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fly larvae
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ABSTRACT In a world with an increase in human population, food consumption, and 
the generation of organic waste, insects are emerging as a promising tool to convert 
organic waste material into human food or animal feed. The insect microbiome is known 
to play a key role in the degradation of organic substrates, but little is known about the 
metabolic potential of the microbiome of industrially reared fly larvae. We investigated 
the microbial composition and metabolic potential of the house fly (Musca domestica) 
larva gut microbiome from larvae grown on three different waste and by-product-
based substrates. We found that bacteria associated with the larval gut were enriched 
for functions related to microbial stress mechanisms, indicating strong selection of 
the gut microbiome by house fly larvae. In addition, the gut microbiome of larvae 
reared on sludge-based substrate had higher diversity when weighting for rare species 
and a higher coverage of “carbohydrate transport and metabolism” genes compared 
to brewery by-product-based substrate. A positive correlation between coverage of 
“pyridoxal-P synthesis” and larval survival and substrate conversion efficiency suggests 
that microbial synthesis of vitamin B6 could enhance larval performance. Addition­
ally, a negative correlation between coverage of the “Entner-Doudoroff pathway” 
and “homoprotocatechuate degradation” and substrate conversion indicates microbial 
competition for sugars and aromatic amino acids. Together, these results reveal how 
the host selects on gut microbiomes with metabolic potential that is optimized toward 
the conversion of substrates that may be ultimately valuable for commercial insect 
production.

IMPORTANCE Fly larvae are expected to play an important role in future food and feed 
production through the conversion of low-value biomass into high-quality protein. The 
gut microorganisms of fly larvae are expected to play an important role in bioconversion 
and could potentially be manipulated to improve biomass conversion. In this study, the 
importance of the gut bacteria of house fly larvae for bioconversion was investigated 
by metagenomic sequencing, which provided information on the bacterial abundance 
and potential functional roles in the larval gut. The results reveal that the functional 
potential of gut bacteria is affected by larval feed and correlates with larval performance, 
highlighting the importance of the gut microbiome for efficient biomass conversion.

KEYWORDS house fly, metagenomics, host-microbe interactions, by-products, insects, 
side-streams

T he global human population is increasing, and together with an increasing 
urbanization and income growth in developing countries, there is an increasing 

demand for food and feed and for animal source proteins in particular (1, 2). Complicat­
ing this is the expanding volume of organic wastes that originate from the food and 
feed production line (3). Together, this not only presents challenges to global food 
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security but also the environment with land use changes, eutrophication, and emission 
of greenhouse gases (4–6).

Insects have emerged as an attractive future food compared to conventional 
animal-based foods but also as feed (7–9). Insects are recognized for their nutritional 
and environmental advantages (10), and much of this has to do with their ability to 
effectively convert a range of organic substances, including low-degradable waste and 
by-products, into insect biomass. The high feed conversion efficiency of insects and 
remarkable ability to utilize waste and by-products from food production, including low 
degradable by-products, is largely due to the co-evolution with their gut microbiome 
communities (11, 12). Symbiotic interactions of insects with microbes are known to 
play important roles in digestion, detoxification, synthesis of essential nutrients, and 
immune stimulation and development (11, 13, 14). Less is known about the microbiome 
of insects used in commercial insect production, even though their microbiomes have 
a huge potential to convert organic waste and by-products into food and feed. We 
know that contributions of bacteria can contribute significantly to the degradation of 
sub-optimal diets (15–18), but we have an incomplete understanding of the importance 
of host-microbiome interactions critical for being able to feed different organic waste 
and by-products to insects. If we are to better utilize and valorize different organic 
waste and by-products in insect production, we need an improved understanding of 
the host-microbiome interactions, and the metabolic potential and importance of the 
microbiome in commercial insect production (19). In doing so, we can help improve 
production through, for example, increased flexibility in the use of diets, more stable 
production, and increased larval size. For example, the performance of insects used 
in commercial insect production often varies much across various substrates, making 
it necessary to deal with this instability in industrial production (20–23). By utilizing 
microbes as additives to insect feed, it has been shown that insect performance can be 
improved (24–28). This suggests an efficient way to stabilize insect performance to a 
variety of rearing substrates by adopting probiotics tailored for specific substrates. One 
challenge of probiotics, however, is overcoming barriers in probiotic establishment in 
the larval gut (29), although the chance of successful establishment can be improved by 
leveraging on microbes that are found natively in the host (30, 31).

In this study, we analyze differences in the house fly (Musca domestica) larva gut 
microbiome, as well as the substrate microbiome, across three waste and by-product-
based substrates (a brewer’s spent grain-based substrate, a digested sludge-based 
substrate, and a wheat bran/deproteinized grass-based substrate), to reveal microbial 
adaptation to both different substrates and to the larval gut. When grown on these 
different substrates, both larval growth and metabolic performance traits are impacted, 
where the brewer’s spent grain-based substrate generally gave the highest perform­
ance in terms of larval weight, larval yield, and substrate conversion efficiency (32). To 
investigate the microbiome, we utilized long- and short-read sequencing to assemble 
and bin microbial reads into metagenome-assembled genomes (MAGs), allowing us to 
estimate the metabolic potential of the gut and substrate microbiome, in addition to 
taxonomy (33). Both larval gut and substrate samples were obtained in the study by 
Muurmann et al. (32) and allowed us to directly relate changes in larval microbiome 
with larval performance and to gain insight into metabolic pathways that correlate 
with different substrates and with the adaptation to the larval gut—information that is 
often lost when using only taxonomy as distinct taxonomic groups can perform similar 
metabolic functions (34). In addition, we analyzed correlations between larval pheno­
typic traits and coverage of microbial metabolic pathways. In doing so, we increase 
our understanding of larval gut microbial functions and their proliferation in the gut 
and on different waste and by-products. Both sources of information will be helpful 
for improving our understanding of the importance of host-microbiome interactions in 
commercial insect production.
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RESULTS

Data overview from sequencing

We reared house fly larvae on three different substrates and sampled gut and substrate 
samples for sequencing the microbiomes (see Fig. 1). Our microbiome analysis comprises 
both long-read and short-read sequencing, resulting in 76.2 Gbases and 166.7 Gbases, 
respectively (read quality metrics summarized in Data S2). Filtered reads were used for 
a hybrid assembly, where a co-assembly for each substrate was conducted, resulting in 
a total of 108,888 contigs generated, including 14,812 contigs for the brewery medium, 
18,973 contigs for the bran/grass medium, and 75,103 contigs for the sludge medium. 
Contigs were made into scaffolds with a soft-split length of 20,000 bases for meta­
genomic binning (anvi’o default), resulting in 450,750 scaffolds comprising over 1.58 
Gbases. Metagenomic-assembled genomes were generated using Metabat2 and further 
refined using anvi’o, resulting in a MAG catalog of 154 MAGs of at least 50% completion 
and one bin of unbinned contigs from 24 samples, including substrate and fly intestinal 
samples (see Data S3). In total, 147 MAGs met the medium-quality draft genome criteria 
(35), while 7 exhibited above 10% redundancy and therefore were of lower quality than 
a low-quality draft genome (see Data S3). Of the medium-quality MAGs, 8 lacked the 5S 
rRNA gene that is needed to be classified as high quality, while 35 additionally lacked 
the 23S rRNA gene, the 16S rRNA gene, or both. Taxonomic assignment of the MAGs 
in the catalog revealed it was comprised of two archaea, 136 bacteria, and 16 eukar­
yotes. Of the bacteria, the major phyla were Pseudomonadota (34.5%), Actinomycetota 
(33.8%), Bacillota (17.6%), and Bacteroidota (11.0%). Phylogenetic analysis showed that 
most bacterial MAGs could be taxonomically assigned at the genus level. However, a 
monophyletic cluster of nine MAGs that was most closely related to a MAG classified as 
Pantoea was not assigned any taxonomy (see Fig. S1). Some clusters had a phylogenetic 
distance of zero, indicating that these MAGs constitute the same species, likely an artifact 
from the MAG library generation, where MAGs were independently generated for each 
of the three substrates. Subsequent mapping of shotgun sequenced reads to the MAG 
catalog resulted in a total of 1.996 million mapped reads, constituting 1.2% of the total 
reads. The fraction of host reads was not tested, but earlier experiments with similar 
methodology suggest this number to be around 10% (unpublished data). Rarefaction 
curves for all samples were generated to investigate sequencing depth, which indicated 
sufficient sequencing depth, except for start substrate samples (see Fig. S2).

FIG 1 Overview of the experimental setup and sampling during the experiment. For the experiment, larvae of the house fly 

(Musca domestica) were grown on three substrates (brewery, sludge, and bran/grass), and substrate samples were sampled on 

days 0 and 6 (1–3 replicates per substrate), and guts on day 6 (4–5 replicates per substrate).
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Microbial dynamics in the intestine of Musca domestica is affected by 
substrate

Hill number-based analyses were used to characterize how the diversity of MAGs varied 
across samples. In the substrates, MAG richness (Hill number q value= 0) increased from 
day 0 to day 6 (see Fig. 2A). Furthermore, we saw a high richness in the intestinal 
microbiomes in the fly larvae compared to the starting substrate (day 0), but similar 
richness to the end substrate (day 6) (see Fig. 2A). Richness analysis across substrate 
revealed similar levels of the effective number of MAGs in intestines of larvae fed on 
bran/grass medium and brewery medium, while the highest richness was observed for 
the sludge medium (see Fig. 2B). When accounting for the abundance of MAGs (Hill 
number q value = 1 [Shannon diversity] and Hill number q value= 2 [Simpson diversity]), 
we saw no differences in diversity between fly larvae fed on different substrates. We 
noticed that the sludge medium resulted in the lowest effective number of MAGs 
(q-value = 1 and q-value = 2) in the intestinal samples, showing that the high number of 
observed MAGs in the fly larvae fed on the sludge medium is a result of low-abundant 
MAGs (see Fig. 2B).

Our investigation of the MAG profiles across samples revealed distinct microbiomes, 
related to both sample type and substrate. Ordination, using Principal Coordinates 
Analysis (PCoA), revealed clustering according to PC1 related to sample type (explaining 
83.21%), and PC2 related to substrate (explaining 7.45%), where brewery medium and 
bran/grass medium were clustered together, and sludge medium clustered alone. 
Comparing binary and abundance-based ordination revealed separation of substrate, 
and sample type was defined by a shift of different MAGs (see Fig. 2C), as abundance-
based PCoA did not show the same clustering as the clustering based on prevalence (see 
Fig. S3).

We constructed a heatmap based on the summed abundance of MAG genera across 
samples (see Fig. 3A) (see Data S4). The heatmap shows high abundance of the genera 
Pseudochrobactrum and Weissella across all substrate and intestine samples on day 6, and 
high abundance of the genera Bordetella, Lactococcus, Microbacterium, and Leucobacter 
in intestinal samples across all substrates. Specifically for the larvae reared on brewery 
medium, bacteria including Alcaligenes, Empedobacter, Sanguibacter, Enterococcus, 
Paenibacillus, and Cellulomonas were highly abundant in the intestine (see Fig. 3A). For 
the larvae reared on sludge medium, bacteria including Cellulosimicrobium, Empedo­
bacter, Methanothermobacter, and Stenotrophomonas were highly abundant in the 
intestine (see Fig. 3A). For the larvae reared on bran/grass medium, bacteria, including 
Ochrobacterium, Paenochrobactrum, Pantoea, Stenotrophomonas, and Comamonas, were 
highly abundant in the intestine (see Fig. 3A). In accordance with the Hill diversity 
metrics, only a few genera were detected in the start substrates while the diversity was 
higher in both intestine and substrate samples from day 6. Genera highly abundant in 
the substrate but not the intestine include Coprothermobacter, Vagococcus, Brevundimo­
nas, Acinetobacter, and Methanosarcina (see Fig. 3A), indicating that these genera are 
substrate specific. Similar to the PCoA (see Fig. 2C), one of the substrate samples labeled 
as bran/grass medium clustered together with two of the brewery medium samples (see 
Fig. 3A), indicating that this first sample might be mislabeled.

We conducted a prevalence test to investigate which MAGs were related to the gut 
environment of the fly larvae. Using a prevalence threshold requiring 75% presence 
across intestinal samples coupled to no presence in the starting substrate, we identified 
68 MAGs related to the fly gut (see Data S5). These MAGs were comprised of 13 bacterial 
genera, including Microbacterium (n = 15 MAGs), Leucobacter (n = 8 MAGs), Enterococcus 
(n = 4 MAGs), Sphingobacterium (n = 4 MAGs), Alcaligenes (n = 4 MAGs), Lactococcus (n = 3 
MAGs), Providencia (n = 3 MAGs), and Stenotrophomonas (n = 3 MAGs). Furthermore, 
although the bacterial genus Weisella was found in all intestinal samples, it was also 
identified in the start substrate and therefore hypothesized to be more of a generalist 
than the other prevalent MAGs.
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We used KOfams to predict the metabolic traits of the MAGs and to then compare 
how the metabolic potential of the MAGs varies between the gut communities associ­
ated with the three growth substrates (see Fig. 3B through D). This was done based on a 
UMAP projection of the KEGG module completion of each assembled MAG, and coloring 
of each MAG according to the log-2 difference in mean MAG abundance between two 
substrates. The UMAP projection reveals shifts in MAGs that potentially fulfill similar 
metabolic functions related to the substrates. In the far-left corner of Fig. 3B through D, 
there is a close clustering between MAGs of Morganella morganii, Enterococcus, Providen­
cia, Pseudomonas aeruginosa, and Enterobacteriaceae, indicating that these MAGs have 
similar overall metabolic potential, although occurring at significantly different relative 
abundances between substrates. Morganelli morganii had higher abundance in larvae 
reared on brewery medium, Enterobacteriaceae had higher abundance in larvae reared 
on bran/grass medium, and Providencia lower, indicating that these different bacteria 
fulfill similar metabolic niches between substrates. Other clusters show similar shifts in 

FIG 2 Metagenome dynamics related to substrate and sample types. (A) Boxplots of MAG diversity, using Hill effective 

numbers of MAGs across sample types, where q = 0 is MAG richness, q = 1 is Shannon diversity, and q = 2 is Simpson diversity. 

(B) Boxplots of intestinal MAG diversity, using Hill effective numbers of MAGs across substrates. (C) Principal coordinate 

analysis (PCoA) of metagenomes, based on the presence/absence of MAGs, related to sample types and substrate. The shape 

indicates the different sample types, and coloring indicates the different substrates.
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microbial abundance of metabolically similar MAGs, with the top middle cluster showing 
Alcaligenes being more abundant in brewery medium, while Pseudochrobactrum and one 
MAG of Stenotrophomonas were less abundant. Another strain of Stenotrophomonas, that 
is located in another cluster (lower right cluster) had higher abundance in brewery 
medium, whereas Pantoea and Pristimantibacillus camelliae were less abundant com­
pared to sludge medium and bran/grass medium. Several MAGs of Leucobacter were 
detected, forming a cluster in the right side of the UMAP projection, with great diversity 

FIG 3 Metagenomic taxonomy and functional capacity across substrates. (A) Heatmap of summed normalized abundance of 

MAG genera across samples. Substrate and sample type are represented by color at the top panels. (B–D) Uniform Manifold 

Approximation and Projection (UMAP) of reconstructed metabolism of all MAGs. (B) Normalized abundance comparison of 

MAGs between brewery medium and sludge medium. (C) Normalized abundance comparison of MAGs between bran/grass 

medium and sludge medium. (D) Normalized abundance comparison of MAGs between brewery medium and bran/grass 

medium.
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in abundance differences between the various substrates. Finally, eukaryotes formed their 
own functional cluster at the middle bottom and were more abundant in brewery 
medium and bran/grass medium than sludge medium.

Enrichment analysis reveals pathways associated with gut-related micro­
biome

We investigated the metabolic potential of gut-related MAGs using an enrichment 
analysis that compared coverage across 280 microbial KEGG pathways (modules) for 
gut-related vs. non-gut-related samples (see Data S5). This revealed 31 (adjusted q-value 
< 0.07) modules that were highly related to gut-related MAGs, although only two of 
these modules were found significantly related to gut-related MAGs (adjusted q-value < 
0.05). On the other hand, we only found two modules not related to gut-related MAGs 
(adjusted q-value < 0.05) (see Fig. 4; Data S6). Of the modules related to gut-related 
MAGs, we found enriched modules encoding for the functions “phenylacetate degrada­
tion” and “multidrug resistance.” Other non-significant modules of interest included 
“trehalose biosynthesis,” “phenylalanine biosynthesis,” “GABA (gamma amino butyrate) 
biosynthesis,” “GABA shunt,” “glycogen biosynthesis,” “urea cycle,” and “glyoxylate cycle.”

Functional analysis reveals a shift in microbial dynamics related to substrate

We carried out a differential abundance analysis of the microbial functions based on 
read-depth-normalized summed coverage of the cluster of orthologous genes (COGs). 
When comparing brewery medium and bran/grass medium, we found 264 significantly 
differential abundant functions, where 134 COGs were found to be more abundant in 
intestines reared on brewery, and 130 COGs were found to be more abundant in 
intestines reared on bran/grass (see Dats S7). A comparison of the data from the brewery 
medium and sludge medium revealed that these groups were the most divergent, with 
325 significantly differential abundant functions. Of the 325 COGs, 193 COGs were found 
to be more abundant in intestines reared on brewery medium, whereas in sludge 
medium, 132 COGs were found to be more abundant in intestines reared on sludge 
medium (see Dats S7). Lastly, when comparing bran/grass medium and sludge medium, 
we found 175 significantly differential abundant functions where 99 COGs were found to 
be more abundant in intestines reared on the sludge medium and 76 COGs were found 
to be more abundant in intestines reared on the bran/grass medium (see Dats S7).

When exploring the metabolic categories using COG, we found that for most 
categories, intestinal samples of fly larvae reared on sludge medium had a higher 
normalized coverage in comparison to the start and end substrate, as well as intestinal 
samples from the other substrates, although rarely at a significantly higher level (see Fig. 
5A through F). For the COG category “carbohydrate transport and metabolism,” there was 
a significantly higher mean coverage for samples from larvae reared on sludge medium 
than on brewery medium (see Fig. 5A). There were no significant differences between 
groups for the other metabolic categories “amino acid transport and metabolism” and 
“lipid transport and metabolism” (see Fig. 5B and 6C). The COG category “mobile: 
prophages, transposons” had significantly higher mean coverage for intestinal samples 
from sludge medium than from brewery medium, while the COG category “replication, 
recombination and repair” had significantly higher mean coverage for intestinal samples 
from sludge medium compared to the other substrates (Fig. 5D and 6E). The COG 
category “defense mechanisms” had no significant difference between substrates (Fig. 
5F).

Functional microbiome dynamics correlate with host survival and conversion

We investigated the dynamics of the metabolic capacity of microbiomes across sample 
types and substrates, revealing a lower metabolic capacity in the starting substrate, 
which reflects a smaller microbial community with less metabolic capacity (see Fig. 2A 
and 6A). Furthermore, we found similar levels of metabolic capacities between end 
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substrate and intestinal samples, indicating a larger microbial community and higher 
metabolic capacity in both groups (see Fig. 2A and 6A). We correlated the metabolic 
capacity with host phenotypes, including survival and feed conversion, which revealed a 
positive correlation between the mean metabolic capacity of gut-related MAGs and both 
survival and feed conversion (see Fig. 6B). Interestingly, when correlating the mean 
metabolic capacity of all MAGs and both survival and feed conversion, we saw no 
significant correlation. This indicates that the phenotypes are specific to the gut-related 
MAGs (see Fig. S4).

We investigated the mean coverage of KEGG metabolic pathways (modules) related 
to gut-related MAGs, and their association with host survival and feed conversion 
(see Dats S8). We found several modules associated with host phenotypes, including 
“pyridoxal-P biosynthesis,” which had a positive correlation with both host survival and 
feed conversion (see Fig. 6C). Furthermore, our correlation analysis revealed a correlation 
between survival of the host and microbial drug resistance, more specifically “multidrug 
resistance, efflux pump Mexcb-OprJ,” and also aromatic amino acid metabolism, more 
specifically “tryptophan biosynthesis by chorismate” (see Fig. 6C). Subsequently, we 
found a negative correlation between the Entner-Doudoroff pathway, homoprotocatech­
uate degradation, and larval feed conversion (see Fig. 6C).

DISCUSSION

The larval gut microbiome has been suggested to play a major role in insect produc­
tion and bioconversion of organic waste and by-products (36, 37) as insects and their 
microbiomes have evolved together to convert a wide range of nutrient-poor diets into 
high-quality protein (11, 37). However, very little is known about how these insect-
microbiome associations could be leveraged to optimize commercial insect production 
(38). We analyzed the microbiome composition and metabolic potential of house fly 
larvae grown on very different substrates (bran/deproteinized grass-based medium, 
a brewery by-product-based medium, and a digested sludge-based medium) using 
genome-resolved metagenomics, to understand the role of the microbiome in convert­
ing different waste and by-product-based substrates. Interestingly, the choice of growth 
substrate had a large effect on larval growth and metabolic performance traits (32). 
Substrate affected larval performance, performing better on brewer’s spent grain-based 

FIG 4 Enrichment analysis of KEGG modules of gut and non-gut-related MAGs. Volcano plot of enriched modules in gut- and 

non-gut-related MAGs. The X-axis indicates the enrichment score, and the y-axis indicates the adjusted q-value. Colors indicate 

the significance of modules, as indicated by the legend. (A) Comparison of brewery and bran/grass medium. (B) Comparison of 

bran/grass and sludge medium. (C) Comparison of brewery and sludge medium.
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substrate regarding larval mass, larval yield, and substrate conversion efficiency. Wheat 
bran/deproteinized grass substrate did yield larger larvae than anaerobically digested 
sludge-based substrate, while anaerobically digested sludge-based substrate did yield 
higher net growth efficiency than wheat bran/deproteinized grass (32). This allowed us in 
the current study to relate changes in the larval gut microbiome with changes in larval 
performance.

One caveat of the analysis in the current study, though, is the low amount of data 
mapping to the MAG catalog; however, this limitation affects all samples equally, and 
a comparison to literature suggests that we caught the expected microbial diversity 
(discussed in section “Metagenomic studies need better MAG catalogs and higher 
power,” below). Therefore, we believe that it is reasonable to derive conclusions from 
the results.

Larval gut enriched for stress-associated pathways of its microbiome

Gut-related MAGs were significantly enriched for the functions “multidrug resistance” 
and “phenylacetate degradation” with several other functional modules having higher 
coverage, though not significantly, including “trehalose biosynthesis,” “GABA biosynthe­
sis,” “GABA shunt,” “glycogen biosynthesis,” “urea cycle,” and “glyoxylate cycle.” Multidrug 
resistance covers efflux pumps which can serve as protection against antimicrobial 
peptides (39, 40), the GABA shunt is known for protection against acids in prokaryotes 
(41), trehalose synthesis is known for stress protection in symbionts (42), and the 
glyoxylate cycle is important for bacteria in the viable but nonculturable state (43) 
indicating that gut-related bacteria do have mechanisms to cope with the strong 
microbial selection of the fly mid-midgut (44). This indicates the need for larval gut 

FIG 5 Pairwise comparison of mean abundance across substrates for modules of interest. (A) Carbohydrate transport and 

metabolism, (B) amino acid transport and metabolism, (C) lipid transport and metabolism, (D) mobile: prophage, transposons, 

(E) replication, recombination, and repair, and (F) defense mechanisms. The color legend indicates substrates. Dashed lines 

indicate the mean coverage of the module of interest across all substrates for both the start substrate (yellow) and the end 

substrate (dark red).
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symbionts to contain pathways for coping with stress factors—an important considera­
tion when selecting microbial strains for probiotics (29, 44).

Substrate affects microbiome composition and metabolic potential

The effect of the substrate on microbial composition is well known in the waste-con­
verting black soldier fly (45, 46) and has also been shown to affect the house fly 
microbiome (47). This is in accordance with observations that fly larvae microbiomes 
are highly dynamic with several transient microbes (48), and in agreement with our 
observations showing differences in MAG abundance and diversity between substrates. 
In addition, studies have shown that microbial function in black soldier fly larvae is also 
affected by substrate (49), in agreement with our observations of significant differences 

FIG 6 Correlation analysis of microbial functions, feed conversion, and survival of fly larvae. (A) Boxplots of metabolic capacity 

across all sample types and substrates. (B) Scatterplot of mean metabolic capacity for each sample of all substrates correlated 

with survival (left) and conversion of feed (right). The diagonal lines indicate a linear regression. The pale gray area indicates 

the confidence intervals of the regression. (C) Correlation analysis of selected KEGG module abundances and survival (top) 

and conversion (bottom). The diagonal lines indicate a linear regression. The pale gray area indicates the confidence intervals 

of the regression. Dashed lines indicate the mean coverage of the module of interest across all substrates for both the start 

substrate (yellow) and the end substrate (dark red). The color legend indicates substrates for all plots.
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in metabolic potential between sludge-related gut samples and gut samples from other 
substrates. Interestingly, no major shifts in MAG metabolism were observed between 
substrates according to the UMAP projection of metabolic potential, concordant with 
the concept of different species being able to fulfill the same ecological niche (34). 
Conversely, substrate-specific differences in coverage of COG categories were observed, 
thus suggesting adaptation of the larval microbiomes to the different substrates.

The significantly higher mean coverage of “carbohydrate transport and metabolism” 
genes for gut samples of larvae reared on sludge medium when compared to brewery 
medium could be due to selection for microbes containing genes involved in synthesis 
and degradation of extracellular polymeric substances in the sludge-related samples 
(50). There were no significant differences in the coverage of this COG category between 
samples reared on brewery medium and bran/grass medium, nor bran/grass medium 
and sludge medium. This could be due to more complex carbohydrates in bran/grass 
medium than brewery medium, hence why the microbes need more genes for carbohy­
drate metabolism. Other COG categories of macronutrient metabolism (“lipid trans­
port and metabolism” and “amino acid transport and metabolism”) had no significant 
differences in mean coverage, indicating that if substrate affects microbiome macronu­
trient metabolism, it is through carbohydrate content in the case of this experiment.

Gut samples of larvae reared on sludge medium additionally had significantly higher 
mean coverage of mobile elements (“mobile: prophages, transposons”) when compared 
to those reared on brewery medium, which could be a result of more bacteriophages 
being present in digested sludge (51). Mobile elements pose a risk of transferring 
antibiotic resistance genes (52), and therefore these results suggest the need for 
thorough analysis of the microbes associated with digested sludge if this substrate is 
applied for industrial rearing of fly larvae. Lastly, sludge-related samples also had a 
higher mean coverage of the COG category “replication, recombination, and repair.” The 
higher coverage may reflect a need for enhanced DNA repair mechanisms, potentially 
driven by the activity of mobile elements in sludge samples. This is unlikely to be due to 
increased replication, as there was no significant rise in the mean coverage of the COG 
category “cell cycle control, cell division, chromosome partitioning.” The KEGG module 
“multidrug resistance” was enriched in gut-related samples, which seems to be a general 
enrichment across all substrates, as the COG category “defense mechanisms” (which 
contains drug resistance genes) had no significant differences between substrates. Based 
on our observations, it could be hypothesized that adding non-native bacteria with the 
ability to degrade complex polymers to the sludge medium could bypass infection by 
the native phages or mobile elements and be able to degrade the polymeric substance, 
releasing more nutrients for fly larvae growth.

Microbial metabolic potential correlates with larval phenotype

By reconstructing MAGs from the samples, it was possible to elucidate the functional 
role of the larval microbiome on larval growth and conversion of waste and by-products. 
The observed correlation between microbial pyridoxal-P synthesis (vitamin B6) and larval 
survival and conversion efficiency could indicate that this nutrient is a limiting factor for 
larval performance, as larval survival and substrate conversion efficiency increased with 
a higher coverage of this pathway. Vitamin synthesis is a well-known benefit of insect 
symbionts (11, 53). To verify the importance of pyridoxal-P synthesis, experiments with 
vitamin backfill could be performed in a similar manner as Pei et al. (24), who verified 
the positive effect of a strain of Bacillus velezensis on vitamin synthesis, by supplying 
germ-free black soldier fly larvae with riboflavin (vitamin B2). The negative correlation 
observed between coverage of the Entner-Doudoroff pathway and feed conversion 
could be an indication of an opportunistic fight for glucose, which might affect the feed 
conversion of the house fly larvae. Homoprotocatechuate is part of the metabolism of 
aromatic rings from metabolic products from aromatic amino acid degradation (40, 54), 
and might therefore cause a lack of essential aromatic amino acids for fly nutrition. In 
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consequence, the larvae would need to ingest more feed to obtain the same amount of 
growth, thus causing the lower substrate conversion efficiency observed.

Defining gut-related MAGs is challenging

Defining gut-related microbes is challenging in fly larvae, as these organisms live in 
their feed where they also excrete feces, making substrate and intestine samples similar 
in microbial composition. Consequently, gut-related microbes were defined based on 
the presence of substrate on day 0, of which there was a low sample size (one for 
each substrate), causing uncertainty in this definition. Knowing the true, resident gut 
microbiome from “passive passengers” helps elucidate which microbes thrive in the 
larval gut and might exert a beneficial function in the larval gut, potentially serving as 
targets for gut microbiome engineering (36, 55). This knowledge could be achieved by 
analyzing microbial dynamics, including the microbes present on eggs/neonates, fresh 
substrate, as well as a time series of larval guts and substrate samples (56). In addition, 
different gut segments could be analyzed to determine how different microbes react to 
the passage of the larval gut (57). Optimally, such an analysis would include a study on 
microbial activity to verify metabolic potential through transcriptomics, proteomics, or 
metabolomics.

Metagenomic studies need better MAG catalogs and higher power

To our knowledge, only one study (58) has previously used genome-resolved metage­
nomics to investigate the importance of the larval gut microbiome of insects that have 
the potential for industrial waste conversion. By applying genome-resolved metage­
nomics, we were able to compare not only the taxonomic composition, but also 
the metabolic potential, of the microbiomes related to different substrates and larval 
guts. This was done to gain insight into how the microbiomes functionally adapt to 
the different conditions and additionally reveal how host performance is affected by 
microbiome functionality. This study, however, faced several limitations, one being the 
small sample size causing low statistical power. In addition, only 1.2% of the Illumina 
reads mapped to our MAG catalog meaning that lots of microbial information was 
not captured in this study, including the true diversity and functionality of the sam­
ples. This is likely an inherent limitation from our assembly strategy, where Nanopore 
reads originating from an independent growth experiment were used for the hybrid 
assembly. If there were significant differences in the microbiome between these two 
experiments, there would be bacterial species found in the experiment of this work 
lacking in the generated MAG catalog. All treatments were, however, similarly affected 
by this limitation, and therefore comparisons could be conducted on the information 
gained from the MAG catalog without introducing bias between samples. Comparing the 
taxonomy of the MAGs we were able to construct indicates that we captured most of the 
genera normally reported in house fly microbiome studies, including Providencia (found 
in seven studies), Enterococcus (found in four studies), Morganella, Vagococcus, Microbac­
terium, Alcaligenes, Pseudomonas, Weissella, Ochrobactrum, and Sphingobacterium (found 
in three studies) (47, 59–65). Genera commonly found in literature, but not in our MAG 
catalog include Proteus (found in five studies), Staphylococcus (found in four studies), 
Serratia, Bacillus, Lactobacillus, and Corynebacterium (found in three studies). This lack of 
genera could be due to an incomplete MAG catalog but could also be due to the source 
of microbes varying, as some studies use wild flies while others use laboratory flies, 
and within the literature, the fly larvae microbiome detected varies a lot, with only two 
genera (Providencia and Proteus) found in more than half of the studies. This suggests 
that we did capture most of the expected microbial diversity of the house fly larval gut. 
In addition to this, studies have also found that the presence of different bacteria is 
dependent on life stage (larvae, pupae, and adults) but also larval stage as well as origin 
of population and growth substrate (59, 66, 67). The importance of growth substrate on 
the bacterial composition of the larval gut is also evident in the present study, where, 
for example, Coprothermobacter and Methanobacter were mostly associated with the 
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sludge-based substrate. These genera and genera such as Pantoea, Cellulosimicrobium, 
Bordetella, Alcaligenes, Empedobacter, Leucobacter, and Sanguibacter are also examples of 
novel genera not identified in traditional 16S rRNA studies (e.g., [59, 66, 67).

Optimally, an additional sequencing method like amplicon sequencing could be 
applied to catch the whole bacterial diversity, but this was not possible in the given 
study. It should also be noted that metabolic analyses on low-quality MAGs are not 
optimally compared to using high-quality MAGs (68), which we did not succeed in 
generating. We believe that increasing statistical power by increasing the sample size, 
generating a more representative MAG catalog, analyzing the different compartments 
of the larval gut, including multiple time series, and verifying results with activity data, 
like transcriptomics or proteomics, could unfold the true potential of genome-resolved 
metagenomics for revealing important microbes and microbial functions in reared 
fly larvae. By applying genome-resolved metagenomics for future studies on waste-
converting fly larvae, we see a huge potential in revealing microbes with important 
functions in degradation of waste, fly health, and fly performance. By gaining insight 
into the underlying functionality of host-microbiome interactions in these species, it 
will also become possible to manipulate host-microbiome interactions, for example, 
by the addition of pro- or prebiotics, phage therapy, and selective breeding for an 
optimized microbiome (19). Improving waste-conversion outcomes through the use of 
microbiome-optimized fly larvae could have a huge impact on sustainability, effec-
tively reducing waste and by-products and efficiently converting these into sustainable 
proteins suited for fish or livestock feed, paving the way for a greener future.

Conclusion

We generated 154 MAGs from substrates and guts of house fly larvae reared on 
different waste and by-product-based substrates. MAGs associated with fly guts had 
higher coverage of functions related to stress responses, indicating a strong selection 
of microbes by the fly gut that should be considered when applying probiotics in 
the rearing of fly larvae. The microbiome of flies was affected by substrate, with the 
microbiome of larvae reared on sludge-based samples generally being more diverse 
in low-abundance species and having a higher metabolic capacity compared to other 
substrates. We also found significant differences in COG coverage between substrates, 
but clustering based on metabolic potential indicated that the microbial metabolism 
overall was similar between substrates, with different microbes fulfilling the metabolic 
functions between substrates. Lastly, we found both positive and negative correlations 
between the coverage of microbial pathways and larval phenotypes. Together, our 
results demonstrate the utility of metagenome-assembled genomes in analyzing the 
microbial communities of industrially reared fly gut microbiomes and show the potential 
for finding microbial function correlated with improved larval traits that can be selected 
for in industrial insect rearing, either through microbiome manipulations or by adding 
function-specific probiotics.

MATERIALS AND METHODS

The microbiome of guts from house fly larvae reared on three different substrates for 6 
days were sequenced (4–5 replicates per substrate consisting of 5 guts each) in addition 
to substrate samples before addition of eggs (one replicate per substrate) and after 
6 days of larval growth (2–3 replicates per substrate) (see Fig. 1). The substrates used 
were a wheat bran/deproteinized grass-based medium, a brewery by-product-based 
medium, and a digested sludge-based medium. For further description of rearing of 
larvae, substrates, and larval performance across substrates, see reference (32).

Rearing of house fly (Musca domestica)

House fly eggs were collected from a house fly laboratory culture at Aalborg Univer­
sity (19th generation, kept at 23°C, population size of approximately 1,000 flies each 
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generation, fed bran/alfalfa medium [21.3% wheat bran, 10.7% ground alfalfa, 0.8% 
maltose, 0.5% yeast extract, and 66.7% water]) (origin of the culture described in 
reference 69). Eggs were collected over 6 h by adding a beaker with egg-collection 
medium (0.5% yeast extract, 0.8% maltose syrup, 10.7% ground alfalfa straw, 21.3% 
wheat bran, and 66.7% water) with a piece of cotton soaked in a solution of milk powder 
(15%) to the fly cages.

Experimental setup

Larvae were grown in three different substrates (see Fig. 1). In short, plastic beakers (365 
mL, D = 95 mm) were filled with 70 g of either of three growth substrates: Bran/grass 
medium (21.3% wheat bran, 10.7% deproteinized grass, 0.8% maltose, 0.5% yeast extract, 
and 66.7% water), brewery medium (8.3% wheat bran, 4.2% deproteinized grass, 0.3% 
maltose, 0.2% yeast extract, 67.0% brewer’s spent grain, and 20.0% water), or sludge 
medium (17.4% wheat bran, 8.6% deproteinized grass, 0.6% maltose, 0.4% yeast extract, 
66% centrifuged sludge, and 7% water). Eggs were added to a density of 1 egg/g 
substrate, and the beakers were placed in a humidified Binder (KBWF 720) temperature 
cabinet. The light:dark cycle was set to 12:12 h, the temperature was 23.5°C ± 0.8°C 
(mean ± std), and the average humidity was 58.9% ± 5.3%. When a plateau in larval 
weight was measured, cultures were terminated by freezing.

Survival and substrate conversion

Larval phenotypic data (weight, survival, and substrate conversion) were obtained from 
reference (32) and growth included in the current study (Data S1).

Survival was determined as the ratio of the total number of larvae and pupae in 
each replicate compared to the number of added eggs. As the larvae were frozen, it was 
assumed that any larvae that were alive when the cultures were terminated. In addi­
tion, larvae removed for gut extraction (described in “DNA sampling–growth substrate,” 
below) were included as survivors. Conversion was defined as the dry weight of larvae 
harvested per dry weight of growth substrate lost. As the larvae for gut extraction had 
been removed late in the experiment, the weight of larvae was defined as the weight 
of surviving larvae, in addition to the expected weight of the removed larvae had they 
gained the same mean weight as the surviving larvae.

DNA sampling–growth substrate

After preparation of the three growth substrates, each was sampled into an Eppendorf 
tube (1.5 mL) and stored at −20°C. On day 6, substrate samples from three replicates for 
each of the three substrates were collected and stored in Eppendorf tubes (1.5 mL) at 
−20°C. Before DNA extraction, samples were thawed, and 100 mg was transferred with 
a sterilized spatula to a ZR BashingBead Lysis Tube (2.0 mm) (Zymo Research), and the 
samples were refrozen at −20°C.

DNA sampling–insect guts

When larvae were 6 days old, five larvae were sampled per replicate for five replicates 
per growth substrate, and their guts were extracted. In short, this was done by surface 
sterilizing larvae for 30 s in 0.5% sodium hypochlorite and subsequently washing twice 
in sterile water for 30 s. The sterilization process was performed twice. The larvae were 
transferred to sterile narrow Drosophila vials (VWR) and anesthetized with a flow of CO2 
into the tube. The guts were dissected by transferring the larvae to a sterile Petri dish, 
removing their head with a sterile scalpel, and pulling out the gut with sterile forceps. 
The guts were transferred to a ZR BashingBead Lysis Tube (2.0 mm) (Zymo Research) and 
stored at −20°C.
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DNA extraction, library preparation, and short-read sequencing

DNA was extracted from gut and substrate samples following the HostZERO Microbial 
DNA Kit protocol (Zymo Research), with some modifications. First, 750 µL DNA Elution 
Buffer (Zymo Research) was added to each ZR BashingBead Lysis Tube (2.0 mm), and the 
sample was bead-beaten for 60 s at 6.5 m/s on an MP Fastprep 24 (MP Biomedicals). The 
samples were spun down for 2 min at 16,000 RCF, and the supernatant was discarded. 
The pellet was resuspended in 100 µL DNA/RNA Shield (Zymo Research) and 750 µL 
ZymoBIOMICS Lysis Solution (Zymo Research), mixed, transferred to a ZR BashingBead 
Lysis Tube (0.1 and 0.5 mm), and bead beaten on the MP Fastprep for 5 min (5 rounds 
of 6.5 m/s for 60 s). The remaining extraction followed the HostZERO protocol. DNA 
concentrations were determined with a Qubit 4 fluorometer (Thermo Fisher Scientific) 
and DNA length with a TapeStation 4150 (Agilent). The DNA for Illumina sequencing was 
fragmented on a Covaris M220 with peak incident power: 30W, duty factor: 20%, cycles 
per burst: 50, duration: 120–150s. Fragment length was evaluated on a TapeStation 4150 
(Agilent). Libraries were prepared on a MagicPrep NGS system (Tecan) using the Revelo 
DNA-Seq Mech for MagicPrep NGS kit (Tecan) following the manufacturer’s protocol. 
Samples were sequenced by Novogene (Illumina NovaSeq PE 150), aiming for at least 10 
Gb per sample.

Nanopore cultures, library preparation, and long-read sequencing

To gain enough DNA for long-read nanopore sequencing, additional larval cultures were 
grown independent of the ones used for collecting phenotypic and Illumina sequencing 
data. Plastic beakers (365 mL, D = 95 mm) were filled with 70 g of either of three 
growth substrates bran/grass medium (21.3% wheat bran, 10.7% deproteinized grass, 
0.8% maltose, 0.5% yeast extract, and 66.7% water), brewery medium (12.8% wheat bran, 
6.4% deproteinized grass, 0.5% maltose, 0.3% yeast extract, 67.0% brewer’s spent grain, 
and 13.0% water), or sludge medium (14.1% wheat bran, 7.0% deproteinized grass, 0.5% 
maltose, 0.4% yeast extract, 67% centrifuged sludge, and 11% water). Eggs were added 
to a density of 1 egg/g substrate, and the beakers were placed in a P selecta incubator 
(Buch & Holm) with water-containing trays at the bottom. The light: dark cycle was set to 
12:12 h light dark, the average temperature was 24.1°C ± 0.9°C, and the average humidity 
was 81.4 ± 7.1%.

Gut samples were sampled on days 7 and 8 using the same procedure as described 
earlier. DNA was extracted with a HostZERO Microbial DNA Kit (Zymo Research) with 
previously described modifications. DNA samples from replicates reared on the same 
substrate were pooled to increase DNA mass. The pooled sample for sludge samples 
had a high abundance of short fragments and was purified with size exclusion using 
AMPure XP beads (Beckman Coulter) at a 0.4× ratio with L Fragment Buffer (Oxford 
Nanopore Technologies) for elution. The size exclusion was performed twice. Libraries 
for Nanopore sequencing were prepared using a Native Barcoding Kit 24 V14 (Oxford 
Nanopore) following the manufacturer’s protocol. The samples were sequenced with a 
PromethION Flow Cell (R10.4.1, FLO-PROM114M) on a PromethION P24-A100 machine 
running Minknow v. 22.12.5 at 400 bp/s with a 4 kHz sample rate. Base calling was done 
with Guppy v. 6.4.6 with the super accuracy model.

Bioinformatics

Quality control

Raw sequence Illumina reads were quality controlled, using FastQC (v0.11.8, http://
www.bioinformatics.babraham.ac.uk/projects/fastqc/) to assess filtering and quality 
steps. Adapters and low-quality reads were removed with Trimmomatic (70), with 
a quality base of 30 and a minimum length of 50 bases. We removed duplicates, 
and reads were re-paired to remove singletons using bbmap v.38.35 (https://source­
forge.net/projects/bbmap/). We filtered data for the eukaryotic data, using a k-mer 
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approach with Kraken2 v2.1.2 (71), to increase assembly efficiency by reducing 
eukaryotic contaminants.

Genome-resolved metagenomics

A hybrid genome assembly approach was implemented to combine the high accuracy 
of Illumina short reads with the long-read sequencing capabilities of Oxford Nanopore 
Technologies. This workflow involves quality control, error correction, de novo assem­
bly, polishing, and final hybrid assembly merging to produce high-quality genome 
assemblies. Oxford Nanopore long reads were assembled using Flye (72), an assembler 
optimized for error-prone long reads. The assembly was run with the --meta flag to 
account for metagenomic data. To improve the accuracy of the long-read assembly, 
Racon (73) was used for consensus sequence polishing. Before polishing, long reads 
were aligned back to the Flye assembly using Minimap2 (74). To leverage the accuracy 
of Illumina short reads, the long-read assembly polished with Racon was used as input 
for SPAdes hybrid assembly (75). Short reads were incorporated to improve contigu­
ity and base accuracy. The SPAdes hybrid assembly was merged with the long-read 
Flye assembly using Quickmerge (76), a tool designed to combine assemblies while 
preserving the best structural information.

Assembled contigs were quality assessed with Quast (77). Filtering for a minimal 
length of 1,000 bases per scaffold was applied. To increase effective metagenomics 
binning, we used the anvi’o pipeline (78, 79) with automatic binning, using Metabat2 
(80), followed by manual curation with the anvi’o platform. Briefly, (i) anvi’o was used 
to identify genes in the scaffolds using Prodigal v2.6.3 (81) with default parameters. 
Subsequently, HMMER v3.3 (82) was used to identify genes matching archaeal, pro­
tists, and bacterial (83) single-copy core gene (SCGs) collections with hidden Markov 
models (HMMs). Also, ribosomal RNA-based HMMs were identified using barrnap 
(https://github.com/tseemann/barrnap). The HMMs of SCGs were used to determine the 
completeness and redundancy of MAGs; (ii) read recruitment of the metagenome to 
the scaffolds was carried out using BWA v0.7.1596 (84) (minimum identity of 95%) and 
samtools (85). We binned contigs automatically using Metabat2 (80). Each Metabat2 bin 
was manually curated using the anvi’o interactive interface to ensure high completion 
and low redundancy. The interface considers each scaffold’s sequence composition, 
differential coverage, GC content, and taxonomic signal (78, 86). We defined all bins with 
>50% completeness as MAGs. We further classified the MAGs according to the MIMAG 
criteria (35). Ribosomal RNAs were already annotated, and tRNAs were annotated using 
tRNAscan-SE v2.0.12 (87).

Identification, refinement, taxonomic, and functional inference of MAGs

We used anvi’o to infer the taxonomy of MAGs based on the proximity of single-copy 
gene markers based on the Genome Taxonomy Database (GTDB) (88). Subsequently, we 
applied Kaiju (89) with NCBI’s non-redundant protein database “nr” to infer the taxonomy 
of genes (as described in http://merenlab.org/2016/06/18/importing-taxonomy/). For 
functional inference, we used clusters of orthologous (COGs) (90), the Kyoto Encyclope­
dia of Genes and Genomes (KEGG) (91), and protein families (Pfam) (92), which were 
annotated through the anvi’o platform. A summary of the MAGs generated for this study 
is available at Dats S4.

MAG phylogenetic relationships

Phylogenetic analysis was based on the nucleotide sequences of the single-copy gene 
Adenylsucc_synt (PF00709.21), which was exported from anvio’s and aligned for all MAGs 
with MACSE v2.0.7’s (93) function alignSequences with default settings. Alignments were 
used to generate phylogenetic trees with IQ-tree v3.0.1 (94) with ModelFinder (95) for 
determining the substitution model and 1,000 rounds of bootstrapping for determining 
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branch support. The phylogenetic tree was visualized in Fig-Tree v1.4.4 and is available in 
Fig. S1.

MAG quality overview

MAG quality was assessed using metrics such as N50, total length, number of con­
tigs, and completion percentage. Histograms for these metrics were generated using 
log-scaled data for better visualization (see Fig. S5). The abundance of MAGs was 
based on the mean coverage across each MAG. Data were normalized based on MAG 
length and were sum-normalized before analysis based on TMP normalization, using the 
r-package ADImpute (96). Rarefaction curves were estimated using the r-package vegan 
(97) to infer suitable sequencing depth and can be found in Fig. S2.

PCoA analysis for MAGs

A PCoA was performed to explore compositional differences in the microbiome across 
samples. A binary distance matrix was used, and the samples were visualized with colors 
corresponding to the substrate. Data were scaled and centered. An additional PCoA with 
a Euclidean distance matrix was generated and can be found in Fig. S4.

Hill’s diversity analysis

Hill’s diversity indices (q0, q1, and q2) were calculated for each sample to assess 
the diversity of the microbial communities. Boxplots were generated to compare the 
diversity indices across different sample types. Additionally, for a subset of samples from 
larval intestines, diversity was further analyzed based on growth substrate. Diversity 
indices were computed using the hill_div function (98), and the results were visualized 
using boxplots with jitter to show individual sample values.

Heatmap of microbial genera

A heatmap was generated based on the summed normalized abundance of each genus 
present in the MAG catalog. Information on sample type and substrate was added with 
the R package ComplexHeatmaps (99).

Prevalence analysis

The fly gut-related MAGs were identified by comparing the prevalence of MAGs across 
different sample types. Prevalence was defined as the proportion of samples in which a 
MAG or genus was present above a threshold of 0.0001 in terms of relative abundance.

For the analysis, MAGs with a prevalence greater than 75% in fly gut samples and not 
present in the start substrate samples were identified as gut-related. The classification of 
gut-related MAGs was subsequently used for enrichment analyses.

Differential abundance testing across substrates

Pairwise differential abundance testing was performed on MAGs across different 
substrates (brewery, bran/grass, and sludge) using the Wilcoxon rank-sum test. This 
non-parametric test was chosen because it does not assume normality in the data, which 
is appropriate given the typically skewed distribution of microbial abundance data. 
Pairwise comparisons were made between the three substrate groups, and P-values were 
adjusted using the False Discovery Rate (FDR) method. MAGs with significant differen-
ces (P.adj < 0.1) were visualized with those below the 0.05 threshold highlighted as 
statistically significant. The Wilcoxon rank-sum test was used to account for small sample 
sizes and potential deviations from a normal distribution. All analyses were conducted in 
R using rstatix for statistical testing and ggplot2 for visualization (100, 101).
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Metabolic completion index for MAGs and gut-related MAGs

The metabolic completion index (MCI) was calculated to assess the metabolic poten­
tial of MAGs in fly gut samples. For each MAG, pathway completeness was derived 
from KEGG modules, averaged, and normalized by genome completion. MAG pres­
ence/absence was used to compute the summed metabolic capacity for each sample. 
The analysis was conducted for all MAGs and separately for gut-related MAGs.

UMAP analysis of MAGs

UMAP was applied to project MAGs into a 2D space to assess metabolic capacities across 
samples. To explore substrate-related differences, MAGs were colored by fold change 
between substrates (brewery, bran/grass, and sludge). Fold change was calculated based 
on MAG abundance across the different substrate conditions. Based on the Wilcoxon 
rank-sum test, non-significant differences were colored in gray.

Enrichment analysis

The statistical approach for enrichment analysis is previously defined (102). Briefly, 
the program anvi-compute-functional-enrichment determined enrichment scores for 
KOfams of low- and high-abundance by fitting a binomial generalized linear model 
(GLM) to the occurrence of each KOfam in each group and then computing a Rao test 
statistic. Functional enrichment analysis was performed on KEGG modules associated 
with gut-related and non-gut-related MAGs. Enrichment scores were calculated, and 
modules with an enrichment score >2 and adjusted q-value < 0.05 were considered 
significant. Volcano plots were generated to visualize the enrichment scores against 
−log(q-values).

Functional data aggregation and normalization

Gene coverage data were loaded from MAGs using gene caller IDs, and sequencing 
depth normalization was applied. Functions were annotated using the COG (Clusters of 
Orthologous Groups) database, focusing on COG functions, categories, and pathways. 
The data were processed and normalized by sequencing depth using total read counts 
per sample.

The normalized gene coverage was summarized by COG functional annotations, 
and the results were grouped to provide a comprehensive overview of gene functions 
across samples. COG functions, categories, and pathways were further merged to extract 
distinct functional profiles of the microbial community.

Differential COG analysis across substrates

The differential abundance of COG functions across substrates (brewery, bran/grass, and 
sludge) was analyzed using pairwise t-tests, with comparisons made between brewery 
vs. bran/grass, bran/grass vs. sludge, and sludge vs. brewery. P-values were adjusted 
using the Benjamini-Hochberg method, and fold changes were calculated as the ratio 
of COG coverage between substrate groups. Significant COG functions were defined 
as those with an adjusted P-value < 0.05 and a log2 fold change > 1 or < −1. The 
results were visualized using volcano plots for each comparison, displaying log2 fold 
changes against the -log of adjusted P-values. A P-value histogram provided an overview 
of significance distribution, and counts of significant COG functions were summarized 
by direction of change. The analysis was conducted using dplyr and reshape2 for data 
manipulation, DESeq2 for statistics, and ggplot2 and cowplot for visualization (101, 103–
105).

Comparison of COG category coverage between substrates

The coverage of COG categories from intestinal samples was summed for samples 
from larvae reared on the same substrate. The summed coverages were subsequently 
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compared between substrates using a Dunn test and visualized as boxplots with added 
P-values. In addition, mean coverage of the COG categories in start- and end-substrate 
samples was added to the plots as a reference.

KEGG module correlation with survival and conversion

To assess the relationship between KEGG module coverage and survival or conversion 
rates in fly gut samples, Pearson correlation was applied. For each KEGG module, linear 
regression was performed, and Pearson’s correlation coefficients were calculated.

Mean KEGG module coverage was plotted against survival rates, with regression 
lines and confidence intervals included to evaluate associations. Horizontal dashed 
lines represented the baseline mean coverage in the starting and end substrates for 
comparison. A similar method was applied to conversion rates, with KEGG module 
coverage plotted against conversion, regression lines fitted, and correlation coefficients 
calculated. Baseline coverage from start and end substrate was again included for 
context.

Correlation of MCI with survival and conversion

The relationship between the MCI and key phenotypes (survival and conversion) in fly 
gut samples was analyzed using Pearson correlation and linear regression. Summed 
metabolic capacity was plotted against survival and conversion rates for both overall 
MAGs and gut-related MAGs. Regression lines and confidence intervals were fitted to 
assess the strength of these relationships, with Pearson correlation coefficients and 
regression equations displayed on the plots.

Statistical assumptions

Statistical assumptions for parametric and non-parametric analyses were tested using 
Levene’s test for homogeneity and the Shapiro-Wilk test for normality of data.

Highlights

• Genome-resolved metagenomic analysis of house fly larva gut microbiome
• Gut microbiome metabolic potential indicates strong selection
• Substrate affects the metabolic potential of the larval gut microbiome
• Larval survival and conversion correlate with microbial vitamin B6 genes

ACKNOWLEDGMENTS

We thank Mads Albertsen and Rasmus Hansen Kirkegaard for help with Nanopore 
sequencing.

This project was funded by the Novo Nordic Foundation (Grant no. 
NNF21OC0070910) to S.B. and The Danish National Research Foundation grant no. 
DNRF143 to M.T.P.G.

A.T.M.: Writing—review & editing, Writing—original draft, Methodology, Investiga­
tion, Formal analysis, Conceptualization. J.A.R.: Writing—review & editing, Writing—
original draft, Formal analysis, Conceptualization. M.T.L.: Writing—review & editing, 
Conceptualization. M.T.P.G.: Writing—review & editing, Conceptualization, Funding 
acquisition S.B.: Writing—review & editing, Supervision, Conceptualization, Funding 
acquisition.

AUTHOR AFFILIATIONS

1Department of Chemistry and Bioscience, Aalborg University, Aalborg, Denmark
2Center for Evolutionary Hologenomics, University of Copenhagen, København, Denmark
3Cmbio, København, Denmark
4University Museum, NTNU, Trondheim, Norway

Full-Length Text Applied and Environmental Microbiology

May 2026  Volume 92  Issue 5 10.1128/aem.00011-2619

https://doi.org/10.1128/aem.00011-26


AUTHOR ORCIDs

Asmus Toftkær Muurmann  http://orcid.org/0009-0004-0758-9994
Jacob Agerbo Rasmussen  http://orcid.org/0000-0002-7710-8912
Morten Tønsberg Limborg  http://orcid.org/0000-0002-7718-6531
M. Thomas P. Gilbert  http://orcid.org/0000-0002-2570-3963
Simon Bahrndorff  http://orcid.org/0000-0002-0838-4008

FUNDING

Funder Grant(s) Author(s)

Novo Nordisk Fonden NNF21OC0070910 Simon Bahrndorff

Danmarks Grundforskningsfond DNRF143 M. Thomas P. Gilbert

AUTHOR CONTRIBUTIONS

Asmus Toftkær Muurmann, Conceptualization, Formal analysis, Investigation, Methodol­
ogy | Jacob Agerbo Rasmussen, Conceptualization, Formal analysis | Morten Tønsberg 
Limborg, Conceptualization | M. Thomas P. Gilbert, Conceptualization | Simon Bahrndorff, 
Conceptualization, Supervision

DATA AVAILABILITY

Metagenome-assembled metagenomes are available at Zenodo with accession numbers 
10.5281/zenodo.18877919 and 10.5281/zenodo.18878344.

ADDITIONAL FILES

The following material is available online.

Supplemental Material

Figure S1 (AEM00011-26-s0001.pdf). Phylogenetic relationship between constructed 
MAGs.
Figures S2 to S5 (AEM00011-26-s0002.docx). Rarefaction curves of each sequenced 
sample, principal coordinate analysis of metagenomes, correlation between metabolic 
capacity and feed conversion and survival of larvae, and quality metric of assembled 
MAGs.
Supplemental data sets (AEM00011-26-s0003.xlsx). Data S1 to S8.
Supplemental legends (AEM00011-26-s0004.docx). Descriptive legends for Fig. S1 to 
S5.

REFERENCES

1. FAO. 2009. How to feed the world in 2050
2. Falcon WP, Naylor RL, Shankar ND. 2022. Rethinking global food 

demand for 2050. Popul Dev Rev48:921–957. https://doi.org/10.1111/p
adr.12508

3. Gustavsson J, Cederberg C, Sonesson U, Otterdijk R, Meybeck A. 2011. 
Global food losses and food waste: extent, causes and prevention. 
Rome. FAO.

4. Crippa M, Solazzo E, Guizzardi D, Monforti-Ferrario F, Tubiello FN, Leip 
A. 2021. Food systems are responsible for a third of global anthropo­
genic GHG emissions. Nat Food 2:198–209. https://doi.org/10.1038/s43
016-021-00225-9

5. Halpern BS, Frazier M, Verstaen J, Rayner PE, Clawson G, Blanchard JL, 
Cottrell RS, Froehlich HE, Gephart JA, Jacobsen NS, Kuempel CD, 
McIntyre PB, Metian M, Moran D, Nash KL, Többen J, Williams DR. 2022. 
The environmental footprint of global food production. Nat Sustain 
5:1027–1039. https://doi.org/10.1038/s41893-022-00965-x

6. Rosegrant MW, Ringler C, Zhu T. 2009. Water for agriculture: maintain­
ing food security under growing scarcity. Annu Rev Environ Resour 
34:205–222. https://doi.org/10.1146/annurev.environ.030308.090351

7. Dörper A, Veldkamp T, Dicke M. 2021. Use of black soldier fly and house 
fly in feed to promote sustainable poultry production. J Insects Food 
Feed7:761–780. https://doi.org/10.3920/JIFF2020.0064

8. Hong J, Kim YY. 2022. Insect as feed ingredients for pigs. Anim Biosci 
35:347–355. https://doi.org/10.5713/ab.21.0475

9. Mohan K, Rajan DK, Muralisankar T, Ganesan AR, Sathishkumar P, 
Revathi N. 2022. Use of black soldier fly (Hermetia illucens L.) larvae meal 
in aquafeeds for a sustainable aquaculture industry: a review of past 
and future needs. Aquaculture 553:738095. https://doi.org/10.1016/j.aq
uaculture.2022.738095

10. van Huis A. 2020. Insects as food and feed, a new emerging agricultural 
sector: a review. J Insects Food Feed6:27–44. https://doi.org/10.3920/JIF
F2019.0017

Full-Length Text Applied and Environmental Microbiology

May 2026  Volume 92  Issue 5 10.1128/aem.00011-2620

http://orcid.org/0009-0004-0758-9994
http://orcid.org/0000-0002-7710-8912
http://orcid.org/0000-0002-7718-6531
http://orcid.org/0000-0002-2570-3963
http://orcid.org/0000-0002-0838-4008
http://dx.doi.org/10.13039/501100009708
http://dx.doi.org/10.13039/501100001732
https://doi.org/10.5281/zenodo.18877919
https://doi.org/10.5281/zenodo.18878344
https://doi.org/10.1128/aem.00011-26
https://doi.org/10.1111/padr.12508
https://doi.org/10.1038/s43016-021-00225-9
https://doi.org/10.1038/s41893-022-00965-x
https://doi.org/10.1146/annurev.environ.030308.090351
https://doi.org/10.3920/JIFF2020.0064
https://doi.org/10.5713/ab.21.0475
https://doi.org/10.1016/j.aquaculture.2022.738095
https://doi.org/10.3920/JIFF2019.0017
https://doi.org/10.1128/aem.00011-26


11. Engel P, Moran NA. 2013. The gut microbiota of insects – diversity in 
structure and function. FEMS Microbiol Rev 37:699–735. https://doi.org
/10.1111/1574-6976.12025

12. Feldhaar H. 2011. Bacterial symbionts as mediators of ecologically 
important traits of insect hosts. Ecol Entomol 36:533–543. https://doi.or
g/10.1111/j.1365-2311.2011.01318.x

13. Douglas AE. 2009. The microbial dimension in insect nutritional 
ecology. Funct Ecol 23:38–47. https://doi.org/10.1111/j.1365-2435.2008
.01442.x

14. Krishnan M, Bharathiraja C, Pandiarajan J, Prasanna VA, Rajendhran J, 
Gunasekaran P. 2014. Insect gut microbiome – An unexploited reserve 
for biotechnological application. Asian Pac J Trop Biomed 4:S16–S21. ht
tps://doi.org/10.12980/APJTB.4.2014C95

15. Callegari M, Jucker C, Fusi M, Leonardi MG, Daffonchio D, Borin S, 
Savoldelli S, Crotti E. 2020. Hydrolytic profile of the culturable gut 
bacterial community associated with Hermetia illucens. Front Microbiol 
11:1965. https://doi.org/10.3389/fmicb.2020.01965

16. Xiao X, Mazza L, Yu Y, Cai M, Zheng L, Tomberlin JK, Yu J, van Huis A, Yu 
Z, Fasulo S, Zhang J. 2018. Efficient co-conversion process of chicken 
manure into protein feed and organic fertilizer by Hermetia illucens L. 
(Diptera: Stratiomyidae) larvae and functional bacteria. J Environ 
Manage 217:668–676. https://doi.org/10.1016/j.jenvman.2018.03.122

17. Somroo AA, Ur Rehman K, Zheng L, Cai M, Xiao X, Hu S, Mathys A, Gold 
M, Yu Z, Zhang J. 2019. Influence of Lactobacillus buchneri on soybean 
curd residue co-conversion by black soldier fly larvae (Hermetia illucens) 
for food and feedstock production. Waste Manag 86:114–122. https://d
oi.org/10.1016/j.wasman.2019.01.022

18. Isibika A, Vinnerås B, Kibazohi O, Zurbrügg C, Lalander C. 2019. Pre-
treatment of banana peel to improve composting by black soldier fly 
(Hermetia illucens (L.), Diptera: Stratiomyidae) larvae. Waste Manag 
100:151–160. https://doi.org/10.1016/j.wasman.2019.09.017

19. Muurmann AT, Banovic M, Gilbert MTP, Sogari G, Limborg MT, Sicheritz-
Pontén T, Bahrndorff S. 2024. Framework for valorizing waste- and by-
products through insects and their microbiomes for food and feed. 
Food Res Int 187:114358. https://doi.org/10.1016/j.foodres.2024.11435
8

20. Ali MH, Ferdousi L, Shaikh MEA, Begum M, Salma M, Hossain MS, Juliana 
FM, Faruki MSI, Ahmed S, Reza MS. 2024. Exploring the impact of 
culture media on life history characteristics of the house fly, Musca 
domestica L. (Diptera: Muscidae). Sci Afr24:e02133. https://doi.org/10.1
016/j.sciaf.2024.e02133

21. Ganda H, Zannou ET, Kenis M, Abihona HA, Houndonougbo FM, 
Chrysostome CAAM, Chougourou DC, Mensah GA. 2022. Effect of four 
rearing substrates on the yield and the chemical composition of 
housefly larvae, Musca domestica L. 1758 (Diptera: Muscidae). Int J Trop 
Insect Sci 42:1331–1339. https://doi.org/10.1007/s42690-021-00651-z

22. Peguero DA, Gold M, Vandeweyer D, Zurbrügg C, Mathys A. 2022. A 
review of pretreatment methods to improve agri-food waste 
bioconversion by black soldier fly larvae. Front Sustain Food Syst 5. http
s://doi.org/10.3389/fsufs.2021.745894

23. Gold M, Tomberlin JK, Diener S, Zurbrügg C, Mathys A. 2018. Decompo­
sition of biowaste macronutrients, microbes, and chemicals in black 
soldier fly larval treatment: a review. Waste Manag 82:302–318. https://
doi.org/10.1016/j.wasman.2018.10.022

24. Pei Y, Zhao S, Chen X, Zhang J, Ni H, Sun M, Lin H, Liu X, Chen H, Yang S. 
2022. Bacillus velezensis EEAM 10B strengthens nutrient metabolic 
process in black soldier fly larvae (Hermetia illucens) via changing gut 
microbiome and metabolic pathways. Front Nutr 9:880488. https://doi.
org/10.3389/fnut.2022.880488

25. Kooienga EM, Baugher C, Currin M, Tomberlin JK, Jordan HR. 2020. 
Effects of bacterial supplementation on black soldier fly growth and 
development at benchtop and industrial scale. Front Microbiol 
11:587979. https://doi.org/10.3389/fmicb.2020.587979

26. Zhang Q, Wang S, Zhang X, Zhang K, Liu W, Zhang R, Zhang Z. 2021. 
Enterobacter hormaechei in the intestines of housefly larvae promotes 
host growth by inhibiting harmful intestinal bacteria. Parasit Vectors 
14:598. https://doi.org/10.1186/s13071-021-05053-1

27. Franks K, Kooienga E, Sanders M, Pendarvis K, Yang F, Tomberlin JK, 
Jordan HR. 2021. The effect of Rhodococcus rhodochrous supplementa­
tion on black soldier fly (Diptera: Stratiomyidae) development, 
nutrition, and waste conversion. J Insects Food Feed7:397–408. https://
doi.org/10.3920/JIFF2020.0033

28. Mazza L, Xiao X, Ur Rehman K, Cai M, Zhang D, Fasulo S, Tomberlin JK, 
Zheng L, Soomro AA, Yu Z, Zhang J. 2020. Management of chicken 

manure using black soldier fly (Diptera: Stratiomyidae) larvae assisted 
by companion bacteria. Waste Manag 102:312–318. https://doi.org/10.
1016/j.wasman.2019.10.055

29. Albright MBN, Louca S, Winkler DE, Feeser KL, Haig SJ, Whiteson KL, 
Emerson JB, Dunbar J. 2022. Solutions in microbiome engineering: 
prioritizing barriers to organism establishment. ISME J 16:331–338. http
s://doi.org/10.1038/s41396-021-01088-5

30. Motta EVS, Powell JE, Leonard SP, Moran NA. 2022. Prospects for 
probiotics in social bees. Philos Trans R Soc Lond B Biol Sci 377. https://
doi.org/10.1098/rstb.2021.0156

31. Wanka KM, Damerau T, Costas B, Krueger A, Schulz C, Wuertz S. 2018. 
Isolation and characterization of native probiotics for fish farming. BMC 
Microbiol 18:119. https://doi.org/10.1186/s12866-018-1260-2

32. Muurmann AT, Eriksen NT, Rasmussen JA, Limborg MT, Tomberlin JK, 
Gilbert MTP, Bahrndorff S. 2025. Growth and metabolic performance of 
house fly and black soldier fly larvae differ across densities and waste-
based growth substrates. Waste Manag 193:529–538. https://doi.org/10
.1016/j.wasman.2024.12.031

33. Tyson GW, Chapman J, Hugenholtz P, Allen EE, Ram RJ, Richardson PM, 
Solovyev VV, Rubin EM, Rokhsar DS, Banfield JF. 2004. Community 
structure and metabolism through reconstruction of microbial 
genomes from the environment. Nature 428:37–43. https://doi.org/10.1
038/nature02340

34. Doolittle WF, Booth A. 2017. It’s the song, not the singer: an exploration 
of holobiosis and evolutionary theory. Biol Philos 32:5–24. https://doi.or
g/10.1007/s10539-016-9542-2

35. Bowers RM, Kyrpides NC, Stepanauskas R, Harmon-Smith M, Doud D, 
Reddy TBK, Schulz F, Jarett J, Rivers AR, Eloe-Fadrosh EA, et al. 2017. 
Minimum information about a single amplified genome (MISAG) and a 
metagenome-assembled genome (MIMAG) of bacteria and archaea. 
Nat Biotechnol 35:725–731. https://doi.org/10.1038/nbt.3893

36. De Smet J, Wynants E, Cos P, Van Campenhout L. 2018. Microbial 
community dynamics during rearing of black soldier fly larvae 
(Hermetia illucens) and impact on exploitation potential. Appl Environ 
Microbiol 84:e02722-17. https://doi.org/10.1128/AEM.02722-17

37. Mannaa M, Mansour A, Park I, Lee DW, Seo YS. 2024. Insect-based agri-
food waste valorization: agricultural applications and roles of insect gut 
microbiota. Environ Sci Ecotechnol 17:100287. https://doi.org/10.1016/j
.ese.2023.100287

38. Gorrens E, Lecocq A, De Smet J. 2023. The use of probiotics during 
rearing of Hermetia illucens: potential, caveats, and knowledge gaps. 
Microorganisms 11:245. https://doi.org/10.3390/microorganisms11020
245

39. Neidig A, Strempel N, Waeber NB, Nizer WS da C, Overhage J. 2023. 
Knock-out of multidrug efflux pump MexXY-OprM results in increased 
susceptibility to antimicrobial peptides in Pseudomonas aeruginosa. 
Microbiol Immunol 67:422–427. https://doi.org/10.1111/1348-0421.130
89

40. Kanehisa M, Furumichi M, Tanabe M, Sato Y, Morishima K. 2017. KEGG: 
new perspectives on genomes, pathways, diseases and drugs. Nucleic 
Acids Res 45:D353–D361. https://doi.org/10.1093/nar/gkw1092

41. Feehily C, Karatzas KAG. 2013. Role of glutamate metabolism in 
bacterial responses towards acid and other stresses. J Appl Microbiol 
114:11–24. https://doi.org/10.1111/j.1365-2672.2012.05434.x

42. Lee J, Jeong B, Bae HR, Jang HA, Kim JK. 2023. Trehalose biosynthesis 
gene otsA protects against stress in the initial infection stage of 
Burkholderia-bean bug symbiosis. Microbiol Spectr 11:e0351022. https:/
/doi.org/10.1128/spectrum.03510-22

43. Qi Z, Sun N, Liu C. 2023. Glyoxylate cycle maintains the metabolic 
homeostasis of Pseudomonas aeruginosa in viable but nonculturable 
state induced by chlorine stress. Microbiol Res 270:127341. https://doi.
org/10.1016/j.micres.2023.127341

44. Nayduch D, Burrus RG. 2017. Flourishing in filth: house fly–microbe 
interactions across life history. Ann Entomol Soc Am 110:6–18. https://d
oi.org/10.1093/aesa/saw083

45. IJdema F, De Smet J, Crauwels S, Lievens B, Van Campenhout L. 2022. 
Meta-analysis of larvae of the black soldier fly (Hermetia illucens) 
microbiota based on 16S rRNA gene amplicon sequencing. FEMS 
Microbiol Ecol 98:fiac094. https:/​/​doi.org/​10.1093/​femsec/​fiac094

46. Auger L, Deschamps MH, Vandenberg G, Derome N. 2023. Microbiota is 
structured by gut regions, life stage, and diet in the Black Soldier Fly 
(Hermetia illucens). Front Microbiol 14:1221728. https://doi.org/10.3389
/fmicb.2023.1221728

Full-Length Text Applied and Environmental Microbiology

May 2026  Volume 92  Issue 5 10.1128/aem.00011-2621

https://doi.org/10.1111/1574-6976.12025
https://doi.org/10.1111/j.1365-2311.2011.01318.x
https://doi.org/10.1111/j.1365-2435.2008.01442.x
https://doi.org/10.12980/APJTB.4.2014C95
https://doi.org/10.3389/fmicb.2020.01965
https://doi.org/10.1016/j.jenvman.2018.03.122
https://doi.org/10.1016/j.wasman.2019.01.022
https://doi.org/10.1016/j.wasman.2019.09.017
https://doi.org/10.1016/j.foodres.2024.114358
https://doi.org/10.1016/j.sciaf.2024.e02133
https://doi.org/10.1007/s42690-021-00651-z
https://doi.org/10.3389/fsufs.2021.745894
https://doi.org/10.1016/j.wasman.2018.10.022
https://doi.org/10.3389/fnut.2022.880488
https://doi.org/10.3389/fmicb.2020.587979
https://doi.org/10.1186/s13071-021-05053-1
https://doi.org/10.3920/JIFF2020.0033
https://doi.org/10.1016/j.wasman.2019.10.055
https://doi.org/10.1038/s41396-021-01088-5
https://doi.org/10.1098/rstb.2021.0156
https://doi.org/10.1186/s12866-018-1260-2
https://doi.org/10.1016/j.wasman.2024.12.031
https://doi.org/10.1038/nature02340
https://doi.org/10.1007/s10539-016-9542-2
https://doi.org/10.1038/nbt.3893
https://doi.org/10.1128/AEM.02722-17
https://doi.org/10.1016/j.ese.2023.100287
https://doi.org/10.3390/microorganisms11020245
https://doi.org/10.1111/1348-0421.13089
https://doi.org/10.1093/nar/gkw1092
https://doi.org/10.1111/j.1365-2672.2012.05434.x
https://doi.org/10.1128/spectrum.03510-22
https://doi.org/10.1016/j.micres.2023.127341
https://doi.org/10.1093/aesa/saw083
https://doi.org/10.1093/femsec/fiac094
https://doi.org/10.3389/fmicb.2023.1221728
https://doi.org/10.1128/aem.00011-26


47. Xue Z, Zhang J, Zhang R, Huang Z, Wan Q, Zhang Z. 2019. Comparative 
analysis of gut bacterial communities in housefly larvae fed different 
diets using a high-throughput sequencing approach. FEMS Microbiol 
Lett 366:fnz126. https://doi.org/10.1093/femsle/fnz126

48. Blum JE, Fischer CN, Miles J, Handelsman J. 2013. Frequent replenish­
ment sustains the beneficial microbiome of Drosophila melanogaster. 
mBio 4:e00860-13. https://doi.org/10.1128/mBio.00860-13

49. Zhineng Y, Ying M, Bingjie T, Rouxian Z, Qiang Z. 2021. Intestinal 
microbiota and functional characteristics of black soldier fly larvae 
(Hermetia illucens). Ann Microbiol 71. https://doi.org/10.1186/s13213-0
21-01626-8

50. Raksasat R, Abdelfattah EA, Liew CS, Rawindran H, Kiatkittipong K, 
Mohamad M, Mohd Zaid HF, Jumbri K, Lam MK, Lim JW. 2022. Enriched 
sewage sludge from anaerobic pre-treatment in spurring valorization 
potential of black soldier fly larvae. Environ Res 212:113447. https://doi.
org/10.1016/j.envres.2022.113447

51. Zhang J, Gao Q, Zhang Q, Wang T, Yue H, Wu L, Shi J, Qin Z, Zhou J, Zuo 
J, Yang Y. 2017. Bacteriophage-prokaryote dynamics and interaction 
within anaerobic digestion processes across time and space. 
Microbiome 5:57. https://doi.org/10.1186/s40168-017-0272-8

52. Partridge SR, Kwong SM, Firth N, Jensen SO. 2018. Mobile genetic 
elements associated with antimicrobial resistance. Clin Microbiol Rev 
31:e00088-17. https://doi.org/10.1128/CMR.00088-17

53. Jing TZ, Qi FH, Wang ZY. 2020. Most dominant roles of insect gut 
bacteria: digestion, detoxification, or essential nutrient provision? 
Microbiome 8:38. https://doi.org/10.1186/s40168-020-00823-y

54. Méndez V, Agulló L, González M, Seeger M. 2011. The homogentisate 
and homoprotocatechuate central pathways are involved in 3- and 4-
hydroxyphenylacetate degradation by Burkholderia xenovorans LB400. 
PLoS One 6:e17583. https://doi.org/10.1371/journal.pone.0017583

55. Eke M, Tougeron K, Hamidovic A, Tinkeu LSN, Hance T, Renoz F. 2023. 
Deciphering the functional diversity of the gut microbiota of the black 
soldier fly (Hermetia illucens): recent advances and future challenges. 
Anim Microbiome 5:40. https://doi.org/10.1186/s42523-023-00261-9

56. Jiang CL, Jin WZ, Tao XH, Zhang Q, Zhu J, Feng SY, Xu XH, Li HY, Wang 
ZH, Zhang ZJ. 2019. Black soldier fly larvae (Hermetia illucens) 
strengthen the metabolic function of food waste biodegradation by 
gut microbiome. Microb Biotechnol 12:528–543. https://doi.org/10.111
1/1751-7915.13393

57. Bruno D, Bonelli M, De Filippis F, Di Lelio I, Tettamanti G, Casartelli M, 
Ercolini D, Caccia S. 2019. The intestinal microbiota of Hermetia illucens 
larvae is affected by diet and shows a diverse composition in the 
different midgut regions. Appl Environ Microbiol 85:e01864-18. https://
doi.org/10.1128/AEM.01864-18

58. De Filippis F, Bonelli M, Bruno D, Sequino G, Montali A, Reguzzoni M, 
Pasolli E, Savy D, Cangemi S, Cozzolino V, Tettamanti G, Ercolini D, 
Casartelli M, Caccia S. 2023. Plastics shape the black soldier fly larvae 
gut microbiome and select for biodegrading functions. Microbiome 
11:205. https://doi.org/10.1186/s40168-023-01649-0

59. de Jonge N, Michaelsen TY, Ejbye-Ernst R, Jensen A, Nielsen ME, 
Bahrndorff S, Nielsen JL. 2020. Housefly (Musca domestica L.) associated 
microbiota across different life stages. Sci Rep 10:7842. https://doi.org/
10.1038/s41598-020-64704-y

60. Su Z, Zhang M, Liu X, Tong L, Huang Y, Li G, Pang Y. 2010. Comparison 
of bacterial diversity in wheat bran and in the gut of larvae and newly 
emerged adult of Musca domestica (Diptera: Muscidae) by use of 
ethidium monoazide reveals bacterial colonization. J Econ Entomol 
103:1832–1841. https://doi.org/10.1603/EC10142

61. Zurek K, Nayduch D. 2016. Bacterial associations across house fly life 
history: evidence for transstadial carriage from managed manure. J 
Insect Sci 16:2. https://doi.org/10.1093/jisesa/iev156

62. Zurek L, Schal C, Watson DW. 2000. Diversity and contribution of the 
intestinal bacterial community to the development of Musca domestica 
(Diptera: Muscidae) larvae. J Med Entomol 37:924–928. https://doi.org/
10.1603/0022-2585-37.6.924

63. Voulgari-Kokota A, Beukeboom LW, Wertheim B, Salles JF. 2022. 
Houseflies harbor less diverse microbiota under laboratory conditions 
but maintain a consistent set of host-associated bacteria. Sci Rep 12:1–
14. https://doi.org/10.1038/s41598-022-15186-7

64. Zhao Y, Wang W, Zhu F, Wang X, Wang X, Lei C. 2017. The gut 
microbiota in larvae of the housefly Musca domestica and their 
horizontal transfer through feeding. AMB Expr 7:1–9. https://doi.org/10.
1186/s13568-017-0445-7

65. Li T, Zhang Q, Zhang X, Wan Q, Wang S, Zhang R, Zhang Z. 2021. 
Transcriptome and microbiome analyses of the mechanisms underlying 
antibiotic-mediated inhibition of larval development of the sapropha­
gous insect Musca domestica (Diptera: Muscidae). Ecotoxicol Environ 
Saf 223:112602. https://doi.org/10.1016/j.ecoenv.2021.112602

66. Bahrndorff S, de Jonge N, Skovgård H, Nielsen JL. 2017. Bacterial 
communities associated with houseflies (Musca domestica L.) sampled 
within and between farms. PLoS One 12:e0169753. https://doi.org/10.1
371/journal.pone.0169753

67. Bahrndorff S, Ruiz-González A, de Jonge N, Nielsen JL, Skovgård H, 
Pertoldi C. 2020. Integrated genome-wide investigations of the 
housefly, a global vector of diseases reveal unique dispersal patterns 
and bacterial communities across farms. BMC Genomics 21:66. https://d
oi.org/10.1186/s12864-020-6445-z

68. Eisenhofer R, Odriozola I, Alberdi A. 2023. Impact of microbial genome 
completeness on metagenomic functional inference. ISME Commun 
3:12. https://doi.org/10.1038/s43705-023-00221-z

69. Hansen LS, Laursen SF, Bahrndorff S, Kargo M, Sørensen JG, Sahana G, 
Nielsen HM, Kristensen TN. 2024. Estimation of genetic parameters for 
the implementation of selective breeding in commercial insect 
production. Genet Sel Evol 56:21. https://doi.org/10.1186/s12711-024-0
0894-7

70. Bolger AM, Lohse M, Usadel B. 2014. Trimmomatic: a flexible trimmer 
for Illumina sequence data. Bioinformatics 30:2114–2120. https://doi.or
g/10.1093/bioinformatics/btu170

71. Wood DE, Salzberg SL. 2014. Kraken: ultrafast metagenomic sequence 
classification using exact alignments. Genome Biol 15:R46. https://doi.o
rg/10.1186/gb-2014-15-3-r46

72. Kolmogorov M, Yuan J, Lin Y, Pevzner PA. 2019. Assembly of long, error-
prone reads using repeat graphs. Nat Biotechnol 37:540–546. https://do
i.org/10.1038/s41587-019-0072-8

73. Vaser R, Sović I, Nagarajan N, Šikić M. 2017. Fast and accurate de novo 
genome assembly from long uncorrected reads. Genome Res 27:737–
746. https://doi.org/10.1101/gr.214270.116

74. Li H. 2018. Minimap2: pairwise alignment for nucleotide sequences. 
Bioinformatics 34:3094–3100. https://doi.org/10.1093/bioinformatics/b
ty191

75. Prjibelski A, Antipov D, Meleshko D, Lapidus A, Korobeynikov A. 2020. 
Using SPAdes de novo assembler. Curr Protoc Bioinformatics 70:e102. ht
tps://doi.org/10.1002/cpbi.102

76. Chakraborty M, Baldwin-Brown JG, Long AD, Emerson JJ. 2016. 
Contiguous and accurate de novo assembly of metazoan genomes with 
modest long read coverage. Nucleic Acids Res 44:e147. https://doi.org/
10.1093/nar/gkw654

77. Gurevich A, Saveliev V, Vyahhi N, Tesler G. 2013. QUAST: quality 
assessment tool for genome assemblies. Bioinformatics 29:1072–1075. 
https://doi.org/10.1093/bioinformatics/btt086

78. Eren AM, Esen ÖC, Quince C, Vineis JH, Morrison HG, Sogin ML, Delmont 
TO. 2015. Anvi’o: an advanced analysis and visualization platform 
for ’omics data. PeerJ 3:e1319. https://doi.org/10.7717/peerj.1319

79. Eren AM, Kiefl E, Shaiber A, Veseli I, Miller SE, Schechter MS, Fink I, Pan 
JN, Yousef M, Fogarty EC, et al. 2021. Community-led, integrated, 
reproducible multi-omics with anvi’o. Nat Microbiol 6:3–6. https://doi.or
g/10.1038/s41564-020-00834-3

80. Kang DD, Li F, Kirton E, Thomas A, Egan R, An H, Wang Z. 2019. MetaBAT 
2: an adaptive binning algorithm for robust and efficient genome 
reconstruction from metagenome assemblies. PeerJ 7:e7359. https://do
i.org/10.7717/peerj.7359

81. Hyatt D, Chen G-L, Locascio PF, Land ML, Larimer FW, Hauser LJ. 2010. 
Prodigal: prokaryotic gene recognition and translation initiation site 
identification. BMC Bioinformatics 11:119. https://doi.org/10.1186/1471
-2105-11-119

82. Eddy SR. 2023. HMMER: biosequence analysis using profile hidden 
Markov models. Available from: http://hmmer.org/. Retrieved 07 Feb 
2025.

83. Lee MD. 2019. GToTree: a user-friendly workflow for phylogenomics. 
Bioinformatics 35:4162–4164. https://doi.org/10.1093/bioinformatics/b
tz188

84. Li H, Durbin R. 2009. Fast and accurate short read alignment with 
Burrows–Wheeler transform. Bioinformatics 25:1754–1760. https://doi.
org/10.1093/bioinformatics/btp324

85. Danecek P, Bonfield JK, Liddle J, Marshall J, Ohan V, Pollard MO, 
Whitwham A, Keane T, McCarthy SA, Davies RM, Li H. 2021. Twelve 

Full-Length Text Applied and Environmental Microbiology

May 2026  Volume 92  Issue 5 10.1128/aem.00011-2622

https://doi.org/10.1093/femsle/fnz126
https://doi.org/10.1128/mBio.00860-13
https://doi.org/10.1186/s13213-021-01626-8
https://doi.org/10.1016/j.envres.2022.113447
https://doi.org/10.1186/s40168-017-0272-8
https://doi.org/10.1128/CMR.00088-17
https://doi.org/10.1186/s40168-020-00823-y
https://doi.org/10.1371/journal.pone.0017583
https://doi.org/10.1186/s42523-023-00261-9
https://doi.org/10.1111/1751-7915.13393
https://doi.org/10.1128/AEM.01864-18
https://doi.org/10.1186/s40168-023-01649-0
https://doi.org/10.1038/s41598-020-64704-y
https://doi.org/10.1603/EC10142
https://doi.org/10.1093/jisesa/iev156
https://doi.org/10.1603/0022-2585-37.6.924
https://doi.org/10.1038/s41598-022-15186-7
https://doi.org/10.1186/s13568-017-0445-7
https://doi.org/10.1016/j.ecoenv.2021.112602
https://doi.org/10.1371/journal.pone.0169753
https://doi.org/10.1186/s12864-020-6445-z
https://doi.org/10.1038/s43705-023-00221-z
https://doi.org/10.1186/s12711-024-00894-7
https://doi.org/10.1093/bioinformatics/btu170
https://doi.org/10.1186/gb-2014-15-3-r46
https://doi.org/10.1038/s41587-019-0072-8
https://doi.org/10.1101/gr.214270.116
https://doi.org/10.1093/bioinformatics/bty191
https://doi.org/10.1002/cpbi.102
https://doi.org/10.1093/nar/gkw654
https://doi.org/10.1093/bioinformatics/btt086
https://doi.org/10.7717/peerj.1319
https://doi.org/10.1038/s41564-020-00834-3
https://doi.org/10.7717/peerj.7359
https://doi.org/10.1186/1471-2105-11-119
http://hmmer.org/
https://doi.org/10.1093/bioinformatics/btz188
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1128/aem.00011-26


years of SAMtools and BCFtools. Gigascience 10:giab008. https://doi.or
g/10.1093/gigascience/giab008

86. Delmont TO, Eren AM. 2018. Linking pangenomes and metagenomes: 
the Prochlorococcus metapangenome. PeerJ 6:e4320. https://doi.org/10
.7717/peerj.4320

87. Chan PP, Lin BY, Mak AJ, Lowe TM. 2021. tRNAscan-SE 2.0: improved 
detection and functional classification of transfer RNA genes. Nucleic 
Acids Res 49:9077–9096. https://doi.org/10.1093/nar/gkab688

88. Parks DH, Chuvochina M, Waite DW, Rinke C, Skarshewski A, Chaumeil 
PA, Hugenholtz P. 2018. A standardized bacterial taxonomy based on 
genome phylogeny substantially revises the tree of life. Nat Biotechnol 
36:996–1004. https://doi.org/10.1038/nbt.4229

89. Menzel P, Ng KL, Krogh A. 2016. Fast and sensitive taxonomic 
classification for metagenomics with Kaiju. Nat Commun 7:11257. https
://doi.org/10.1038/ncomms11257

90. Tatusov RL, Galperin MY, Natale DA, Koonin EV. 2000. The COG 
database: a tool for genome-scale analysis of protein functions and 
evolution. Nucleic Acids Res 28:33–36. https://doi.org/10.1093/nar/28.1.
33

91. Kanehisa M, Goto S. 2000. KEGG: kyoto encyclopedia of genes and 
genomes. Nucleic Acids Res 28:27–30. https://doi.org/10.1093/nar/28.1.
27

92. El-Gebali S, Mistry J, Bateman A, Eddy SR, Luciani A, Potter SC, Qureshi 
M, Richardson LJ, Salazar GA, Smart A, Sonnhammer ELL, Hirsh L, 
Paladin L, Piovesan D, Tosatto SCE, Finn RD. 2019. The Pfam protein 
families database in 2019. Nucleic Acids Res 47:D427–D432. https://doi.
org/10.1093/nar/gky995

93. Ranwez V, Douzery EJP, Cambon C, Chantret N, Delsuc F. 2018. MACSE 
v2: toolkit for the alignment of coding sequences accounting for 
frameshifts and stop codons. Mol Biol Evol 35:2582–2584. https://doi.or
g/10.1093/molbev/msy159

94. Minh BQ, Schmidt HA, Chernomor O, Schrempf D, Woodhams MD, von 
Haeseler A, Lanfear R. 2020. IQ-TREE2: new models and efficient 

methods for phylogenetic inference in the genomic era. Mol Biol Evol 
37:1530–1534. https://doi.org/10.1093/molbev/msaa015

95. Kalyaanamoorthy S, Minh BQ, Wong TKF, von Haeseler A, Jermiin LS. 
2017. ModelFinder: fast model selection for accurate phylogenetic 
estimates. Nat Methods 14:587–589. https://doi.org/10.1038/nmeth.42
85

96. Leote AC. 2024. ADImpute: adaptive dropout imputer (ADImpute). 
1.14.0

97. Oksanen J, Simpson GL, Blanchet FG, Kindt R, Legendre P, Minchin PR, 
O’Hara RB, Solymos P, Stevens MHH, Szoecs E, et al. 2024. vegan: 
community ecology package. 2.7–0

98. Alberdi A, Gilbert MTP. 2019. hilldiv: an R package for the integral 
analysis of diversity based on Hill numbers. bioRxiv. https://doi.org/10.1
101/545665

99. Gu Z, Eils R, Schlesner M. 2016. Complex heatmaps reveal patterns and 
correlations in multidimensional genomic data. Bioinformatics 
32:2847–2849. https://doi.org/10.1093/bioinformatics/btw313

100. Kassambara A. 2023. rstatix: pipe-friendly framework for basic statistical 
tests. 0.7.2

101. Wickham H. 2016. ggplot2: elegant graphics for data analysis. Springer-
Verlag, New York.

102. Rasmussen JA, Kiilerich P, Madhun AS, Waagbø R, Lock EJR, Madsen L, 
Gilbert MTP, Kristiansen K, Limborg MT. 2023. Co-diversification of an 
intestinal Mycoplasma and its salmonid host. ISME J 17:682–692. https:/
/doi.org/10.1038/s41396-023-01379-z

103. Wickham H, François R, Henry L, Müller K, Vaughan D. 2023. dplyr: a 
grammar of data manipulation. 1.1.4

104. Wilke CO. 2024. cowplot: streamlined plot theme and plot annotation 
for “ggplot2.” 1.1.3

105. Love MI, Huber W, Anders S. 2014. Moderated estimation of fold 
change and dispersion for RNA-seq data with DESeq2. Genome Biol 
15:550. https://doi.org/10.1186/s13059-014-0550-8

Full-Length Text Applied and Environmental Microbiology

May 2026  Volume 92  Issue 5 10.1128/aem.00011-2623

https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.7717/peerj.4320
https://doi.org/10.1093/nar/gkab688
https://doi.org/10.1038/nbt.4229
https://doi.org/10.1038/ncomms11257
https://doi.org/10.1093/nar/28.1.33
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/gky995
https://doi.org/10.1093/molbev/msy159
https://doi.org/10.1093/molbev/msaa015
https://doi.org/10.1038/nmeth.4285
https://doi.org/10.1101/545665
https://doi.org/10.1093/bioinformatics/btw313
https://doi.org/10.1038/s41396-023-01379-z
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1128/aem.00011-26

	Functional gut microbiomes enhance performance in house fly larvae
	RESULTS
	Data overview from sequencing
	Microbial dynamics in the intestine of Musca domestica is affected by substrate
	Enrichment analysis reveals pathways associated with gut-related microbiome
	Functional analysis reveals a shift in microbial dynamics related to substrate
	Functional microbiome dynamics correlate with host survival and conversion

	DISCUSSION
	Larval gut enriched for stress-associated pathways of its microbiome
	Substrate affects microbiome composition and metabolic potential
	Microbial metabolic potential correlates with larval phenotype
	Defining gut-related MAGs is challenging
	Metagenomic studies need better MAG catalogs and higher power
	Conclusion

	MATERIALS AND METHODS
	Rearing of house fly (Musca domestica)
	Experimental setup
	Survival and substrate conversion
	DNA sampling–growth substrate
	DNA sampling–insect guts
	DNA extraction, library preparation, and short-read sequencing
	Nanopore cultures, library preparation, and long-read sequencing
	Bioinformatics
	Highlights



