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Abstract
Background

Smoking is the single largest risk factor for ill-health and premature death globally. While direct toxic
effects on the respiratory epithelium are well understood, smoking also changes the microbial
environment, resulting in an increased risk of infections. Previous analyses of the nasal microbiome
suggested an increased abundance of anaerobic, potentially pathogenic taxa, but were limited by small
participant numbers and unclear comparison groups. In this study we use data from the German
National Cohort (NAKO) to investigate the association between smoking and the anterior nares’
microbiome in a general population sample.

Methods

We analysed participants’ nasal swabs from 1,948 participants (16.8% current and 35.6% former
smokers) at the NAKO baseline examination with 16S rRNA sequencing of the V3-V4 hypervariable
regions. The USEARCH pipeline was applied for taxonomic profiling. Linear regression was performed
for the association between smoking habits and species richness and evenness. PERMANOVA was used
to assess the explained microbiome variance due to smoking behaviours. The pairwise Wilcoxon rank
sum test, MaAsLin3 and a Random Forest model were employed to identify differentially abundant taxa.
Latent Dirichlet allocation was utilised to identify groups of taxa potentially sharing biologically similar
functions and their topic distribution was compared between smoking statuses.

Results

The most prevalent genera were Corynebacterium (100%), Staphylococcus (100%), and Cutibacterium
(99.9%). Current smokers exhibited a higher diversity compared to never smokers (Shannon index:
Cohen’s d =0.20, 95% CI [0.07-0.32]; Simpson index: Cohen’s d = 0.23, 95% CI [0.11-0.36]). Differential
abundance analysis identified a higher relative abundance of anaerobic pathobionts in smokers (current
and former), most strongly for the taxa Anaerococcus, Finegoldia, and Peptoniphilus (a). Latent Dirichlet
allocation identified six topics whose distributions varied between smoking status and corresponded to
the results from the differential abundance analysis. Former smokers showed patterns consistent with
partial normalization.

Conclusions

We found in our population-based study on the association between smoking and the anterior nares’
microbiome higher microbial diversity and anaerobic abundance in smokers, compatible with a higher
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susceptibility for respiratory infections. Our results can inform the underlying mechanisms of why
smokers are more susceptible to infection.

Background
Smoking

Smoking is the leading risk factor for premature mortality and morbidity globally, resulting in an
estimated 7.69 million deaths and 200 million disability-adjusted life-years in 2019 [1-3]. This is due to
smoking causing or being a contributing factor in the development of cardiovascular disease, various
forms of cancer, particularly lung cancer, chronic obstructive pulmonary disease (COPD), and respiratory
tract infections (RTI) [2, 4]. In Germany, the prevalence of smoking was 29.6% in 2019, with an age-
standardized prevalence of 25.1% among women and 34.2% among men [5]. Several factors influence
smoking habits, including age, sex, SES, ethnicity, and seasonality [1, 3, 5-10].

Associations between smoking and the nasal microbiome

The nasal cavity and its microbiome play an integral role in the immune and respiratory systems, and is
called the “gatekeeper” of the respiratory tract [11, 12]. The nasal microbiome is characterised by being
dominated by one of three taxa (Staphylococcus, Corynebacterium or Cutibacterium), with the remaining
composition being highly individual and influenced by several host factors such as age, sex, antibiotic
use, and smoking [13]. However, most evidence on how smoking affects the nasal microbiome originate
from small cross-sectional studies and does not sufficiently capture the heterogeneity in microbiome
variation that exists in the general population. Charlson et al. [14] identified a higher abundance of Gram-
positive anaerobic microorganisms in the nasopharynx of current smokers compared to never smokers.
Moreover, Pfeiffer et al. [15] identified an enrichment of Staphylococcus epidermidis in smokers
compared to never-smokers, and positive correlations between the number of years of smoking and the
relative abundance of Cutibacterium. A higher number of packyears was associated with a decrease in
Corynebacterium, and several anaerobic pathobionts were positively correlated with smoking habits
defined as packyears, nicotine, or cotinine levels [15]. These studies suggest that smoking changes the
oxygen levels in the nose, thus encouraging the growth of anaerobic, potentially pathogenic taxa [2].
Both studies utilised 16S ribosomal ribonucleic acid (rRNA) sequencing, though Charlson et al. [14]
utilised the V1-V2 hypervariable regions and Pfeiffer et al. [15] the V4 region for taxonomic profiling.
These regions differ in their taxonomic resolution, limiting their comparability. Further, both studies had
modest sample sizes (n = 62 and n = 40) limiting their statistical power.

The Dutch population-based cohort study by Odendaal et al. [16] used both smoking status and the
weekly number of cigarettes smoked to identify an association on the nasopharyngeal microbiome in
2,485 participants. A higher abundance of Peptoniphilus, Finegolida, Corynebacterium, and Campylobacter
was identified in smokers (current and former) with a positive association between Peptoniphilus and
Finegoldia and the weekly number of cigarettes smoked.
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All previous studies investigated samples obtained from the nasopharynx. However, to further elucidate
the association of smoking on the nasal microbiome, particularly at the site, which is most influenced by
environmental factors, the associations with the anterior nares’ microbiome need to be assessed.

Aim
The aim of the present study is to elucidate the associations between smoking and the anterior nares’

microbiome in the German National Cohort (NAKO). This facilitates a better understanding of the
underlying mechanisms which make smokers more prone to infections.

Methods
Sample

The study sample originates from the German National Cohort (NAKO; Application No. NAKO-423). A
random sample of 2,400 participants was drawn from the 205,000 participants of the NAKO [17]
baseline examination across all study centres. To be selected as part of the sample, participants needed
to have triplets of biomaterials (stool, oral, and nasal samples) and specific questionnaires on food
allergies, dietary habits, diseases, and cancer diagnosis needed to be complete. The sample size was
chosen due to feasibility [13]. For 2,072 participants, sequencing data from the nasal swabs was
available. A complete case analysis was performed based on the completeness of smoking status and
the confounder variables identified via directed acyclic graph (DAG; see section Statistical Analysis). This
led to 1,948 participants being included in the current analysis.

Smoking behaviour

Smoking behaviour was assessed via touch screen questionnaire, with participants self-reporting their
smoking status as never, current, or former smoker. For current and former smokers, the lifetime number
of cigarettes was used to assess a dose-response by estimating the mean number of daily cigarettes
smoked throughout the participants’ smoking career.

Anterior nares’ sampling

Anterior nares’ sampling was performed as described in detail by Kleine Bardenhorst et al. [13]. Briefly,
nasal swabbing was performed at baseline assessment with one swab for each nostril after insertion
into 0.9% saline solution. Swabbing was performed at a depth of 1 to 1.5 cm. The swabs were placed in
the same cryotube containing 0.2 ml of RNAlater® (QIAGEN, Austin, Texas, USA) and the swab handle
was broken off at the breakpoint. The samples were stored at 4°C until the end of the day and
transferred to -80°C storage until DNA isolation.

Page 6/26



DNA isolation and 16S rRNA sequencing

As described in more detail [13], one of the two swabs of each participant was randomly chosen and
used for DNA extraction using the ZymoBIOMICS 96 DNA Kit (Zymo Research, Irvine, California, USA).
Mechanical lysis was performed by bead beating. Amplicon libraries targeting the V3 to V4 hypervariable
region of the 16S rRNA gene were generated by performing polymerase chain reaction (PCR) using the
341F and 805R primers. PCR products were purified and dual indices and Illumina adapters were
attached in a second PCR. Purified libraries were pooled and sequenced on an Illlumina MiSeq platform
Sequencer (Illumina, San Diego, California, USA) using V3 chemistry (2x 300 bp, 5.5 pM loading
concentration, 8% PhiX).

Bioinformatics

Demultiplexing of the raw sequencing reads was performed using idemp [18]. The USEARCH pipeline,
version 11.9.667 [19, 20], was used to process the sequencing reads into biological sequences (zero-
radius operational taxonomic units; zOTUs) and their respective counts. The paired-end reads were
merged, low quality reads, and singletons were filtered out. The GreenGenes2 database [21] was used
with Constax [22] to assign taxonomy and summarise the data into a biom-file. See Kleine Bardenhorst
et al.[13] for more details.

Statistical analysis

A complete case analysis was performed, with smoking status (never, current, and former smokers) or
the lifetime number of cigarettes, only for current and former smokers, as exposure variable. Age, sex,
season, and SES were confounder variables. Confounder variables were identified via a directed acyclic
graph (DAG; Supplementary File Fig. 1). The ISEI-08 (International Socioeconomic Index of Occupational
Status) [23] was used to assess the SES. It is calculated based on the domains education, occupation,
and household income, and is scored on a continuous scale ranging from 16 to 90, with higher scores
indicating a higher SES.

Abundance counts of the zOTUs were transformed into centred log-ratio (clr) counts and a pseudocount
of 0.5 was applied. All taxa which were unclassified at phylum level were filtered out, and a 0.5%
prevalence filter was applied at a relative abundance of 0.005%. For all analyses, Benjamini-Hochberg
correction was applied to account for multiple testing [24].

The association between smoking habits and each of the five alpha diversity metrics—observed
richness, Chao1 index, Shannon index, Simpson index, and Faith’s phylogenetic diversity (Faith’s PD)—
was assessed with a linear regression model with never smokers as reference category for the dummy
coded categories current and former smokers, and for the lifetime number of cigarettes in ever smokers.
The alpha diversity metrics were calculated at zOTU level. The models were adjusted for the
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confounders as well as the sequencing depth to account for different library sizes of samples. Cohen’s d
was calculated to estimate effect sizes.

Permutational multivariate analysis of variance (PERMANQOVA) was performed using the adonis2
function [25] with Aitchison distance, Bray-Curtis dissimilarity, unweighted and weighted UniFrac
distances. PERMANOVA models were performed as univariate models and an omnibus test for the
exposure and confounders. Homogeneity of variance was assessed with the permutest [25].

Three differential abundance analysis (DAA) methods were performed on genus level after applying a
10% prevalence threshold. First, the Wilcoxon rank sum tests were calculated for pairwise comparison to
identify differentially abundant taxa between current, former, and never smokers. Second, Microbiome
Multivariable Associations with Linear Models 3 (MaAsLin3) [26] was applied to the abundance matrix
with total sum scaling and log transformation. Z-score standardisation was performed for continuous
variables. MaAsLin3 was performed with never smokers as reference category for the dummy coded
categories current and former smokers and for the lifetime number of cigarettes in ever smokers. Third,
a Random Forest model was applied with a classification model for non-dummy coded smoking status
and a regression model for the lifetime number of cigarettes. The data was split into a training and test
set (80% vs 20%), stratified by the smoking status. The Ranger engine was used to train 500 decision
trees [27]. The Boruta algorithm [28] was applied for variable selection, and model performance was
evaluated using 5-fold cross-validation. The final model was chosen by maximising accuracy during the
tuning process.

Taxa were classified as differentially abundant if they were detected by all three methods. The results
from MaAsLin3 were used to assess the strength of association.

Latent Dirichlet Allocation (LDA) was performed to identify groups of genera potentially sharing similar
biological functions. The optimal number of clusters (k) between 2 and 15 was identified by minimising
the mean cosine distance between topics [29] and maximising the Kullback-Leibler divergence [30].
Additionally, k was optimised for topics to have high coherence and refinement [31]. The distribution of
LDA topics was assessed for the three smoking statuses by applying the same three DAA methods as
described to the LDA-gamma matrix. To perform MaAsLin3, the LDA-gamma matrix was multiplied by
the sample’s sequencing depth, to account for different library sizes of samples.

Sensitivity analyses

A diagnosis or worsening of symptoms of asthma or chronic bronchitis/ COPD could change an
individual's smoking status. For this scenario, an alternative DAG was drawn which then includes age,
sex, season, SES, chronic bronchitis/ COPD, and asthma as minimally sufficient adjustment set (MSAS;
Supplementary File Fig. 2). Importantly, this DAG only holds true if body mass index (BMI) and
respiratory tract infections (RTIs) are not responsible for the worsening of symptoms or a diagnosis of
chronic bronchitis/ COPD or asthma. The analysis was performed as described but adjusted for the new
minimally sufficient adjustment set.
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To assess whether the country of birth influenced the results of the main analysis, a sensitivity analysis
was performed which included only participants with Germany as their country of birth as surrogate of
ethnicity. The analysis was conducted in the same way as the main analysis.

The use of antibiotics alters the nasal microbiome [13, 16]. A third sensitivity analysis was therefore
performed including only participants who had not taken any antibiotics within the previous 12 months.
The analysis was conducted in the same way as the main analysis.

Results

Descriptive results:

1,948 participants were included in the current study, with the majority (47.6%) being never smokers
(Table 1). A total of 14,412 zOTUs were identified across all samples. Following the filtering of
unclassified taxa at phylum level and applying the prevalence and detection filters, 5,968 zOTUs were
retained. At the phylum level, the most prevalent taxa were Actinobacteriota (100%), Firmicutes d (100%),
Proteobacteria (99.9%), Firmicutes a (99.5%), and Bacteroidota (89.7%). At the genus level, the most
prevalent taxa were Corynebacterium (100%), Staphylococcus (100%), Cutibacterium (99.9%),
Anaerococcus (97.4%), and Streptococcus (94.9%). At the genus level, the five most abundant taxa were
Corynebacterium, Staphylococcus, Cutibacterium, Dolosigranulum, and Anaerococcus. The most prevalent
or abundant taxa remained unaltered in the sensitivity analyses.
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Characteristics of the study population stratified by smoking status.

Table 1

Never Smoker
(N=927)

Age

Mean (SD) 50.6 (11.4)

Median [Min, Max] 50.0[22.0, 73.0]

Sex

m 393 (42.4%)
f 534 (57.6%)
SES

Mean (SD) 52.5(15.2)

Median [Min, Max] 51.0[16.0, 89.0]

Chronic bronchitis/ COPD

Yes 20 (2.2%)
No 901 (97.8%)
Missing 6 (0.6%)
Asthma

Yes 64 (6.9%)
No 857 (93.1%)
Missing 6 (0.6%)

Country of origin
Germany 854 (92.1%)
Not Germany 73 (7.9%)

Antibiotic use during the last 12 months

Never 624 (69.0%)
Once 198 (21.9%)
Twice 59 (6.5%)
More than three times 23 (2.5%)
Missing 23 (2.5%)

Former Smoker

(N = 693)

53.6 (10.0)
54.0 [22.0, 72.0]

373 (53.8%)
320 (46.2%)

49.6 (14.6)
49.0[16.0, 89.0]

33 (4.8%)
658 (95.2%)
2 (0.3%)

54 (7.8%)
639 (92.2%)
0 (0%)

636 (91.8%)
57 (8.2%)

450 (66.7%)
165 (24.4%)
39 (5.8%)
21 (3.1%)
18 (2.6%)
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Current Smoker

(N = 328)

48.9 (10.3)
50.0 [21.0, 70.0]

149 (45.4%)
179 (54.6%)

48.4 (14.6)
48.0[18.0, 89.0]

15 (4.6%)
313 (95.4%)
0 (0%)

20 (6.1%)
306 (93.9%)

2 (0.6%)

296 (90.2%)
32 (9.8%)

196 (62.6%)

74 (23.6%)
28 (8.9%)
15 (4.8%)
15(

4.6%)

Overall

(N = 1948)

51.4 (10.9)
52.0[21.0, 73.0]

915 (47.0%)
1033 (53.0%)

50.8 (15.0)
49.0[16.0, 89.0]

68 (3.5%)
1872 (96.5%)
8 (0.4%)

138 (7.1%)
1802 (92.9%)
8 (0.4%)

1786 (91.7%)
162 (8.3%)

1270 (67.1%)
437 (23.1%)
126 (6.7%)
59 (3.1%)

56 (2.9%)




Never Smoker Former Smoker Current Smoker Overall
(N=927) (N=693) (N=328) (N =1948)
Age

Lifetime Number of Cigarettes

Mean (SD) 0 (0) 13.2(9.86) 10.9 (7.79) 6.52 (9.17)
Median [Min, Max] 0 [0, 0] 10.0 [0, 60.0] 10.0 [0, 40.0] 0.490 [0, 60.0]
Season

Spring 95 (10.2%) 88 (12.7%) 39 (11.9%) 222 (11.4%)
Summer 49 (5.3%) 29 (4.2%) 18 (5.5%) 96 (4.9%)
Autumn 71 (7.7%) 54 (7.8%) 16 (4.9%) 141 (7.2%)
Winter 712 (76.8%) 522 (75.3%) 255 (77.7%) 1489 (76.4%)

COPD = chronic obstructive pulmonary disease, f = female, m = male, Max = maximum, Min = minimum, SES
= socioeconomic status, SD = standard deviation.

Species richness and evenness:

The linear regression models revealed higher Shannon and Inverse Simpson index for current smokers
compared to never smokers with small effect sizes (0.20 and 0.23, respectively; Table 2). There were no
associations between former smokers’ status (Supplementary File Table 1) or the lifetime number of
cigarettes (Supplementary File Table 2) and species richness or evenness. The sensitivity analyses
revealed no changes to the identified associations (Supplementary File Table 5-6, Supplementary File
Table 11-12, Supplementary File Table 17-18).

Table 2

Linear regression model for the association between current smokers and five alpha diversity metrics.
Alpha diversity Estimate 95% CI Cohen’s Cohen's d p- adjusted p-
index d 95ClI value value
Observed 11.14 [-7.54, 0.06 [-0.04, 0.16] 0.242 0.323
richness 29.82]
Chao1 index 12.15 [-12.33, 0.05 [-0.05, 0.16] 0.330 0.413

36.64]
Shannon index 0.11 [0.04,0.18] 0.20 [0.07,0.32] 0.002 0.010
Inverse Simpson 3.29 [1.52, 5.06] 0.23 [0.11,0.36] < <0.001
index 0.001
Faith’s PD 0.07 [-0.11,0.25] 0.04 [-0.07,0.16] 0.461 0.542
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Results of the linear regression model for current smokers compared to never smokers. Adjusted for age,
sex, season, SES, and sequencing depth. Cl = confidence interval, SES = socioeconomic status, Faith’s PD =
Faith’s phylogenetic diversity. Adjustment with Benjamini Hochberg correction.

PERMANOVA

The PERMANOVA revealed that smoking status alone explained 0.4% to 1.1% of variance in the
microbiome composition (Table 3), and the lifetime number of cigarettes explained 0.2% to 0.3% of
variance (Table 4). The sensitivity analyses showed only minor changes (Supplementary File Table 7-8,
Supplementary File Table 13-14, Supplementary File Table 19-20).

Heterogeneity of variance was identified for smoking status and the confounders across the four beta
diversity metrics, except for age as assessed with weighted UniFrac distance, season as assessed with
Aitchison distance, (Supplementary File Table 3, Supplementary File Figs. 3—-22) and the lifetime number
of cigarettes as assessed with weighted UniFrac distance (Supplementary File Table 4, Supplementary
File Figs. 23-26). However, PERMANOVA with large sample sizes is robust against violations of
homogeneity assumptions.
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Table 3
PERMANOVA results for smoking status across four beta diversity metrics.

Variables R2 p-value adjusted p-value

Aitchison Distance

Smoking Status 0.007 0.001 0.001
Age 0.004 0.001 0.001
Sex 0.015 0.001 0.001
SES 0.001  0.001 0.001
Season 0.003 0.001 0.001

Smoking Status + Age + Sex + SES + Season  0.073  0.001 0.001

Bray-Curtis Dissimilarity
Smoking Status 0.007 0.001 0.002
Age 0.006 0.001 0.002
Sex 0.009 0.001 0.002
SES 0.001 0.021 0.021
Season 0.003 0.003 0.004

Smoking Status + Age + Sex + SES + Season  0.065 0.001 0.002

Unweighted UniFrac distance

Smoking Status 0.004 0.001 0.001
Age 0.002 0.001 0.001
Sex 0.009 0.001 0.001
SES 0.001 0.014 0.014
Season 0.003 0.001 0.001

Smoking Status + Age + Sex + SES + Season  0.063  0.001 0.001

Weighted UniFrac distance
Smoking Status 0.0117 0.001 0.002
Age 0.002 0.001 0.002
Sex 0.006 0.001 0.002
SES 0.001 0.034 0.036
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Variables R2 p-value adjusted p-value

Aitchison Distance

Season 0.004 0.002 0.003

Smoking Status + Age + Sex + SES + Season  0.064 0.036 0.036

PERMANOVA results using the Adonis2 test performed as an omnibus test for smoking status, age, sex,
season, and SES across. SES = socioeconomic status. Adjustment with Benjamini Hochberg correction.
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Table 4
PERMANOVA results for the lifetime number of cigarettes across four beta diversity metrics.

Variables R2 p- adjusted p-
value value

Aitchison Distance

Lifetime Number of Cigarettes 0.002 0.006 0.009
Age 0.004 0.001 0.002
Sex 0.015 0.001 0.002
SES 0.002 0.013 0.013
Season 0.004 0.008 0.010
Lifetime Number of Cigarettes + Age + Sex + SES + 0.079 0.001 0.002
Season

Bray-Curtis Dissimilarity

Lifetime Number of Cigarettes 0.002 0.017 0.026
Age 0.006 0.001 0.002
Sex 0.009 0.001 0.002
SES 0.002 0.056 0.056
Season 0.004 0.042 0.050
Lifetime Number of Cigarettes + Age + Sex + SES + 0.074 0.001 0.002
Season

Unweighted UniFrac distance

Lifetime Number of Cigarettes 0.002 0.002 0.002
Age 0.003 0.001 0.002
Sex 0.011  0.001 0.002
SES 0.001 0.045 0.045
Season 0.005 0.001 0.002
Lifetime Number of Cigarettes + Age + Sex + SES + 0.073 0.001 0.002
Season
Weighted UniFrac distance

Lifetime Number of Cigarettes 0.003 0.012 0.021
Age 0.003 0.009 0.021
Sex 0.008 0.001 0.006
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Variables R2 p- adjusted p-
value value
Aitchison Distance
SES 0.002 0.068 0.082
Season 0.006 0.014 0.021
Lifetime Number of Cigarettes + Age + Sex + SES + 0.067 0.161 0.161
Season

PERMANOVA results using the Adonis2 test performed as an omnibus test for the lifetime number of
cigarettes, age, sex, and SES across four beta diversity metrics. SES = socioeconomic status. Adjustment
with Benjamini Hochberg correction.

Differential abundance analysis

After applying the 10% prevalence filter, 105 genera were retained. 29 unique taxa were identified as
differentially abundant between smoking statuses by at least one DAA method. Each method identified
between 13 and 19 taxa as differentially abundant. Six taxa were identified as differentially abundant by
two methods and 16 taxa by only one of the three methods (Supplementary File Figs. 27—-28). The seven
taxa which were identified as being differentially abundant by all three methods were Anaerococcus,
Campylobacter (b), Finegoldia, Lawsonella, Neisseria (563205), Peptoniphilus (a), and Prevotella (Fig. 1).
For these seven taxa, the results from MaAsLin3 indicate a higher abundance of Anaerococcus,
Campylobacter (b), Finegoldia, Peptoniphilus (a), and Prevotella and a lower abundance of the remaining
taxa in current smokers compared to never smokers. Anaerococcus, Peptoniphilus (a), and Finegoldia
showed the same direction of the association, but at a weaker magnitude in former smokers compared
to never smokers (Table 5).
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Table 5
MaAsLin3 results for the eight taxa identified as differentially abundant for current and former

smokers.
Smoking Status  Feature Coefficient  95% CI p-value q-value
Current Smokers
g__Finegoldia 1.69 [1.33; 2.06] <0.001 <0.001
g__Anaerococcus 1.15 [0.85; 1.45] <0.001 <0.001
g__Peptoniphilus_a 1.45 [1.06; 1.85] <0.001 <0.001
g__Lawsonella -1.27 [-1.69;-0.85] <0.001 <0.001
g__Prevotella 0.85 [0.43; 1.26] <0.001 0.002
g__Neisseria_563205 -0.89 [-1.35;-0.42] <0.001 0.004
g__Campylobacter_b ~ 0.89 [0.42; 1.36] <0.001 0.004
Former Smokers
g__Anaerococcus 0.57 [0.33; 0.80] <0.001 <0.001
g__Peptoniphilus_a 0.71 [0.40; 1.02] <0.001 <0.001
g__Finegoldia 0.68 [0.39; 0.97] <0.001 <0.001

MaAsLin3 results for the taxa identified as differentially abundant by the three Differential Abundance
Analysis methods Wilcoxon Rank sum test, MaAsLin3, and Random Forest classification. Never smokers
serve as the reference category. Cl = confidence interval. Adjustment with Benjamini Hochberg correction.

For the lifetime number of cigarettes, no taxa were identified by both MaAsLin3 and the Random Forest
regression model (Supplementary File Fig. 29).

All three sensitivity analyses identified Anaerococcus, Campylobacter (b), Finegoldia, Peptoniphilus (a),
and Prevotella as differentially abundant between smoking statuses with similar associations
(Supplementary File Table 9, Supplementary File Fig. 33; Supplementary File Table 15, Supplementary
File Fig. 34; Supplementary File Table 21, Supplementary File Fig. 35).

LDA clustering

For LDA, a model with six topics showed the best fit (Supplementary File Figs. 30-32). The three DAA
methods identified a higher topic proportion of the Peptoniphilus/ Anaerococcus topic in current smokers
as compared to never smokers (estimate: 2.04, 95% Cl [1.47; 2.62], q = 0.035), The sensitivity analyses
with the extended MSAS and the subpopulation with Germany as country of birth identified the same
association (Supplementary File Table 10, Supplementary File Table 16). Only the sensitivity analysis of
participants without antibiotic use in the previous 12 months identified no topic as differentially
abundant between the smoking statuses. However, the distribution of the Peptoniphilus/ Anaerococcus
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topic displayed a similar direction of the association for current smokers compared to never smokers
(estimate: 2.06, 95 CI[1.32; 2.79], q = 0.103).

Discussion

Summary of results

This is the first German, population-based study in which the association between smoking habits and
the nasal microbiome was assessed by using data from the baseline examination of NAKO [17]. Current
smokers exhibited higher diversity and no differences in observed richness compared to never smokers.
Several anaerobic pathobionts, including Anaerococcus, Peptoniphilus, and Finegoldia, were more
abundant in both current and former smokers, though the lifetime number of cigarettes showed no
association with the abundance of these taxa. Community-level clustering and sensitivity analyses
support these findings.

Smoking is associated with higher richness and evenness

The Shannon and Inverse Simpson indices were slightly elevated among current smokers compared to
never smokers. Further, there was no evidence for a dose-response relationship when considering the
association between the lifetime number of cigarettes and diversity, suggesting that the diversity is
largely influenced by whether the individual smokes rather than the quantity of cigarettes. The result for
former smokers indicates that the higher diversity could diminish after smoking cessation.

Previous studies [11] have reported a similar direction of association between smoking and Shannon
index, though the effect appears to be subtle and difficult to capture in smaller cohorts or when sampling
from different nasal sites. The substantially larger cohort in the present study, combined with targeted
sampling from the anterior nares, allowed us to more reliably characterize this association. Together,
these findings suggest that smoking exerts a modest but consistent influence on microbial diversity in
the anterior nares—one that may be overlooked in studies with limited sample sizes or alternative
sampling strategies.

Anaerobic pathobionts identified as differentially abundant
between smoking status

Three different DAA methods were used to ensure the robustness of the results with eight taxa being
identified as differentially abundant between smoking statuses by all methods. These taxa are
characterised by being pathobionts that can cause a variety of infections, including sinusitis,
gastroenteritis, and skin and soft tissue infections [32—35]. Most of these taxa are anaerobic or
microaerophilic, except for Neisseria, which is an aerobic organism [15, 32, 35—-37]. The higher
abundance of anaerobic and microaerophilic taxa, combined with the lower abundance of the aerobic
Neisseria, suggests that cigarette smoke alters the oxygen levels in the anterior nares which increases
the growth of anaerobic and microaerophilic taxa. This is in line with the findings of Pfeiffer et al. [15].

Page 18/26



For the lifetime number of cigarettes, no taxa were identified by MaAsLin3 and the Random Forest
regression. This indicates again, that smoking rather than the quantity of cigarettes smoked alters the
microbial composition.

The higher abundance of these pathobionts is in line with the results from the alpha diversity model,
indicating a shift from a few dominant commensals to a group of anaerobic taxa resulting in a less
dominated community due to smoking. Further, the microbiome of former smokers showed patterns
consistent with partial normalization. However, a longitudinal assessment of individuals who quit
smoking is necessary to ensure a reliable characterisation of a potential recovery effect. Importantly, a
nasal microbiome enriched for Finegoldia, Peptoniphilus, and Anaerococcus is associated with an
increased susceptibility to infection or inflammation in the host [38]. The identification of the
differentially abundant taxa is also in line with the results from the LDA clustering, in which current
smoking status is associated with a higher probability of the Peptoniphilus/ Anaerococcus topic.

The altered abundances of these specific taxa or topics could aid in identifying individuals at higher risk
of infections. However, a follow up of infections in the current participants as part of later examination
rounds within NAKO would be necessary. This would also aid in assessing whether individuals with
certain topic proportions were indeed at greater risk of developing infections or diseases and how
quickly a recovery effect is identifiable following smoking cessation.

Limitations

One limitation of this study is that second-hand smoking was not assessed. An alteration in the
composition of the nasal microbiome is not restricted to former and current smokers if individuals are
exposed to it, but could also be present in never smokers, albeit to a lesser degree. The lack of
information on passive smoking may have caused an underestimation in the impact of smoking if some
never smokers were consistently exposed to second-hand smoke.

Residual confounding cannot be excluded, particularly with respect to environmental and behavioural
factors such as recent infections or unmeasured exposures.

Despite NAKO being a cohort, the current study only employs a cross-sectional design, which limits
causal inference. Therefore, the next examination rounds of NAKO should be used for follow-up, to
ensure the validity of the identified effects of smoking.

Conclusion

This study is the first to comprehensively assess the association between smoking and the anterior
nares’ microbiome in a large German population-based cohort. Key findings include a higher microbial
evenness among current smokers which is characterised by a higher abundance of anaerobic
pathobionts. Though these taxa are present in an asymptomatic nasal microbiome [39], their heightened
abundance could place smokers at a higher risk of developing respiratory infections and diseases.
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Normalization patterns were detected in former smokers. Suggesting, that smoking cessation could be
beneficial to restore a microbiome profile similar to that of never smokers, which is characterised by a
low abundance of pathobionts and might place individuals at a lower risk of infections.
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Figure 2

Results from the latent Dirichlet allocation.

Displaying (1) the probability of the taxa belonging to this topic for the five taxa with the highest
probability per topic and (2) the mean topic proportion for each smoking status

Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

e SupplementaryFile.docx

Page 26/26


https://assets-eu.researchsquare.com/files/rs-10428906/v1/e271aa8aad49702868321133.docx

