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Recent evidence indicates that microbial biofilm aggregates inhabit the lungs of COPD patients and actively contribute
towards chronic colonization and repeat infections. However, there are no contextually relevant complex biofilm
models for COPD research. In this study, a meta-analysis of the lung microbiome in COPD was used to inform devel-
opment of an optimized biofilm model composed of genera highly associated with COPD. Bioinformatic analysis
showed that although diversity matrices of COPD microbiomes were similar to healthy controls, and internal composi-
tions made it possible to accurately differentiate between these cohorts (AUC = 0.939). Genera that best defined these
patients included Haemophilus, Moraxella and Streptococcus. Many studies fail to account for fungi; therefore, Candida
albicans was included in the creation of an interkingdom biofilm model. These organisms formed a biofilm capable of
tolerating high concentrations of antimicrobial therapies with no significant reductions in viability. However, combined
therapies of antibiotics and an antifungal resulted in significant reductions in viable cells throughout the biofilm
(p < 0.05). This biofilm model is representative of the COPD lung microbiome and results from in vitro antimicrobial
challenge experiments indicate that targeting both bacteria and fungi in these interkingdom communities will be
required for more positive clinical outcomes.
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Chronic obstructive pulmonary disease (COPD) is
an extremely debilitating disease characterized by
airway inflammation, which leads to airflow obstruc-
tion and alveolar destruction [1, 2], making it one of
the leading causes of death worldwide [3]. Hallmark
symptoms of COPD include cough, dyspnoea and
phlegm production [4, 5]. Individuals suffering from
COPD also experience acute exacerbations of COPD
(AECOPD) which are defined by significant worsen-
ing of symptoms, often resulting in hospitalization
[2, 5, 6]. These periods of exacerbation are
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traditionally thought to be caused by individual
pathogens such as Haemophilus influenzae and Strep-
tococcus pneumoniae [7].

Several studies have been published that have
sought to define the microbiome of COPD patients.
The findings of these studies are in agreement and
report compositional changes in the microbiome of
COPD patients in comparison with healthy controls
[8-11]. Differences in microbiome have also been
observed when comparing stable and exacerbated
COPD [6, 12, 13]. Several studies have documented
dysbiosis and have reported a decrease in organisms
such as Lactobacillus, Prevotella and Porphyromonas
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in COPD patients which is also accompanied with
an increase in the abundance of genera that are
associated with respiratory infections such as Hae-
mophilus, Moraxella, Staphylococcus and Pseudomo-
nas [8, 12, 14, 15]. Collectively, these findings
suggest that the airway microbiome plays a major
role in the pathogenesis of COPD. This is likely
multifactorial by influencing susceptibility to infec-
tion as well as airway inflammation and immune
system regulation [14, 16]. Generally, the micro-
biome of healthy lungs resembles that of the oral
cavity, and this remains consistent in COPD [9, 17].
With an increasing number of studies investigating
the COPD microbiome, we have a greater under-
standing of not only what organisms are present in
the lungs but also the states in which they exist. For
example, evidence supporting the presence of biofilms
is increasing, with studies reporting on long-term or
chronic bacterial colonization along with the identifi-
cation of H. influenzae strains isolated from COPD
patients exhibiting biofilm-forming capabilities [18];
further, antibodies to peroxiredoxin—glutaredoxin
(pdgX), which is required for biofilm formation in H.
influenzae, have been identified in COPD patients
[19-21]. Despite several lines of evidence indicating
that the lung microbiome in COPD patients exists in
a biofilm state, few studies have incorporated COPD-
associated organisms to a multi-species biofilm.
Those that have are relatively simplistic and describe
dual-species bacterial biofilms [22-24]. As such, there
currently exist no multi-species biofilm models for the
in vitro study of COPD that accurately represent the
fungal and bacteria contents of the lungs. Therefore,
the main aim of this study was to address this gap in
the current literature by developing a multi-species
biofilm model in the context of COPD by using a
meta-analysis of 16S-amplified microbiome data to
identify the most relevant organisms for this model.
It is the hope that this novel biofilm model can pro-
vide insight into how complex microbial communities
respond to antimicrobial challenge in COPD.

MATERIALS AND METHODS

Data set collection and interrogation

Studies relating to the microbiome of healthy and COPD-
affected lungs were collected by using keyword searches on
PubMed (Table 1). Searches were performed on 21 March
2021. Studies published before 2010 were excluded and
remaining studies were exported to the reference manager
EndNote (version X8). A cut-off of 2010 was implemented
to coincide with the publication of the first NGS studies
investigating the lung microbiome in COPD. All search
results were then exported to EndNote where titles and
abstracts could be screened for relevance. Studies were
excluded if they were not related to the lungs in health or
in COPD in humans or if they were not NGS studies.

Shortlisted studies were interrogated in a manner similar
to Butcher et al. [25] where relevant information was
recorded. This included experimental details which may
influence the microbiome or downstream analyses such as
sampling method, number of cases, number of controls,
Global Initiative for Obstructive Lung Disease (GOLD)
status, smoking status, DNA extraction method, NGS plat-
form, primer sequences and region of 16S rRNA targeted.
Data accession and DOI numbers were also recorded where
possible for data retrieval (Table S1). Again, shortlisted
articles were then subjected to a scoring system to determine
whether the study could be used in final analyses as done
previously [25].

Data retrieval and processing

Where possible, data were downloaded directly from the
ENA database using SRA accession numbers as identifiers
before quality control protocols were carried out using a
standardized pipeline as described in detail by Butcher
and colleagues [25]. Briefly, the standardized pipeline was
performed in Qiime2 [26] as follows; primers and barcodes
were removed where possible, poor-quality reads were
trimmed to a minimum length of 100 bp, paired-end reads
were merged and finally, reads were assigned to OTUs. A
cutoff of 100 bp was selected to account for predicted
lower quality scores that may accompany data from ear-
lier studies and for those for which quality scores for raw
data were not available. OTU clustering was performed at
97% confidence using the Silva reference database using
the closest referenced method.

Individual runs, which are individual samples from each
of the studies retrieved, were discarded if the total read
depth was below 500 reads to account for the low biomass
of microorganisms traditionally found in the lungs. Fea-
tures were then filtered if they appeared less than 10 times
in less than four studies. OTUs were normalized by centre
log2 ratio (CLR) transformation of OTUs for further
analysis using the make.CLR function within the

Table 1. Keywords and terms used for literature searches

Condition Search used

Chronic obstructive
pulmonary disease

((microb* OR bacteri* OR
archea* OR fung* OR mycob*)
AND (structure OR
composition OR diversity OR
community) AND (sequencing
OR metabarcoding OR
amplicon OR metagenom* OR
16S OR “ITS”)) AND ((lung)
AND (COPD) OR (chronic
obstructive pulmonary disease)
NOT (review))

((microb* OR bacteri* OR
archea* OR fung* OR mycob¥)
AND (structure OR
composition OR diversity OR
community) AND (sequencing
OR metabarcoding OR
amplicon OR metagenom* OR
16S OR “ITS”)) AND ((lung)
AND (health*) NOT (review))

Healthy lung
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microbeR package (https://github.com/jbisanz/MicrobeR;
v0.3.2). Filtered reads were utilized for alpha diversity
measures.

Microbiome diversity and composition

Analyses were performed on all studies collectively and on a
per-study basis. The phyloseq package (v1.30.0) was used to
calculate the Shannon, Simpson and Chaol diversity indices
using the estimate_richness function [27]. The base aov
function was used to perform a two-way analysis of vari-
ance (ANOVA) to test for statistical significance between
presence of COPD and alpha diversity matrix. ANOVA
results were viewed using the TukeyHSD function.

Beta diversity distance matrices were arranged as
principal coordinate analysis (PCoA) plots using the ape
(analyses of phylogenetics and evolution) package in
RStudio [28]. PCoA plots were then visualized using
ggplot2. Permutational multivariate analysis of variance
was performed on beta diversity matrices using the
adonis2 function in the vegan package (https://github.
com/vegandevs/vegan).

Average OTU abundance was calculated in RStudio by
calculating abundance as a percentage of total OTUs. The
nine most abundant phyla and genera were shortlisted,
and the remaining phyla and genera were listed as ‘other’.

R- GGTGGACGTTACCGCCGCAAGCAATGTT
F- GATACATAGCCGACCTGAG
R- CTGAGCCTGTCATTGAGGAA
F- CTTACGCTTCTATCTCGGTGATTAATAA
R- TGTTCGCCATAACTTCATCTTAGC
F- GGGTTGTAAACCTCTGTTAGCATC
R- CGTACCCACTGCAAAACCAG
F- CCGTGATGGGATGGAAACTGC
R- CCTTCGCCACTGGTGTTCTTC

F- GAGCGTCGTTTCTCCCTCAAACCGCTGG
R- CCATTGCCGAAGATTCC

F- ACACGCAACTCTTGACGAAG

Primer sequences

Random forest classifiers and linear discriminant
analysis

Growth conditions
30 °C, Aerobic

37 °C, 5% CO,
37 °C, 5% CO,
37 °C, Aerobic

37 °C, Anaerobic

Random forest classifiers were built using the 80:20 ran-
dom assignment ratio method whereby the entire data set
was randomly split and 80% was used to train the model
which was then tested against the remaining 20%. CLR-
normalized OTUs were used as predictor variables for
healthy/disease cases and models were validated using 10-
fold cross-validation as done so previously [25]. Random
forest models were built using the randomforest package
and receiver operator characteristic (ROC) curves were
built based on random forest models using pROC and
ggROC packages [29, 30].

LDA was performed in the microbial package
(https://github.com/guokai8/microbial) in RStudio using
the Idamarker function. LDA scores were plotted
using the plotLDA function in the same package using a
cut-off score of 4 to identify highly important genera.

NAD + Hemin

Brain Heart Infusion broth

broth

Tryptic Soy broth
Brain Heart Infusion broth + 37 °C, 5% CO,

Yeast Peptone Dextrose
Brain Heart Infusion broth

Liquid media
Schaedlers broth

Microbial growth and standardization

All bacteria used in this study were informed by LDA
analysis described above and their growth conditions have
been summarized in Table 2. All isolates were stored
long-term in glycerol at —80°C and revived on solid
media for 24-72 h before propagation in liquid media
overnight. Following growth in liquid media, all organ-
isms were washed by centrifugation and suspension in
phosphate-buffered saline (PBS). Bacteria were standard-
ized bg/ optical density to give a concentration of
1 x 10° cells/mL, and yeast cells were then standardized
by counting on a haemocytometer. Following counting
and optical density measurements, all organisms were
adjusted to assay specific concentrations in selected
media.

Chocolate agar +5% Horse
Colombia Blood agar +5%
Horse Blood

Colombia Blood agar +5%
Blood

Colombia Blood agar +5%
Horse Blood

Horse Blood
+5% Horse Blood

Solid media

Candida albicans SC5314  Sabouraud Dextrose Agar

pneumoniae DSMZ

14377
Moraxella catarhalis

DSMZ 43762

Veillonella dispar NCTC  Fastidious Anaerobe agar

DSMZ 11969
Rothia dentocariosa

DSMZ 11994
Haemophilus influenzae

11831

Table 2. Microbe growth conditions and primers

Organism
Streptococcus
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Biofilm characterization

All microbial cells were adjusted to 1 x 10° cells/mL in
biofilm growth media. Media were supplemented with
menadione (Sigma Aldrich, Gillingham, Dorset, UK) and
hemin (Sigma Aldrich, Gillingham, Dorset, UK) at 10
and 1 mg/mL, respectively. Biofilms were grown in micro-
titre plates at 37°C with 5% CO, for 24 h. Biofilm forma-
tion was then assessed by staining with 0.05% (w/v)
crystal violet as previously [31].

To continue biofilm characterization, multi-species bio-
films were grown for 24 h on Thermanox™ coverslips
(Thermo Fisher, Renfrew, UK) and treated with relevant
antimicrobials (erythromycin, amoxicillin and
voriconazole) for a further 24 h. Biofilm susceptibilities to
antimicrobials were assessed by treating 24 h biofilms with
two-fold serial dilutions of each antimicrobial alone and
in combination as previously [32]. Efficacy of antimicro-
bial challenges was assessed by initially washing treated
biofilms with PBS and determining biofilm viability using
the Alamar Blue assay (Thermo Fisher). Methods can be
found in detail provided by Brown et al. [33].

Biofilm composition was assessed following 24 h anti-
microbial challenge, alone and in combination, at
128 pg/mL as done so previously [32]. Following biofilm
treatments, cells were harvested via sonication in an ultra-
sonic water bath at 35 kHz. Sonicated cells were then
treated with propidium monoazide (PMA; Cambridge Bio-
science, Cambridge, UK) to prevent the detection of DNA
from non-viable cells in future analyses as described else-
where [34, 35]. DNA was extracted using the
MasterPure™ Yeast kit as per the manufacturer’s instruc-
tions (CamBio, Reading, UK). DNA was amplified using
species-specific primers (sequences provided in Table 2)
and viable colony forming equivalent (CFE) numbers were
calculated using a standard curve of serially diluted DNA
as described previously [36]. Thermal profile used was as
follows: 2 min at 50 °C, 2 min at 95 °C, followed by
40 cycles of 10 s at 95 °C and 30 s at 60 °C.

Statistical analysis

All statistical analyses and graph production relevant to
the COPD microbiome were performed using the appro-
priate functions in R (version 4.1.2). GraphPad Prism
(version 9, La Jolla, California, USA) was used for biofilm
data analysis and visualization, and f-tests were used to
compare means of biofilm formation and viability. In all
instances, statistical significance was attained when
p < 0.05.

RESULTS

Overview of eligible studies

Initially, search terms described in Table 1 were
used to search for relevant studies. Terms were used
to search for publications specific to COPD or
healthy lungs which returned 188 COPD and 498
healthy lung studies which were then assessed for
relevance. Studies that we relevant to the aims of
the study were those which characterized the lung
microbiome of COPD patients or healthy controls

via NGS. A total of 620 studies were excluded due
to not being relevant to study aims, leaving 66
studies (50 COPD and 16 healthy lung studies;
Table S1). Of the 66 relevant studies, 52 either did
not provide access to raw sequencing data or suffi-
cient patient metadata (Fig. 1). This left 14 studies
that were included in final analyses which are sum-
marized in Table 3. After compiling all COPD and
healthy lung microbiome studies that were to be
included in the final analyses, relevant study infor-
mation was noted.

Relevant information of the remaining studies
was collected, covering 3372 samples. This showed
that study design varied greatly from study to
study, including sequencing platform, DNA extrac-
tion method and 16S target region (Fig. 2). The V4
region was the most targeted region of the 16S
hypervariable region (5 out of 14 studies), and the
[llumina MiSeq was used in 64% of studies
(Table 3).

Bacterial diversity of the COPD microbiome

Sequencing data were downloaded from the Euro-
pean Nucleotide Archive (ENA) database, and, after
processing, operational taxonomic units (OTUs) were
clustered at 97% similarity using the SILVA database
[37]. Firstly, the beta diversity, which quantifies the
diversity of the microbiome across all patients was
viewed. Data points showed variation based on
author and 16S sequencing region. Therefore, the
observed variance is likely a result of study-specific
factors (Fig. 3 and Table S2). As done so by previous
studies, analyses were performed at the genus level to
alleviate these effects [38, 39]. Separation of data
points based on disease status was observed (PER-
MANOVA R* = 0.025 and p = 0.001; Fig. 3A); how-
ever, the disease status of patients explained little
variance throughout the data. We found that samples
produced from the same study clustered more closely
(PERMANOVA R*=0.235 and p = 0.001; Fig. 3B).
Additionally, as previously reported in other studies,
the amplified 16S region has been reported to have a
significant impact on data distribution and we report
the same (PERMANOVA R’ = 0.025 and p = 0.001;
Fig. S1). However, explained variance was less than
that of study of origin.

Next, the alpha diversity of the microbiome, the
measurement of intra-patient microbiome diversity
and a subject of debate in recent years, was
assessed (Fig. 4). From this analysis, it is clear that
change in alpha diversity is not consistently altered
in COPD. On average, 289 OTUs were observed in
COPD compared with 281 in healthy controls
(p > 0.9). Additional measures of alpha diversity
(Shannon, Simpson and Chaol indices) were also
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Fig. 1. Study acquisition pipeline. Searches returned a total of 686 results. Studies were screened for relevance, and all rel-
evant studies were included in the final analysis where access to raw data was provided and sufficient patient metadata was
provided. Final analyses were performed on a total of 14 studies.

Table 3. Studies in final analysis

Author Controls N (controls) Cases N (cases) Region Platform Data score
Bassis, 2015 NA NA Healthy 28 V3-V5  Roche 454 3
Cameron, 2016 Healthy Smokers 10 COPD 8 ND HiSeq 4
Dicker, 2018 NA NA COPD 141 V3-V4  MiSeq 3
Dickson, 2017 NA NA Healthy 8 V4 MiSeq 3
Einarsson, 2016 ~ Healthy 19 COPD 18 V1-V2  MiSeq 3
Filho, 2019 NA NA COPD 112 V4 MiSeq 3
Jubinville, 2018 COPD 9 AECOPD 9 V6-V8  Roche 454 3
Mayhew, 2018 NA NA COPD 101 V4 MiSeq 3
McTaggart, 2019 NA NA Healthy 89 ITS1 MiSeq 3
Rylance, 2016 NA NA Healthy 44 V1-V3  Roche 454 3
Sun, 2020 AECOPD 15 AECOPD Recovery 15 V4-V5  Roche 454 3
Sze, 2016 NA NA COPD 21 \Z MiSeq 3
Wang, 2018 COPD 281 AECOPD 281 V4 MiSeq 4
Wang, 2019 Healthy 16 COPD 43 V4 MiSeq 4

calculated but revealed no significant differences.
Shannon (p = 0.1) and Simpson (p = 0.06) indices
showed slight but not statistically significant
decreases in species evenness and richness between
health and disease. Again, no significant differences
in the Chaol index between groups was observed
(p = 0.08).

Microbial composition of the COPD lungs

The relative abundances of the most prevalent gen-
era were then quantified (Fig. S2). Veillonella was
identified as the most abundant genera across all

samples followed by Streptococcus. There was also
a noticeable increase in the abundance of Haemo-
philus in COPD samples when compared to healthy
controls. Considerable amounts of ‘other’ genera
comprised a large percentage of the total composi-
tion which is representative of the increased (but
not significant) alpha diversity in healthy cohorts.
To investigate whether the lung microbiome
could be used as an alternative method of diagnos-
ing COPD, random forest analysis was performed
(Fig. S3). With a set of accurate training data,
where the model was able to distinguish between a
COPD and control microbiome 100% of the time

© 2024 The Authors. APMIS published by John Wiley & Sons Ltd on behalf of Scandinavian Societies for Pathology, Medical Microbiology and
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Sample information

Country Study_Design

Extraction_method

# Samples

Sequencer Region

Fig. 2. Study characteristics. Following data processing, individual study metadata files were merged to allow for trend
visualization. Samples from the 14 studies included in the final analysis were broken down by country of origin, study type,
extraction method used, sequencing platform and 16S target region.

(area under the curve [AUC] = 1.0; Fig. S3), we
then applied this model to the remaining data sets.
We demonstrate that using OTUs at the genus level
was the best predictor of a COPD microbiome
(AUC = 0.939), followed by KO and OTUs span-
ning the species level (AUC =0.902 and 0.895,
respectively).

With the findings, we performed linear discrimi-
nant analysis (LDA) to identify key genera that
help to best distinguish healthy from COPD micro-
biomes. Using cut-offs of 4 and -4 to identify
highly associated genera, we observed that genera
such as Streptococcus, Haemophilus, Moraxella and
Veillonella were associated with COPD whereas
Porphyromonas, Lactobacillus, Staphylococcus and
Prevotella were linked to characterizing healthy
microbiomes (Fig. 5).

Development and characterization of a novel COPD
biofilm model

Using the genera that were identified as being
highly associated with the microbiome in COPD,
we developed a multi-species, interkingdom biofilm

model containing the five top bacterial genera,
including C. albicans which was recently identified
as the most dominant fungal component of the
lung microbiome [40]. As expected, C. albicans pro-
duced robust biofilms, whereas the selected bacteria
were not capable of widespread visible biofilm for-
mation, with the exception of V. dispar (Fig. 6A).
However, when grown in a multi-species biofilm
alongside C. albicans, we observed a significant
increase in biofilm biomass (p < 0.05). Next, we
sought to determine the antimicrobial susceptibility
profile of this newly described multi-species biofilm
using antimicrobials that are common in the man-
agement of infections in COPD such as erythromy-
cin, amoxicillin and voriconazole. Metabolic testing
is widely used throughout the literature as a means
to assess the potency of biofilm treatment strategies
[41]. We therefore used this approach to determine
both the sessile minimum inhibitory concentration
50 and 80 (SMICsy and SMICg,, respectively),
which are the drug concentrations required to
inhibit 50% and 80% of biofilm metabolic viability.
After exposure to antimicrobials either alone or in
combination it was found that no treatment

6 © 2024 The Authors. APMIS published by John Wiley & Sons Ltd on behalf of Scandinavian Societies for Pathology, Medical Microbiology and
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Fig. 3. Principal coordinate analysis of microbiome samples by disease status and study. Data points are coloured by
study and provides evidence for study specific factors influencing the outcome of lung microbiome studies.
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Fig. 4. Alpha diversity of the healthy and COPD lung microbiomes. The number of observed OTUs as well as Chaol,
Shannon and Simpson diversity indices were calculated, demonstrating a decrease in microbiome richness and evenness in
COPD. No statistical significance was observed when comparing healthy and diseased samples following one-way ANOVA
and Tukey’s post hoc test. Upper and lower horizontal lines represent the upper and lower quartiles, respectively. Horizon-
tal lines in the middle of the boxes represent the mean, whiskers (vertical lines outside each box) show data distribution
beyond the upper and lower quartiles and individual dots represent outlier datapoints.
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Prevotella
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Tumebacillus
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Alloprevotella
Lactobacillus
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Staphylococcus
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Acinetobacter
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Fig. 5. Linear discriminant analysis displaying the genera that best classify health and disease. Cut-off points of —4 and 4
were set to identify the genera that were most enriched in health and disease. COPD enriched bacteria (blue) are desig-
nated negative values and health-enriched bacteria (yellow) are given positive scores.
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Fig. 6. Informed development of a multi-species COPD biofilm model. Bacteria and fungi were grown in combination for
24 h to form, mature biofilms representative of the COPD microbiome. Following growth, 0.05% crystal violet was used
to assess overall biomass (A). The antimicrobials erythromycin (ERY), amoxicillin (AMX) and voriconazole (VORI) were
used alone and in combination to treat mature biofilms for a further 24 h. Following antimicrobial challenge, biomass was
removed via sonication and cells were treated with 10 mM PMA so that following DNA extraction, only DNA from live
cells would be detected. True CFE values for each organism (B) and percentage composition is shown in the bar graph (C)
with and without treatments. Viable CFEs are presented as the means of all experiments. Each experiment was performed
in triplicate, all on separate occasions (*; p < 0.05, **; p < 0.01, ***; p < 0.001, ****; p < (0.0001).
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method was sufficient to reduce multi-species bio-
film viability below 50% and all SMIC for each
treatment was found to be >128 pg/mL. However,
combined treatment with all three antimicrobials
was most effective and reduced biofilm viability by
33% (Fig. S4).

When assessing the composition of the described
biofilms, we found that the composition of a
mature biofilm commensurate with published litera-
ture, where Veillonella was the most dominant gen-
era both in COPD patient microbiomes and in
untreated biofilms (Fig. 6B,C). However, following
treatments, the internal composition of the biofilms
underwent shifts, specifically in the abundances of
V. dispar, which significantly decreased from
2.2 x 10 CFE/mL to 4.6 x 10° CFE/mL when
treated with a combination of erythromycin, amoxi-
cillin and voriconazole (p < 0.05). Treatment with
combinations of all antimicrobials also resulted in
an increase in the percentage abundance of C. albi-
cans from 1 to 50% (Fig. 6C). Although it was not
statistically significant, this corresponded to a 2.4-
fold increase in true-viable CFEs (2.9 x 107 to
7.1 x 10" CFE/mL). Additionally, treatments with
erythromycin and voriconazole showed the highest
efficacy against H. influenzae, reducing viable cells
from 1.3 x 107 to 1.5 x 10° CFE/mL, equating to
an 89% reduction (p < 0.05). We also found that
only through using a combined treatment approach
with two or more antimicrobials were we able to
observe a significant reduction in total biofilm cells
whereby combinations of erythromycin-amoxicillin,
erythromycin-voriconazole and erythromycin-amox-
icillin-voriconazole resulted in reductions of 96, 93
and 94%, respectively (p < 0.05; Fig. S5).

DISCUSSION

With interest surrounding the microbiological fac-
tors in COPD growing, we are now in a position
where we must develop relevant, in vitro models to
study these aspects of disease biology. Here we utilize
a bioinformatics pipeline that has been previously
described in the context of identifying key microor-
ganisms in dental caries, to interrogate similar
COPD microbiome data sets. We identify organisms
which are characteristic of the COPD microbiome
signature, making them prime candidates for integra-
tion into a multi-species biofilm model that can be
utilized to study the microbiological nature of COPD
in vitro.

Firstly, we report on a large-scale meta-analysis
on publicly available data sets regarding the lung
microbiome of COPD patients and healthy individ-
uals. Initial findings from literature searches

identified large variances in study design, likely con-
tributing to the large-scale data heterogeneity
observed in Fig. 2. However, at present, there are
no methods to effectively account for study-specific
batch effects in NGS studies. To best mitigate these
effects, analyses were largely confined to the genus
level as done in previous studies [38, 39, 42].
Although this alleviated some study-specific effects,
some biases would still remain such as the use of
different DNA extraction methods can select for
different organisms due to different cell lysis
methods [43] and the targeting of different 16S
regions can influence the outcomes of sequencing
runs [44].

Through community composition and diversity
analyses, no significant differences in alpha
diversity matrices were observed between the lung
microbiomes of COPD patients and healthy indi-
viduals. This has been a subject of dispute through-
out the literature in recent years with some studies
reporting decreases in microbial diversity in COPD
whereas others suggest the opposite [9, 45]. While
we could speculate that additional studies may
accentuate the differences observed in alpha diver-
sity, it could also be revealed that it is not the dif-
ferences in diversity that influence COPD presence
and progression but a compositional and functional
change instead. This could be reinforced by our
findings that random forest modelling could still
accurately differentiate between healthy and COPD
microbiomes and that particular genera such as
Haemophilus and Moraxella were responsible for
this finding. Similar findings were reported by a
previous study that found these same genera were
part of a group of consistently, differentially abun-
dant genera which could be used as a means of aid-
ing the diagnosis of COPD in future [39].

Our findings regarding beta diversity distribu-
tions in Fig. 3 are in agreement with previous
meta-analyses on COPD as well as others with
focus on other health conditions, which have found
that a combination of study-specific factors such as
DNA extraction method, study location and
sequencing platform, contribute most to data
grouping [25, 39, 42, 46].

Using the genera that were found to best discern
the microbiome of COPD patients from that of
healthy controls, we designed a complex, multi-
species biofilm model in which C. albicans was
introduced as the most abundant fungal species in
COPD Ilungs [40]. Studies have shown that this a
critical, acting in the strictest sense as a keystone
microorganism within biofilms, structurally acting
as a scaffold to support bacterial adhesion [47].
Within our biofilms, C. albicans forms a dense
hyphal network closely associated with bacteria, a
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phenomenon commonly seen in dual- and multi-
species biofilms of fungi and bacteria [48-50]. This
close, interkingdom, association has previously been
shown to increase antimicrobial tolerance to both
antibiotics and antifungals [48, 51]. In the data pre-
sented above, we showed that high concentrations
of antimicrobials traditionally used in the manage-
ment of COPD were not sufficient to achieve com-
plete biofilm killing. Studies on other interkingdom
biofilms have produced similar results whereby a
combined therapy of antibiotics and antifungals
results in a shift in internal microbe levels. Indeed,
we have presented similar results elsewhere [32].

The model described above provides a composi-
tion similar to that of the lung microbiome in
COPD, as we identified in Fig. S5. This is charac-
terized by a large abundance of Veillonella. How-
ever, despite antimicrobial challenges, the biofilm
remained viable. Similar to findings of previous
studies, multi-species biofilms remain largely unaf-
fected by antimicrobial therapy challenges and, for
example, when treating with an antibiotic, the
abundance of C. albicans increases [32]. Such
responses to antimicrobial challenge could have
severe implications on patient outcome as com-
monly used antimicrobials in COPD management
are not sufficient for complete removal of biofilm
biomass, which could leave patients susceptible to
future infections. This fluctuating composition of
the biofilm can be attributed to therapies preferen-
tially targeting particular organisms, creating the
opportunity for others to prosper. With this being
said, the lack of responsiveness from the biofilm to
antimicrobials that we observed is not entirely
unexpected. Interkingdom biofilms containing C.
albicans and bacteria are often shown to be highly
tolerant to treatments [48, 51]. This is due to the
increased production of extracellular matrix compo-
nents, preventing access of antimicrobials to biofilm
cells [52, 53].

Our observations (Fig. 6) are reinforced by that
of Townsend et al. [32], who showed that a com-
bined antimicrobial approach is necessary to induce
a significant effect on these biofilm consortia by
affecting internal biofilm composition. Although
these authors did not find combination therapy to
influence overall total cell numbers in the biofilm,
we determined that combining certain antibiotics
(ERY/AMX, ERY/VORI and ERY/AMX/VORI)
was sufficient to significantly reduce viable biofilm
CFEs. This may be attributed to the more complex
nature of this biofilm.

This study does possess limitations in that a
small panel of active agents was tested which was
limited to antimicrobials. Previous studies have
shown that alternative therapies such as DNase in

combination with antimicrobials increases potency
against dual-species biofilms of C. albicans and
Staphylococcus aureus [48]. Therefore, employing
additional therapies could yield promising results in
the treatment of multi-species biofilms such as the
one described herein. Moreover, S. pneumoniae pro-
duces the autolysin /yz4 which has previously been
reported to degrade streptococcal biofilms which
could explain why such little biomass was detected
in the S. pneumonaie only biofilms [54].

Herein, we have described the first report of a
biofilm model that is representative of the lung
microbiome of COPD patients that is both robust
and easily reproducible. This model can be utilized
in future as a basis to begin studying the complex
network of microbial interactions in the COPD
lungs, and more importantly as a means to investi-
gate the efficacy of novel therapies before use in a
more developed infection model. Fundamentally,
this supports the 3Rs initiative which aims to iden-
tify alternative research methods to reduce the use
of animal models wherever possible and provides
an evidence-based biofilm model platform which
can be used by academics and industry as a clini-
cally relevant testbed.
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