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Basidiomycota species
in Drosophila gut are associated
with host fat metabolism

Berkay Bozkurt?, Gamze Terlemez? & Efe Sezgin%3**

The importance of bacterial microbiota on host metabolism and obesity risk is well documented.
However, the role of fungal microbiota on host storage metabolite pools is largely unexplored.

We aimed to investigate the role of microbiota on D. melanogaster fat metabolism, and examine
interrelatedness between fungal and bacterial microbiota, and major metabolic pools. Fungal and
bacterial microbiota profiles, fat, glycogen, and trehalose metabolic pools are measured in a context
of genetic variation represented by whole genome sequenced inbred Drosophila Genetic Reference
Panel (DGRP) samples. Increasing Basidiomycota, Acetobacter persici, Acetobacter pomorum, and
Lactobacillus brevis levels correlated with decreasing triglyceride levels. Host genes and biological
pathways, identified via genome-wide scans, associated with Basidiomycota and triglyceride levels
were different suggesting the effect of Basidiomycota on fat metabolism is independent of host
biological pathways that control fungal microbiota or host fat metabolism. Although triglyceride,
glycogen and trehalose levels were highly correlated, microorganisms’ effect on triglyceride pool were
independent of glycogen and trehalose levels. Multivariate analyses suggested positive interactions
between Basidiomycota, A. persici, and L. brevis that collectively correlated negatively with fat

and glycogen pools. In conclusion, fungal microbiota can be a major player in host fat metabolism.
Interactions between fungal and bacterial microbiota may exert substantial control over host storage
metabolite pools and influence obesity risk.

Vertebrates and invertebrates coexist with a rich microbiota consisting of bacteria, fungi, archaea, and viruses.
The gastrointestinal tract is one of the richest microbiota ecosystems on the organism'. Gut microbiome can influ-
ence the host metabolism and nutrition status®™*, gut development and gut-brain connection®, and immunity”*.
Microbiota can also modulate endothelial tissue repair, regulation of intestinal endocrine functions’, energy
production, weight gain and development of insulin resistance!°.

Obesity is associated with altered bacterial microbiota composition where bacterial diversity reduction in
human and animal models are reported!!~!°. Whether microbiota composition change drives obesity or it is
just a result of host metabolic change is still not clear'”. However, reports suggest obesity related microbiota
can extract calories from indigestible polysaccharides more efficiently’>'®!°, can alter host metabolism'**, and
influence satiety related behavior?!.

Nearly all microbiota studies focus on prokaryotic organisms (such as bacteria). Despite their much larger
genome, thus possibility of more complicated interactions with the host, the effect of fungal microbiome
(also called the mycobiome) on host metabolism is largely unexplored. Most fungal-host interactions focus
on infectious diseases, however, changes in fungal microbiome has also been reported in obesity??, autoim-
mune conditions?, neurologic conditions®*, cancer®, and mycobiome may influence bacterial microbiota
composition?. Therefore, further research on mycobiome-host interactions is needed.

Over the last decade Drosophila melanogaster has emerged as a model organism to mechanistically study
host-microbiota intercations. Although D. melanogaster has a much simpler bacterial microbiota compared to
vertabrates?”%, its microbiome has profound physilogical effects on the host such as larval development, nutrition
status, metabolism, immune regulation, and aging***~3*. Moreover, as D. melanogaster is an excellent model for
controlled experiments and amenable to genetic manipulation. With the D. melanogaster model, studying cor-
relations between microbiota and host metabolism may promote the identification of the underlying biological
pathways more easily *>**-, Similar to other organisms the fungal microbiome studies in Drosophila is rather
limited. The fungal microbiome of Drosophila differs based on host species, geography and nutrition status®-*2.
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Some fungal species are utilized as energy and protein source by Drosophila, and reported to influence host
fecundity, fertility, and life span*’. These observations suggest that host-fungal microbiome interactions may
influence host metabolism and physiology in Drosophila.

In this study we primarily aimed to investigate the role of fungal microbiota on D. melanogaster fat and gly-
cogen metabolism, the main energy storage metabolites. Trehaolose is the circulating blood sugar in insects. We
also aimed to examine the correlations between bacterial microbiota and these metabolic pools, and quantify
interrelations between fungal and bacterial microbiota, and fat and glycogen pools. To address these aims, we first
identified the fungal and bacterial microbiota in a subset of D. melanogaster Drosophila Genetic Reference Panel
(DGRP)* samples. DGRP lines are whole genome sequenced inbred lines derived from natural populations.
They are a widely used community resource for studying genetic architecture of complex phenotypes*. Then,
we quantified the relative amount of most common fungal and bacterial taxa in 120 DGRP lines. Fat, glycogen,
and trehalose metabolic pools are also measured in these DGRP samples. The relationships between the fungal
and bacterial taxa, and the metabolites are examined.

Materials and methods

Drosophila melanogaster (DM) stocks. 120 Drosophila Genetic Reference Panel (DGRP) stocks**°,
purchased from Bloomington Drosophila Stock Center (Bloomington, Indiana, USA), were used. The stocks
were grown on a standard medium* consisting of optimized agar-corn-sugar-non-living yeast extract. Similar
egg and larval density was maintained in each vial. Stocks were kept in a climate-controlled room at 25 °C and
relative humidity of 65% on a 12-h day and night cycle.

Bacterial and fungal DNA isolation from fly gut samples. Five to seven days old five adult male
flies from each DGRP line were collected. Each fly sample was washed with 10% sodium hypochlorite followed
by distilled sterile water for surface sterilization repeating the washing process three times. The intestinal tube
was removed by separating the abdomen from thorax with a sterile scalpel and tweezers in sterile Ringer’s solu-
tion. DNA isolation was performed by the High Pure PCR Template Preparation kit (Roche Applied Science,
Germany). Five intestinal samples belonging to each DGRP lines were placed in eppendorf tubes, 200 pl of
tissue lysis buffer and 40 pl of proteinase K were added, mixed well crashing the tissues. After incubation at
55 °C for 1 h, 10 pl of lyticase (for fungal DNA) or 5 pl of lysozyme (for bacterial DNA) is added and incubated
at 37 °C. Incubation period was 30 min for fungi and 15 min for bacteria. DNA binding, washing and elution
steps were continued according to the manufacturer’s protocol. The concentration (ng/ul) and purity (A260/
A280 and A260/A230 ratios) of the DNA samples were determined by NanoDrop 8000-C Spectrophotometer
(Thermo Fisher Scientific, USA). The presence of fungal and bacterial DNA was tested with randomly selected
samples. The PCR reactions were performed by ITS (ITS1-F: TCCGTAGGTGAACCTGCGG and ITS4-R: TCC
TCCGCTTATTGATATGC) and 16S rRNA gene (331-F: TCCTACGGGAGGCAGCAGT and 797-R: GGACTA
CCAGGGTATCTAATCCTGTT) primers utilizing the FastStart High Fidelity PCR System, dNTPack kit (Roche
Applied Science, Germany) according to the manufacturer protocol. All samples were kept at—80 °C until fur-
ther processing.

Identification of fungal and bacterial microbiota: ITS region and 16S rRNA gene amplicon
sequencing. For fungal and bacterial microbiota determination ITS region and 16S rRNA genes were tar-
geted and amplified by specific primers listed in Supplemental Table 1 for ten randomly selected DGRP lines
(line numbers 138, 217, 235, 26, 354, 370, 439, 705, 837, 900 represented by S1-S10 in Supplemental Figs. 1 and
2). After quantification and qualification of PCR products, sequencing libraries were generated with Nextera XT
DNA Library Preparation Kit (Illumina, USA). Concentration of the libraries were normalized by diluting to
4 nM then paired-end (2 x 250 bp) sequenced by Illumina NovaSeq 6000. Raw data quality and quality control
of the reads were checked by FastQC and QIIME2, respectively. Primer and barcode sequences, chimeric reads,
and reads with Phred Score less than 20 were removed by DADA2 and effective tags were obtained. QIIME2
was used for taxonomic determination of each Operational Taxonomic Units (OTUs). Representative sequences
for OTUs with > 97% similarity against the Greengenes (version 13_8)* and SILVA (SILVA 138.1)* for bacteria,
and UNITE (version 8.3)*° databases for fungi were generated. Rarefaction curves plotting sequencing depth
vs. number of taxa identified were used to judge the appropriateness of sequencing depth for each sample®*>!.
Most abundant OTU representative sequences were also blasted and compared with the reference sequences in
National Center for Biotechnology Information (NCBI).

Quantification of selected fungal and bacterial taxa levels using real-time quantitative PCR
(qPCR) analysis. Following the fungal and bacterial microbiota analyses in 10 randomly selected DGRP
samples, the presence of the common bacterial species and fungal phyla in 120 DGRP strains and their relative
abundance were determined by qPCR. DNA extraction from five guts of each DGRP line was performed as
described above. Primers used to assay selected species/taxa are listed in Supplemental Table 2. Primers were
designed by IDT SciTools OligoAnalyzer 3.1 (https://www.idtdna.com/calc/analyzer) software and specificity
of primers were checked with BLAST (https://www.ncbi.nlm.nih.gov/tools/primerblast/). For a single reaction,
0.5 ng template DNA, 1.9 ul of PCR-grade water, 0.3 ul (10 pmol/pl concentration) of microorganism specific
forward and reverse primers, and 5 pl of LightCycler’ 480 SYBR Green I Master enzyme (Roche Applied Sci-
ence, Germany) were mixed and total volume was adjusted to 10 pl. Distilled water was used as a negative
control in each run. Positive controls included Saccharomyces cerevisiae for Ascomycota, Agaricus bisporus for
Basidiomycota, and cultured pure strains of Acetobacter persici, Acetobacter pomorum, Enterococcus faecium,
Lactiplantibacillus brevis (formerly known as Lactobacillus brevis), and Lactiplantibacillus plantarum (formerly
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known as Lactobacillus plantarum). All reactions were carried out in duplicates on a Roche LightCycler” 480 II
Real-Time PCR System to the following conditions: 95 °C for 10 min with initial denaturation followed by 50
cycles of 95 °C for 10 s, annealing at temperatures showed in Supplemental Table 2 for 15 s, and 72 °C for 15 s.
Melting curve analysis was used to assess the success of QPCR reactions with a ramp rate of 0.11 °C/s. Amplifica-
tion and melting curves for each sample were obtained from Absolute Quantitation/Second Derivative and Tm
Calling analysis modes in the LightCycler 480 II Software v.1.5. Relative abundance of target species/phyla was
expressed as 2"2C! and calculated according to the following formulas®>%.
Relative abundance of target fungal phylum with respect to abundance of total fungi:

zfACt — 27(Ct of target fungal taxa—Ct of total fungi)

Relative abundance of target bacterial species with respect to abundance of total bacteria:

2~ ACt _ 2~ (Ct of target bacteria—Ct of total bacteria)

Metabolic pool assays. Two flies from each DGRP strain were homogenized in 300 pl of NP40 Substitute
Assay Reagent (Cayman, Item No. 700024) buffer solution and then centrifuged for 10 min at 10,000g in 4 °C.
After separating 20 pl of homogenate for the protein assay, the remaining supernatant was denatured at 70 °C for
15 min for glucose, glycogen, trehalose and triglyceride measurements. Each metabolic pool was measured in
duplicates, and the mean of results were used in further analyses.

Glucose, glycogen, and trehalose levels were measured using a commercially available kit (Cayman Glucose
Colorimetric Assay Kit, Item No. 10009582). For glycogen amount calculation the glycogen is digested into
free glucose. Fifteen pl of fly homogenate samples including 5 pl of 250 mM Na phosphate assay buffer (pH
7.2), were enzymatically digested by amyloglucosidase (A1602 from Sigma, St. Louis) at 37° for 1 h. Then glu-
cose levels were measured using 15 pl of digested homogenate in 200 ul of assay solution by Cayman Glucose
Colorimetric Assay Kit (Item No. 10009582). Glycogen (Cayman 700481) standard is used for preparation of
standards at different concentrations, and they were subjected to enzymatic digestion process together with the
samples. Glucose standard curve was used to determine glucose levels within samples. Then, by subtraction the
absorbance of glucose in the untreated samples from the absorbance of samples diluted with amyloglucosidase,
glycogen levels were calculated based on the glycogen standard curve. For trehalose amount calculation, 15 pl
of fly homogenate samples containing 5 pl of 250 mM Na phosphate assay buffer (pH 7.2), were enzymatically
digested by trehalase (T8778 from Sigma, St. Louis) at 37° for 24 h. Then glucose levels were measured using
15 pl of digested homogenate in 200 pl of assay solution by Cayman Glucose Colorimetric Assay Kit (Item No.
10009582). Trehalose (Cayman 20517) standard was taken for trehalose analysis, standards were prepared at
different concentrations, and they were subjected to enzymatic digestion process together with the samples.
Glucose standard curve was used to determine glucose levels within samples. Then, by subtraction the absorb-
ance of glucose in the untreated samples from the absorbance of samples diluted with trehalase, trehalose levels
were calculated based on the trehalose standard curve. Triglyceride (TGA) was measured with a commercially
available kit (Cayman Triglyceride Colorimetric Assay Kit, Item No. 10010303). Ten microliters of fly homogenate
was mixed with 150 ul of assay solution and incubated at 37° for 30 min. Protein concentration was measured
based on the Bradford method as implemented in the Protein Determination Kit (Cayman, ltem No. 704002)
according to the manufacturer protocol. Ten ul of fly homogenate was diluted to 500 ul with ddH,0. 100 ul of
the diluted fly homogenate was incubated with 100 pl of protein determination kit reagent at room temperature
for 5 min. Standard curves and linear regression formulas, constructed by plotting absorbance versus increas-
ing prepared concentrations of each metabolite, were used for quantification of metabolites in each sample. All
metabolite measurements were standardized by protein amount and reported as milligrams of metabolite per
milligrams of protein.

Genome-wide association studies (GWAS) and annotation of candidate genes. Genes and
genetic variants associated with triglyceride, basidiomycote, A. persici, A. pomorum, and L. brevis levels were
identified with the DGRP reference panel GWAS web tool (http://dgrp2.gnets.ncsu.edu/index.cgi). Mixed effect
linear models included wolbachia status and chromosomal inversions in individual fly genomes. Only genes and
variants with P < 107 are considered biologically relevant, and used for further annotation. Flybase (https://flyba
se.org/) and NCBI (https://www.ncbi.nlm.nih.gov/) were used for functional annotation of genes identified in
the GWAS. STRING (https://string-db.org/) web tool was used to examine protein network interactions, GO
annotations, biological pathway and functional enrichment tests.

Statistical analysis. Shapiro-Wilk’s test was used to test the normality assumption of the data. The best-
Normalize package in R (https://cran.r-project.org/web/packages/bestNormalize/index.html) was used to nor-
malize the data. Pearson correlation coefficient was utilized to investigate the relationships between dominant
fungal and bacterial microbiota taxa, and metabolite variables. Univariate and multivariable regression analy-
ses were used to statistically model the effect of examined taxa on metabolic pools. Pairwise significant cor-
relations between several microbiota and metabolite variables was evident. Canonical correspondence analysis
(CCA) was used to formulate the significant linear combinations that elucidate the most influential correlations
between microbiota and metabolite variables. CCA (https://cran.r-project.org/web/packages/ CCA/CCA.pdf)
and CCP (https://cran.r-project.org/web/packages/CCP/CCP.pdf) R packages were used to conduct canonical
correspondence analyses. All statistical analyzes were performed with R software (Version 4.2.2) (https://www.r-
project.org). P-values less than 0.05 was accepted as statistically significant.
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Results

Identification of fungal microbiota profile in the Drosophila gut. An average of 122,684 reads per
sample (range 60,766-253,297) were generated for the nine DGRP gut samples. In all sequences, three phyla, 15
classes, 46 orders, 87 families, and 113 genus were identified based on a 97% similarity criteria. The most abun-
dant phyla in the samples were Ascomycota (97.5%), Basidiomycota (2.4%), and Mucoromycota (0.1%) (Supple-
mental Fig. 1). Saccharomycetes was the dominant fungi class followed by Dothideomycetes within Drosophila
gut, cumulatively representing over 95% of the ITS sequences in our samples. As species level identification
was not possible for most reads, we targeted all Ascomycota and Basidiomycota taxa using the primers listed in
Supplemental Table 2 and quantified the relative abundance of Ascomycota and Basidiomycota in 120 DGRP
samples by qPCR to be used in further analyses.

Identification of bacterial microbiota profile in the Drosophila gut. An average of 129,585 reads
per sample (range 47,575-236,311) were generated for the ten DGRP gut samples. In all sequences, six phyla,
19 classes, 42 orders, 93 families, 276 genus, and 614 species were identified based on a 97% similarity criteria.
The most abundant phyla in the samples were Firmicutes (70.5%), Proteobacteria (21.8%), Bacteroidetes (4.8%),
Actinobacteria (2.7%), and Fusobacteria (0.1%) (Supplemental Fig. 2). For most reads accounting over 5% of the
total number of reads species level identification was possible. We targeted relatively common identified species
(Acetobacter persici, Acetobacter pomorum, Enterococcus faecium, Lactiplantibacillus brevis, and Lactiplantibacil-
lus plantarum) that were also reported in previous Drosophila studies using the primers listed in Supplemental
Table 2, and quantified the relative abundance of these species in 120 DGRP samples by qPCR to be used in
further analyses.

Metabolic pool profiles in the DGRP lines. Glucose, glycogen, trehalose, and triglyceride levels were
quantified as milligram metabolite per milligram of protein. The mean (+SD) and median (25%,75%) glucose
measurements were 0.19 (£0.12) and 0.18 (0.12, 0.23). For glycogen, trehalose, and triglycerides the mean (+ SD)
and median (25%,75%) measurements were 0.36 (+0.44) and 0.20 (0.09, 0.47), 0.03 (+0.03) and 0.02 (0.01, 0.04),
1.03 (£0.65) and 0.84 (0.59, 1.33), respectively. The distributions of all metabolites significantly deviated from
normality (Supplemental Fig. 3, Shapiro-WilK’s test p-values<0.001). Therefore, normalized metabolic meas-
urements were used in correlation and association analyses.

Relationships between fungal and bacterial microbiota, and metabolic pools. There was a posi-
tive significant correlation between trehalose, glycogen, and triglyceride metabolite levels, where samples with
higher triglycerade levels also had higher glycogen and trehalose levels, or vice versa (r: 0.41-0.48, Ps<0.01;
Supplemental Fig. 4). Moreover, a significant negative correlation between Basidiomycota and triglyceride levels
was observed (r: —0.22, P <0.05; Supplemental Fig. 4). Basidiomycota level did not show a strong correlation
with other metabolites. Also, Ascomycota level did not show strong correlation with any of the metabolites
(Supplemental Fig. 4).

A. persici level showed positive correlation with all other bacterial species examined (r: 0.24-0.74, Ps <0.05;
Supplemental Fig. 5), whereas L. brevis showed positive correlation with A. pomorum (r: 0.47, P <0.001), and
E. faecium (r: 0.22, P <0.05; Supplemental Fig. 5). Negative correlations between A. pomorum and triglyceride
(r: =0.72, P <0.001), glycogen (r: —0.35, P <0.001), and trehalose (r: —0.33, P <0.001) levels was observed (Sup-
plemental Fig. 5). Triglyceride level was also negatively correlated with A. persici (r: —0.27, P <0.05) and L. brevis
(r: —0.29, P<0.01) levels. In addition, negative correlation between E. faecium and glycogen levels (r: —0.33,
P <0.001) was observed (Supplemental Fig. 5).

Examination of associations between fungal and bacterial taxa showed positive correlations between Basidi-
omycota and A. persici (r: 0.28, P<0.01), and A. pomorum (r: 0.21, P <0.05) levels (Supplemental Fig. 6). A
weak positive correlation between total fungi and total bacteria levels was also observed (Supplemental Fig. 6).

Univariate and multivariable regression models were used to formally test the effect of fungal and bacterial
taxa on metabolic pools. The negative associations between Basidiomycota, A. persici, A. pomorum, L. brevis
and triglyceride levels was evident (Table 1, Fig. 1). Although the triglyceride, glycogen, and trehlose levels were
observed to be highly correlated, the negative effect of these microbiome taxa on fat metabolism was independent
of their effect on glycogen or trehalose metabolisms shown by the multivariable models (Table 1). Regression
models also confirmed the glycogen level lowering effect of A. pomorum, and E. faecium (Table 1, Fig. 2). The
negative effect of A. pomorum on trehalose levels was significant (Table 1, Fig. 2), though only in the univariate
model.

As examining the muti-way associations and interactions between microbiota and metabolite profiles (12
variables: three fungal, six bacterial, and three metabolites) via regression models is not possible with the design
of this study, we adopted a mutivariate canonical correspondance analysis (CCA) to identify significant lin-
ear combinations that elucidate the most influential correlations between microbiota and metabolite profiles.
Two statistically significant canonical dimensions were observed. Dimension 1 had a canonical correlation of
0.87 (p<0.001) between metabolite and microbiota variables, while the second dimension’s canonical correla-
tion was 0.49 (p=0.001). Projection of canonical coeflicients of metabolite and microbiota variables on the
first two most informative canonical dimension showed that the first dimension primarily captured loadings
separatingmicrobiota related variables and metabolites, whereas the second dimension captured loadings that
further separates metabolites (such as glycogen from triglycerise and trehalose), and the different microbial taxa
(Fig. 3). Controlling for all other metabolite and microbiota variables, the negative influence of Basidiomycota,
A. pomorum, A. persici, and L. brevis on triglyceride levels was evident. Similarly, the negative effect of E. faceium
and A. pomorum on glycogen levels was clear (Fig. 3). The CCA findings support the multivariable regression
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Triglyceride Glycogen Trehalose
Organism Coef (se) ‘ P ‘ Coef,g; (se)* | Py Coef (se) ‘ P ‘ Coef,g; (se)* | Py | Coef (se) ‘ P ‘ Coef,g; (se)* | Py
Fungi
Total fungi 0.07 (0.11) 0.53 - - 0.17 (0.09) 0.07 0.09 (0.09) 0.29 | -0.04 (0.10) |0.68 - -
Ascomycota -0.02 (0.10) 0.82 - - 0.03 (0.09) 0.75 - - -0.02 (0.10) |0.84 - -
Basidiomycota —-0.23 (0.11) 0.04 —-0.19 (0.09) | 0.05 -0.03 (0.09) 0.74 - - -0.10 (0.10) |0.29 - -
Bacteria
Total bacteria 0.12 (0.11) 0.28 - - 0.11 (0.09) 0.24 - - 0.06 (0.10) 0.51 - -
Acetobacter persici —-0.25 (0.10) 0.01 —-0.17 (0.09) | 0.07 -0.05 (0.09) 0.60 - - -0.11 (0.10) |0.29 - -
Acetobacter pomorum ~0.68(0.07) | <0.0001 | -0.58 (0.07) | <0.0001 |-0.35(0.09) | <0.0001 | -0.25(0.14) |0.07 |-0.33(0.09) |0.0004 |0.11(0.13) |0.41
Enterococcus faecium -0.09 (0.12) 0.44 - - -0.33 (0.09) 0.0005 | —0.28 (0.11) |0.01 | -0.13(0.10) |0.18 - -
Lactobacillus plantarum 0.02 (0.11) 0.85 - - —-0.02 (0.10) 0.76 - - 0.15(0.10) 0.14 - -
Lactobacillus brevis -0.28 (0.10) 0.009 | —0.16 (0.09) | 0.09 -0.14 (0.10) 018 |- - —0.18 (0.11) |0.09 —0.02 (0.11) |0.81

Table 1. Univariate and multivariable regression models examining the effect of fungal and bacterial taxa on
metabolite levels. Coef (se): regression coefficient (standard error). *Multivariable regression model including
triglyceride, glycogen, and trehalose metabolites in the model.
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Figure 1. Scatterplots of normalized triglyceride level versus (A) normalized Basidiomycota, (B) A. persici, (C)
A. pomorum, and (D) L. brevis levels. Pearson correlation coeflicients (r) and associated p values are presented.

models that the effect of Basidiomycota, A. pomorum, A. persici, and L. brevis on fat metabolism is independent
of glycogen and trehalose metabolism. The CCA results also support individual pairwise positive correlations
between Basidiomycota, A. pomorum, and A. persici.
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Figure 2. Scatterplots of normalized glycogen level versus (A) normalized A. pomorum, (B) E. faecium, (C)
normalized trehalose level versus A. pomorum levels. Pearson correlation coefficients (r) and associated p values
are presented.
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Figure 3. Canonical correspondence analysis for all microbiota and metabolite variables. Projection of
canonical coefficients on the first two most informative canonical dimensions is presented. TGA triglyceride,
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Biological pathways underlying host fat metabolism, fungal and bacterial microbiota interac-
tions. We interrogated the genomes of DGRP lines to identify host genes that influence triglyceride, Basidi-
omycota, A. persici, A. pomorum, and L. brevis levels using a genome-wide association approach. Due to many
multiple tests connected, a gene-wise multiple test correction criteria of P-values less than 1 x 10~ was used to
filter association test results. Several genes that pass the statistical threshold criteria were identified for each
phenotype (Supplemental Table 3 (sheets A-E)). We were primarily interested finding out whether there was
an overlap of host genes and biological pathways that influence the triglyceride, Basidiomycota, A. persici, A.
pomorum, and L. brevis levels. There was no overlap of genes or biological pathways that were associated with
triglyceride and any of the four taxa. Three gene hits, fipi, Obp57c, and ome were common for Basidiomycota
and A. pomorum levels (Supplemental Table 3 (sheets A-F)). STRING network analyses identified very limited
protein-protein inreactions between rdgA, Dys, Sdc, and sfl; Ca-beta and Th; CD43366 and CD42342 (Supple-
mental Fig. 7), however no biological pathways were found to be significantly enriched.

Discussion

We aimed to investigate the relationships between fungal and bacterial microbiota, and major energy stor-
age metabolites in D. melanogaster. We used genetically homogeneous inbred male flies of same age reared
under same controlled diet and other environmental (temperature, humidity, egg and larval density) condi-
tions. We observed that the second most common but relatively rare component of the fungal microbiota, the
Basidiomycota is associated with a lower host fat metabolic pool. The most common component of the fungal
microbiota, the Ascomycota did not show a significant correlation with fat, glycogen, or trehalose levels. The
association of Basidiomycota with host fat metabolism was independent of glycogen and trehalose metabolisms.
Through genome-wide association scans, we identified host genes and biological pathways that are associated
with Basidiomycota and triglyceride levels. None of the genes and biological pathways identified to be associated
with Basidiomycota and triglyceride levels overlapped, and no protein-protein and/or gene-gene interactions
between the protein/gene sets were observed. These results may suggest that the association of Basidiomycota
with fat metabolism could be independent of host biological pathways that control fungal microbiota or host
fat metabolism. But, one cannot rule out that specific host genes may affect triglyceride levels and triglycerides
can in turn affect Basidiomycota levels. Or, certain bacteria can modulate Basidiomycota levels. Clearly, further
functional studies are needed, including examining the bacterial and fungal metabolites that may be modulat-
ing host metabolism.

Our findings agree with previous reports where Ascomycota taxa were reported to constitute the majority
of fungal microbiota followed by Basidiomycota in insects including Drosophilids*®***. Ascomycota phylum
yeasts can affect food choice®, reproduction”, and development®®®, and provide essential vitamins and lipids®
to Drosophila. Similar studies on the effect of Basidiomycota taxa on Drosophila metabolism or physiology is
very limited. The extract of Pleurotus ostreatus, a Basidiomycota fungus, reduced circulating glucose level in the
type-2 diabetes model of D. melanogaster®. A few studies with other organisms suggest a possible direct link
between mycobiome and host metabolism. Members of Basidiomycota taxa correlated with fecal short-chain
fatty acids and with possible effects on host metabolism in three different pig breeds®. In laboratory mice, gut
mycobiome composition correlated with metabolic tone, where primarily members of Ascomycota showed high
correlation between weight gain and triglyceride levels®*. High-fat induced diet changed mycobiome composition
and influenced obesity risk in the mice model®, however, neither the exact fungal species nor the underlying
biological pathways is still not well understood.

We also observed that the bacterial microbiota members A. pomorum, A. persici, and L. brevis is associated
with lower levels ofhost fat metabolic pool. A. pomorum was also associated with lower host glycogen and treha-
lose levels. E. faecium was the other bacterium that showed a negative correlation with glycogen levels. Previous
reports also showed a positive correlation between Acetobacter and Lactobacillus species in Drosophila gut, where
increased Acetobacter and Lactobacillus species decreased triglyceride levels®®. E. faecium supplementation
reduced the negative effects of high fat diet in the Drosophila type-2 diabetes model by decreasing the overex-
pression of insulin-like genes®. Interestingly A. pomorum can also modulate host metabolism through insulin
signaling®. The variation of triglyceride content in the presence of Acetobacter and Lactobacillus is proposed to be
through an increase in Acetobacter abundance by cocolonization with Lactobacillus®®, though the exact molecular
mechanism is not known. We observed significant positive correlations between Basidiomycota, and A. persici
and A. pomorum, but not with L. brevis abundance, and all four had a significant reducing effect on triglyceride
level. Three host genes fipi, Obp57c, and ome were identified to affect both the Basidiomycota and A. pomorum
levels. All together, these observations suggest that host can control the abundance of certain fungal and bacte-
rial taxa, which in turn trough interspecies and inter-kingdom interactions can modulate host fat metabolism.

There are limitations of our study. First, we do not have a species level resolution of Basidiomycota taxa to
identify the actual species that affect the fat metabolism. Second, our conclusions are based on correlational
observations rather than controlled interventional experimental results. Our conclusions should be tested with
host fungal and bacterial microbiota manipulating controlled experiments.

In conclusion, the Basidiomycota portion of the gut fungal microbiota, A. persici, A. pomorum, and L. bre-
vis are associated with host fat metabolism, thus may influence obesity risk. Future studies should also focus
on fungal microbiota taxa and their interactions with the bacterial microbiota for a better and more complete
understanding of how microbiome can influence obesity risk.
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Data availability

All raw data used in the analyses are presented in Supplemental Table 3 (sheet G). Fungal and bacterial micro-
biota NGS sequence data is deposited to NCBI with Bioproject ID PRJNA1004984 (https://www.ncbi.nlm.nih.
gov/bioproject/PRINA1004984) (https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP454797 &o=acc_s%3Aa).

Received: 27 April 2023; Accepted: 21 August 2023
Published online: 23 August 2023

References
1. Quigley, E. M. M. Gut bacteria in health and disease. Gastroenterol. Hepatol. (N.Y.) 9, 560-569 (2013).
2. Rothschild, D. et al. Environment dominates over host genetics in shaping human gut microbiota. Nature 555, 210-215 (2018).
3. Valdes, A. M., Walter, J., Segal, E. & Spector, T. D. Role of the gut microbiota in nutrition and health. BMJ https://doi.org/10.1136/
bmj k2179 (2018).
4. Ridley, E. V., Wong, A. C., Westmiller, S. & Douglas, A. E. Impact of the resident microbiota on the nutritional phenotype of
Drosophila melanogaster. PLoS ONE 7, 36765 (2012).
5. Wiley, N. C. et al. The microbiota-gut-brain axis as a key regulator of neural function and the stress response: Implications for
human and animal health 1, 2. J. Anim. Sci. 95, 3225-3246 (2017).
6. Ye, L. & Rawls, J. E Microbial influences on gut development and gut-brain communication. Development (Cambridge) https://
doi.org/10.1242/dev.194936 (2021).
7. Thaiss, C. A., Zmora, N., Levy, M. & Elinav, E. The microbiome and innate immunity. Nature 535, 65-74 (2016).
8. Cebra, J. J. Influences of microbiota on intestinal immune system development. Am. J. Clin. Nutr. 69, 1046S-1051S (1999).
9. Neuman, H., Debelius, J. W., Knight, R. & Koren, O. Microbial endocrinology: The interplay between the microbiota and the
endocrine system. FEMS Microbiol. Rev. 39, 509-521 (2015).
10. Canfora, E. E., Jocken, J. W. & Blaak, E. E. Short-chain fatty acids in control of body weight and insulin sensitivity. Nat. Rev. Endo-
crinol. 11, 577-591 (2015).
11. Turnbaugh, P. J. et al. An obesity-associated gut microbiome with increased capacity for energy harvest. Nature 444, 1027-1031
(2006).
12. Ley, R. E. et al. Obesity alters gut microbial ecology. Proc. Natl. Acad. Sci. U. S. A. 102, 11070-11075 (2005).
13. Ley, R. E,, Turnbaugh, P. ], Klein, S. & Gordon, J. I. Microbial ecology: Human gut microbes associated with obesity. Nature 444,
1022-1023 (2006).
14. Ridaura, V. K. et al. Gut microbiota from twins discordant for obesity modulate metabolism in mice. Science (80-) 341, 1241214
(2013).
15. Bervoets, L. et al. Differences in gut microbiota composition between obese and lean children: A cross-sectional study. Gut Pathog.
5,10 (2013).
16. Turnbaugh, P. J., Backhed, F, Fulton, L. & Gordon, J. I. Diet-induced obesity is linked to marked but reversible alterations in the
mouse distal gut microbiome. Cell Host Microbe 3, 213-223 (2008).
17. Bell, D. S. H. Changes seen in gut bacteria content and distribution with obesity: Causation or association?. Postgrad. Med. 127,
863-868 (2015).
18. Turnbaugh, P.J. et al. A core gut microbiome in obese and lean twins. Nature 457, 480-484 (2009).
19. Backhed, F. et al. The gut microbiota as an environmental factor that regulates fat storage. Proc. Natl. Acad. Sci. U. S. A. 101,
15718-15723 (2004).
20. May, K. S. & den Hartigh, L. ]. Modulation of adipocyte metabolism by microbial short-chain fatty acids. Nutrients 13, 3666 (2021).
21. Samuel, B. S. et al. Effects of the gut microbiota on host adiposity are modulated by the short-chain fatty-acid binding G protein-
coupled receptor, Gpr4l. Proc. Natl. Acad. Sci. U. S. A. 105, 16767-16772 (2008).
22. Mar Rodriguez, M. et al. Obesity changes the human gut mycobiome. Sci. Rep. 5, 14600 (2015).
23. Sokol, H. et al. Fungal microbiota dysbiosis in IBD. Gut 66, 1039-1048 (2017).
24. Zou, R. et al. Dysbiosis of gut fungal microbiota in children with autism spectrum disorders. J. Autism Dev. Disord. 51, 267-275
(2021).
25. Aykut, B. et al. The fungal mycobiome promotes pancreatic oncogenesis via activation of MBL. Nature 574, 264-267 (2019).
26. Peleg, A. Y., Hogan, D. A. & Mylonakis, E. Medically important bacterial-fungal interactions. Nat. Rev. Microbiol. 8, 340-349
(2010).
27. Chandler, J. A., Lang, J. M., Bhatnagar, S., Eisen, J. A. & Kopp, A. Bacterial communities of diverse Drosophila species: Ecological
context of a host-microbe model system. PLoS Genet. 7, 1002272 (2011).
28. Wong, C. N., Ng, P. & Douglas, A. E. Low-diversity bacterial community in the gut of the fruitfly Drosophila melanogaster. Environ.
Microbiol. 13, 1889-1900 (2011).
29. Ren, C., Webster, P,, Finkel, S. E. & Tower, J. Increased internal and external bacterial load during Drosophila aging without life-
span trade-off. Cell Metab. 6, 144-152 (2007).
30. Lhocine, N. et al. PIMS modulates immune tolerance by negatively regulating Drosophila innate immune signaling. Cell Host
Microbe 4, 147-158 (2008).
31. Ryu,J. H., Ha, E. M. & Lee, W. J. Innate immunity and gut-microbe mutualism in Drosophila. Dev. Comp. Immunol. 34, 369-376
(2010).
32. Shin, S. C. et al. Drosophila microbiome modulates host developmental and metabolic homeostasis via insulin signaling. Science
(80-) 334, 670-674 (2011).
33. Buchon, N., Broderick, N. A. & Lemaitre, B. Gut homeostasis in a microbial world: insights from Drosophila melanogaster. Nat.
Rev. Microbiol. 11, 615-626 (2013).
34. Zhang, Y. et al. The microbiome stabilizes circadian rhythms in the gut. Proc. Natl. Acad. Sci. 120, 2120 (2023).
35. Meng, Q, Xu, Y, Li, Y. & Wang, Y. Novel studies on Drosophila melanogaster model reveal the roles of JNK-Jak/STAT axis and
intestinal microbiota in insulin resistance. J. Drug Target. 31, 261-268 (2023).
36. Newell, P. D. & Douglas, A. E. Interspecies interactions determine the impact of the gut microbiota on nutrient allocation in
Drosophila melanogaster. Appl. Environ. Microbiol. 80, 788-796 (2014).
37. Starmer, W. T,, Heed, W. B., Miranda, M., Miller, M. W. & Phaff, H. ]. The ecology of yeast flora associated with cactiphilic Dros-
ophila and their host plants in the Sonoran desert. Microb. Ecol. 3, 11-30 (1976).
38. Morais, P. B., Hagler, A. N, Rosa, C. A., Mendonca-Hagler, L. C. & Klaczko, L. B. Yeasts associated with Drosophila in tropical
forests of Rio de Janeiro, Brazil. Can. J. Microbiol. 38, 1150-1155 (1992).
39. Lachance, M. A, Gilbert, D. G. & Starmer, W. T. Yeast communities associated with Drosophila species and related flies in an
eastern oak-pine forest: A comparison with western communities. J. Ind. Microbiol. 14, 484-494 (1995).
40. Chandler, J. A, Eisen, J. A. & Kopp, A. Yeast communities of diverse Drosophila species: Comparison of two symbiont groups in
the same hosts. Appl. Environ. Microbiol. 78, 7327-7336 (2012).
Scientific Reports|  (2023) 13:13807 | https://doi.org/10.1038/s41598-023-41027-2 nature portfolio


https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1004984
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1004984
https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP454797&o=acc_s%3Aa
https://doi.org/10.1136/bmj.k2179
https://doi.org/10.1136/bmj.k2179
https://doi.org/10.1242/dev.194936
https://doi.org/10.1242/dev.194936

www.nature.com/scientificreports/

41. Hamby, K. A., Hernandez, A., Boundy-Mills, K. & Zalom, F. G. Associations of yeasts with spotted-wing Drosophila (Drosophila
suzukii; Diptera: Drosophilidae) in cherries and raspberries. Appl. Environ. Microbiol. 78, 4869-4873 (2012).

42. Hoang, D., Kopp, A. & Chandler, J. A. Interactions between Drosophila and its natural yeast symbionts—Is Saccharomyces cerevisiae
a good model for studying the fly-yeast relationship?. Peer] 3, e1116 (2015).

43. Anagnostou, C., Dorsch, M. & Rohlfs, M. Influence of dietary yeasts on Drosophila melanogaster life-history traits. Entomol. Exp.
Appl. 136, 1-11 (2010).

44. Mackay, T. E. et al. The Drosophila melanogaster genetic reference panel. Nature 482, 173-178 (2012).

45. Huang, W. et al. Natural variation in genome architecture among 205 Drosophila melanogaster genetic reference panel lines. Genome
Res. 24, 1193-1208 (2014).

46. Markow, T. A. & O’Grady, P. M. Chapter 9—Dietary considerations. In Drosophila. 215-226 (Academic Press, 2006). https://doi.
org/10.1016/B978-012473052-6/50009-3.

47. DeSantis, T. Z. et al. Greengenes, a chimera-checked 16S rRNA gene database and workbench compatible with ARB. Appl. Environ.
Microbiol. 72, 5069-5072 (2006).

48. Quast, C. et al. The SILVA ribosomal RNA gene database project: Improved data processing and web-based tools. Nucleic Acids
Res. 41, D590-D596 (2012).

49. Nilsson, R. H. et al. The UNITE database for molecular identification of fungi: Handling dark taxa and parallel taxonomic clas-
sifications. Nucleic Acids Res. 47, D259-D264 (2019).

50. Pereira-Marques, J. et al. Impact of host DNA and sequencing depth on the taxonomic resolution of whole metagenome sequencing
for microbiome analysis. Front. Microbiol. 10, 1277 (2019).

51. Zaheer, R. et al. Impact of sequencing depth on the characterization of the microbiome and resistome. Sci. Rep. 8, 5890 (2018).

52. Livak, K. J. & Schmittgen, T. D. Analysis of relative gene expression data using real-time quantitative PCR and the 2-AACT method.
Methods 25, 402-408 (2001).

53. Navidshad, B., Liang, J. B. & Jahromi, M. F. Correlation coefficients between different methods of expressing bacterial quantifica-
tion using real time PCR. Int. J. Mol. Sci. 13,2119-2132 (2012).

54. Blackwell, M. Made for each other: Ascomycete yeasts and insects. Microbiol. Spectr. 5,3 (2017).

55. Stefanini, I. Yeast-insect associations: It takes guts. Yeast 35, 315-330 (2018).

56. Palanca, L., Gaskett, A. C., Gunther, C. S., Newcomb, R. D. & Goddard, M. R. Quantifying variation in the ability of yeasts to attract
Drosophila melanogaster. PLoS ONE 8, 75332 (2013).

57. Norry, E M. & Vilardi, J. C. Size-related sexual selection and yeast diet in Drosophila buzzatii (Diptera: Drosophilidae). J. Insect
Behav. 9, 329-338 (1996).

58. Becher, P. G. et al. Yeast, not fruit volatiles mediate Drosophila melanogaster attraction, oviposition and development. Funct. Ecol.
26, 822-828 (2012).

59. Tatum, E. L. Nutritional requirements of Drosophila melanogaster. Proc. Natl. Acad. Sci. 25, 490-497 (1939).

60. Bruins, B. G., Scharloo, W. & Thorig, G. E. W. The harmful effect of light on Drosophila is diet-dependent. Insect Biochem. 21,
535-539 (1991).

61. Omalae, S. et al. Fruiting body of Pleurotus ostreatus reduces serum glucose and modifies oxidative stress in type 2 diabetic:
Drosophila melanogaster (fruit-fly). Adv. Pharmacol. Pharm. 8, 41-50 (2020).

62. Li, J. et al. The fungal community and its interaction with the concentration of short-chain fatty acids in the faeces of Chenghua,
Yorkshire and Tibetan pigs. Microb. Biotechnol. 13, 509-521 (2020).

63. Mims, T. S. et al. The gut mycobiome of healthy mice is shaped by the environment and correlates with metabolic outcomes in
response to diet. Commun. Biol. 4, 281 (2021).

64. Sun, S. et al. The gut commensal fungus, Candida parapsilosis, promotes high fat-diet induced obesity in mice. Commun. Biol. 4,
1220 (2021).

65. Heisel, T. et al. High-fat diet changes fungal microbiomes and interkingdom relationships in the murine gut. mSphere 2, 00351
(2017).

66. Jehrke, L., Stewart, . A,, Droste, A. & Beller, M. The impact of genome variation and diet on the metabolic phenotype and micro-
biome composition of Drosophila melanogaster. Sci. Rep. 8, 6215 (2018).

67. Bhanja, A., Nayak, N., Mukherjee, S., Sutar, P. P. & Mishra, M. Treating the onset of diabetes using probiotics along with prebiotic
from Pachyrhizus erosus in high-fat diet fed Drosophila melanogaster. Probiotics Antimicrob. Proteins 14, 884-903 (2022).

Acknowledgements

We thank Ergi Deniz Ozsoy, Murat Yilmaz, and Memet Goziibdyiik from Hacettepe University for their assistance
in obtaining and maintaining the DGRP lines. This study was supported by the Scientific and Technical Research
Council of Turkey with project numbers 1172585 (awarded to ES) and 1202767 (awarded to BB). The funders
had no role in conceptualizations, investigations, design of study, data collection, analysis, decision to publish,
and preparation of the manuscript.

Author contributions

E.S.: Designed the study, collected and analyzed the data, wrote the manuscript. B.B.: Performed experiments,
collected and analyzed data, helped in writing of the manuscript. G.T.: Performed experiments, collected and
analyzed data.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-41027-2.

Correspondence and requests for materials should be addressed to E.S.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2023) 13:13807 | https://doi.org/10.1038/s41598-023-41027-2 nature portfolio


https://doi.org/10.1016/B978-012473052-6/50009-3
https://doi.org/10.1016/B978-012473052-6/50009-3
https://doi.org/10.1038/s41598-023-41027-2
https://doi.org/10.1038/s41598-023-41027-2
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports|  (2023) 13:13807 | https://doi.org/10.1038/s41598-023-41027-2 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Basidiomycota species in Drosophila gut are associated with host fat metabolism
	Materials and methods
	Drosophila melanogaster (DM) stocks. 
	Bacterial and fungal DNA isolation from fly gut samples. 
	Identification of fungal and bacterial microbiota: ITS region and 16S rRNA gene amplicon sequencing. 
	Quantification of selected fungal and bacterial taxa levels using real-time quantitative PCR (qPCR) analysis. 
	Metabolic pool assays. 
	Genome-wide association studies (GWAS) and annotation of candidate genes. 
	Statistical analysis. 

	Results
	Identification of fungal microbiota profile in the Drosophila gut. 
	Identification of bacterial microbiota profile in the Drosophila gut. 
	Metabolic pool profiles in the DGRP lines. 
	Relationships between fungal and bacterial microbiota, and metabolic pools. 
	Biological pathways underlying host fat metabolism, fungal and bacterial microbiota interactions. 

	Discussion
	References
	Acknowledgements


