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Abstract

Environmental surveillance of pathogens underlying infectious disease is critical to ensure

public health. Recent efforts to track SARS-CoV-2 have utilized wastewater sampling to

infer community trends in viral abundance and variant composition. Indoor dust has also

been used for building-level inferences, though to date no sequencing data providing vari-

ant-scale resolution have been reported from dust samples, and strategies to monitor circu-

lating variants in dust are needed to help inform public health decisions. In this study, we

demonstrate that SARS-CoV-2 lineages can be detected and sequenced from indoor bulk

dust samples. We collected 93 vacuum bags from April 2021 to March 2022 from buildings

on The Ohio State University’s (OSU) Columbus campus, and the dust was used to develop

and apply an amplicon-based whole-genome sequencing protocol to identify the variants

present and estimate their relative abundances. Three variants of concern were detected in

the dust: Alpha, Delta, and Omicron. Alpha was found in our earliest sample in April 2021

with an estimated frequency of 100%. Delta was the primary variant present from October of

2021 to January 2022, with an average estimated frequency of 91% (±1.3%). Omicron

became the primary variant in January 2022 and was the dominant strain in circulation

through March with an estimated frequency of 87% (±3.2%). The detection of these variants

on OSU’s campus correlates with the circulation of these variants in the surrounding popula-

tion (Delta p<0.0001 and Omicron p = 0.02). Overall, these results support the hypothesis

that dust can be used to track COVID-19 variants in buildings.
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Introduction

Over 769 million COVID-19 cases were reported worldwide as of August 2023 [1], resulting in

millions of lives lost and substantial disruption to society. In the United States alone, it has

been estimated that the pandemic has cost trillions of dollars [2–4]. After the initial emergence

of the virus, additional outbreaks have been fueled by the emergence of new variants that may

be more transmissible, more virulent, and/or better able to evade immunity. SARS-CoV-2 has

an evolutionary rate of 1.1 x 10−3 substitutions/site/year [5]. RNA changes such as deletions,

insertions, and recombination result in production of variants with unique and sometimes

harmful characteristics [6]. Six variants of concern were discovered in the United Kingdom,

South Africa, Brazil, the United States, and India between December 2020 and November

2021 [7–10]. The mutations that produce these variants can lead to changes in the virus’ patho-

genesis and potentially lead to reduced efficacy of current vaccines [11]. For instance, the

Delta variant has a shorter incubation period and generation time than the initial strain of

SARS-CoV-2. Along with these statistics, the Delta variant has also been found to have a higher

basic reproductive number, meaning more cases are expected to arise from one case of Delta

compared to the previous variants [12, 13]. Delta also featured a number of mutations, includ-

ing several in the spike protein, that resulted in evasion of host immunity and increased trans-

mission [14], which allowed its rise in frequency during the second wave of COVID starting in

February 2021 [1]. The Delta variant led to increased risk of hospitalization, ICU admission,

and death when compared to the original variant [15]. Another variant of concern (VOC) to

emerge, Omicron, was first reported in November 2021 in South Africa and Botswana [16].

This variant features mutations in the receptor binding domain that may make it more trans-

missible than the Delta variant [17]. Investigations have shown that immunocompromised

hosts may serve as incubators for the virus, allowing for the generation of these more transmis-

sible variants [18]. The mutations in the Omicron variant also produced an increased risk of

reinfection [19, 20]. Continued surveillance of COVID-19 variants may help minimize the

impact these and future variants have on communities and will benefit from sampling tech-

niques that are more affordable and less invasive.

In times of high individual testing, laboratories typically use COVID-19 positive samples

collected directly from humans to characterize variants [21, 22]. Usually these are nasopharyn-

geal swabs or saliva samples provided by testing sites. The acquisition of these samples is intru-

sive and expensive, and individual testing rates will continue to be reduced as COVID-19

becomes endemic. Fortunately, variants can also be tracked through environmental monitor-

ing such as wastewater surveillance which is capable of tracking the virus at the sewershed

level [23]. Bulk floor dust is another effective, non-invasive method for monitoring SARS--

CoV-2 prevalence at the building scale [24]. Vacuumed dust is already being collected in many

buildings, and PCR-based analysis can determine the presence and concentration of viral

RNA from dust samples. Dust sampling can also be used to monitor for variants of concern in

high-risk settings such as congregate care facilities, prisons, residence halls, and schools. This

information can be used in conjunction with individual testing and wastewater monitoring at

the sewershed level to conduct surveillance for COVID-19 and activate components of a risk

management plan [24]. However, we need to understand if we can use building dust to moni-

tor for variants of concern.

The goal of this paper is to present a method for detection of SARS-CoV-2 variants in vacu-

umed dust from buildings for ongoing monitoring. We present a combined extraction and

sequencing technique as well as method detection limit information. Bulk dust offers several

advantages over wastewater testing in certain situations. For instance, sample collection for

wastewater can be difficult while vacuumed dust is already collected in many circumstances.
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Many buildings do not have a known, reliable wastewater sampling point and not all infected

individuals secrete this respiratory virus in feces [25]. Additionally, wastewater requires some

challenging pre-concentration steps during processing. Every building has some amount of

dust that can be collected and analyzed for the presence of SARS-CoV-2 without any intense

preparation prior to analysis. The data provided by dust can be used with wastewater data,

complementing each other for comprehensive viral surveillance.

Results

RNA sequencing from dust

A range of 7.2 x 105–1.32 x 108 total sequencing reads were obtained from each of the 93

sequenced samples. The samples were sequenced across 13 sequencing runs that had mean

Q30 scores of 94.6% (range 92.7%-96.2%). Across the samples, an average of 77.1% (±2.09%)

of the SARS-CoV-2 genome was sequenced at a coverage >10x (range 1.31–98.9%; S1 Table).

Identifying lineages in dust

We successfully identified and differentiated between our targeted lineages from a single floor

of a residence (Fig 1).

Delta was found to be the dominant strain in the building during late October and going

through November. Delta was estimated to appear in samples with a frequency of 96.5% and

99.1% prior to 2022. When classes resumed on campus in January, we captured the shift in var-

iants. Omicron was observed in this building on January 13th, 2022, at an estimated frequency

of 27.5%. The next collection date, January 31st, showed a complete replacement of Delta with.

Omicron. Omicron appeared in this dust sample with an estimated frequency of 93.4%

while there was no Delta detected. This dominance of Omicron continued to the next collec-

tion period where Omicron had an estimated frequency of 91.6% while Delta was not

observed.

Fig 1. Tracking COVID-19 lineages in a single building. Samples were collected over a 5-month period with a

1-month gap due to a notable reduced campus residential population during the holidays. Each line represents one

sample, and the color of the line indicates the estimated frequency of the lineage present in that sample based on

measured mutations. There is a gap from November 2021 to January 2022 due to holiday break and a reduced campus

residential population.

https://doi.org/10.1371/journal.pone.0297172.g001
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Identifying lineages in a building from multiple floors

We identified variants and their prevalence in a publicly used library building across multiple

floors (Fig 2).

The Alpha lineage was identified in the earliest samples with an estimated frequency of

99%. The transition to Delta was not observed due to a notable reduced campus residential

population over the summer 2021 term. Samples collected from floors 5–11 in early September

2021 show that Delta appeared with an estimated frequency of 97.3%. When classes and sam-

ple processing resumed after the holiday break on January 10, the same transition between

Delta and Omicron that was observed in the first building was also observed in this building.

All of the floors identified Delta as the dominant lineage in this building from the Fall 2021

semester to mid-January. Across floors 3, 4, and 5–11, we see a transition from Delta to Omi-

cron in the middle of January. When Omicron first became dominant, each of these floors had

similar Omicron estimated frequencies ranging approximately from 86% to 90%. This transi-

tion to Omicron coincided with what was observed in the first residence hall building (Fig 1).

Unlike the first building, we saw that Delta was still present on these floors at lower frequencies

of approximately 7.5% to 10%.

Identifying lineages in buildings throughout the entire campus

We collected samples from buildings located across the Ohio State University’s campus to

measure the dominant lineages. We identified which lineages were the most prevalent in each

Fig 2. Tracking COVID-19 lineages in a public library building on a floor-by-floor level. A) The overall data for the building sampled from any

floors. Samples from the same date are averaged together. Next are the floors that were sampled during the collection period: B) Floor 2, C) Floor 3, D)

Floor 4, E) Floors 5–11. There is a gap in data from May 2021 to September 2021 due to the summer break and the reduced presence of residential

students.

https://doi.org/10.1371/journal.pone.0297172.g002
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building during sample collection as well as the transition between lineages as time progressed.

Similar to our previous analyses, we were able to identify targeted lineages and track their

prevalence in multiple buildings across OSU’s campus (S1 Fig). The Alpha lineage was

detected on April 5th, 2021, our earliest sampling date, with an estimated frequency of 99%.

When sample collection resumed in mid-September 2021, Delta was firmly established as the

dominant lineage across campus and would remain dominant until January 2022. During this

period from October 2021 to January 2022, we estimated Delta to have had a frequency of 91%

(±1.3%). On January 13th, 2022, our first collection date that was sequenced after the end of

the holiday break, Omicron was detected on campus and had already become the dominant

strain. Omicron maintained this position through the remainder of the collection period.

Across the period of January 2022 to March 2022, Omicron had an estimated frequency of

~87% (±3.2%). Delta was still detected in several buildings, with some only containing Delta,

but it never reestablished itself as the dominant strain on campus.

Comparing dust data to other datasets

We compared the data collected from our dust samples to data obtained from OSU’s campus-

wide saliva surveillance pertaining to the lineages we targeted in this study (Fig 3).

The Kolmgorov-Smiroff test with Lilliefors correction returned a p-value of 2.2 x10-16, indi-

cating that the data sets were not normally distributed. The predominant strains were corre-

lated between dust and saliva data for both Delta (Spearman rho = 0.77, p<0.0001) and

Omicron (Spearman rho = 0.81, p = 0.02). In both data sets, Delta was the dominant lineage

during the fall and winter of 2021. The shift from Delta to Omicron is also observed in January

2022 in both data sets. The shift in the dust data lags behind the saliva data, but this lag cannot

be evaluated in this study because the sampled buildings were largely unoccupied when the

shift occurred in the population and collected samples may represent deposition prior to the

holiday break. Omicron was the dominant strain on campus when we completed our study in

March 2022. We continued to observe some lower relative abundances of Delta in dust sam-

ples in February and March, while the OSU surveillance data did not detect Delta during this

time. Future work is needed to evaluate if this is due to residual RNA or other explanations.

Fig 3. Comparison of surveillance data. Data is presented as the estimated percentage of Alpha, Delta, and Omicron

from our dust sampling (bars). Dust samples were binned into weekly averages. OSU saliva surveillance (lines) is

overlaid to compare the observed trends of both data sets. OSU data from January 2021 to September 2022 were used

for these comparisons. There is a gap in data from May 2021 to September 2021 due to less than 5 samples being

sequenced per week during the summer break and the reduced presence of residential students.

https://doi.org/10.1371/journal.pone.0297172.g003
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Discussion

Bulk indoor dust samples can be used as an effective matrix for tracking SARS-CoV-2 variants

in building populations. The methods used allowed us to identify and differentiate between

the targeted lineages present in the samples and estimate their frequencies. We were also able

to successfully track the transition from Delta to Omicron that occurred from December 2021

to January 2022, although we were unable to evaluate the lag time due to the holiday break and

unoccupied buildings during this time.

The utilization of dust has the potential to reduce the need for expensive and invasive test-

ing protocols. For example, vacuum bags could be examined to measure circulating variants

and inform public health decisions. This information may indicate the need for interventions

such as individual testing or masking. Dust sample collection is convenient and is already

being done by custodial staff in many locations. Dust measurements can also be paired with

wastewater tracking to ensure a more accurate analysis of areas. Wastewater treatment facili-

ties handle waste from extremely large and highly populated areas [1, 16]. If an outbreak is

identified with wastewater tracking, dust analysis can allow for more targeted responses and

higher resolution information at the building level about where viruses are circulating.

Our results also demonstrate that dust can provide similar quality data to that recovered

with wastewater analysis. Studies into sequencing variants from wastewater have revealed that

50% genome coverage could be achieved at Ct values ranging from 32.5 to 34.6, depending on

the sequencing technique and region being targeted [26, 27]. The Ct values for dust that

yielded 50% genome coverage from dust fell within this range. Wastewater samples have also

been used in similar longitudinal examinations which have sought to examine the efficacy of

the monitoring method at different scales. Wastewater was used to monitor SARS-CoV-2 at

neighborhood level to the city-wide scale [28]. We were able to monitor the presence of

SARS-CoV-2 from the campus-wide level down to individual floors in a building. We are also

able to identify mutations that are characteristic of specific variants that are present in our dust

samples, similar to identification of characteristic mutations in wastewater samples [29].

Comparisons of the dust data with the OSU saliva testing data have also shown that dust

sampling can display similar trends as these wider testing methods. Both data sets show that

Delta was the prevalent strain during late 2021 and had an estimated frequency ranging from

~75–100% on collection dates during this period. Both datasets also show that Omicron over-

took Delta in January 2022 and almost completely replaced it in early 2022. Our dust data

showed the persistence of Delta in buildings in February and March, despite being completely

absent in the other two data sets. There are several potential explanations for why we observe

this. The first is that the areas that were sampled on these dates had not been occupied since

the emergence of Omicron on the campus. Between the combination of holiday break and

online classes, there is the possibility that there was low foot traffic in these areas and no new

viral particles were deposited. Another potential explanation could be the presence of relic

RNA in the dust. This RNA could have persisted between collections and was finally collected

and sequenced after the emergence of Omicron. There is also the delayed appearance of Omi-

cron in dust sampling, with the lineage being detected in mid-January while the other datasets

detected Omicron in early January. This can be explained by the campus being closed until

January 10th such that that the new lineage had not been deposited into the dust yet, especially

since residential students were instructed not to return to campus if they were infected and

would be tested upon return (antigen self-testing upon move-in and subsequent weekly saliva-

based PCR). Unfortunately we are unable to evaluate the exact lag time for the appearance of

new variants in dust due to the campus buildings being largely unoccupied during the holiday

break.
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Dust monitoring has the potential for further applications beyond long-term COVID-19

monitoring. In addition to tracking COVID-19 variants, this tracking method could be

expanded to monitor other respiratory viruses such as influenza, although verification studies

are needed. Respiratory viruses can be shed by both symptomatic and asymptomatic individu-

als [30]. These shed viruses may be deposited in dust, enabling environmental tracking similar

to SARS-CoV-2.

One of the limitations of this study is that we did not measure infectivity or viability of

SARS-CoV-2 in our dust samples, though this is not needed to conduct environmental moni-

toring. In fact, studies on bacteriophages demonstrate that enveloped viruses are likely to have

a rapid reduction in infectivity when found in dust, even though RNA persists [31]. SARS--

CoV-2 RNA can still be found in vacuum bags at least 4 weeks after initial collection [24], but

in real, occupied buildings dust will be removed by other processes such as vacuuming and

dust resuspension. Another limitation is that dust is a non-homogeneous substrate. This can

lead to variation of several orders of magnitude during sampling. To compensate for this, we

implemented sieving to homogenize the dust prior to taking a sub-sample. While this method

did reduce variation, it did not fully compensate for the non-homogeneity. Our collaborators

in AMSL also found that taking a larger mass of dust can result in more consistent results.

Another limitation of this work is that we are unable to distinguish between relic RNA from

previous timepoints and recently deposited RNA. Omicron was the dominant lineage from

January to March 2022, but Delta was still detected occasionally in our samples. Future work

will involve investigating these remnants of Delta and determining if this was relic RNA or if

Delta was still circulating in the population at low levels. Future work should also evaluate the

contribution of relic RNA to measurements from real buildings. Another limitation was that

there were pauses during the collection period when samples were not being collected or pro-

cessed, the most notable being the gap between April and September 2021 during the transi-

tion from Alpha to Delta. Another limitation related to dating was that a number of our

samples had their collection dates estimated. Custodial staff were sometimes not able to deter-

mine and report when vacuuming started or ended, meaning we estimated these dates. There

is also the limitation that we only measured specific, targeted lineages. This prevented us from

determining all of the variants that may have been in the dust.

Our results demonstrate that indoor dust is an effective target for monitoring variants of

SARS-CoV-2 circulating in a population. Compared to other methods, such as nasopharyngeal

swabs and wastewater samples, indoor dust samples are easily acquired, since they are collected

during routine cleaning of buildings. On top of this, sampling indoor dust can be used to effec-

tively monitor the presence of SARS-CoV-2 at several different scales. Specific lineages can

also be identified from dust samples and the frequencies of these lineages in buildings can be

estimated based on the data retrieved from those dust samples. This technique can be used in

the future to help monitor for respiratory illness at the building scale.

Materials and methods

Sample collection

Dust samples were obtained from buildings located on The Ohio State University’s Columbus

campus from April 2021 to March 2022. Maintenance staff for each building collected dust in

vacuum cleaner bags as part of their normal cleaning process and marked the dates of collec-

tion. Vacuum bags were triple bagged using large zip top bags and collected on a weekly basis.

The samples were labeled with the name of the building, the collection start date, and the col-

lection end date. Depending on the vacuuming practice, interior regions or floors were also

reported for some public or larger buildings. Bags were obtained from several different
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building types including residence halls, recreation centers, lecture halls and dining halls. Sev-

eral samples were also collected from isolation rooms of COVID-19 positive individuals [24].

The vacuum cleaners located within each building were used for sample collection as part of

standard custodial cleaning protocols. Vacuum interiors were not sterilized between sample

collection, but vacuums were generally used for the same building week to week. Bags gener-

ally contained about 0.5–2 kg of dust, from which only approximately 50 mg was subsampled

for RNA extractions. Collected bags were brought to the Applied Microbiology Services Lab

(AMSL) where they were sieved using a AS200 Control Vibratory Sieve Shaker (Retsch, Haan,

Germany) to 300 μm. A total of 93 vacuumed dust samples with detectable SARS-CoV-2 signal

based on qPCR were obtained from custodial staff at the Ohio State University between April

2021 and March 2022. This study was determined to be “not human subjects research” by The

Ohio State University Institutional Review Board.

RNA extraction

From April 2021 to September 2021, RNA was extracted from dust samples using a Qiagen

RNeasy Powermicrobiome Kit (Qiagen, Hilden, Germany). RNA extractions were performed

in triplicate. The protocol was modified by combining 50 mg of dust with 65 μL 2-mercap-

toethanol, 100 μL phenol:chloroform, and 650 μL of PM1 in a custom bead-beating tube. This

tube contained .3g 100 μM glass beads, .1g 500 μM glass beads, and 1g garnet beads. This mix-

ture was vortexed for 10 minutes before being centrifuged at 13000 rpm for 1 minute. All

other steps of the standard protocol were followed and the included DNase1 was included.

Extracted samples were either frozen at -80˚C or used immediately in qPCR analysis.

During the course of the work, we continued to improve upon the techniques used for this

analysis. After September 2021, RNA was extracted from dust samples using the SimplyRNA

Tissue kit (AS1340, Promega Co. Madison, WI) with a Promega Maxwell RSC 48 sample con-

centrator with improved RNA recovery. Triplicates of 50mg of dust samples were homoge-

nized using 2.8mm ceramic beads (OMNI International, Kennesaw GA) with 250μL of the

included Homogenization Solution with 2% v/v 1-thioglycerol. This was vortexed with 250μL

of the included lysis buffer and centrifuged at 4700 x g for one minute. Then 425μL of the

supernatant was loaded into the RSC cartridge, and the included DNase was omitted. All other

aspects of the manufacturer-recommended procedure were followed. Extracted samples were

used immediately for qPCR analysis or stored at -80C.

Sample screening via real-time (RT) qPCR analysis

A qPCR assay was developed for dust using N1 and RP primer probe sets recommended by

the Centers for Disease Control and Prevention [32] for the detection of SARS-CoV-2 and the

human RNAse-P gene. We used the IDT SARS-CoV-2 (2019-nCoV) CDC qPCR probe assay

to target the N1 gene (Integrated DNA Technologies Inc, Coralville IA). The RP primer-probe

set was used to determine the presence of the human RNase-P gene present in human epithe-

lial cells. Primer and probe concentrations are detailed in Table 1. The primer-probe mix was

then added to a mix containing TaqPath 1-Step Multi-Plex 4x Master Mix (Thermo-Fisher Sci-

entific, Waltham MA), 10X Exo IPC Mix, 50X Exo IPC DNA and water following Table 2.

TaqMan Exogenous Internal Positive Control reagents (Applied Biosystems, Waltham MA)

were used to check for PCR inhibitors in the dust. Several wells per plate were also treated with

the Exo IPC Block reagent from the TaqMan Exogenous IPC kit as a negative amplification

control. Extracted RNA samples were diluted in a 1:3 dilution and plated in triplicate. Stan-

dards were plated on each plate using serial dilutions of 2019-nCOV_N Positive Control
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(200,000 copies/μL) (Integrated DNA Technologies, Coralville IA) from 20,000 copies/μL

down to 2 copies/μL.

All samples were screened using RT-qPCR using an 7500 Fast qRT-PCR Thermocycler and

7500 Fast System with 21 CFR Part 11 Software (Applied Biosystems, Waltham MA). The

cycling parameters for the qPCR were as follows: 52˚C for ten minutes, 95˚C for two minutes

(denaturation) and 45 cycles of 95˚C for ten seconds and 55˚C for 30 seconds (annealing and

extension). COVID Ct values that registered less than 34 were selected to be sequenced.

RNA sequencing and analysis

Extracted sample RNA was reverse transcribed into cDNA (20 min 55˚C, 1 min 95˚C, hold

4˚C) using Lunascript RT SuperMix (New England Biolabs, Ipswich, MA). Each sample was

divided in half, and amplified separately in triplicate by PCR (30 sec 98˚C (denaturation), (35

cycles of 15 sec 95˚C then 5 min 63˚C)(annealing and extension), hold 4˚C) with the three

amplifications per sample being pooled after amplification. The PCR amplification was per-

formed using the ARTIC SARS_CoV-2 FS Library Prep Kit (New England Biolabs, Ipswich

MA).

Pooled amplified products were cleaned using AMPure XP beads (Beckman Coulter, India-

napolis, IN) in a 0.8:1 bead-to-sample ratio, and 80% ethanol. The cleaned product was resus-

pended using RSB (Illumina, San Diego, CA) and prepared for tagmentation. A tagmentation

master mix consisting of a 1:1 ratio of Tagmentation Buffer 1 (TB1) and Enrichment Bead-

Linked Transposomes (EBLTL) (Illumina, San Diego, CA) was added to each sample and tag-

mentation was performed (5 min 55˚C, hold 10˚C). Stop Buffer (ST2) (Illumina, San Diego,

CA) was added to each sample and the sample material (attached to the EBLTL beads) was sep-

arated from solution using a magnet. The supernatant liquid was removed and the beads were

washed with a tagmentation wash buffer (TWB). The TWB was removed and the samples

were resuspended using a PCR master mix consisting of water and Elution Primer Mix (EPM)

Table 1. Primer-probe mix for the qPCR analysis done on the dust samples. The per plate column corresponds to 110 wells per plate to account for reagent loss. The

molar concentrations listed correspond to a total well volume of 20μL.

Reagent Final Conc. Per Reaction Volume per Well (μL) Volume per Plate (μL)

2019-nCoV_N1-F (100 μM) 400 nM 0.08 8.8

2019-nCoV_N1-R (100 μM) 400 nM 0.08 8.8

2019-nCoV_N1-P (100 μM) 200 nM 0.04 4.4

RNase P-F (100 μM) 150 nM 0.03 3.3

RNase P-R (100 μM) 150 nM 0.03 3.3

RNase P-P (100 μM) 200 nM 0.04 4.4

Water - 3.7 407.0

https://doi.org/10.1371/journal.pone.0297172.t001

Table 2. qPCR master mix for the COVID dust assay. The per plate column corresponds to 110 wells per plate to

account for reagent loss. The Exo reagents listed are part of the TaqMan Exogenous Internal Positive Control reagent

kit (Applied Biosystems, Waltham MA).

Reagent Volume per Well (μL) Volume per Plate (μL)

TaqPath TM Master Mix 5.0 550.0

Primer-Probe-Water Mix 4.0 440.0

50X Exo IPC DNA 0.4 44.0

10X IPC Exo mix 2.0 220.0

Water 3.6 396.0

https://doi.org/10.1371/journal.pone.0297172.t002
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(Illumina, San Diego, CA) in a 0.6:1 EPM-to-water ratio. Unique dual indexes (Illumina, San

Diego, CA) were added to each sample and PCR was performed to bind the sample material to

the indexes (3 min 72˚C, 3 min 98˚C, 10 cycles of (20 sec 98˚C, 30 sec 60˚C, 1 min 72˚C), fol-

lowed by 3 min 72˚C and hold 10˚C) The samples were then pooled and cleaned using a 1.8:1

AMPure XP bead-to-sample ratio and ethanol, and resuspended in RSB with Tween 20 (Illu-

mina, San Diego, CA). Indexed sequencing libraries were quantified using the ProNex NGS

Library Quant Kit (NG1201, Promega Co. Madison, WI). Approximately 750pM libraries

were loaded on NextSeq2000 (lllumina, San Diego, CA) 2x100bp cycle sequencing runs.

Sequencing results were transmitted to the BaseSpace Cloud platform (Illumina, San Diego,

CA) and converted to FASTQ file format using DRAGEN (Illumina, San Diego, CA). DRA-

GEN COVID Lineage app v3.5.1 (Illumina, San Diego, CA) was used to align sequence data

and produce quality metrics, variant calls, consensus genome sequences, and variant tables.

The R package MixviR v3.5.2 [33] allows for the deconvolution of potentially mixed micro-

bial samples (including those that contain more than one viral variant) at both the primary

and sublineage levels. We used MixviR to identify and estimate the relative frequencies of spe-

cific SARS-COV-2 lineages from each sample. The sensitivity of MixviR to detect low fre-

quency variants is dependent upon sequencing coverage [33]. Mutations used to characterize

each target viral lineage or sublineage included those that occurred in at least 75% of the sam-

ples from the given target according to the outbreak.info [34] database as of April 2022. The

specific list of mutations characterizing the lineages/sublineages that was obtained from this

database and used as input for the MixviR analysis, along with code for all analyses, is available

at (https://github.com/mikesovic/VanDusen_etal_Dust_2023). Raw fastq sequence files used

in this study have been submitted to the Sequence Read Archive (SRA) under Bioproject acces-

sion PRJNA1045708 (https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1045708).

Comparisons with other datasets

Data pertaining to saliva surveillance performed on OSU’s campus were obtained from

GISAID database [35] by downloading data for samples with the prefixes “20AM-”, “21AM-”,

and “22AM-”. The OSU surveillance data were collected and submitted to the database by the

Applied Microbiology Services Lab (AMSL) on OSU’s campus. These OSU data represent all

of the sequenced samples submitted from 2020–2022. There were 5,619 samples submitted to

GISAID across these three years. These samples were binned in order to focus on WHO vari-

ants of concern for our analysis. All lineages were binned into the categories of “Alpha”,

“Delta”, and “Omicron” in order to ensure accurate comparisons between all datasets. Correla-

tions between the relative abundances of Delta and Omicron lineages between the dust sam-

ples and the saliva samples were evaluated by Spearman Rank Correlation comparison after

initial tests for normality of the data with the Kolmogorov-Smirnoff test with Lilliefors correc-

tion indicated significant departures from normal distributions. All statistical analyses were

conducted within RStudio with R version 4.2.0 [36].

Supporting information

S1 Table. Dust collection information.

(DOCX)

S1 Fig. Campus-wide monitoring of SARS-CoV-2 lineages.

(TIF)
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