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Abstract
The effects of antifungal agents on the human microbiome can be challenging to study
due to confounding factors such as the underlying disease states and concomitant use
of antibiotics and other therapies. We elucidated longitudinal modification of gut
microbiome in response to a short course (5 days) of antifungal treatment in healthy
male Sprague-Dawley (SD) rats by sequencing 16S rRNA V1–V3 and ITS2
hypervariable regions. SD rats were randomized into a control group and three
antifungal treated (AT) groups including Amphotericin B (AmB), voriconazole and, our
novel antifungal drug candidate SM21 once per day for 5 consecutive days. Fecal
samples were collected at three different time points (day 0, day 1 and day 5).
Microbial communities of both bacteria and fungi were compared between conditions.
In silico analysis of differential microbial abundance and the predictive functional
domains of microbial communities was further done by inferring metabarcoding
profiles from 16S data. AT animals exhibited significant change in bacteriome alphadiversity although no divergence in community structure (beta-diversity) was observed
compared with respective control groups (day 0). Specific bacterial clades and taxa
were longitudinally and significantly modified in the AT animals. The AT bacterium of
AmB and SM21 was particularly enriched in probiotic Lactobacillus strains including
L. reuteri. The key pathways overrepresented in the bacteriome under AT animals
were linked to cellular processes, environment information processing and
metabolism. Moreover, AT treated mycobiome diversity decreased longitudinally with
insignificant variations along the time course; different fungal taxa dominating at
different timepoints in a wave-like fashion. However, acute antifungal treatments could
not alter healthy gut microbial community structure. Hence, the healthy gut microbiome
is capable of resisting a major dysbiotic shift during a short course of antifungal
treatment.
Keywords: gut microbiome; antifungal; 16S rRNA;ITS2, SM21, mycobiome,
bacterium
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1. Introduction
The gut microbiome plays an essential role in human health and disease. Various
factors such as age, sex, dietary composition, genetic variations and pathological
states influence the composition and abundance of the gut microbiome (Hopkins et al.
2001; Turnbaugh et al. 2010; Shetty, Marathe, and Shouche 2013; Goodrich et al.
2014). The gut microbiome aids the host to orchestrate the immune responses and to
protect against invading pathogens (Holmes et al. 2011). Antibiotic treatments have
been shown to modulate the structure and functionality of the gut microbiome (Ferrer
et al. 2017). Previous studies have established that broad-spectrum anaerobic
antibiotics such as ceftriaxone and ticarcillin-clavulanic acid are associated with
increased yeast composition in the gut microbiome compared to antibiotics with poor
anaerobic activity (e.g. ceftazidime, aztreonam, and imipenem-cilastatin) (Goodman,
1993). On the other hand, depletion of commensal intestinal fungi through the chronic
use of antifungals has been shown to trigger the growth of pathogenic bacterial
microbiota, which in turn exacerbates disease conditions in rodent models (Qiu et al.
2015).
Fungal infections commonly require the use of systemic antifungal agents. For
instance, candidemia, which is a leading nosocomial infection (Strollo et al. 2017),
requires amphotericin B-based preparations, azole and echinocandin antifungals for
a considerable period of time. Echinocandins, voriconazole and Amphotericin B (AmB)
(deoxycholate and lipid formulations) are commonly used as systemic antifungal
agents (Keane et al. 2018). We have recently discovered the new antifungal small
molecule SM21 which has shown promising effects against systemic candidiasis in
vivo (Wong et al. 2014). Despite wide clinical use of antifungal agents, studies on their
effect on the healthy gut microbiome are limited. To address this research gap, we
investigated the longitudinal modification of gut microbiome in response to a short
course of the commonly used antifungals AmB and voriconazole, and the novel
antifungal agent SM21 in healthy Sprague-Dawley rats.
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2. Methodology
2.1 Animals and experimental design
Thirty-six healthy five-week-old male Sprague-Dawley (SD) rats weighing 300–400g
were purchased from Charles River Laboratories (Wilmington, MA, USA) (Strain Code
# 400). The rats were fed a commercial pellet diet and deionized water ad libitum and
housed two per cage at 20 °C ± 2 °C and 50 to 70% relative humidity with a 12:12 hour
light-dark cycle. After 2 weeks of acclimatization, the rats were weighed and
randomized into three experimental and control groups and each group housed in
separate cages for sampling of fecal pellets to avoid coprophagy-induced crosscontamination of samples , with three male rats per each condition (Figure 1). The
groups were: AmB (Sigma-Aldrich, Cat # A9528 , St. Louis, MO, USA), SM21
(PubChem

CID:

5351098-

[4-[2-(2,6-ditert-butylpyran-4-ylidene)

ethylidene]cyclohexa-2,5-dien-1-ylidene]-dimethylazanium;perchlorate],
ChemBridge, San Diego, CA, USA ), voriconazole (Sigma-Aldrich, Cat # PZ0005, St.
Louis, MO, USA), and vehicle control. Sterilized antifungals (1.5 mg per kg body
weight) were administered once per day by intravenous injection, for 5 consecutive
days. The control group received an equal volume of sterilized 0.9% saline). All
animal-related procedures were conducted in an Association for Assessment and
Accreditation of Laboratory Animal Care (AAALAC), an accredited facility at the
National University of Singapore, and approved by the Institutional Animal Care and
Use Committee (Approval number: R17-0327).
2.2 Sample collection
Fecal samples were collected from all rats (n=3 per each condition) at day 0 (before
treatment), day 1 and, day 5 post antifungal treatment along with untreated controls.
The rats were sacrificed on day 5 by administration of CO2 and cervical dislocation.
Samples were placed in sterile centrifuge tubes immediately after collection and
sealed to avoid cross-contamination between samples. All fresh fecal samples were
stored in liquid nitrogen and then transported to the laboratory in a mobile refrigerator
and frozen at −80°C until the extraction of DNA.
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2.3 DNA extraction and sequencing
Total bacterial and fungal DNA was extracted using the QIAamp FastDNA Stool Mini
Kit (Qiagen, Germany) according to the manufacturer’s protocol. DNA integrity was
evaluated by gel electrophoresis (Wang et al. 2012). The V3–V4 region of the bacterial
16S rRNA gene was amplified by PCR using the primers 515F (5′ CCTAYGGGRBGCASCAG-3′) and 806R (5′-GGACTACNNGGGTATCTAAT-3′) and
the internal transcribed spacer 2 (ITS2) region of the fungal genome was amplified by
PCR using the primers F (5′ -GCATCGATGAAGAACGCAGC-3′) and R (5′TCCTCCGCTTATTGATATGC-3′) (Bengtsson-Palme et al. 2013). Indexed adapters
were added to the ends of the primers. All PCR reactions were carried out with
Phusion® High-Fidelity PCR Master Mix (New England Biolabs, UK). The mixture of
PCR products was purified using Qiagen Gel Extraction Kit (Qiagen, Germany).
Sequencing libraries were generated using NEBNext® UltraTM DNA Library Prep Kit
for Illumina, following manufacturer's recommendations, and index codes were added.
The library quality was assessed on the Qubit® 2.0 Fluorometer (Thermo Scientific,
Singapore) and Agilent 2100 Bioanalyzer system (Agilent, Singapore). Finally, the
library was sequenced on an Illumina platform and 250 bp paired-end reads were
generated.
2.4 Microbiome sequence data processing
The overlapping regions between the paired-end reads were merged using FLASH
(Magoč and Salzberg, 2011) and raw reads were quality filtered under specific filtering
conditions to obtain high-quality clean tags on the basis of the Quantitative Insights
into Microbial Ecology (QIIME, Version 1.7.0) quality control process (Caporaso et al.
2010). Sequences that were less than 200 bp in length or that contained
homopolymers longer than 8 bp were removed. The chimera sequences were
detected by comparing tags with the reference database RDP using the UCHIME
(Edgar et al. 2011) algorithm and then removed (Haas et al. 2011). The effective
sequences were then used in the final analysis. Sequences were grouped into
operational taxonomic units (OTUs) using Uparse software (Uparse v7.0.1001).
Sequences with ≥97% similarity were assigned to the same OTUs. The representative
sequence for each OTU was screened for further annotation (Edgar, 2013). They were
then taxonomically classified to different levels (phylum, class, order, family, genus,
and

species)

using

the
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(http://greengenes.lbl.gov/cgi-bin/nph-index.cgi) (Wang et al. 2007). OTU abundance
data were normalized using a standard of sequence number corresponding to the
sample with the least sequences. The output normalized data was used as the basis
for analysis of alpha diversity and beta diversity.
2.5 Statistical analysis
Samples were rarefied to 75894 (read count of sample with lowest non-chimeric read)
sequences. The rarefaction curve was plotted on the observed species using a QIIME
script (alpha_rarefaction.py) and an in-house R script (unpublished). Alpha diversity is
used to analyse complexity of biodiversity for a sample through indices - including
Observed-species, Chao1 and Shannon. Good-coverage rarefied samples using for
richness and diversity indices of the bacterial and fungal communities and displayed
with R software (Version 2.15.3). Alpha diversity indices are presented as means ±
SD. The differences in Alpha diversity indices and relative abundances between
groups of the top 10 phyla and genera were calculated using the independent sample
t-test (for normally distributed data) or the Mann–Whitney U-test (for non-normally
distributed data). Beta diversity was calculated using unweighted UniFrac and nonmetric multidimensional scaling (NMDS), after which intra-group and inter-group beta
distance boxplot diagrams were generated. A one-way analysis of similarity (ANOSIM)
was performed to determine the differences in bacterial and fungal communities
among groups (Clarke and Gorley, 2006). Unweighted Pair-group Method with
Arithmetic Means (UPGMA) clustering was performed as a hierarchical clustering
method to interpret the distance matrix using average linkage and was conducted by
QIIME. A P-value < 0.05 was considered statistically significant, and P-value < 0.001
was considered extremely significant.
2.6 Differential analysis of 16S rRNA gene using LEfSe
A linear discriminant analysis coupled with the effect size (LEfSe) algorithm was used
to identify the bacterial OTUs that longitudinally and significantly differed among the
four groups (untreated control, AmB, voriconazole and SM21) based on the OTU
relative abundance values using Galaxy workflow framework 2. Briefly, the algorithm
first used the non-parametric factorial Kruskal-Wallis (KW) sum-rank test to detect the
taxa with significantly different abundances, followed by pairwise Wilcoxon tests to
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detect biological consistency between the two groups. Finally, a linear discriminant
analysis (LDA) score was used to estimate the effect size of each differentially
abundant feature. A size-effect threshold of 4.0 on the logarithmic LDA score was used
for discriminative functional biomarkers.
2.7 Regression modelling of 16S rRNA gene using Random Forest (RF)
To re-validate in identifying the fecal bacterial OTUs that differentiate among four
groups (antifungal treatment and untreated control) by end of treatment day 5, the
machine- based learning algorithm Random Forests was used in R v3.2.5, Random
forest package v4.6.x . The most differently abundant genera derived from LEfSe used
to generate the Random Forests-generated model discriminating all three antifungal
treatment and untreated control. 10-fold cross-validation was performed to search to
select the optimal subset of bacteria discriminating among all four groups. The final
model accuracy is taken as the mean from the number of repeats. The classification
performance of the final model was assessed with OOB error rate. The “gplots” was
used to plot OTU relative abundances as heat maps. The importance of a variable
was calculated as the mean decrease in accuracy .
2.8 Predictive metagenomic analysis of 16S rRNA gene using PICRUSt
The functional capacity of the gut microbiome was estimated by inferring metabolic
functionality from the 16S rRNA gene sequencing data using the Phylogenetic
Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) v1.0
software. Z-scores were calculated to construct a heatmap of the relative abundance
of the pathways in each group with the formula z = (x − μ)/σ, where x is the relative
abundance of the pathways in each group, μ is the mean value of the relative
abundances of the pathways in all groups, and σ is the standard deviation of the
relative abundances. Phylogenetic Investigation of Communities by Reconstruction of
Unobserved States (PICRUSt) analysis was performed to identify Kyoto Encyclopedia
of Genes and Genomes (KEGG) metabolic pathways potentially affected by groups of
bacteria based on taxonomy obtained from the Greengenes reference database1
(DeSantis et al. 2006) using Galaxy workflow framework 2. Pathway topology analysis
was conducted by using the pathway data in Rattus norvegicus pathway libraries
(including 81 metabolic pathways). Differential abundance analysis utilized the
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nonparametric permutation difference test for a diversity and PICRUSt values or the
negative binomial test (Kanehisa et al. 2014) for taxonomic count data.
3. Results
3.1 Sequence analysis
A total of 36 samples were collected, comprising three animals per each condition,
four groups (AmB, SM21, voriconazole and untreated control) and three time points
(day 0, day 1 and day 5). For the 16S rDNA gene, a total of 120,301—150,685 raw
paired-end sequence numbers (mean 147,617 ± SD 7511.66) and analyzed
sequences (mean length = 410 bp) were obtained from each sample. For ITS2, a total
of 176,897—288,978 raw paired-end sequence numbers (mean 195,663 ± SD
4350.81), and analyzed sequences (mean length = 425 bp) were acquired from each
sample. A total of 1372 operational taxonomic units (OTUs) and 1555 OTUs were
obtained from 16S rDNA and ITS2 regions, respectively, at a 97% sequence-similarity
level. To evaluate the species coverage identified by our sequencing effort, rarefaction
analysis was performed (Supplemental Figure 1). Although the rarefaction curves from
both 16S rDNA and ITS2 did not achieve the even stage, their terminal slopes were
rather low, suggesting that the sequencing detected the majority of the species.
3.2 The dynamics of gut microbiome abundance and distribution
The bacterial distribution of untreated control rats was dominated by Firmicutes (7075%) and Bacteroidetes (20-25%) followed by Proteobacteria (1-2%) and
Verrucomicrobia (0.5-1%) (Figure 2A). Romboustia, Parabacteriodes, Ruminoccuss,
and Lactobacillus were observed to be the dominant genera (Figure 2B). When
assessing the effect of specific antifungals, AmB caused a significant temporal shift (p
< 0.05) in the ratio of Firmicutes to Bacteroidetes across the treatment time points
(D.1-D.5). Further, rats treated with either AmB or voriconazole showed a significant
(p < 0.05) relative decrease in Romboutsia and Ruminoccuss populations. SM21
treatment did not significantly affect bacterial taxa across the treatment time points.
Distribution of gut mycobiome in untreated control rats was dominated by Ascomycota
(5.9%), Zygomycota (0.6%) and Basidomycota (0.3%), followed by Chytridiomycota
(0.1%) and Glomeromycota (0.1%) (Figure 2C); Saccharomyces, Aspergillus,
Claviceps and, Gibberella were the dominant genera (Figure 2D) along with a
8
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substantial number of unknown abundant lineages. It should be noted that a significant
proportion of reads remained unclassified at the each taxonomical level. These
observations indicate the presence of several hitherto unknown fungal taxonomic
groups in the rat gut and highlight the limitations of the existing fungal sequence
databases.
3.3 Core gut microbiome changes
Heat maps (Figure 3A) were constructed to evaluate the effect of core bacterial OTU
abundance under each antifungal treatment . Comparing D.1 and D.5, we observed
that antifungal treatment enriched the abundance of bacterial OTUs. To examine the
change of common core microbiome longitudinally, we defined a core as the group of
members common to each day and represented the core by overlapping areas in a
Venn diagram, at 97% identity. As shown in Figure 3B, the number of OTUs shared
among the four groups increased through the time course with 334 on D.0, 368 on D.1
and 381 on D.5. Instead, the number of core fungal OTUs decreased across the
treatment time points under antifungal exposure from 92 on D.0 to 83 on D.1 and 72
on D.5 (Figure 3D). Mycobiome comparison of samples collected one day after
antifungal treatment revealed a relative increase in abundance (>0.1%) in a few clades
(Ex: Saccharomycestes, Giberella, Fusarium, Alternaria etc.) which were not dominant
members of the communities in untreated controls or prior to antifungal treatment (D.0)
(Figure 3C & E). However, these dominant lineages decreased sharply in abundance
in samples collected at day 5 (Figure 3C). Overall, taxonomies account for less than
0.3% of total core gut fungal mycobiota in SD rats.
3.4 Microbial diversity changes
Next, we evaluated whether the longitudinal changes of microbiome lineages reported
above were paralleled by the changes in microbial diversity associated with each
antifungal treatment compared to respective controls. Estimated and observed
species diversity (Shannon) and richness (Chao 1) were determined. In the bacterial
community, Shannon’s index, which accounts for both the number of OTUs and their
relative abundance, did not differ significantly between groups in untreated control
samples throughout the time course. However, group-specific changes across the
treatment time points indicated diversified OTU abundance. The Shannon diversity
index was higher with significant difference in AmB-treated group between day 0-1,
9
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(P = 0.0242) day 0-5 (P= 0.0215); SM21 treatment between day 0-5 (P = 0.038) and ,
voriconazole between day 0-1 (P = 0.011) (Figure4A). However, the Chao1 index
remained similar amongst treatment groups with respect to day 0 groups, revealing no
differences in the expected species richness of the bacterial microbiome in each
treatment group (Fig. 4B). The microbial diversity and richness of fungal communities
under acute antifungal exposure remained unchanged, as showed by Shannon and
Chao I indices (Fig. 4C & D) Good's coverage estimator for each group was over 95%,
indicating that the current sequencing depth was sufficient to saturate both bacterial
and fungal diversity ( Supplementary Table. 4 & 5).
3.5 Microbial community structure changes
We next evaluated the longitudinal differences of microbial community structure
between treatment groups and untreated controls using Non-Metric Multi-Dimensional
Scaling (NMDS). We employed an ANOSIM analysis on weighted UniFrac distance to
evaluate whether variation among treatment groups is significantly larger than
variation within treatment groups.
Significant treatment-associated clustering was not observed in both bacterial and
fungal community structures depicted by NMDS plots (Figure 5A; Supplemental Table
6). However, the inference of the phylogenetic tree based on UPGMA (Unweighted
Pair Group Method with Arithmetic Mean) hierarchical clustering analysis has shown
the diversified pattern of bacterial Phyla, showing day 5 treatment and respective day
0 control groups of voriconazole and AmB located more towards on the terminal
branch ends of the tree (Figure 5B). Further, ANOSIM similarities matrices (R > 0,
Panosim > 0.05) shows that inter-group differences are greater than intra-group
differences (Supplemental Figure 2). Of these, the bacterial species showing
significant inter-group difference observed to be between day 0 and day 5 under AmB
and voriconazole treatment. The significant taxon defined by the shared presence of
both groups belonging to the genus Romboustia (P= 0.028 and P= 0.040;
respectively).
Taken together, the results show that acute antifungal treatments did not alter healthy
gut microbial community structure, but did affect specific bacterial taxa. These
changes in bacterial taxa under each antifungal treatment have been considered for
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further association of differential bacterial abundance analysis and predictive
metabolic functions.
3.6 Differential bacterial abundance
Utilizing the LEfSe algorithm, we identified total 17 different taxa that differed in
abundance for all three antifungal treatments by end of day 5 (Supplemental table 9).
Of these, five taxa had significantly higher abundances in both AmB and voriconazole
treatment and two taxa had higher abundances in SM21 treatment (Figure 5B). The
phylum Firmicutes and genus Romboutsia were particularly abundant in voriconazole
treatment (LDA Score > 4.8). Moreover, LEfSe highlighted the overabundant
Firmicutes within the Clostridia clade (family Peptostreptococcaceae) under
voriconazole treatment (Figure 6A & B). At the species level, Lactobacillus reuteri was
significantly enriched in SM21 treatment (LDA Score > 4.8) and at the genus level,
Lactobacillus and Lachnospiraceae_NK4A136_group (LDA Score > 4.8) were
prominently abundant in AmB treatment (Figure 6B & C).
3.7 Predictive model for antifungal treatment on gut bacteriome signature
Next we validated the above findings using regression-based Random Forest (RF) to
identify to which extent the observed significantly abundant bacteria correlate between
antifungal exposure and untreated controls by end of the treatment (day 5). A random
forest algorithm was used to re-assess the most predictive 17 taxa based on the LEfSe
as described in methodology. Two highly discriminating genera with the highest
calculated variable importance measurement were selected as the most significant
taxa segregating between this two cohorts (Supplemental figure 4). Among the genera
identified by the Random Forest classifier as contributing the most to the group
classification model were Lactobacillus reuteri and Romboutsia. Using LEfSe and RF,
Romboutsia and Lactobacillus reuteri are consistently identified as showing the most
important differential genera; marked by higher mean decrease in accuracy.
3.8 Functional prediction of gut bacteriome in reponse to antifungal
treatment
To understand the functional role of the gut microbiome following antifungal treatment,
the normalized PICRUSt gene family counts were plotted as heatmaps. The plots
revealed several hot spots for each treatment group. Five KEGG pathways, namely
11
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Transport and Catabolism, Glycan Biosynthesis and Metabolism, Metabolism of
Cofactors and Vitamins, Energy Metabolism, and Biosynthesis of Other Secondary
Metabolites, were overrepresented in AmB post treatment samples. Amino Acid
Metabolism and Signal Transduction were exclusively overrepresented in SM21
treatment on day 1 and day 5, respectively. On the other hand, ten KEGG pathways
in the voriconazole group were overrepresented on day 1 including Signaling
Molecules and Interaction, Cellular Processes and Signaling, Carbohydrate
Metabolism, Xenobiotic Biodegradation and Metabolism. The representation of these
pathways decreased on day 5 (Figure 7A & B). The key pathways overrepresented in
the gut bacteriome under antifungal treatment were linked to cellular processes,
environment information processing and metabolism (Figure 7C). In contrast to the
NMDS plot based on bacterial taxonomic abundance (Figure 5), the PCA plot based
on functional pathways revealed distinct clustering of treatment samples over control
groups (except day 1 post-treatment with SM21) (Figure 7D).
4. Discussion
In this study, the healthy gut microbiome was not significantly influenced by acute
antifungal treatment in the SD rat model, although specific bacterial taxa showed
significant differences with AmB and voriconazole treatment. The modulation of
probiotic Lactobacillus strains including L. reuteri in response to AmB and antifungal
drug candidate SM21 treatment could be a response aimed at restoring a healthy gut
microbiome. Instead, gut mycobiome diversity decreased longitudinally with antifungal
treatments with insignificant variation along the time course, with different fungal taxa
dominating at different timepoints in a wave-like fashion.
Despite changes in specific bacterial taxa, the overall healthy gut bacterial community
structure was not affected by the antifungal drug treatment. Few studies have
specifically investigated the effect of antifungals on the gut microbiome, and the data
available focused mostly on disease-induced animal models (Qiu et al. 2016,2015;
Botschuijver et al. 2017). However, our findings are similar to a study of mice treated
with antifungals fluconazole and Amphotericin B, which also observed a stable
commensal bacterial community structure with few changes of taxa even after several
weeks of treatment (Wheeler et al. 2016). In our study, the gut bacterium prior to
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antifungal treatment was dominated by the phyla Firmicutes and Bacteroidetes. This
remained stable during the course of voriconazole and SM21 treatment. However,
AmB treatment significantly changed the bacteriome by day 5. In addition, we
observed changes in bacterial diversity (Shannon index) with antifungal use,
suggesting that there is a progressive depletion or colonisation of few bacterial taxa
throughout the treatment. The gut bacterial genes of SD rats are known to have a
higher pairwise overlap with humans (2.47%) than other animal models, including
ninety-seven percent of the functional pathways in the human catalogue (Pan et al.
2018). Therefore, the findings of this study provide evidence base to investigate the
effect of antifungals on gut microbiome in human clinical trials.
Among the taxa which increased in abundance after antifungal treatment, it is worth
highlighting Lactobacillus reuteri and , Lactobacillales are well-known probiotic
bacterium able to modulate the microbiome as well as the host’s immune system
towards health (Thomas and Versalovic 2010; Yuying Liu et al; 2016; Llewellyn and
Foey 2017). L. reuteri communicates with the host by inhibiting key signaling cascades
such as NFkB-mediated pathways in the gastrointestinal tract. PICRUSt analysis
revealed that SM21 treatment results in overrepresentation of KEGG pathways related
to signal transduction. It is possible that L. reuteri which we identified as a taxonomic
biomarker may be responsible for this functional change.
Furthermore, L. reuteri has been associated with other multiple metabolic pathways
and has shown functional capacity to establish interactions between beneficial
microbes and the human host (Saulnier et al. 2011). According to the foregoing
studies, the major pathways associated with the abundance of L. reuteri alone or in
combination with Lactobacillales are related to cofactors, vitamins, glycans, and
signaling. In agreement with these studies, PICRUSt analysis showed an enrichment
of pathways for the metabolism of cofactors and vitamins, and glycan biosynthesis
and metabolism, following AmB treatment. Previous studies have shown that probiotic
Lactobacillus species, in particular L. reuteri strains have a protective role against
fungal infections (Guo et al. 2012; Matsubara et al. 2016; Seneviratne et al. 2016;
Zangl et al. 2020). Therefore, our observations raise an intriguing possibility that the
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modulation of probiotic Lactobacillus strains, including L. reuteri, may be a response
to repair the dysbiotic gut microbiome caused by AmB and SM21 treatment.
The genus Romboutsia in the gastrointestinal tract have been shown to encode a
versatile array of metabolic capabilities for carbohydrate utilization, fermentation of
single amino acids, anaerobic respiration and metabolic end products, based on
comparative human genome analysis (Gerritsen et al. 2019). In the present study,
PICRUSt pointed to pathways involved in the Metabolism of Carbohydrates and Amino
acids (cystein and methionine) Peptidases, Fructose and Mannose, and Glycolysis
could be linked to significant taxonomic biomarker of genus Romboutsia identified in
voriconazole treatment. Further, RF predictions showed a highest correlation between
Romboutsia modulation and voriconoazole treatment, followed by between
modulation of L. reuteri and SM21 treatment. Although these correlations do not
necessarily indicate interactions between each antifungal treatment and the metabolic
potential of a single gut microbe, most of these metabolic pathways were not enriched
in control samples during the experimental period, suggesting that gut dysbiosis is
strongly associated with antifungal treatment. In addition, KEGG functional pathway
variations and the PCA plot based on KEGG modules showed that most posttreatment microbiome changes are distinct. However, the structure and composition
of intestinal microbiota with respect to functional activities are complex and
multifactorial. Moreover, PICRUSt is only a tool for predicting functional genes; thus,
further research is required to obtain more accurate gene function information by
metagenomic analysis.
The foregoing data suggest that fungal and bacterial communities in the gut are codependent and that disruption of one affects the other. Fungal diversity composition
changed radically over the time after one day of antifungal treatment, followed by a
sharp decline at the end of treatment (day 5). However, fungal community structure
did not change significantly by the short-course of antifungal treatment. The depletion
of commensal fungal populations may require several weeks of exposure, as shown
in a study using fluconazole and amphotericin B treatment in mice (Wheeler et al.
2016). Unexpectedly in our study, not just the different treatment groups, but also the
control group, showed significant variation along the time course, with different fungal
taxa dominating at different timepoints in a wave-like fashion. Similar observations
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have been made in mice where gut fungal mycobiome varied substantially over time
receiving antibiotics as well as untreated control group

(Dollive et al. 2013).

Furthermore this study also showed that mice housed in different cages, but receiving
the same treatment differed in their fungal microbiome. Hence, it was concluded that
mice harbour individualised gut microbiota, irrespective of other factors such as diet
or treatment groups (Dollive et al. 2013). This has also been observed in human
studies. A human gut mycobiome study of 24 individuals at two sampling time points
found that detection of the same fungus at both time points occurred less than 20% of
the time (Hallen-Adams et al. 2015). Together with previous studies, our findings
emphasize that the response of the gut mycobiome to antibiotics or antifungals varies
substantially with treatment regimen, and other experimental factors. Our study also
highlights that the data available on rat core mycobiome composition remains sparse.
Our data in untreated control samples suggested gut commensal fungal proportions
of SD rat in the range of 0.1–1.3%, with a median of 0.3%, dominated by Ascomycota,
Zygomycota and Basidomycota and at genus level, dominated by Saccharomyces,
Aspergillus and Claviceps. However, out of the 15 most abundant fungal genera found
in a healthy human stool, we found only 6 (Saccharomyces, Clavispora, Alternaria,
Fusarium, Aspergillus, Penicillium) in rat commensal core mycobiome in very low
abundance, along with the absence of most abundant commensal genera of
Malassezia and Candida in human.
Some limitations should be considered in the context of our investigation. First, due to
the short treatment period, the community and diversity changes of the healthy gut
microbiome under chronic exposure to antifungal treatment could not be determined.
Second, we have not observed the restoration period of specific bacterial taxa to the
original microbiota state (baseline) after withdrawal of antifungal treatment. Third, a
significant proportion of uncharacterized fungal taxa were unavailable for examination
in the database, which may impact the true estimation of fungal diversity in these
samples.
In conclusion, the healthy gut microbiome is capable of resisting a major dysbiotic shift
during a short course of antifungal treatment. However, there is a significant
modulation of key few bacterial taxa in the gut microbiome. In particular, the
modulation of probiotic Lactobacillus strains by AmB treatment and the induced growth
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of Lactobacillus reuteri by SM21 treatment warrant further investigations. Taken
together, our results provide a new insight into the impact of a short course of
antifungals on healthy gut microbiome, which will provide a basis for further
investigation in clinical cohorts in future.
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Main Figures :

Figure 1: Experimental summary. Diagram of Antifungal dosing and fecal sample
collection schedule. A cohort of 9 rats per group were treated once per day for five
consecutive days, with sample collection at three different time points (n=3 per time
point), followed by downstream analysis process.
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Figure 2: Histograms depicting the dynamics of gut microbiome abundance and
distribution of the top 10 taxanomic level. The x-axis represents treatment groups and
the y-axis represents relative abundance presented as a fraction of one. Relative
abundance of the top 10 phyla, (A) bacterial microbiome and (C) fungal microbiome.
Relative abundance of the top 10 genera, (B) bacterial microbiome and (D) fungal
microbiome. Only the top 10 taxa in the abundance are shown in the figure; other taxa
were combined as “Others.”
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Figure 3: Core gut microbiome changes depicted by OTU heatmap and Venn diagram
in samples treated with voriconazole, Amphotericin B, and SM21 at each treatment
time point (day 0, 1, and 5). Heatmap depicting abundance of the top 35 OTUs by
overall abundance across samples. Heatmap was constructed using normalized log10
abundance of each OTU in each sample. To the right of the heatmap is a list of OTUs
generated by RDP database assignment or best-hit classification where appropriate.
The higher the relative abundance of an OTU in a sample, the more intense the color
at the corresponding position in the heatmap. Heatmap by (A) bacterial microbiome
and (C) fungal microbiome. The Venn diagrams show the numbers of OTUs (97%
sequence identity) that were shared or not shared by all different samples. Venn
diagrams by (B) bacterial microbiome and (D) fungal microbiome. (E) Longitudinal
variation in fungal abundance in antifungal treatment. Rows show treatment groups,
columns show time points (D.0, D.1 and D.5) and dominant fungal lineages are shown
on the right.
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Figure 4: Boxplot of Alpha-diversity indices (Shannon and Chao 1). Alpha diversity
indices are composite indices reflecting abundance and consistency. Shannon and
Chao I indices of; (A) & (B) bacterial microbiome, and (C) & (D) fungal microbiome.
The greater the Shannon index, the higher the diversity of the microbiota; The greater
the Chao I index, the higher the expected species richness of the microbiome. Boxes
represent the interquartile range (IQR, 25th and 75th percentiles), and the horizontal
line inside the box defines the median. Whiskers represent the lowest and highest
values within 1.5 times the IQR from the first and third quartiles, respectively. “∗” P <
0.05 (t-test, wilcox and Tukey tests).
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Figure 5: Non-metric multidimensional scaling (NMDS) and UPGMA (Unweighted
Pair Group Method with Arithmetic Mean) analysis of beta diversity. Each point in the
NMDS graphs represents one sample, and different colours represent different
groups. The distance between points represents the level of difference. Stress lower
than 0.2 indicates that the NMDS analysis is reliable. (A) Bacterial beta diversity, (B)
fungal beta diversity. UPGMA tree of unweighted UniFrac distances; C) bacterial
diversity and D) fungal diversity. They were displayed with the integration of clustering
results and the relative abundance of each sample by phylum level. The diversified
pattern of bacterial Phyla, showing all day 5 treatment groups and corresponding day
0 groups of voriconazole and AmB located on the terminal branch ends of the tree on
figure B (blue dashed line squares on all day 5 groups).
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Figure 6: Differential gut bacterial abundance using LEfSe analysis. (A) Cladogram
representation of the differentially abundant taxa, in each treatment group with respect
to the control groups. The root of the cladogram represents the domain bacteria. The
size of each node represents their relative abundance. No significantly different taxa
are labelled in yellow. Significantly different taxa are labelled with the colour of main
two taxa differed in the treatment. (B) The top 10 taxa with the largest effect sizes
(LDA Score > 4.5) are presented in the figure. The length of the histogram represents
the LDA score; i.e., the degree of influence of species with significant difference
between different groups after 5 day of post treatment of each antifungal. (C) The xaxis represents antifungal groups and the y-axis represents relative abundance of
most significant species between the 3 treatment groups and untreated control (p <
0.05).
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Figure 7: Functional prediction of gut bacteriome changes using PICRUSt. A) KEGG
Functional Hierarchy level 1, B) KEGG Functional Hierarchy level 2 and, C) KEGG
Functional Hierarchy level 3. Predicted function of the gut bacterial microbiota in AmB,
voriconazole, SM21 treatment and control groups. Z-scores were calculated to
construct a heatmap of the relative abundance of the pathways in each group. The
columns represent groups at each treatment time point, and the rows depict metabolic
pathways. The color coding is based on differentially expressed genes leading to
changes in abundance of pathways. D) PCA plot describing functional inferences
(PICRUSt) of bacterial communities across antifungal treatment groups and time
points. The colors indicate the treatment time points of the same antifungal treatment
in a given site. Ovals show two distinct clusters of samples, one of samples treated
with voriconazole and the other of samples treated with AmB and SM21 (day 5 only).

28

