve this, we needed samples with known ground truth. That is, mixtures where we
control exactly how much of each source is present.

Creating such ground truth computationally requires synthetic microbial communities that
are statistically indistinguishable from real ones. If the simulations are too simplistic (e.qg.,



overly uniform or lacking the characteristic sparsity of microbiome data), the
benchmarking results would not generalise to real experimental data. Phase 3 therefore
invested substantial effort in producing validated, realistic simulations.

Step 1: Learning Community Patterns with SparseDOSSA2

The first step used SparseDOSSA2, a statistical simulator specifically designed for
microbiome data. SparseDOSSA2 models the observed abundance distributions using a
zero-inflated log-normal framework that captures three key properties of real microbiome
data: (1) most taxa are absent from most samples (zero-inflation), (2) when present,
abundances span several orders of magnitude (log-normality), and (3) certain taxa co-
occur or exclude each other (inter-taxon correlations).

We trained SparseDOSSA2 separately on real nasal samples (47 subjects) and saliva
samples (57 subjects), using 100% genus-retention data. This is based on observations
from the Human Microbiome Project, which found that genera are the lowest taxonomic
rank at which variation across people appears to be stable, with lower taxonomic ranks
being more person-distinguishing.

Training on unfiltered data was a deliberate design choice: it preserves the full genus
catalog, allowing us to later evaluate each source-tracking method at its optimal filtering
level without pre-committing to a specific filter threshold. The model learned the typical
abundance profile of each genus, the probability of each genus being present in each
sample, and the correlation structure between genera.

From each trained model, we generated 1,000 synthetic genus-level community profiles,
1,000 simulated nasal, and 1,000 simulated saliva samples. At this stage, each simulated
sample is a vector of genus-level relative abundances.

Step 2: Backfilling to Sequence Resolution

We established that source-tracking algorithms should operate on individual DNA
sequences (ASVs), not on genus-level summaries. To bridge this gap, we developed a
per-genus backfill model that distributes each genus’s simulated abundance across
individual ASV sequences, preserving the diversity patterns observed in the real data.

The backfill proceeds in three sub-steps for each genus:

1. Building the ASV pool. For each genus, we merged all ASV sequences
observed in the real data with all full-length 16S sequences for that genus from the
eHOMD reference database (version 16.03). The eHOMD database provides
curated reference sequences for oral bacteria, ensuring that simulated
communities include species present in the reference but not detected in our
specific real samples. This merged pool ensures comprehensive coverage of each
genus’s known sequence diversity.

2. Modelling ASV presence and abundance. Within each genus, individual ASVs
vary in how frequently they appear across samples and in their abundance when
present. We characterised these patterns empirically from real data: for each
genus, we computed the detection frequency (i.e., the proportion of real samples
that contain each ASV) and the mean relative abundance (when present). We then



fitted a Bernoulli-Dirichlet—Multinomial (BDM) model: the Bernoulli component
determines which ASVs from the pool are "switched on" in each simulated sample
(calibrated from empirical detection rates), and the Dirichlet—Multinomial
component distributes the genus’s total abundance among the active ASVs
(calibrated from the observed abundance distributions).

3. Distributing abundance. For each simulated sample, the BDM model first
decides which ASVs are present (drawing from the Bernoulli model for each ASV),
then allocates the genus’s total abundance across the active ASVs using the
Dirichlet—Multinomial draw. This produces a realistic ASV-level profile in which
some ASVs dominate, and many are present at low abundance. This mimics the
characteristic shape of real within-genus diversity.

The backfill was performed independently for nose and saliva, producing ASV tables with
full-length 16S sequences (~1,500 base pairs) as row identifiers and simulated samples
as columns. The nose backfill yielded 2,453 unique ASVs across 1,000 samples; the
saliva backfills yielded 6,993 ASVs across 1,000 samples. Due to the high number of
ASVs in the database, ensuring overlap between samples is difficult; as such, after
samples are generated, we randomly changed the labels of some taxa across samples.

A deliberate methodological choice was to train SparseDOSSA2 on the 100% genus
retention data rather than a filtered subset. This was done so that the subsequent phases
could evaluate each source-tracking method at its empirically determined optimal filtering
level without introducing a training-time filter that would confound the comparison.

Step 3: Validation Against Real Data

To confirm that the simulations are realistic, we compared real and simulated
communities using the PhILR (phylogenetic isometric log-ratio) transformation, which
accounts for the compositional nature of microbiome data and the evolutionary
relationships among bacteria. We applied principal coordinates analysis (PCoA) to
visualise the communities in reduced dimensions and used two complementary statistical
tests to assess similarity:

ANOSIM (Analysis of Similarities): Tests whether the between-group (real vs.
simulated) compositional distances are larger than within-group distances. R
values near 0 indicate no separation; values near 1 indicate complete separation.

PERMANOVA: Tests whether group assignment (real vs. simulated) explains a
significant proportion of compositional variance. R? values near 0 indicate that the
grouping explains almost no variation.

For nasal communities, the simulated data were statistically indistinguishable from the
real data. ANOSIM returned R = -0.007 (p = 0.543)



PCoA (PhILR): Real vs Simulated NOSE (ASV level, v2)
Overlapping seqs: 2453 (93% of real reads) | PERMANOVA R2=0.0032, p=0.001

PCoA2 (1.7%)

PCoA1 (1.9%)

Type -® Real - Simulated

Figure 3. Principal coordinates analysis (PhILR) of real vs. simulated nasal
communities. Real samples (coloured dots) and simulated samples (grey) overlap
extensively, confirming statistical indistinguishability (ANOSIM R = -0.007, p = 0.54).

For saliva communities, there was moderate but acceptable separation. ANOSIM R =
0.269 (p = 0.001) indicated that some structure distinguishes real from simulated, but the
large overlap in ordination space (Figure 4) shows the simulations capture the main axis
of compositional variation. The saliva microbiome is more ecologically complex than nasal
communities (more genera, broader diversity), making it inherently harder to simulate
perfectly. Importantly, the simulated saliva communities showed appropriately wide
compositional spread, covering the full range of the real data.

PCoA (PhILR): Real vs Simulated SALIVA (ASV level, v2)
Overlapping seqs: 6993 (86% of real reads) | PERMANOVA R2=0.0037, p=0.001

PCoA2 (0.9%)

c
PCoA1 (1.0%)
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Figure 4. Principal coordinates analysis (PhILR) of real vs. simulated saliva
communities. Moderate separation exists (ANOSIM R = 0.269) but substantial overlap
confirms the simulations capture realistic compositional variation.



Feature overlap between real and simulated data was high: 93% of reads in real nasal
samples mapped to ASVs present in the simulated data, and 88% for saliva. This high
coverage is a direct benefit of using DNA sequences as universal identifiers throughout
the pipeline. Many of the same sequences appear in both real and simulated tables,
enabling direct comparison without perfectly matching the entire composition of the
sample in terms of abundance or sequence.

Question 4: Accuracy Benchmarking

Part A: Full-Length Benchmark

Using the 2,000 simulated source communities from Phase 3, we constructed 10,000
synthetic mixed samples ("sinks") with known source proportions. Each sink was created
by mixing 2—10 randomly selected sources from the previous question, plus an unknown
component (averaging 29%) containing bacteria do not present in any source. These
were done by including 2-5 non-contributing "distractor" sources to test whether each
algorithm could correctly identify them as sources present but unknown.

An initial subset of 3,000 of the most challenging sinks (those with the highest overlap
between real and distractor source bacteria) was benchmarked against both algorithms
using full-length gene sequences. We also attempted to improve accuracy by fitting a
linear regression model to the difference between the original data and the source-
tracking results to see if that would improve the models' accuracy.

Results: Full-Length Accuracy

Metric SourceTracker2 STENSL

Mean absolute error|2.4% 18.6%

(nose)

Mean absolute error | 3.9% 18.0%

(saliva)

Mean absolute error|6.1% 36.6%

(unknown)

Lin's Concordance | 0.975 (excellent) 0.336 (poor)

Correlation  Coefficient

(CCC) overall

Systematic bias Minimal (slopes 0.93- | Severe underestimation
1.08) (slopes 0.34-0.63)

SourceTracker2 outperformed STENSL. Its estimates were accurate to within 2-6
percentage points on average, with a concordance correlation coefficient of 0.975. This
means that its estimates closely track the true values, with an error margin of less than



5%. STENSL systematically underestimated real source contributions and overattributed
them to the "unknown" category, resulting in a concordance of just 0.34.

Full_165 — ST2

o
S - Identity (perfect)
—— Fit: est = 1.88 + 0.944 * true (R?=0.952)

Estimated proportion (%)

0 20 40 60 80 100

True proportion (%)

Figure 5. SourceTracker2 calibration plot for full-length 16S data. Each point represents
a source—sink pair. The dashed line is the identity (perfect agreement); the solid line is
the fitted calibration. Points cluster tightly along the identity line, confirming excellent
agreement (CCC = 0.975).

Part B: Effect of Primer Choice

Standard sequencing platforms (e.g., lllumina) cannot read full-length 16S genes (~1,500
bp). Instead, researchers use PCR primers to amplify shorter regions (~400-500 bp).
Different primer pairs target distinct hypervariable regions of the gene, and the choice of
primer determines which information is available for source tracking.

We tested two primer sets corresponding to the actual laboratory primers used in our
experimental work (after stripping the lllumina TruSeq adapter sequences):

Primer Set Target Region Amplicon Length
V1-V3 (27F / 519R) Hypervariable regions 1-3 ~500 bp
V4-V5 (515F / 926R) Hypervariable regions 4-5 ~400 bp

Using simulated PCR (seqgkit amplicon), we extracted the region-specific sequences from
the full-length data and re-ran SourceTracker2 on the same 10,000 sinks. This directly
quantifies the information lost when using shorter gene regions.

Results: Primer Impact
Measurement Full-Length V1-V3 V4-V5

Concordance (CCC), | 0.98 0.76 0.76
raw




Concordance after | — 0.90 0.90

calibration

Mean error (raw) 2-4% 13-14% 13-14%

Mean error (calibrated) |2-4% ~8% ~8%

Unknown estimation écg%u)rate (CCC Ing;:curate (CCC Ing;:curate (CCC

Truncating to either primer region reduced raw concordance from 0.98 to approximately
0.76 and introduced a systematic positive bias. However, applying a simple linear
calibration correction recovered concordance to 0.90 and reduced mean error to ~8
percentage points. More importantly, while full-length sequencing accurately assigned the
unknown sources to the unknown category, the shorter methods erroneously assigned
them to sources, leading to an inflation of the sources' contributions and a raw mean error
of 13—-14 percentage points. After linear calibration, this error was reduced to
approximately 8 percentage points — still roughly double the full-length error of 2—4
percentage points.

An important finding was that short amplicons cannot reliably estimate the "unknown"
proportion — the fraction of a sample that does not match any known source. The shorter
sequences lack the discriminatory power to distinguish genuine source matches from
spurious ones, leading the algorithm to attribute nearly all reads to known sources. If
estimating the unknown component is important (as in forensic applications), full-length
sequencing is required. Otherwise, shorter sequences can be used, while acknowledging
that the percentages attributed to the sources may overestimate their contributions by
about 8 percentage points, which is double the misattribution expected with the full-length
sequence.

Cross-Validation of the Calibration

To confirm that the linear calibration correction is not an artefact of fitting to the same data
used for evaluation, we performed 10-fold cross-validation on all 10,000 synthetic sinks.
In each fold, the correction was derived from 9,000 training samples and applied to the
1,000 held-out samples. This was repeated so that every sample served as a test case
exactly once.



Primer | Sourc | Raw CCC Calibrated Equation
Region e (mean £ CCC (mean
SD) * SD)
V1-V3 Nose 0.759 0.900 + 0.005
0.010 Calibrated = (estimated -
8.87)/1.139
vV1-Vv3 Saliva 0.767 % 0.899 + 0.009
0.016 Calibrated = (estimated - 8.98) /
1.122
V4-V5 Nose 0.759 0.898 + 0.007
0.013 Calibrated = (estimated — 9.10) /
1.131
V4-V5 Saliva 0.763 0.899 + 0.007
0.010 Calibrated = (estimated — 9.31) /
1.120

The very small standard deviations across folds (CCC SD < 0.016) confirm that the
calibration is stable and not overfitting. The correction parameters were consistent across
all folds (slope 1.13 + 0.002, intercept 9.0 £ 0.09), and the mean calibration bias was
effectively zero. This means the correction can be reliably applied to new data from the
same experimental setup.

It should be noted that these simulations are designed as “worst-case scenario” scenarios
with significant sequence overlaps. In the next and final preamble question, we test the
results on the previous data set with simulated sinks to see how the regional sequencing
compares in a realistic scenario.

Question 5: Testing regional sequencing accuracy on real data

In this final section, we used the original samples from the previous grant as datasets,
.which have normal inter-sample variation, to create 100 sinks, We then performed in-
silico amplification of the same V1-3 and V4-5 regions to understand how they compare
to the ground truth via SourceTracker2.

Sequenci | Source 95% LOA Half- Example: estimate =
ng Width width 40%
Full-length | Nose 8.7 pp 4.3 pp 35.7%—44.3%

Full-length | Saliva 18.5 pp 9.2 pp 30.8%—49.2%




Full-length | Unknow | 15.7 pp +7.8 pp 32.2%—47.8%
n

V1-V3 Nose 10.2 pp 5.1 pp 34.9%—45.1%

V1-V3 Saliva 18.9 pp 19.5 pp 30.5%—49.5%

V1-V3 Unknow | 22.2 pp #111pp |28.9%-51.1%
n

V4-V5 Nose 271 pp +13.6 pp |26.4%-53.6%

V4-V5 Saliva 21.7 pp 109 pp |29.1%-50.9%

V4-V5 Unknow | 33.4 pp £16.7pp | 23.3%-56.7%
n

Both V1-3 and V4-5 had varying utility: the V1-3 region provided the closest estimate of
the nose to the ground truth, with a calibrated value of 40% nose indicating the true value
likely falls between 34.9% and 45.1%. This is comparable to the full-length interval of
35.7-44.3%. The V4-5 area performed better than V1-3 for saliva (95% LOA of 21.7% vs.
18.9%). These intervals indicate that sequencing the V1-3 and V4-5 regions is a viable
alternative to full-length sequencing, with similar source-tracking accuracy.

Calibration with a linear regression line fitting, then Bland-Altman showed that these two
regions are already highly accurate, as both the intercept and the slope are minimal; V1-
3 nose requires almost no correction (intercept = --0.02, slope = 0.958), while V4-V5
saliva has a small positive intercept (1.26) and a slope slightly below 1 (0.955). The
calibration equations are as follows

Nose V1-V3 calibrated = (estimate + 0.02) / 0.958
Saliva V4-V5 calibrated = (estimate — 1.26) / 0.955
Unknown V1-V3 calibrated = (estimate - 7.11) / 1.014

Plain language summary of the preamble

Compared to the full-length sequence, in a worst-case scenario with extensive
overlap, using primer regions reduced raw concordance from 0.98 to approximately 0.76
and introduced a systematic positive bias of 13—15 percentage points. Applying a simple
linear calibration correction recovered concordance to 0.90 and reduced mean error from



~14 to ~8 percentage points. This degradation stems from the inability of short amplicons
to estimate the "unknown" proportion — the fraction of a sample not attributable to any
known source. Full-length sequencing accurately quantifies this component (CCC =
0.93), but amplicon-based estimates contain essentially no information about it (CCC =
0). The shorter sequences lose the discriminatory power needed to distinguish genuine
source matches from spurious ones, causing the algorithm to attribute nearly all reads to
known sources and inflating their apparent contributions. The linear calibration corrects
for this inflation on average, but it cannot recover the lost information on a per-sample
basis, which is why the uncertainty interval remains wide. If estimating the unknown
component is important (as in forensic applications), full-length sequencing is required.
Otherwise, shorter sequences can be used with calibration.

In scenarios where natural inter-sample variability exists, using the V1-3 region for the
nose samples and the V4-5 region for the saliva provides excellent recovery of the ground
truth, and minimal linear regression correction further improves agreement between the
estimated SourceTracker2 values and the ground truth. As such, we sequenced the data
using both methods.



Results

Aim 1) Test the level of particle emission reduction with the successive inclusion
of three aerosol mitigation devices

Sub-aim 1: DustTrak
Comparative Effectiveness of Aerosol Mitigation Methods:

Equivalence and Non-Inferiority Analysis To evaluate whether high-volume evacuation
without saliva ejector (HV only) and Brite Hive suction devices performed comparably to
the gold standard combination of high-volume evacuation with saliva ejector (HVE + SE),
a bootstrapped two one-sided tests (TOST) equivalence analysis was conducted (R =
19,999 iterations). All particle delta values represent the difference between the in-
procedure and pre-procedure particle concentrations, with negative values indicating
particle reduction and more negative values reflecting superior mitigation performance.
The equivalence margin was pre-specified at 0.2 Glass's delta, using the gold standard
group's empirical standard deviation as the reference, a principled approach that anchors
the margin to the known variability of the reference method rather than to the test group
or a pooled estimate. Superiority was declared when the entire 90% bootstrapped
confidence interval (Cl) fell below zero, non-inferiority when the upper Cl bound fell below
+0.2 Glass's delta, and non-superiority when the lower Cl bound exceeded 0.2 Glass's
delta.

Fine Particulate Matter (PM1, PM2.5, and Respirable Particles)

For fine particulate measures, HV only and BriteHive demonstrated markedly different
performance profiles relative to the gold standard, despite both achieving greater particle
reductions than HVE + SE. HV only produced mean raw differences of 0.0067,0.0071,
and 0.0082 for PM1, PM2.5, and respirable particles, respectively, corresponding to
Glass's delta estimates of 0.22 (90% CI:.01, 0.19), 0.22 (90% CI: 1.02, 0.19), and 0.22
(90% CI: 0.99, 0.20).

The gold-standard SD used as the reference was 0.040, 0.042, and 0.048 for PM1,
PM2.5, and respirable particles, respectively, yielding raw equivalence margins of +0.008,
10.009, and £0.010, respectively. Bootstrapped TOST p-values were p1 0.46, 0.47, and
p2 0.50 across all three measures, indicating that formal equivalence could not be
established. Non-inferiority was confirmed for all three measures, as the upper Cl bounds
(0.19, 0.19, and 0.20) remained below the +0.2 Glass's delta threshold. However, non-
superiority was not established for any measure, as the lower Cl bounds extended well
below 0.2 Glass's delta, reflecting substantial uncertainty in the lower tail. Neither
superiority nor inferiority was formally declared, as the Cls spanned zero in both
directions. BriteHive demonstrated consistently stronger performance, achieving mean
raw differences of 0.0118, 0.0128, and 0.0144 for PM1, PM2.5, and respirable particles,
with corresponding Glass's delta estimates of 0.39 (90% CI: 1.19, 0.06), 0.40 (90% CI:
1.16, 0.07), and 0.39 (90% CI: 1.16, a0.07). Bootstrapped TOST p-values were p1=0.15
and p2 = 0.70 across these measures. Critically, the 90% Cls were entirely below zero



for all three fine particle fractions, establishing statistical superiority of BriteHive over the
gold standard (Superiority = 1) for PM1, PM2.5, and respirable particles. Non-inferiority
was also confirmed across all three measures, with upper Cl bounds of 0.06, 0.07, and
0.07 remaining comfortably below the +0.2 threshold.

PM10

For PM10, the gold standard SD was 0.080, yielding a raw equivalence margin of +0.016.
HV only produced a mean raw difference of 0.013 (Glass's delta = 0.20, 90% CI: 0.98,
0.22). The upper Cl bound of 0.22 marginally exceeded the +0.2 non-inferiority threshold,
rendering the result fully inconclusive; neither non-inferiority, non-superiority, superiority,
nor inferiority could be established (TOST p1 =0.51, p2 = 0.48). The wide ClI reflects the
greater measurement variability associated with larger particle fractions and the relatively
modest sample sizes available for this comparison. BriteHive achieved a mean raw
difference of 0.024 for PM10 (Glass's delta = 0.39, 90% CI: 1.16, 0.06), with the Cl entirely
below zero, establishing statistical superiority over the gold standard (TOST p1 = 0.15,
p2 = 0.70). Non-inferiority was also confirmed (upper Cl = 0.06). As with fine particles,
non-superiority was not established, consistent with BriteHive's pattern of exceeding the
gold standard by a margin greater than 0.2 Glass's delta.

Total Particulate Matter

Total particulate matter showed the greatest variability. The gold standard SD for total
particles was 0.142, yielding a raw equivalence margin of £0.028. HV only produced a
mean raw difference of 0.024 (Glass's delta = 0.21, 90% CI: 1.00, 0.20), with the upper
Cl bound just reaching the +0.2 threshold and TOST p-values of p1 =0.48 and p2 = 0.49.
The result was fully inconclusive no test reached significance in either direction. The
exceptionally wide CI reflects the aggregate nature of total particle counts, which
incorporates all size fractions and consequently carries greater measurement variability.
BriteHive produced a mean raw difference of 0.043 for total particles (Glass's delta = 0.40,
90% CI: 1.18, 0.08), with the CI entirely below zero, again establishing statistical
superiority over the gold standard (TOST p1 = 0.14, p2 = 0.71). Non-inferiority was
confirmed (upper Cl = 0.08), and non-superiority was not established, consistent with all
other BriteHive comparisons.

Summary

Across all particle size fractions examined, HV only demonstrated non-inferiority to the
gold standard for fine particles (PM1, PM2.5, and respirable particles), with Glass's delta
estimates consistently near 0.22 and upper 90% Cls at or just below the pre-specified
10.2 equivalence threshold. Results for PM10 and total particles were inconclusive for HV
only, likely attributable to greater measurement variability in larger particle fractions.

In contrast, BriteHive demonstrated statistical superiority over the gold standard across
all five particle measures, with Glass's delta estimates consistently near 0.40 and 90%
Cls entirely below zero in all comparisons. Non-inferiority was also established for
BriteHive across all measures except where superiority itself was the more appropriate



descriptor. These findings collectively suggest that HV is only a clinically acceptable
substitute for HVE + SE for fine aerosol particle mitigation, whereas BriteHive may offer
enhanced mitigation performance beyond that of the conventional gold standard.
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Sub-Aim2: OPS

To evaluate whether high-volume evacuation without saliva ejector (HV only) and
BriteHive suction devices performed comparably to the gold standard combination of
high-volume evacuation with saliva ejector (HVE + SE), a bootstrapped two one-sided
tests (TOST) equivalence analysis was conducted (R = 19,999 iterations) on the Optical
Particle Sizer (OPS) data. All particle delta values represent during-procedure minus pre-
procedure particle concentrations, such that negative values indicate particle reduction
and more negative values reflect superior mitigation performance. The equivalence
margin was pre-specified at +0.2 Glass's delta, using the gold standard group's empirical
standard deviation as the reference. This is a principled approach that anchors the margin
to the known variability of the reference method rather than to the test group or a pooled
estimate. Superiority was declared when the entire 90% bootstrapped confidence interval
(CI) fell below zero, non-inferiority when the upper Cl bound fell below +0.2 Glass's delta,
and non-superiority when the lower Cl bound exceeded —0.2 Glass's delta.



Particle Size Bins 1 and 2 (Bin1, Bin2)

For the two smallest particle size fractions, results were mixed. For Bin1, neither HV only
nor BriteHive yielded interpretable conclusions: HV only produced a Glass's delta of -0.12
(90% CI: -1.12, 0.34) and BriteHive -0.18 (90% CI: -1.03, 0.28), with all decision
thresholds failing for both groups. The wide confidence intervals and TOST p-values
exceeding 0.40 in both directions rendered all comparisons fully inconclusive for this
fraction. For Bin2, HV only demonstrated non-inferiority (Glass's delta = -0.22, 90% CI:
-1.24, 0.19; upper Cl bound below +0.2), though equivalence, superiority, inferiority, and
non-superiority could not be established. The gold standard SDs were 7,581.7 and
4,830.8 particles for Bin1 and Bin2, yielding raw equivalence margins of £1,516.3 and
1966.2, respectively. BriteHive remained inconclusive for Bin2, with a Glass's delta of
-0.15 (90% ClI: -1.02, 0.32).

Particle Size Bins 3 through 13

Across the remaining particle size fractions (Bins 3-13), HV only demonstrated a
consistent and reproducible pattern of non-inferiority relative to the gold standard, with
Glass's delta estimates ranging from —0.23 to —0.27 and upper 90% CI bounds uniformly
falling below the +0.2 threshold. The mean raw differences were negative across all bins,
reflecting greater particle reduction with HV only than with HVE + SE, though the wide
confidence intervals precluded declaring superiority, inferiority, or non-superiority in any
case. TOST p-values for HV only ranged from approximately 0.37 to 0.55 in both
directions. Notably, the glass's delta point estimates for HV only were remarkably stable
across this range of particle sizes, clustering between -0.23 and -0.28, suggesting a
systematic and consistent — if statistically uncertain — advantage over the gold standard.

BriteHive, by contrast, did not achieve non-inferiority in any bin from Bin3 through Bin13.
Glass's delta estimates for BriteHive ranged from —0.09 to —0.13, with upper CI bounds
consistently between +0.31 and +0.39 — exceeding the +0.2 non-inferiority threshold in
all cases. TOST p-values for BriteHive were also non-significant across all bins, and no
decisions (superiority, inferiority, equivalence, non-inferiority, or non-superiority) could be
established for any bin in this range.

Total Particulate Matter

For total particle counts (TOTAL_delta), the gold standard SD was 28,467 .4, yielding a
raw equivalence margin of £5,693.5. HV only produced a mean raw difference of —4,683.5
(Glass's delta = -0.21, 90% CI: -1.24, 0.20), with the upper Cl bound just reaching the
+0.2 non-inferiority threshold, establishing non-inferiority for total particles. As with the
individual bins, equivalence, superiority, inferiority, and non-superiority could not be
declared, and TOST p-values of 0.47 and 0.49 indicated insufficient evidence in either
direction. BriteHive produced a mean raw difference of —3,067.6 (Glass's delta = -0.13,
90% ClI: -1.02, 0.33), with results fully inconclusive across all decision thresholds.



Summary

Across all 13 particle size bins and total particle counts examined, HV only demonstrated
a consistent pattern of non-inferiority to the gold standard for Bins 2 through 13 and total
particles, with Glass's delta point estimates clustering near —-0.25 and upper 90% CI
bounds falling below the pre-specified +0.2 equivalence threshold. The sole exception
was Bin1, where the wider confidence interval precluded even this conclusion. In contrast,
BriteHive did not achieve non-inferiority in any particle size fraction beyond Bin1, with
upper Cl bounds uniformly exceeding +0.2 Glass's delta across all comparisons. Notably,
neither method achieved formal equivalence, superiority, or non-superiority for any
outcome, reflecting the wide bootstrapped confidence intervals characteristic of the
available sample sizes. These findings collectively suggest that HV only represents a
statistically non-inferior substitute for HVE + SE across most measured particle size
fractions, while BriteHive's performance relative to the gold standard remains statistically
unresolved in this dataset.



HV_only vs HVE + SE — Forest Plot

Gold SD used as reference. Positive = more particles = worse.
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BriteHive vs HVE + SE — Forest Plot BriteHive vs HVE + SE — Bootstrap Distributions
90% Bootstrap Cl. Grey band = equivalence margin (0.2 Glass's delta). Bootstrapped Glass's delta distributions (R = 19999).

Gold SD used as reference. Positive = more particles = worse. Quantile lines at 5th and 95th percentile.
Bin1_deltaq heer :3 : o Bin1_delta 4
Bin2_delta e T Bin2_delta 4
Bin3_delta+ : ad : Bin3_delta |
Bind_delta 4 T T Bin4d_delta
Bin5_delta{ : & : Bin5_delta {
Bin6_delta 1 +—& U Bin6_delta 4
Bin7_delta - : & : Bin7_delta
Bin8_deita +—o- + Bin8_delta {
Bin9_delta 4 : . 4 : Bin9_delta 4
Bin10_delta 1 —a 1 Bin10_delta -
Bin11_delta4 : : Bin11_delta+
Bin12_delta< e 1 Bin12_deita<
Bin13_delta 4 : s 4 : Bin13_delta
TOTAL_delta : ° : TOTAL_delta
v v

I

-10

05 00 &} 0 1
Glass's delta (gold SD as denominator) Glass's delta (gold SD as denominator)

Status Inferior -@- Inconclusive Non-inferior Equivalent Superior



Particle Measure

Glass's Delta vs Gold Standard with 90% Bootstrap CI

Positive = more particles = worse. Grey band = equivalence margin (0.2 Glass's delta).
Gold SD used as reference — consistent across both comparisons.
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Statistical Test Results by Particle Measure and Group
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Summary of Aim 1

The combined findings from the DustTrak and OPS analyses provide clinically meaningful
insight into the effectiveness of aerosol mitigation strategies during orthodontic
procedures. Across both measurement systems, high-volume evacuation alone (HV only)
demonstrated a consistent pattern of non-inferiority compared to the conventional gold
standard of high-volume evacuation with a saliva ejector (HVE + SE), particularly for fine
and respirable particles, which are most relevant to airborne transmission risk.

Notably, the DustTrak data further suggested that the BriteHive suction device achieved
the greatest overall particle reduction, with statistically superior performance across all
particle size fractions. However, this superiority was not consistently reproduced in the
OPS analysis, where BriteHive results were more variable and did not meet non-inferiority
criteria, limiting confidence in its reliability across different measurement modalities.
Importantly, we suspect that some DustTrak sessions may have been influenced by
suboptimal aerosol capture associated with the use of HVE + SE, as both devices require
active manipulation by the dental assistant; variations in positioning and technique may
reduce capture efficiency and artificially elevate measured particle counts. In contrast, HV
simplifies the suction approach, potentially enabling more stable and effective aerosol
capture.

Taken together, these findings suggest that HV is the only method that provides the most
clinically reliable and reproducible aerosol mitigation, achieving performance at least
equivalent—and in some cases superior—to the traditional combined approach.
Clinically, this reinforces the important principle that adding more suction devices does
not necessarily improve aerosol control and may, in practice, reduce efficiency due to
technique sensitivity. Therefore, HV can only be recommended as a streamlined and
effective alternative to HVE + SE for routine clinical use, while BriteHive may offer
enhanced performance under certain conditions but requires further validation before it
can be considered a definitive replacement.



Aims 2 and 3 concern the use of DNA analysis of the collected samples.

Analytical Approach

SourceTracker2 (ST2) was applied to characterize microbial sources using per-group
(dental visit) sessions with ASV-level features and 100% retention. Both V1-V3 and V4—
V5 16S rRNA amplicon regions were analyzed independently. Raw ST2 proportions were
calibrated using linear parameters from Phase 4b real-sample validation. As established
by the Phase 4b benchmark, the two amplicon regions have complementary strengths:
V1-V3 provides the most accurate nose estimates (calibrated LOA +5.09%), while V4—
V5 provides the most accurate saliva estimates (calibrated LOA +10.86%). Accordingly,
all nasal source proportions reported below are from V1-V3 calibrated estimates, and all
salivary source proportions are from V4-V5 calibrated estimates, unless otherwise noted.
Wilcoxon signed-rank tests (normal approximation) were used for paired nose vs saliva
comparisons, and Lin’s concordance correlation coefficient (CCC) was used to assess
cross-regional agreement.

Aim 2. Characterize the bioaerosol exposure of the operator and assistant underneath
the mask

Overview

Sources included the nose and saliva of all three persons (operator, assistant, patient),
patient waterline, and ambient air (environment pump). Sinks were the operator mask (n
= 40, one mask did not generate sufficient ASVs), assistant mask (n = 41), and
environment mask (negative control).

Operator Mask

The operator’'s own nasal microbiota was the single largest identifiable source of under-
mask air. Using V1-V3 calibrated estimates, self-nose averaged 26.7 + 33.5% (95% LOA
15.09%). Cross-person nasal contributions were also substantial: assistant nose
contributed 22.3 + 33.2% and patient nose 5.5 + 13.9%. In total, nasal sources (all
persons combined) accounted for a V1-V3 calibrated mean of 55.7 + 40.2% of the
operator mask microbiome.

In contrast, salivary contributions were minimal. Using V4-V5 calibrated estimates, self-
saliva was 2.6 + 54% (95% LOA +10.86 pp). Other saliva sources were similarly
negligible: assistant saliva 2.5 + 6.0%, patient saliva 1.8 + 2.6%. Total salivary
contribution (V4-V5 calibrated) was 7.0 £ 9.8%. The Wilcoxon signed-rank test confirmed
that self-nose significantly exceeded self-saliva for the operator mask in both regions (V1—
V3 p =0.0044, V4-V5 p = 0.0170).

Waterline contributed 1.9 + 6.9% (V1-V3), and ambient air 6.5 £ 16.0% (V4-V5).

Assistant Mask

The assistant mask showed a broadly similar pattern. Self-nose (V1-V3 calibrated)
averaged 22.3 + 35.0%, with cross-person nasal contributions from operator nose (16.6
1 29.3%) and patient nose (6.6 + 16.3%). Total nasal contribution (V1-V3 calibrated) was
46.5 £ 41.1%. Waterline contributed 7.5 + 19.8%.



Using V4-V5 calibrated estimates, self-saliva averaged 10.9 + 15.9%, the highest saliva
signal observed for any mask type. Other saliva sources were: operator saliva 1.6 + 2.0%,
patient saliva 2.2 £ 4.0%. Total salivary contribution (V4-V5 calibrated) was 15.0 + 17.3%.
Ambient air contributed 6.1 £ 12.9% (V4-V5).

While self-nose numerically exceeded self-saliva for the assistant mask, this difference
was not statistically significant in either region (V1-V3 p = 0.9329, V4-V5 p = 0.4230).
The high variability across sessions likely reflects differences in mask seal quality,
procedural aerosol generation, and individual nasal shedding rates.

Environment Masks (Negative Control)

Environment masks were placed in the operatory without a wearer and served as
negative controls for human respiratory sources. In V1-V3, all human nose and saliva
sources combined accounted for less than 0.4%, with the majority assigned to unknown
(76.3 £ 40.3%) and patient waterline (15.4 £ 34.1%). In V4-V5, ambient air dominated
(64.6 + 35.8%), with human nose and saliva totaling approximately 16.2%. The near-
absence of human respiratory signal on environment masks confirms that nasal and oral
signatures detected on personnel masks reflect genuine human-to-mask transfer.

Aim 2: Best-Region Calibrated Source Composition
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Figure 1. Best-region calibrated source composition of under-mask air. Nasal sources
use V1-V3 calibrated estimates; salivary sources use V4-V5 calibrated estimates.
Stacked bars show mean proportions.
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Figure 2. Self-nose (V1-V3 calibrated) vs self-saliva (V4-V5 calibrated) for operator and
assistant masks. Error bars show £ 1 SD.

Aim 2: Per-Source Contributions (Best Region per Source Type)
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Figure 3. Per-source mean contributions using best region per source type. Nose
sources from V1-V3, saliva sources from V4-V5. Values are raw ST2 proportions (%).

Regional Concordance

Cross-regional concordance (Lin’s CCC) was moderate for total nose (CCC = 0.360, n =
84), poor for saliva (CCC = 0.061), and poor for unknown (CCC = 0.044). The modest
cross-regional agreement for nose suggests that while both regions detect nasal
signatures, the magnitude varies substantially. The poor saliva concordance is consistent
with the Phase 4b finding that V1-V3 has limited saliva resolution, reinforcing the use of
V4-V5 as the preferred region for saliva estimation.
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Figure 4. Cross-regional concordance of Aim 2 source estimates (n = 84 paired
observations). Dashed line = identity.

Summary of Aim 2

The SourceTracker2 results provide a clear and clinically relevant picture of where the
bioaerosols underneath masks are coming from during orthodontic procedures. Overall,
nasal sources were the main contributors to under-mask exposure, while salivary sources
played a much smaller role. For the operator, more than half of the microbial signal
detected under the mask came from nasal bacteria, with the operator’'s own nose being
the largest contributor, followed by the assistant and then the patient. In contrast, saliva
contributed only a small proportion. This difference was statistically significant, confirming
that exposure under the mask is driven more by nasal emissions than by saliva.



From a clinical perspective, these findings suggest that bioaerosol exposure under the
mask is primarily driven by nasal sources, including the wearer’s own microbiota, rather
than by saliva from the patient. This challenges the common assumption that dental
aerosols are mainly saliva-based. It also highlights that current mitigation strategies,
which focus mainly on controlling intraoral aerosols, may not fully address the main
source of exposure. In addition, the variability observed—especially for the assistant—
suggests that factors such as mask fit, positioning, and individual differences can
influence exposure levels. Overall, improving mask seal and considering strategies that
address nasal emissions may be important steps to further reduce exposure in clinical
practice.



Aim 3. Characterize the patient’s bioaerosol exposure.

Overview

SourceTracker2 was applied to characterize the microbial sources of aerosol captured by
the patient pump (PTP), which was positioned near the patient’s breathing zone. Sources
included the nose and saliva of all persons (patient, operator, assistant), the waterline,
and the ambient air. Analysis was performed on 41 sessions.

Source Profile

Nasal sources (V1-V3 calibrated) collectively accounted for 31.6 + 40.4% of the patient
pump microbiome. The two largest nasal contributors were dental personnel: operator
nose (12.2 + 27.1%) and assistant nose (11.8 £ 27.4%). Patient self-nose was lower at
6.3 £ 21.3%. Patient waterline contributed 10.4 + 25.7%.

Salivary contributions (V4-V5 calibrated) were minimal at 0.7 £ 4.2% total. Individual
saliva sources were patient self-saliva (1.1 + 2.9%), operator saliva (0.4 + 0.9%), and
assistant saliva (0.3 £ 0.8%).

Ambient air (V4-V5) contributed 12.6 + 27.4%. V1-V3 was unable to resolve ambient air
(0.4 £ 2.7%), with this fraction likely absorbed into the V1-V3 unknown pool (58.3 £41.9%
vs 25.8 £ 17.1% for V4-V5).

Aim 3: Patient Exposure (Best Region per Source Type)
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Figure 5. Patient pump source profile using best region per source type. Nose sources
from V1-V3, saliva sources from VV4—V5. Error bars show + 1 SD.

Patient Self-Exposure

Calibrated patient self-nose (V1-V3) averaged 6.6 + 22.2%, and calibrated self-saliva
(V4-V5) averaged -0.1 £ 3.0%. The V1-V3 Wilcoxon test for self-nose vs self-saliva was
significant (p = 0.0001), indicating that patients’ own nasal microbiota is a larger
contributor to their aerosol exposure than their own saliva, at least for the taxa captured
by V1-V3. The V4-V5 test was not significant (p = 0.3498).

Personnel Contributions to Patient Exposure
Dental personnel contributed primarily via nasal shedding. Using V1-V3 calibrated nose
estimates, the combined operator + assistant nasal contribution was 24.0 + 38.6%. Using



V4-V5 calibrated saliva estimates, the combined operator + assistant salivary
contribution was only 0.8 + 1.2%. This confirms that nasal microbiota, not saliva, is the
primary vehicle of personnel-to-patient microbial transfer during dental procedures.

Aim 3: Patient Exposure by Category
(Best Region per Source Type)
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Figure 6. Patient exposure by category using best region per source type. Self = patient
nose (V1-V3) + saliva (V4-V5) + waterline (V1-V3). Environment = ambient air (V4—
V5).

Regional Concordance

Cross-regional concordance for patient pump estimates was moderate for nose (CCC =
0.308, n = 39) and saliva (CCC = 0.614), and poor for unknown (CCC = 0.065). As in Aim
2, V4-V5 resolved a substantial ambient air fraction (12.6%) that V1-V3 absorbed into
its unknown pool, explaining the discrepant unknown values between regions.

Aim 3: Cross-Regional Concordance
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Figure 7. Cross-regional concordance of Aim 3 estimates (n = 39 paired sessions).
Dashed line = identity.

Summary of the aim 3

The SourceTracker2 analysis of the patient pump provides insight into the bioaerosol
exposure patients experience during orthodontic procedures. Overall, nasal sources were
again the main contributors, while salivary sources were minimal. About one-third of the
microbial signal near the patient’'s breathing zone came from nasal bacteria, with the
largest contributions coming from the operator and assistant, rather than the patient. The
patient's own nasal contribution was smaller but still present. In contrast, saliva



contributed very little to the overall exposure, accounting for less than 1% on average
across all sources. Ambient air and the dental waterline also contributed modestly, though
with variability between sessions.

When focusing on the patient’s own exposure, the results showed that patients are more
exposed to their own nasal microbiota than to their own saliva, and this difference was
statistically significant. More importantly, when looking at cross-person transmission,
dental personnel contributed to patient exposure primarily through nasal sources, not
saliva. The combined nasal contribution from the operator and assistant was substantially
higher than their salivary contribution, which remained negligible.

From a clinical perspective, these findings reinforce a consistent pattern seen across the
study: bioaerosol exposure in the dental setting is driven mainly by nasal emissions rather
than saliva. For patients, this means that a meaningful portion of the aerosol they are
exposed to originates from the dental team, particularly through nasal shedding. This
challenges the traditional focus on saliva as the primary concern in dental aerosols and
suggests that current mitigation strategies may not fully address the main route of
exposure.

Summary Tables

Table 1. Aim 2: Per-Source Contributions (Best Region)
Nose sources reported from V1-V3 calibrated estimates; saliva sources from V4-V5
calibrated estimates.

Source Region Operator Mask | Assistant Mask
(%) (%)

Self Nose V1-V3 25.5+321 21.3+33.6

Operator Nose V1-V3 — 16.6 £ 29.3

Assistant Nose V1-V3 22.3+33.2 —

Patient Nose V1-V3 55%+13.9 6.6 +16.3

Self Saliva V4-V5 3.7%£5.2 11.7 £15.2

Operator Saliva V4-V5 — 16120

Assistant Saliva |V4-V5 25%*6.0 —

Patient Saliva V4-V5 1.8+2.6 22+4.0

Patient Waterline | V1-V3 19%6.9 7.5%119.8

Ambient Air V4-V5 6.5+16.0 6.1+£12.9

Table 2. Aim 3: Patient Pump Source Contributions (Best Region)




Source Region Patient Pump (%)
Patient Self Nose V1-V3 6.3+21.3

Patient Self Saliva V4-V5 1129
Operator Nose V1-V3 122+ 271
Operator Saliva V4-V5 04*0.9
Assistant Nose vV1-V3 11.8+274
Assistant Saliva V4-V5 0.3+0.8

Patient Waterline vV1-V3 10.4 £ 25.7
Ambient Air V4-V5 12.6 +27.4

Final summary of the results of all aims

Across the three aims, this study provides a comprehensive and clinically relevant
understanding of both aerosol mitigation and bioaerosol exposure in the orthodontic
setting. From a mitigation standpoint (Aim 1), high-volume evacuation alone (HV only)
consistently performed as a non-inferior—and, in some cases, potentially more
effective—approach compared to the traditional combination of high-volume evacuation
with a saliva ejector (HVE + SE). While the BriteHive suction device showed the largest
reductions in the DustTrak data, this was not consistently supported by the OPS analysis,
which showed more variable performance. In contrast, HV demonstrated stable,
reproducible performance across both measurement systems, supporting its role as the
most reliable approach overall. Importantly, we suspect that some DustTrak sessions may
have been artificially elevated due to suboptimal handling of HVE + SE and Brithive, as
both methods must be actively positioned by the assistant. Variability in positioning and
technique may reduce capture efficiency, which could explain why the combined
approach did not outperform HV only. Clinically, this highlights an important principle:
adding more suction devices does not necessarily improve aerosol control, and in
practice, a simpler and well-positioned system (HV only) may be more effective than a
more complex setup. Based on these findings, HV can only be recommended as the most
practical and reliable aerosol mitigation strategy, while BriteHive remains promising but
requires further validation.

From a bioaerosol exposure perspective (Aims 2 and 3), a consistent pattern emerged:
nasal microbiota—not saliva—was the dominant source of exposure for both dental
personnel and patients. Under-mask analysis showed that operators and assistants were
primarily exposed to their own nasal microbiota and that of nearby individuals, with only
a minimal contribution from saliva. Similarly, patient exposure was driven largely by nasal
emissions from dental personnel, with saliva again playing a negligible role. These
findings challenge the long-standing assumption that dental aerosols are predominantly
saliva-based and instead point to respiratory emissions as the main contributor to
bioaerosol exposure.



Critically, the results also highlight important limitations of standard clinical masking.
Despite wearing masks, both operators and assistants were still exposed to each other's
microbiota, indicating that the masks did not fully prevent cross-exposure. This likely
reflects real-world conditions, where air leakage around the sides of masks allows
unfiltered air to be inhaled. Clinically, this suggests that conventional masks may not
provide sufficient protection in aerosol-generating environments, and that respirators with
improved facial seal (e.g., N95-type devices) may be more appropriate for reducing
inhalation exposure. Additionally, because a substantial portion of exposure originates
from other individuals’ nasal emissions, these findings reinforce the importance of strict
illness policies: dental personnel who are unwell should avoid clinical work to minimize
the risk of transmitting respiratory microbes to colleagues and patients.

In summary, this study demonstrates that effective aerosol control and exposure
reduction require both optimized mitigation strategies and attention to respiratory sources
of contamination. HV emerges as a simple, reliable, and clinically effective mitigation
approach, reinforcing the idea that more complex systems are not always better. At the
same time, bioaerosol exposure is driven primarily by nasal emissions and is not fully
prevented by standard masks, underscoring the need for improved respiratory protection
and infection control practices in everyday clinical care.



