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Respiratory mycobiome and
suggestion of inter-kingdom
network during acute pulmonary
exacerbation in cystic fibrosis
Perrine Soret1,2,15, Louise-Eva Vandenborght3,4,15, Florence Francis5, Noémie Coron3,6,7,
Raphael Enaud3,6,8, The Mucofong Investigation Group†, Marta Avalos1,2,
Thierry Schaeverbeke6, Patrick Berger3,6, Michael Fayon3,6,8, Rodolphe Thiebaut1,2,5 &
Laurence Delhaes3,6,7,8,9*
Lung infections play a critical role in cystic fibrosis (CF) pathogenesis. CF respiratory tract is now
considered to be a polymicrobial niche and advances in high-throughput sequencing allowed to
analyze its microbiota and mycobiota. However, no NGS studies until now have characterized both
communities during CF pulmonary exacerbation (CFPE). Thirty-three sputa isolated from patients with
and without CFPE were used for metagenomic high-throughput sequencing targeting 16S and ITS2
regions of bacterial and fungal rRNA. We built inter-kingdom network and adapted Phy-Lasso method
to highlight correlations in compositional data. The decline in respiratory function was associated with
a decrease in bacterial diversity. The inter-kingdom network revealed three main clusters organized
around Aspergillus, Candida, and Scedosporium genera. Using Phy-Lasso method, we identified
Aspergillus and Malassezia as relevantly associated with CFPE, and Scedosporium plus Pseudomonas
with a decline in lung function. We corroborated in vitro the cross-domain interactions between
Aspergillus and Streptococcus predicted by the correlation network. For the first time, we included
documented mycobiome data into a version of the ecological Climax/Attack model that opens new
lines of thoughts about the physiopathology of CF lung disease and future perspectives to improve its
therapeutic management.
Lung infections play a critical role in cystic fibrosis (CF) pathogenesis where they can lead to significant acute
decrease of lung function, known as CF pulmonary exacerbation (CFPE). Developments of next-generation
sequencing (NGS) approaches allowed us to understand microbiome composition that can contribute to lung
physiopathology in both healthy individuals and patients with lung disease. More recently, NGS together with
advances into statistical network inference tools allowed to analyze the microbial airway communities, appreciate
the inter-kingdom equilibrium of respiratory floras, and therefore develop understanding of microbial communities as a whole1–7.
Acute CFPEs represent major clinical events that significantly decline the lung function, contribute to disease
progression and require adapted, prompt anti-infectious treatment8–11. Omics approaches confirmed associations
between bacterial community and exacerbation12–20. Apart from bacteria that are well known agents causing dramatic recurrent CFPEs, respiratory viruses have been recently found to be associated with CFPE, independently
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of bacteria or as trigger for bacterial infection21–23. Fungal species such as Candida albicans and Aspergillus
fumigatus have been associated with decreased lung function as well as increased frequency of exacerbations24,25.
However, only limited number of studies evaluated mycobiome during CFPE12,26, and never in association with
bacterial community to address inter-kingdom crosstalk.
Although much has been learned about CFPEs, our current knowledge about its pathophysiology and usefulness of diagnostic criteria remains limited. Since CFPEs are difficult to predict, new biomarkers that may derive
from current NGS approaches are needed to complete existing assessments9,13,14. Given the prevalence of fungal
colonization, the predominance of allergic bronchopulmonary aspergillosis (ABPA), the growing role of fungal
infection in CF and the stabilizing function that fungi appear to play in lungs1,27–30, we hypothesized that fungi are
involved in CF pulmonary disease evolution and in CFPEs. In the present study we considered both fungal and
bacterial communities as a unique pathogenic entity, and interpreted our results according to a co-occurrence/
co-exclusion pattern approach that highlights relationships between microorganisms sharing the same ecological
niche, i.e. the CF respiratory tract. According to our inter-kingdom network results, we selected species belonging to Aspergillus and Streptococcus genera, and documented experimentally the predicted positive growth of A.
fumigatus when it is co-cultured with species from Streptococcus mitis group. By adapting Phy-Lasso method we
pointed out the fungi relevantly associated with CFPE and/or a decline in lung function. Collectively, these data
provided an opportunity to reflect on a revised version of the CF Climax/Attack model (CAM) derived from
ecology research field31. In CAM model, CF lung infection is no longer interpreted as an invasion of a single
pathogen such as Pseudomonas aeruginosa but as dynamic changes within the whole microbial community composed of two types of microbial populations (an Attack transient but virulent population associated with CFPE
and a Climax chronic population driving the long-term prognostic of CF lung disease)4,7,13,14,31,32. While it would
be still early to draw definitive conclusions, our results pave the way for future studies on respiratory mycobiome
that should help us to begin deciphering the physiopathology of CF lung disease and to improve its therapeutic
management. They also suggest the complexity of all respiratory microbiome components’ connections, which
might yield important insights within the CF disease.

Results

Patients and sample characteristics. Among the 37 patients initially screened, samples of patients 2, 7,
28 and 35 were excluded because their corresponding rarefaction curves and/or numbers of sequences were inadequate to allow biodiversity comparison. Samples from 33 patients, corresponding to 246,228 and 304,914 bacterial and fungal reads respectively, were used to evaluate microbial composition, diversity, and perform network
analysis. Patients’ characteristics, spirometry data, presence of conventionally cultured pathogens in sputum, and
therapeutic management at sampling time are recorded in Table 1. Seventeen patients were classified as having
CFPE while 16 were not. According to body mass index (BMI), Shwachman-Kulczycki score (S-K score), and
spirometry data (in particular Forced Expiratory Volume in 1 s (FEV1) expressed as percent of predicted value),
patients were in a medium to advanced stage of CF disease, with several co-morbidities (exocrine pancreatic
dysfunction in 90% of cases, and diabetes mellitus or impaired glucose tolerance in 33% of cases). Colonization
by Pseudomonas aeruginosa was highly prevalent (96.7%, Table 1); all excepted one patient (a 23-year-old woman,
patient 14) had positive mycological cultures. Candida albicans, other Candida sp., and A. fumigatus were
observed in 66.6%, 18.2%, and 66.6% of patients respectively, as determined by conventional culturing. Most of
the patients received rhDNAse and/or inhaled steroids (100%), low dose of azithromycin (69.7%) and antibiotics
(90.1% of cases administered orally). Antifungal therapy was prescribed for one patient in agreement with ABPA
diagnosis33. While 11 (33%) patients were treated with systemic steroids, no other systemic immunosuppressive
therapy was used. No significant difference for those variables was observed between patients with and without
CFPE, except for the median age, which was significantly lower in patients with CFPE.
FEV1 was associated with changes in alpha diversity, and CFPE with shifts in minority populations.

Rarefied data was used to summarize microbial composition and its changes among groups (Fig. 1). These microbial communities inferred from NGS were consistent with results obtained by culturing (Table 1); however greater
diversity was evident via NGS approach. We observed a significant positive linear relationship between FEV1
values and Chao1 indexes of bacterial communities (Fig. 1a). This linear relationship was also observed when
using Shannon diversity indexes (p = 0.04), but not using Simpson diversity indexes (p = 0.10). Different diversity
metrics capture, indeed, different information. Microbial populations were divided into majority and minority ones12,34. Microbiota and mycobiota of patients with CFPE exhibited a significant decrease in Haemophilus,
Neisseria, and Cladosporium genera among majority populations, as well as changes in relative abundances of bacteria significantly associated with a loss in alpha diversity of fungal and bacterial minority populations (Table 2).
To evaluate better inter-kingdom equilibrium between the microbial communities, we applied a ratio of fungal
to bacterial diversity previously reported in IBD35. Fungi-to-bacteria diversity ratios showed a dominance of
bacteria on fungus with a median at 0.64 (IQR = [0.43; 4.25]), without any significant disequilibrium between
bacterial and fungal loads among patients with and without CFPE. Median of the Basidiomycota/Ascomycota
relative abundance ratio was 0.03 (IQR = [0.01; 0.19]).

Inter-kingdom correlation and network analysis.

We analyzed co-presence or absence patterns
between bacteria and fungi, by building a correlation matrix at genus levels of the whole set of NGS data and
representing it as a graphical network (Figs. 2 and 3). We inferred an inter-kingdom network by plotting bacterial
genera significantly correlated with at least one fungal genus and vice versa. The network was composed of 26
nodes and 23 edges and it revealed three main clusters organized around Aspergillus, Candida and Scedosporium
genera plus three disconnected pairs of microorganisms (Fig. 2). Among these pairs, two contained environmental fungi: Ramularia (a phytopathogen) and Penicillium connected with the class of Gammaproteobacteria
Scientific Reports |

(2020) 10:3589 | https://doi.org/10.1038/s41598-020-60015-4

2

www.nature.com/scientificreports

www.nature.com/scientificreports/
Exacerbated N = 17

IQR*

Stable

IQR

p-value

Median Age in years

23

22–30

35

29–36

<0.01

Ratio Male/Femme

1.5

Characteristics of patients
Demographic data

NS**

1.6

Clinical data
Median Sweat chloride test (mmol/L)

129 (n = 8)***

126–138

109

86–130

Median S-K Score

75 (n = 16)

53–81

73 (n = 14)

65–80

0.5

Median BMI (Kg/m2)

19.9 (n = 16)

18.2–19.7

19.8 (n = 15)

18.2–20.3

0.61

Median FEV1 (%)

49

41–58

55

41–60

0.72

0.17

FEV1 percentage predicted value
Mild FEV1 (>70%)

9

4

NS

Moderate FEV1 (40–70%)

4

8

NS

Severe FEV1 (<40%)

4

4

NS

CTFR mutations (ΔF508 homozygous)

7 (n = 16)

2 (n = 15)

NS

Microbiological data
Positive bacterial sputum cultures for:
Methicillin-sensitive Staphylococcus aureus

4 (n = 16)

2 (n = 14)

NS

Stenotrophomonas maltophilia

1

1

NS

P. aeruginosa non-mucoid strain

7

5

NS

P. aeuruginosa mucoide strain

8

9

NS

Positive mycological sputum cultures for:
C. albicans

12 (n = 16)

10 (n = 14)

NS

Non-albicans Candida

2

4

NS

A. fumigatus

12

10

NS

Scedosporium sp.

1

1

NS

Penicillium sp.

1

6

NS

 ebulized recombinant human DNase
N
(rhDNAse)

17

16

NS

Azithromycin (sub-therapeutic dosage)

15

8

NS

Inhaled steroids (continuous)

17

16

NS

Systemic corticoids (continuous or as bolus)

8

3

NS

0, 1 to 3 regimens

14

15

NS

>3 regimens

0

1

NS

Continuous

3

0

NS

1

0

NS

Therapeutic data
Treated with:

Intermittent antimicrobial agent exposure****
Oral antibiotics

Oral anti-fungal treatment

Table 1. Patients’ characteristics at inclusion. *Values are indicated in median values (and interquartile
range) for continuous data and number of patients for categorical data; **NS: No significant difference; ***If
missing values are present, the effective numbers of patients are shown in parentheses; ****Trimethoprimsulfamethoxazole not included.

and the phylum of Proteobacteria, respectively. These fungi likely represent environmental transitient fungal
elements, as previously proposed12,36,37. Among the six negatively correlated OTUs identified in our model,
Fusarium sp. appeared to display a negative correlation with Gemella sp., the latter identified as keystone genus
predicting CFPE4,13. The other positively correlated OTUs predict interactions between Aspergillus, Candida, or
Scedosporium and bacteria belonging to Capnocytophaga, Parvimonas, Streptococcus, or Veillonella. Apart from
Scedosporium species that were described as belonging to Climax population31, our network results preferentially
associate fungi to the bacterial population identified during CFPE and referred as Attack population in the ecological Climax/Attack Model (CAM) recently proposed4,13,31.

Assessment of network interactions using in vitro co-cultures. To document inter-kingdom
interactions that we identified in correlation matrix analysis, we performed co-culture experiments between
A. fumigatus and Streptococcus mitis or Streptococcus oralis. We selected these microorganisms because of their
well-established medical importance in CF (at the species level), high quantity in our cohort associated with a
robust positive co-variation (at the genus level), and known conditions for in vitro cultures. As predicted, A.
fumigatus growth appeared to be enhanced by both S. mitis and S. oralis (Fig. 4). As our experimental method was
focused on A. fumigatus growth that has a duplication time clearly different from Streptococcus sp. (24–48 h for
Aspergillus versus about 1 h for Streptococcus), it could not inform on bacterial growth.
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a)

c)

b)

p=0.02

p=0.32

a’)

p=0.67

b’)

p=0.94

c’)
100%

f__Pseudomonadaceae
f__Streptococcaceae

90%

100%

o__Saccharomycetales;f__Incertae_sedis

90%

f__Nectriaceae

f__Micrococcaceae

80%

f__Schizoporaceae

70%

f__Neisseriaceae

70%

60%

f__Prevotellaceae

f__Pasteurellaceae

80%

f__Carnobacteriaceae

o__Malasseziales;f__unidenfied

50%

40%

f__Porphyromonadaceae

40%

f__Gemellaceae

10%

f__Acnomycetaceae

10%

Mild

Moderate

Severe

f__Mycosphaerellaceae

f__Rhizophydiaceae

20%

Other

f__Saccharomycetaceae
f__Microascaceae

f__Veillonellaceae

0%

k__Fungi;f__unidenfied

30%

20%

f__Fusobacteriaceae

p__Ascomycota

k__Fungi

f__Staphylococcaceae

30%

o__Hypocreales

60%

50%

f__Lactobacillaceae

o__Malasseziales;f__Incertae_sedis

f__Dothioraceae
f__Hymenochaetaceae
f__Tricholomataceae
f__Pleosporaceae

0%
Mild

Moderate

Severe

Other

Figure 1. Diversity and taxonomy summaries of sputa collected from CF patients with a mild ( ), moderate
( ) and severe ( ) alteration of the lung function measured by FEV1. Dataset from each sputum sample
contained an average of 7,909 bacterial reads (ranging from 5,104 to 14,749), and an average of 9,811 fungal
reads (ranging from 2,933 to 15,599). Alpha diversity indexes of the bacterial microbiome (a) but not of
mycobiome (a′) were positively correlated with FEV1 values. When patients were divided into 3 groups
according to FEV1 values59,71, bi-dimensional PCoA representations (b,b′) based on Bray-Curtis similarity
matrix did not show clustering between groups. However, we observed a high proportion (62% and 66%) of
Pseudomonadaceae (mainly composed of Pseudomonas species) among patients exhibiting a moderate and
severe disease, while it represents only 32% of the bacterial composition among patients with a mild ventilatory
deficit (c). The fungal composition exhibited also some shifts, especially a decrease in OTUs belonging to
Malasseziales in samples from patients with severe lung decline (c′). Taxonomy composition were represented
at family level of bacterial (c) and fungal (c′) microbiotas; fungal reads that were not identified as family levels
are grouped at order or phylum levels.

Microbiome and mycobiome markers of CF lung dysfunction.

To fully predict the bacterial and fungal communities associated with altered lung function, we applied a feature selection method
(bootstrap-enhanced Phy-Lasso) to identify genera relevantly associated with CFPE (Fig. 5a) and/or FEV1
decline (Fig. 5b). In patients’ microbiomes Haemophilus, Pseudomonas, Staphylococcus, Streptococcus, Candida,
Fusarium, Penicillium, and Scedosporium were selected 150 times out of 200 bootstrap replicates and were negatively associated with the presence of CFPE. Malassezia and Aspergillus were positively associated with CFPE
(Fig. 5a). Pseudomonas, Penicillium, and Scedosporium were negatively associated with FEV1, an increase in their
relative abundance being associated with a decrease in FEV1 measure (Fig. 5b). Altogether, these results highlighted the complexity of the microbial community interacting within the CF respiratory tract, and suggested
the suitability of developing ecological models such as CAM. Collectively, our findings (inter-kingdom network
analysis, in vitro co-culture results, and feature selection based on bootstrap-enhanced Phy-Lasso) pave the way
for deciphering the role of fungi in CF lung disease at the ecological level by proposing a new version of the
recently-described CAM model31 (Fig. 6).

Discussion

CFPEs represent key intermittent events in CF disease that are poorly defined but clearly associated with the
decline in lung function and accelerated disease progression. They require specifically adapted anti-microbial
treatments8–11 but those treatments fail to recover lung function of 25% of patients38. Therefore omics approaches
represent promising tools to identify and characterize relevant biomarkers able to predict CFPE and to improve
therapeutic monitoring13. Considering that CF respiratory tract is polymicrobial, i.e. composed of bacteria,
viruses and fungi, and since all these microorganisms are able to induce CFPEs, the large data set generated
by omics methods should take into account all resident lung microorganisms. Here, we performed a combined
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Total Population
Patients

Without CFPE

Minority Population
With CFPE

p-value

Without CFPE

Majority Population
With CFPE

p-value

Without CFPE

With CFPE

p-value

Alpha diversity (score)
Bacterial composition:
Shannon index

0.7 [0.2;1.4]

0.4 [0.3;1.5]

NS

2.2 [2.1;2.4]

2.2 [1.8;2.4]

NS

0.6 [0.2;0.8]

0.4 [0.2;1.0]

NS

Simpson index

0.3 [0.1; 0.5]

0.2 [0.1;0.6]

NS

0.8 [0.8;0.9]

0.8 [0.8;0.9]

NS

0.3 [0.1;0.4]

0.1 [0.1;0.5]

NS

Chao1 index

27.0 [21.0;36.3]

23.0 [20.0;30.5]

NS

19.5 [13.0;28.5]

16 [14.5;23.0]

NS

7.5 [7.0;8.0]

6.0 [6.0;7.5]

NS

Fungal composition
Shannon index

1.5 [1.1;1.9]

1.4 [1.2;1.7]

NS

1.5 [1.4;1.7]

1.0 [0.8;1.5]

*

1.2 [1.1 ;1.5]

1.1 [0.9 ;1.4]

NS

Simpson index

0.7 [0.5;0.8]

0.6 [0.5;0.8]

NS

0.7 [0.6;0.8]

0.5 [0.4 ;0.7]

*

0.6 [0.5 ;0.7]

0.5 [0.5 ;0.7]

NS

Chao1 index

23.5 [20.0;28;3]

20.0 [17.5;24.0]

NS

12.0 [8.8;16.5]

10.0 [9.0 ;14.0]

NS

11.0 [10.0 ;12.0] 9.0 [7.0 ;11.0]

**

Relative abundance (%)
Bacteria
Haemophilus

0.8 [0.3;7.2]

0.0 [0.0;0.5]

**

—

—

—

0.0 [0.3;7.4]

0.0 [0.0;0.6]

**

Neisseria

0.1[0.0;0.8]

0.0 [0.0;0.0]

*

—

—

—

0.1 [0.0;0.8]

0.0 [0.0;0.0]

*

Scardovia

0.0 [0.0;0.0]

0.0 [0.0;0.1]

*

0.0 [0.0;0.0]

0.1 [0.0;3.5]

*

—

—

—

Megasphera

0.0 [0.0;0.1]

0.0 [0.0;0.0]

**

0.0 [0.0;0.5]

0.0 [0.0;0.2]

*

—

—

—

Kingella

0.0 [0.0;0.0]

0.0 [0.0;0.0]

**

0.0 [0.0;0.2]

0.0 [0.0;0.0]

**

—

—

—

Leptotrictia

0.1 [0.0;0.2]

0.0 [0.0;0.2]

NS

3.2 [1.7;5.9]

0.8 [0.0;2.5]

*

—

—

—

Clostridia

0.1 [0.0;0.1]

0.0 [0.0;0.0]

**

0.0 [0.0;0.6]

0.0 [0.0;0.0]

*

—

—

—

TM7

0.1 [0.0;0.1]

0.0 [0.0;0.1]

**

1.2 [0.1;3.0]

0.0 [0.0;0.8]

*

—

—

—

0.0 [0.0;0.7]

0.0 [0.0;0.0]

**

—

—

—

0.0 [0.0;0.8]

0.0 [0.0;0.0]

**

Fungus
Cladosporium

Table 2. Alpha diversity and abundance differences of total, minority and majority microbial populations
among patients without and with CFPE. (NS p ≥ 0.10, *p < 0.0.05, **p < 0.0.01).

analysis of CF airway microbiome and mycobiome, from the microbial diversity to the inter-kingdom network
investigation in relation with patient clinical status.
We reported a decrease in alpha diversity of bacteria associated with FEV1 decline and, in agreement with
published data12,14–17,19,20,26,36,37,39–44. We identified Pseudomonas, Streptococcus, Haemophilus, Candida, Fusarium,
Penicillium, and Scedosporium as dominant genera (Fig. 1) and numerous shifts in both fungal and bacterial
minority populations during CFPE (Table 2). Similarly, Cuthbertson et al.42 evidenced a greater turnover rate
within the rare species compared to the microbial core. Moreover, the simultaneous analysis of mycobiota and
microbiota allowed us to appreciate the inter-kingdom interactions. The observed ratios of fungus-to-bacteria
diversity were 10 times higher compared to the published digestive ratios35, supporting the notion that lung
mycobiome is derived from inhaled spores and transient species12,36,37,45. Our estimation of the Basidiomycota/
Ascomycota relative abundance ratios was lower than digestive ones35 revealing the excess of Ascomycota, the
phylum to which fungal pathogens belong. Together, these results suggest a colonization of airways during CF
following an exposure to fungal spores.
Our study design has some notable limitations: (i) First, even though the clinical features of our CF population (Table 1) are congruent with published data21,26,27,37,39,44, the limited cohort we analyzed retrospectively was
based on samples stored at −20 °C, which did not allowed us to realize RNA extraction and meta-transcriptomic
analysis. (ii) Secondly, we used sputum samples, which could be contaminated with a buccal flora. However, this
sample type is easy to assess, not invasive compared to bronchial alveolar lavage and sufficiently robust in predicting microbiome as previously demonstrated7,39,46. (iii) The small sample size (as for the majority of studies about
the association between respiratory microbiota or mycobiota and CF12,26,44,47) decreased the statistical power to
recognize small differences if present. (iv) Finally, the complex structure and the high-dimensional data generated
by NGS analysis required specific statistical methods and computational tools that have to be carefully evaluated.
We acknowledge that although correlation does not indicate causation; it can provide a reasonable starting point
to assess inter-kingdom network, especially when supported by clinical knowledge about pathogenic species
(Figs. 2 and 5) and experimental in-vitro corroboration (Fig. 4). For the first time, the mycobiome aspect of the
CAM model recently adapted from the ecology field4,31 is conjectured from CF fungal data (Fig. 6).
Niche-microbe interaction models have been developed to better interpret the dynamics, composition and
role of lung microbial communities4,7,31,48–50. These models were focused on bacterial communities and suggested
that relative abundances of bacteria were not driven by a neutral model of dispersion in CF50. In CF respiratory
tract, microbiome assembly is resulting from dynamic selective pressures that are changing with each stage of
lung disease. In different layers characterized by local nutrient availability, pH, oxygen pressure, host immune
response and antibiotic treatment, a selection of microbiome members occurred and consequently a shift in
microbial composition. So far, only CAM model has attempted to formally describe the lung mycobiome31.
Even if the role of anaerobes is still matter of debate in terms of community composition, metabolome, and
resistome51,52, two types of bacterial populations have been highlighted in CAM model. These two populations
have distinct metabolic potential defined by carbon source: an Attack transient but virulent population associated
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Negative correlation
Positive correlation
Bacteria genus
Fungi genus
Dominant CF pathogens
No dominant CF pathogens

Proteobacteria

Penicillium

Saccharomycetes

Scardovia
Mogibacterium

Capnocytophaga

Tannerella
Gammaproteobacteria
uncultured.Ramularia

Parvimonas

TM7

Scedosporium
Gemella
Lautropia

Fusarium
Catonella

Pseudeurotium.2

Alphaproteobacteria

Lachnoanaerobaculum

Veillonella

Aspergillus
Candida

Treponema
Granulicatella.1

Campylobacter
Streptococcus
Bulleidia

Figure 2. Co-occurrence network between bacteria and fungi from the ReBoot method. Bacteria and fungi are
represented by blue and green circles, respectively. The large circles refer to recognized dominant CF pathogens.
Gray lines connecting circles represent strong positive correlation, while red lines represent strong negatively
correlation. A negative correlation between a bacteria genus and a fungus genus refers to an increase of bacteria
genus abundance and a decrease of fungus genus abundance; a positive correlation to an increase of bacteria
genus abundance and an increase of fungus genus abundance.

with CFPE and a Climax chronic population driving the long-term prognostic4,7,13,14,32. While anaerobes have
been first affiliated to Climax population31, the Attack community appeared to be composed of anaerobes
(Prevotella, Parvimonas, Veillonella, Porphyromonas, and Fusobacterium), facultative anaerobes (Streptococcus,
Granulicatella, and Rothia), and the obligatory fermentative (Gemella) that have been associated with fermentation pathway producing organics acids and decrease in pH4,7,13,14,32. The Climax community is composed of
Pseudomonas, Staphylococcus, Stenotrophomonas, and Achromobacter that were strongly associated with ornithine
biosynthesis, transport of putrescine, and that were producing ammonia and an increase in pH4,13. Taking into
account this model4,7,13,14,32 and our results, data allowed us to make small steps toward achieving a revised version of CAM model in the CF context (Fig. 6), in which the mycobiome role is completed as follow.
The decline in lung function in CF is driven by clinical changes especially by CFPEs, which require active
treatment to recover from CFPE and go back to a steady state that may include chronic colonization4,19,20. The
triggering elements of state shifts are not well known, but it has been proposed that microbiome changes acquired
through environmental exposure or aspiration participate to CFPE occurrence leading to the Attack population
((a) in Fig. 6)31,53. Unexpectedly, both Staphylococcus and Pseudomonas appeared to be negatively correlated with
CFPE (Fig. 5). This result may be explained by a CF population composed of adult patients with a rather mild to
moderate lung diseases than a severe one (Table 1). Besides being involved into CFPE, a recent interest research
has emerged in determining whether Staphylococcus aureus can have both damaging and protecting effects for the
CF host according to the differences phases in the evolution of the CF airways infection54. Our results (Fig. 5b)
agree with earlier studies in which colonization with P. aeruginosa and methicillin-resistant S. aureus was strongly
associated with a loss of lung function (a loss of FEV1) in CF55 while microbiota communities appeared to not
differ based on pulmonary exacerbation status of CF patients39,56. After CFPE occurred, the perturbed microbial
ecosystem will return to its original stable state (Resilience (b) in Fig. 6) or if the perturbation is not controlled,
will evolve to a new ecosystem considered as stable but composed of a novel Climax population that differs from
the previous community (Adaptation (b’) in Fig. 6). According to the CFPE severity, different filters (changes in
nutrient sources, level of microorganism growth and virulence, strong host innate immune and inflammatory
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Figure 3. Inter-kingdom correlation from the ReBoot method. Statistical significance was determined for
all pairwise comparisons; only significant correlations (p < 0.05) are displayed. Warm colors (red to yellow
squares) indicate positive correlations, and cool colors (dark blue to light blue squares) indicate negative
correlations.

Figure 4. Growth curves for in vitro co-cultures of A. fumigatus with S. mitis, or S. oralis compared to culture of
A. fumigatus alone. A. fumigatus growth (
) expressed in CFU/mL is significantly enhanced by S. mitis at day
4 (p < 0.05) and day 5 (p < 0.01). Growth of A. fumigatus plus S. mitis (
) is significantly higher than growth
of A. fumigatus plus S. oralis (
) at day 5 (p < 0.05). Growth of A. fumigatus was not significantly enhanced
by S. oralis excepted at day 2 (p < 0.05).
response, antimicrobial treatment pressure (c) in Fig. 6) will select this new population well adapted to the airway
remodeling, in a circular relationship. As microbial community composition and disease progression proceed
hand-in-hand, assembly of CF microbiome and mycobiome will result from dynamic events, especially from
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Figure 5. OTUs relevantly associated with CFPE (a) and FEV1 (b) by bootstrap-enhanced Phy-Lasso. Only
genera of bacteria (in green) and of fungi (in blue) selected with a frequency ≥15% are represented. Bars
are represented at left when the genus was negatively associated, and at right when the genus was positively
associated with CFPE or FEV1. We considered OTU consistently associated to clinical features when its
selection frequency was greater than 70% (red lines).

competitive exclusion or co-occurrence events observed through OTU network and related functional analysis4,13. In agreement with the bacterial community partitioned by carbon source4, our results suggest fungal
species preferentially as Attack members (Fig. 5), which is consistent with clinical and mycological data28–30.
Among them, Aspergillus and Malassezia were significantly associated with CFPE (Figs. 5a and 6). This result is in
agreement with the ability of Aspergillus to be responsible for ABPA and related exacerbations in CF28,29. It goes
in the same direction of previous results demonstrating an increased risk of CFPE requiring hospitalization when
patients are colonized with A. fumigatus25. As Aspergillus was previously assigned to Climax population31, our
findings have to be confirmed in a larger CF population. Malassezia are lipophilic yeasts, and require specific culture conditions that are not routinely used when a pulmonary exacerbation is monitored. Therefore, Malassezia
have not been associated with CFPE yet. However, they have been identified as biomarker of chronic inflammatory diseases such as asthma57, or inflammatory bowel disease35. It may reflects a clear advantage (cross - feeding)
that these yeasts get in sharing ecological niche with anaerobes and Streptococcus, since they produce multiple
secreted lipases that may help in recycling lipids produced by fermenting bacteria13,58. In addition, Malassezia
-which are part of the normal skin flora- are able to develop at acid pH (skin surface pH is below 5).
On the other side, Scedosporium were significantly associated with a decline in FEV1 (Fig. 5b), a result
congruent with their ability to induce chronic detrimental colonization of CF lung during Climax pha
ses12,14,15,17,19,20,42,59–63. As Pseudomonas do, Scedosporium is able to produce secondary metabolites with antimicrobial activity64. It secretes a polyketide boydone A with an anti-staphylococcus activity against methicillin-resistant
isolates, which fits well with the course of microbial airway colonization clinically observed in CF. Moreover, the
recent whole genome sequencing of Scedosporium species (https://genome.jgi.doe.gov/programs/fungi/index.
jsf) revealed a number of genes encoding putative ankyrin motif-containing proteins, methyltransferases and
oxidoreductases larger than the one of A. fumigatus genome65. Whether this larger magnitude of activities allows
the mold to use a wider range of nutritive substrates or to be able to synthesize specialized metabolites including
ammonia fermentation remains to be elucidated64–66, but it may participate in its successful establishment within
the respiratory tract of CF patients. Over time, the interchange of these states will lead to the emergence of new
Climax communities that are more and more adapted to the airway remodeling, leading to a less diverse community, composed of microorganisms highly resistant to antibiotic or antifungal agents such as Pseudomonas or
Scedosporium.
In summary, microbial interactions are clearly complex in natural communities such as lungs, due to the
impact of a multitude of microbes (bacteria, fungi, but also phages and viruses) able to interact67,68 and to host
immune response that appears dual68,69. We show that NGS approach combined with inference network and
ecological model analysis are useful in helping to decipher physiopathology of CF lung disease, and can be considered as a promising tool for improving our therapeutic protocols. As we clearly improved our knowledge
on sequenced genomes of the most frequent molds in CF (https://genome.jgi.doe.gov/programs/fungi/1000fungalgenomes.jsf), such inter-kingdom analysis should be easily reproduced in a larger cohort, completed to include
all significant members of the CF lung microbial community, and extended to analyze the meta-transcriptome
and metabolome, in order to confirm or to correct the CAM model efficiency and to define accurate biomarkers
of CFPEs. Additional in vitro (cell cultures) and/or in vivo (animal) models are required to support our future
findings and to fully understand the complex microbial interactions that drive lung microbial community evolution in CF.
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Figure 6. Adaptation of Climax/Attack model (CAM) in CF as inferred from previous studies and our
study4,7,13,14,31,32. According to CAM, two different microbial populations are evolved dynamically in CF lungs,
both being potentially composed of anaerobes4,7,13,14,31,32. Microbiome changes acquired through environmental
exposure or salivary aspiration (a) seem to participate to CFPE occurrence leading to an Attack population. The
microbial community will return to its original state (Resilience in (b)) or move to a new community considered
as stable but composed of a new Climax population with a different microbial community (Adaptation in
(b)), according to perturbation forces of the Attack population and its ability to pass through selection filters
(c). Selection filters (c) refer to layers that influence evolution of the microbial structure: changes in nutrient,
sources-oxygen pressure, pH, level of microorganism growth and virulence, host immune and inflammatory
response, antimicrobial treatment pressure. They participate in selecting the population the most adapted to
the new airway remodeling, in a circular relationship. According to a microbial community partitioned by
carbon source, the Climax population uses amino acids and produces ammonia, while Attack population uses
sugar fermentation and produces acid. In this context, Malassezia yeasts which use lipids as carbon sources
are unable to ferment sugar, and may have some advantages (cross-feeding) to share ecological niche with
anaerobes and Streptococcus. Streptococcus are responsible for sugar fermentation producing amino acid. By
the same time, fermentation is decreasing pH that is favorable for expansion of anaerobes which contribute
to produce fermentative compounds. Furthermore, Malassezia are able to develop at acid pH. On the other
side, Scedosporium are associated with decline of FEV1, which fit well with a role into an advanced Climax
population in agreement with their ability to use a wider range of nutritive substrates, to synthesize specialized
metabolites including ammonia fermentation, and their high resistance to antifungal drugs. Genera in black
refer to our bootstrap-enhanced Phy-Lasso analysis, and genera in grey to previous CAM studies.

Materials and Methods

Patients and sputum samples.

Among CF patients enrolled into a 3-year multicenter national prospective study (PHRC number 06/1902, acronym: MucoFong), 37 sputa consecutively collected at hospital centers
of Lille (n = 19), Dunkerque (n = 3), and Grenoble (n = 15) were sequenced using NGS. They were alternatively
selected from the first 64 sample collection21 according to CFPE presence or absence, if spirometry, therapeutic,
radiological and biological data were collected, and if residual sputum sample was sufficient to perform DNA
extraction. The clinical status (pulmonary exacerbation or stable period) of each patient was defined by the physician as follow. Recent changes in clinical parameters and/or modifications of the pulmonary function provide
criteria of exacerbation according to European Respiratory Society statement10.
Sputa were collected and analyzed according to a standardized protocol previously described21,70. DNA extraction was performed as previously described21.

Ethics statement. MucoFong study was approved by the institutional ethics committees of Lille Hospital
(Reference Number: CPP-06/84), and a written informed consent was provided by all participants. All methods
were performed in accordance with the relevant guidelines.
Targeted metagenomic library preparation, sequencing and taxonomic assignation. V3-V4
and ITS2 regions of bacterial and fungal rDNA were amplified and sequenced as previously described37,44. All
reactions were prepared in a sterile PCR hood, and negative control reactions were performed and examined
by electrophoresis on 1.5% agarose gel. We obtained 429,565 and 443,270 pyrosequences with prokaryotic and
eukaryotic loci, respectively. Sequencing data processing was performed using the Metabiote© pipeline where
potential chimeras, read with poor quality (≤20 quality scores), short read (≤150 nucleotides for 16S rRNA gene,
≤100 nucleotides for ITS2 rRNA gene), homopolymers, singletons, and doubletons were removed before the
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creation of Operational Taxonomic Unit (OTU). OTUs were created applying complete-linkage clustering with
97% similarity criteria (UClust v1.2.22q); OTUs’ annotation was performed using Ribosomal Database Project
classifier against Greengenes (v13.8 containing 203,452 16 S rRNA sequences) and UNITE (v12.11 containing
97,868 ITS1-ITS2 sequences) databases (Supplementary Table 1). Rarefaction curves were calculated to determine whether deep sequencing was sufficient to accurately characterize the bacterial and fungal community
diversity, as previously described44.

Microbial community composition analysis. Bacterial and fungal data were analyzed at phylum to species levels. Clinical status was assessed using CFPE (patient acutely exacerbated or stable), S-K score, BMI, and
the respiratory capacity measured by FEV1 value. The later was also expressed as categorical by using cut-off values: “mild” (FEV1 > 70%), “moderate” (FEV1 between 40–70%) and”severe” ventilatory deficit (FEV1 < 40%)59,71.
Microbial composition was analyzed according to clinical status measured as both continuous and categorical
variables.
Alpha diversity was measured though Simpson, Shannon, and Chao1 indexes. Richness and evenness differences between clinical status groups (S-K score, BMI, and FEV1) were tested using Wilcoxon signed-rank
test. Since these alpha diversity indexes do not reflect accurately community composition (i.e. two communities
could have the same diversity index but different community structures), principal coordinate analysis (PCoA)
of beta diversity analysis was performed using Bray-Curtis distance. Structural differences between groups were
tested using analysis of dissimilarities (ANOSIM) test. Bacterial and fungal community diversities were analyzed through the vegan and fossil R packages (v 3.4.3). Their structures were analyzed using QIIME (v 1.9.1)
software and vegan package. To assess inter-kingdom equilibrium between the microbial communities, we computed a fungus-to-bacteria diversity ratio and a Basidiomycota-to-Ascomycota relative abundance ratio35 that
were compared between patient groups using Wilcoxon signed-rank test. Relative abundances of OTUs were
compared between groups as follow: for each feature (be OTU, genus, etc.) present in at least 10% of the patients,
we first tested the distributional adequacy of the Poisson, the negative binomial and the Gaussian to the normalized non-zero data. Secondly, we considered the model presenting the best fitted distribution and we tested
the differences between groups. When none of the three distributions fitted, Wilcoxon signed-rank test was
used. Goodness-of-fit tests for discrete distributions were implemented through the vcd package (v 1.4.4). The
Shapiro-Wilk test was used to test for normality as well as graphical check. Bioconductor packages DESeq. 2 (v
1.22.1) and edgeR (v 3.16.1) implemented differential analysis for the model with discrete distributions, while
metagenomeSeq package (v 1.18.0) implemented differential analysis for the zero inflated Gaussian model72.
Finally, each sample was divided into majority and minority populations (abundant population referring to an
OTU relative abundance greater than or equal to 1%, and minority population as having a relative abundance of
less than 1%), since their contribution may differ12,34. According to Carmody et al.15, we defined a dominant OTU
as the most abundant OTU having a relative abundance higher or equal than twice the relative abundance of the
second most abundant OTU for each sputum sample. We compared both abundant and minority populations as
well as dominant OTUs between clinical status groups.
Inter-kingdom network analysis.

To assess the relationships among microorganisms and to determine
their underlying physio-pathological senses, joint analysis of fungal and bacterial relative abundance data was
performed by estimating their correlation matrix.
According to Gevers et al.73, to test the correlation while accounting for the compositional nature of data (i.e.
proportions that sum to 1), the permutation-renormalization bootstrap method (ReBoot) was used. We built both
the null distribution of correlations from renormalized permuted data which represents the correlation structure
arising purely from the compositionality, and the distribution of correlations from bootstrap sampled data referring to the confidence interval of the observed correlation. The compositional null distribution and the bootstrap
distribution were compared by Z-test with the variance pooled from both distributions. The ccrepe Bioconductor
package (v 1.10.0) implemented this ReBoot method, and was used here; it also allows applying network analysis
up from 20 samples. The significance of association between features was based on the Spearman correlation as
similarity measure (at the 0.05 level). We generated 1,000 bootstrap replicates.

In vitro co-cultures. A. fumigatus strain CBS144.89, and two clinical strains of S. oralis and S. mitis isolated
from two CF patients and kindly provided by Pr. Lehours (Bacteriology Department, Bordeaux hospital) were
used for in vitro experiments. These two Streptococcus isolates were selected according to their prevalence in
CF upper airways and their role in CF inflammation and disease74–77. Co-cultures (10 million bacterial cells plus
1 million Aspergillus conidia) were conducted in brain-heart infusion (BHI) medium, with moderate shaking,
at 37 °C, under aerobic conditions as recently described1. Growth of A. fumigatus alone or in co-culture with S.
oralis or S. mitis was measured every 24 hours for five consecutive days. At each time point, a diluted aliquot of
microbial BHI-mixture was plated on chocolate agar; fungal colony forming units (CFUs) were counted after a
24-h incubation period. The experiment was done in triplicate.
Identification of taxonomic traits independently associated with the clinical outcomes. Among

a high number of OTUs (greater than the number of patient that we assimilated to a high-dimensional dataset),
we determined which ones were significantly associated with clinical status by applying Least Absolute Shrinkage
and Selection Operator (Lasso) regression78, after adjusting for the contribution of the other OTUs. Lasso linear
or logistic regression models were used when the clinical status was measured, respectively, as a continuous (by
FEV1) or binary (by CFPE) variable. In Lasso regression, a penalty on absolute coefficient size is added to the
usual loss functions used for regression problems (mean squared error in the linear model and negative logistic
log likelihood in the logistic model). In one hand, the introduction of a penalty often improves the prediction
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accuracy due to the bias-variance trade-off. On the other hand, if the amount of penalty is sufficiently large,
some coefficients are shrunk to exact zero, thus estimation and OTU selection are simultaneously achieved. The
Lasso technique has been adapted to hierarchical data. Rush et al.3 recently proposed a Phy-Lasso method that
incorporates the phylogenetic tree structure characteristic of microbiome OTUs. This Phy-Lasso method applied
a hierarchical model for each taxonomic level; the corresponding code being available from the author79. We
added Phy-Lasso linear regression to the toolbox, and estimated the optimal amount of penalty from the data as
follow. Because of the small sample size of the present study, we used leave-one-out cross-validation (LOO-CV)
in which the model is fitted for n-1 patients and the predicted clinical status for the left-out patient is compared
with his/her actual clinical status. This procedure is repeated n times, and the average agreement of the predicted
and observed clinical status computed. Among values varying between high and low amounts of penalties, the
good amount of penalty is chosen such that the predicted error is minimized. In linear regression (such as FEV1),
we considered the predicted quadratic error. In logistic regression (such as CFPE), we considered the predicted
classification error determined from a cutoff probability of 0.5. While the Lasso has excellent properties in dimensional reduction and estimation, it over-selects OTUs to reduce the prediction errors when a cross-validation
method is used. To address this point, we applied the bootstrap-enhanced Lasso (Bolasso, based on intersecting
bootstrapped Lasso estimations80), given its appealing asymptotic consistency properties and its simple implementation. In Bolasso, only OTUs frequently chosen by Phy-Lasso over bootstrap samples are selected, which
improve results stability. We generated 200 bootstrap replicates. The frequency thresh-old of Bolasso was specified
to be conservative (70%), to not miss any OTU associated with clinical status. PhyLasso associated function as
well as all the codes used in this study are available at: https://github.com/psBiostat/MucoFong-study.git, and
summarized in the Supplementary Table 2.

Revision of the climax-attack model (CAM) previously proposed in CF.

Based on our results
of inter-kingdom network analysis, in vitro co-cultures and feature selection based on bootstrap-enhanced
Phy-Lasso, we proposed a CAM version enriched with the present mycobiome data (Fig. 6). In this new CAM
version, we confirmed affiliations of bacteria previously proposed and documented4,7,13,14,31,32. Regarding mycobiome, we confirmed the previous Scedosporium genus assignation to Climax population, as it was negatively
associated with both CFPE and elevated value of FEV1 (see feature selection in Fig. 5). Based on feature selection
(Fig. 5), we proposed the same affiliation for Penicillium.
As Malassezia and Aspergillus are associated with CFPE (Fig. 5a), we proposed to affiliate these genera to
the Attack population, which fit well with the positive network interaction (Fig. 2), and the co-cultures results
between Aspergillus and Streptococcus (Fig. 4).
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