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Profiling the taxonomic and functional composition of mycobiome using metagenomic and
metatranscriptomic sequencing is advancing our understanding of fungal functions in ecosystems.
However, the sensitivity and accuracy of mycobiome classification using genome- or core protein-
based approaches, is limited by the availability of reference genomes and the resolution of sequence
databases. To address this, we propose the MicroFisher, a novel tool to identify taxonomically useful
reads frommetagenomic ormetatranscriptomic data, enabling taxonomic identification of community
members based on multiple hypervariable markers. We applied MicroFisher to profile the simulated
fungal communities to assess theperformanceof thedeveloped tool, and foundhigher performance in
fungal prediction and abundance estimation compared to existing tools. In addition, we also used
metagenomes from forest soil andmetatranscriptomesof root eukaryoticmicrobes to test ourmethod
and found thatMicroFisher providedmore accurate profiling of environmentalmicrobiomescompared
to other classification tools. MicroFisher leverages high-resolution hypervariable marker gene
databases and weighted integration algorithms to deliver more accurate fungal community
classification compared to existing state-of-the-art tools. Additionally, it enables the detection of rare
taxa, which is challenging with other available tools. Thus, MicroFisher serves as a novel pipeline for
classification of fungal communities from metagenomes and metatranscriptomes.

Eukaryotic microbiota that comprise a major component of microbial
communities in terrestrial and marine ecosystems perform crucial roles in
regulating biogeochemical processes. Therefore, it is critical to study the
community structure and functional composition of fungi to better under-
stand their ecosystem functions1. Next-generation sequencing approaches,
including metagenomics and metatranscriptomics, provide revolutionary
ways to identify critical functions of mycobiome in environments and
within a host organism2–5. In addition to functional profiling,metagenomics
and metatranscriptomics offer opportunities to characterize mycobiome
community composition and diversity at multi-scales6. However, the clas-
sification of fungal taxonomy through metagenomic and metatran-
scriptomic sequencing remains challenging due to the limitations of current
sequencing platforms and the lack of comprehensive databases7.

Current methods for taxonomic profiling using metagenomic and
metatranscriptomic sequences mainly rely on the read-mapping
approach8–10 and the read-assembly approach11–13. The read- (or k-mer)

mapping approach, as used by tools such as Eukdetect14, Kaiju9, Kraken28,
and Metaphlan310, is a method for profiling microbial taxa via mapping
reads to pangenomic references, followed by taxa prediction. However, this
approach relies on the availability of genome references, which limits the
identification of many taxa in environmental samples. The limited avail-
ability of fungal reference genomes significantly constrains the taxonomic
resolution of fungal profiling in metagenomic and metatranscriptomic
analyses15–17. By contrast, the read-assembly approach allows for the iden-
tification of microbial community composition via performing de-novo
assembly and binning to reconstruct genomes and identify taxonomic
composition of bacteria, archaea, and viruses18,19. However, it is challenging
to generate accurate de novo assemblies for eukaryotes from metagenomic
and metatranscriptomic datasets using this approach, since eukaryotic
genmones are typically larger and contain highly conserved and repetitive
regions, which complicate assembly and increase the likelihood of false
positive assignments that are indistinguishable from true identifications20.
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The presence of multiple chromosomes in a fungal genome can lead to
inaccurate predictions when using a de novo assembly classification
approach, potentially causing different chromosomes from the same fungal
genome to bemisclassified as different species21. The limitations of these two
methods impede comprehensive understanding of metagenomic-level
community composition and function in complex ecosystems, particularly
for eukaryotes. Thus, it is crucial to develop a non-genome, hypervariable
marker-based classifier to improve the accuracy and precision of fungal
taxonomic classification in sequencing datasets.

Although pangenome-8,10 and core protein domain-based22 profiling
pipelines have been widely used for the taxonomic classification of meta-
genomic and metatranscriptomic sequencing, a number of marker regions
(such as ITS, LSU, SSU, COX1, RPB1, RPB2, β-tubulin,MCM7, TEF1-α, γ-
actin, ATP6 and CaM genes) have been recognized to provide higher
resolution taxonomic composition and more reliable prediction of micro-
bial communities23. This is because thesemarker genes provide taxa-specific
fingerprints for classification24. For instance, there is a long history of
identifying fungal taxa based on the marker genes derived from ribosomal
RNA (rRNA) regions, and genes such as elongation factor 1α25 and beta-
tubulin26 have also been used to identify certain taxonomic groups. Over the
years, researchers have developed a variety of analytical tools and cura-
tedmany databases that contain amassive number ofmarker sequences for
fungal taxonomic classification, such as UNITE27, SILVA28, and RDP29.
However, due to highly conserved regions present in those marker
sequences5, both read-assembly and read-mapping approaches can result in
substantial false-postive assignments in fungal classification from metage-
nomic and metatranscriptomic datasets. Although most of the ribosomal
markers are eliminated during library preparation, the residual ribosomal
sequences that remain can still provide valuable taxonomic information.
For example, based on previous studies, ~22.05–31.98% of ribosomal
RNA may still remain in metatranscriptomic datasets prepared using
the RiboZero kit30.

We present a computational workflow (MicroFisher) that can produce
accurate and sensitive taxonomic profiles of fungal communities from
metagenomes and metatranscriptomes. MicroFisher uses databases of
hypervariable internal transcribed spacer (ITS) and Large-Subunit (LSU)
rRNA markers, which provide species-specific fingerprints for fungal
identification, and maps intact reads directly to reference markers. Abun-
dances of taxa are estimated frommultiple markers, using a “weight-based
abundance integration algorithm”. Overall, this study provides an initial
framework for accurately profiling the fungal community from sequencing
datasets by extracting hypervariable and frequently used markers. In the
long run, the MicroFisher protocol is capable of incorporating newly
developed marker sequences that are specialized for certain fungal groups.
MicroFisher has the potential toclassify not only fungal but also bacterial
communities. While our current database focuses exclusively on fungi, we
intend to expand the tool to include bacterial groups in future work.

Methods
Generation of hypervariable marker databases
In this study, we selected four sets of hypervariable marker sequences,
including LSU rRNA D1 and D2 domains as well as ITS1 and ITS2, which
are highly variable and popular marker sequences for fungal identification,
specifically focusing on highly polymorphic sub-regions (Fig. 1A), and
comprise a large number of reference sequences available in open-access
databases.

Pre-filtration of fungal hypervariable marker sequences (Fig. 1A,
Steps 1–4)
We developed a four-step process to pre-filter marker sequences from
fungal nucleotide sequences originally obtained from International
Nucleotide Sequence Database Collaboration (INSDC)31. Specifically, a
total of 16,301,484 fungal nucleotide sequences, including genomic DNA,
mRNA, and rRNA, were collected using the esearch command with
taxonomy ID 4751 (sequence accession numbers are listed in

Supplementary Data Sheet 1; Step 1). In Step 2, fungal LSU rRNA
sequences were predicted by a hidden Markov model using RNAmmer32

and HMMER233 with default settings, and then Metaxa234 with default
parameters was used to remove non-LSU rRNA sequences. In Step 3, a
custom pipeline was developed to extract the marker sequences. The
universal LSU primer sequences (Supplementary Table S1) were applied
to extract the D1 and D2 sequences (Supplementary Table S1) using
SeqKit35. For ITS sequences, the pipeline first identified ITS sequences
based on universal ITS primer sequences (Supplementary Table S1), then
ITSxpress36 was applied to predict and extract fungal ITS1 and
ITS2 sequences. Chimeric sequences were subsequently detected and
removed from the resulting ITS1 and ITS2 database using UCHIME37 in
high-confidence mode. The extracted ITS and LSU rRNA D1 and
D2 sequences served as input for the next step after removing sequences
with unexpected length (sequence length >1000 bp) (Step 4).

Detection of hypervariable marker region (Fig. 1A, Steps 5–8)
We applied Entrez-direct38 and Taxonkit39 to refine the taxonomic
identities of sequences collected from Step 4 against the NCBI Taxonomy
database (Step 5). For each marker, sequences assigned to the same order
were grouped and aligned using ClustalW40 with default parameters (Step
6). Alignment at the order level was applied to facilitate clear char-
acterization of hypervariable regions. Our in-house tests suggested that
multiple sequence alignment results at the order level retain the high
sequence variety of fungal fingerprint for species-specific identification.
The multiple sequence alignments were used to identify hypervariable
markers. Regions with low consensus (i.e., containing more gaps) were
designated as candidate regions for “hypervariable marker” (Step 7)
(Supplementary Fig. S1). Each base site was quantified among these
candidate regions using the bit value that was calculated based upon the
equation described by Bembom and Ivanek (2020)41. Using seqLogo,
regions with low bit values between conserved flanking regions withhigh
bit values were identified as “hypervariable markers” to serve as marker
fingerprints for fungal classification41–43 (Supplementary Fig. S2). The
conserved flanking regions of each “hypervariable marker” were
then truncated and the remaining subset of hypervariable sequences was
clustered to remove duplicate sequences with similarity >99.99% using
Vsearch package44 (Step 8). The obtained hypervariable sequences were
pooled to generate a database for each marker, resulting in ITS1, ITS2,
LSU D1, and LSU D2 databases. The average length of each marker is
188.8 bp for ITS1, 186.8 bp for ITS2, 172.8 bp for D1, and 189.4 bp for D2
(Supplementary Table S2).

In total, we retrieved 405,672 ITS1 sequences, 294,737 ITS2 sequences,
81,704 LSUD1 sequences, and 121,580 LSUD2 sequences (Supplementary
Table S2). A total of 903,693 hypervariablemarker sequences span 10phyla,
62 classes, 234 orders, 873 families, 6545 genera, and 104,072 species.
Approximately 19,714 fungal species were shared among all four databases
(Supplementary Fig. S3). Since the process of creating these hypervariable
marker databases is computationally intensive, we provide the latest refer-
encedatabases andupdated information for users todownload for directuse
in the MicroFisher pipeline.

MicroFisher pipeline: classification, integration, andoptimization
Alignment: align the qualified reads of metagenomics and meta-
transcriptomics to marker databases. After quality trimming, meta-
genomic and metatranscriptomic reads generated from environmental
samples (e.g., soils, marine, plants, and animals) were used as the input
files for the MicroFisher pipeline. Firstly, MicroFisher classifier searches
these reads against the marker databases using Centrifuge45 with default
settings, except for the minimum hit (MiniHit) length. In
MicroFisher, Centrifuge45 serves as the microbial classification engine,
which identifies candidate taxa and estimates their abundances, using an
indexing scheme based on the Burrows–Wheeler transform (BWT) and
the Ferragina–Manzini (FM) index. This step generates one search report
for eachmarker database. In this step, theMiniHit length is one of the key
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parameters in Centrifuge to determine the minimum alignment length
required for reads to match a marker sequence in the hypervariable
marker databases. Different from standard Centrifuge classifcation,
which only applies a single marker database at a time, MicroFisher
integrates search reports from Centrifuge using multiple hypervariable
marker databases for microbial classification. Therefore, the MiniHit
length is critical for the classification sensitivity and accuracy of
MicroFisher.

Integration and optimization: integrate abundance reports using
weight-based algorithms. The MicroFisher pipeline generates mul-
tiple abundance reports obtained from the reads number aligned to
different marker databases. Subsequently, weight-based algorithms
are applied to calculate the integrated abundance of each taxon and
create a “final abundance table”. By default, MicroFisher identifies
fungal taxa and calculates their final abundances only when they are

detected through alignment with two or more marker databases to
enhance the precision of taxonomic classification. Then, weight-
based algorithms are applied to improve the accuracy of abundance
estimation of detected taxa (Fig. 1C).

Three factors are incorporated in the algorithms to weight the
abundance reports: 1) the total number of reads aligned to each marker
database (e.g., databases with more aligned reads receive higher
weights), 2) the MiniHit length, and 3) the inverse weighting of the
average length of hypervariable marker sequences in each marker
database (i.e., databases with longer average length are assigned lower
weights; Supplementary Table S2). Incorporating these factors in the
algorithms improves both the accuracy and precision of fungal taxo-
nomic identification.
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D1 D2

Alignment: map reads to species A 
hypervariable marker sequences

Optimization and Integration: 
Compute relative abundance

LSU rRNA 

reads
mRNA 

reads 

mRNALSU rRNAITS

Data input: MG or MT reads 
(sequences belong to species A)

Species A marker sequences 

GenesLSU rRNAITS

MG reads 

D2D1

Species A marker sequences 

ITS2ITS1

(C)

mRNA 

reads 

LSU rRNA 

reads

ITS 

reads

Fungal nucleotide sequences 

collected from INSDC

(Total Seq: 16,301,484)

Identify fungal LSU

rRNA sequences using 

RNAmmer and Metaxa2,

and ITS sequences using 

ITSxpress and UCHIME

Extract LSU rRNA

D1/D2 and ITS1/ITS2 

regions

Remove chimera 

sequences and sequences 

greater than 1,000 bp 

using Usearch

Assign the taxonomy ID and 

lineage using entrez-direct and 

taxonkit, group the sequences at

the order level 

Apply the multiple 

sequence alignment to 

group sequences at the

same order

Identify and truncate the

hypervariable regions

Pool the hypervariable marker 

sequences into four databases

ITS1: 408,371

ITS2: 294,737

LSU D1: 81,704

LSU D2: 121,580

Cluster and filter the

sequences with similarity

< 99.99% out using 

Vsearch

Step 1

Pre-filtration of fungal hypervariable marker sequences

Remaining ITS and LSU rRNA for 

hypervariable marker databases 

generation 

Step 2 Step 3 Step 4

Step 5

Order-level hypervariable region detection and truncation 
Step 6Step 7Step 8

(A)

(B)

…

…

…

…

፧ ፧ ፧ ⋱ ፧ ፧

…

MT reads 

=

=
σ σ

�1

σ �1

Fig. 1 | Overview of hypervariable marker database generation and the principle
of MicroFisher classification. A Computational flowchart for the generation of
hypervariable marker databases. B, C MicroFisher pipeline for fungal identification
and abundance estimation in metagenomic and metatranscriptomic analysis (1)
Alignment: aligning the short reads in metagenomes and metatranscriptomes to
multiple hypervariable marker databases; (2) Optimization and integration: use a
weight-based algorithm to remove false positives and optimize the estimated abun-
dance of each taxon from multiple hypervariable databases. The final output results

were returned fungal community composition across taxonomic levels. qij is the
weighted proportion for an identified taxon j against marker database i, pij is the
original abundance of identified taxon j estimated by Centrifuge against marker
database i, and wi is the weighting associated with the abundance report from a
particular marker database i. ri is the total number of reads obtained in the Centrifuge
classification aligned to marker database i, mi is the minimum length parameter
(MiniHit) used in the Centrifuge classification for the reads aligned to marker database
i, and li is the mean length of hypervariable marker sequences in database i.
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whereqij is theweighted adjusted abundance for an identified taxon j against
marker databases i, pij is the original abundance of identified taxon j esti-
mated by Centrifuge against marker database i, and wi is the weighting
associated with the abundance report from a particular marker database i,
which is subsequently used to merge reports from multiple marker data-
bases. wi can be calculated by the following formula:

wi ¼
riP
iri

miP
imi

ð1=liÞP
ið1=liÞ

ð2Þ

Where ri is the total number of reads obtained in the Centrifuge classifi-
cation aligned to marker database i, mi is the MiniHit length used in the
Centrifuge classification for the reads aligned to marker database i, and li is
the mean length of hypervariable marker sequences in marker database i.

The value of these three factors (number of reads, MiniHit length,
average length of marker databases) can be configured by users to achieve
alternative weighting schemes if needed. By setting all parameters to the
same value for a dataset aligned to different marker databases, MicroFisher
applies equal weighting across all databases.

Using MicroFisher to profile fungal communities with simulated
and real datasets
Fungal community profiling for simulated sequencing dataset. To
optimize the parameters of MicroFisher, a small-scale simulated dataset
composed exclusively of sequences covering the ITS and LSU rRNA
regions was generated to facilitate an accurate performance evaluation.
We evaluatedMicroFisher performance by testing its ability to profile the
fungal community from a simulated sequencing dataset with known
ground truth. This simulated sequencing data was generated using
the InSilicoSeq sequencing simulator with default kernel density esti-
mation error mode46, simulated under NovaSeq error model with read
length 151 bp. Fungal rRNA sequences sourced from the NCBI RefSeq
database were used as references.We simulated three fungal taxa pools by
randomly selecting 50, 100, and 200 fungal species with their sequences
covering both ITS and LSU rRNA regions (Supplementary Table S3).
Five replicates were conducted at each pool level, each with a different
randomly selected fungal composition, resulting in a total of 15 simulated
communities with 5million (M) noisy reads in each dataset, which reflect
rRNA and ITS reads with substitution, insertion and deletion errors in
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Fig. 2 | Performance of MicroFisher’s fungal classification. Fungal classification
and profiling were performed on these simulated communities using MicroFisher
(multiple hypervariable marker databases applied) and Centrifuge (single hyper-
variable marker database applied). The simulated communities (151 bp) were
simulated from three levels of fungal composition complexity (50, 100, and 200

fungal species), with five simulated sequencing datasets for each level. Accuracy (in
red), precision (in green) and sensitivity (in blue) were calculated at each taxonomic
level across a range of Minimum Hit Length (MiniHit Length) values from 70
to 150 bp.
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real metagenomic andmetatranscriptomic datasets. Reads of the selected
fungal species in these simulated communities were distributed expo-
nentially to represent the gradient of dominant toward rare fungal taxa.
These 15 simulated community datasets then served as data input for
fungal classification. The four hypervariable marker databases generated
in section (a), including ITS1, ITS2, LSU D1, and LSU D2, were used
individually for classification. Meanwhile, the MicroFisher package was
applied with the default algorithm described in section (b) using three
marker database combinations, including combination of ITS1 and ITS2
databases (ITS only: ITS1+ ITS2), combination of LSU D1 and LSU D2
databases (LSU only: LSU D1+D2), and a combination of four data-
bases (ITS+ LSU). We evaluated the effects of the MiniHit length
parameter (between 70 and 150 bp) on prediction of the fungal com-
munity profile. Classification accuracy was assessed by compar-
ing taxanomic composition and abundance estimated through
Centrifuge and MicroFisher againstthe original simulated fungal
species pools.

In addition, simulated metagenomic datasets were generated to eval-
uate the performance of MicroFisher compared to existing tools, including
Eukdetect, Metaphlan, Kraken2, and Kaiju, in fungal community predic-
tion. Fungal genomes downloaded from the NCBI database and their
representative ITS and LSU rRNA sequences obtained from NCBI RefSeq
databasewereused as references formetagenomic simulationby InSilicoSeq
sequencing simulator with the same parameters described above. To enrich
the proportion of reads simulated from ITS and LSU rRNA genes, these
representative sequences were reproduced 1000 times and merged into the
genome reference file. Using these fungal genome files, simulated metage-
nomic sequencing datasets (500M reads) were generated with 20 and 50
randomly selected fungal species followed an exponentially distribution
mode. Then, the composition and abundance of fungal communities in
these simulated metagenomic sequencing datasets were predicted using
MicroFisher and existing tools.

Threemetricswere applied to evaluate theperformanceofMicroFisher
in fungal classification, including accuracy, precision, and sensitivity (Fig. 2).
True positive (TP), false positive (FP), and false negative (FN) of fungal
classification across different taxonomic levels were identified. These
metrics were calculated followed the formulas described by Lu and Salzberg
(2020)5. Briefly, sensitivity was defined as TP/(TP+ FN); accuracy was
calculated by TP/(TP+ FP+ FN), and precision was calculated by TP/
(TP+ FP) (Definitions are provided Supplementary Table S5). These
metrics were plotted to illustrate the effect of the database-combination
algorithm, MiniHit length, and community complexity on MicroFisher’s
prediction performance (Fig. 2 and Supplementary Fig. S4). Furthermore,
histogram plots of predicted abundance were applied to compare the
abundance distributions of true and false predictions (Figs. 3A and 4). The
results showed that MicroFisher accurately classified fungal genera with
abundances higher than 0.1%; thus, genus-level classification profiles
of abundant fungi (abundance >0.5%) from simulated metagenomic data-
sets using MicroFisher were used for comparison with existing tools. Fur-
thermore, the F1 score was calculated to compare the overall classification
performance of MicroFisher to other existing tools at the genus level
[F1 score = 2 * (precision * sensitivity)/(precision+ sensitivity)]. We also
calculated the absolute error of abundance and root mean square (r.m.s.)
error of MicroFisher predictions compared to the actual taxon abundances
(Fig. 3B and Supplementary Fig. S5). The absolute error for a fungal taxon
was defined as the difference between estimated abundance and the actual
abundance. The r.m.s error was used to measure the error rate of taxon
abundance estimates (formula listed in Supplementary Table S5). Finally,
Pearson correlation analysis was performed to assess the relationship
between estimated and actual abundances of taxa (Fig. 3C and Supple-
mentary Figs. S6–S8).

Fungal community profiling from environmental metagenomic and
metatranscriptomic data.We further classified fungal composition and
estimated taxa abundance in real metagenomic and metatranscriptomic

datasets (Supplementary Table S4) using both MicroFisher and existing
tools to compare their performance in fungal taxonomic profiling. The
sequencing datasets selected for this study included pine forest soil
metagenomes, their fungal amplicon sequences, and pine root meta-
transcriptomes. Soils were sampled from Pinus forests located in Jelonan
and Belanglo, Australia and in Cambria, Monterey, and Swanton, United
States. Total soil DNA was extracted using the DNA PowerSoil kit
(MoBio, Carlsbad, California, USA) following the manufacturer’s
instructions. Shotgun metagenomic sequencing of the soil DNA samples
was performed at the DOE Joint Genome Institute (JGI), United States.
Moreover, the collected soils were used to grow Pinus radiata seedlings
for three months and pine roots were harvested for total RNA extraction
using the CTAB/LiCl method following the protocol described in Liao
et al.47. Poly-A enriched cDNA library construction method targeting
eukaryotic mRNA was applied to construct RNAseq libraries for pine
root metatranscriptomic sequencing. Sequencing was conducted using
an IlluminaNovaSeq 6000 system (Illumina Inc., SanDiego, CA, USA) at
JGI. Fungal classification in these sequencing datasets was performed by
MicroFisher. To compare performance of MicroFisher with other
alignment-based taxonomic classification techniques, we also ran taxo-
nomic classification in metagenomic and metatranscriptomic datasets
using other classification tools, including Eukdetect, Kaiju, Kraken2, and
Metaphlan3. Default settings were applied for taxonomic classification.
Amplicon sequencing was conducted for the same soil DNA extracts that
were used to generate metagenomic data as a standard result in order to
compare the fungal classification performance ofMicroFisher against the
existing tools. A two-step PCR approach48 targeting ITS1 and ITS2
regions (Primers: ITS1F/ITS4) was used to generate the amplicon library,
which was sequenced on an Illumina MiSeq platform (v3 300 bp, 13 Gb
sequencing capacity) at the Duke Center for Genomic and Computa-
tional Biology, United States. Soil fungal ITS amplicon sequences were
processed using QIIME249. Community composition profiles derived
from soil metagenomes, root metatranscriptomes, and amplicon
sequencing datasets were compared and visualized using ggplot250

package in R.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Database and pipeline overview
We developed theMicroFisher package, a comprehensive bioinformatics tool
for analyzing fungal community composition from metagenomic and
metatranscriptomic sequencing datasets using multiple hypervariable marker
databases. Our approach integrates 104,072 fungal species spanning 6545
genera (Fig. 1A, Supplementary Table S2), utilizing four curated hypervari-
able markers from ITS1, ITS2, LSU D1, and LSU D2 with sequence lengths
ranging from 120 to 350 bp (Fig. 1A). Through applying hypervariable
sequencemarkers, the compiled databases provide high-resolution references
for fungal classification from metagenomic and metatranscriptomic datasets.
The MicroFisher pipeline employs multiple hypervariable marker databases
(including ITS1, ITS2, LSU D1, and LSU D2) and weight-based integration
algorithms to accurately classify taxonomic composition of fungal commu-
nities from metagenomics and metatranscriptomic sequences (Fig. 1B, C).
The first step of the MicroFisher pipeline is to map reads to several marker
databases and generate corresponding abundance reports using Centrifuge.
Then, weight-based algorithms are further employed to optimize the classi-
fied fungal composition and integrate these reports into a final abundance
table for detected taxa. The weight-based integration algorithms incorpo-
rate three key factors (the total number of mapped reads, the MiniHit length,
and average sequence length of the mapped data). The weight-based inte-
gration algorithms effectively reduce mismatches (false positives), and the
combination of multiple marker databases lowers the probability of missed
taxa (false negatives). This innovative approach provides a robust, multiple

https://doi.org/10.1038/s42003-026-09820-7 Article

Communications Biology |           (2026) 9:765 5

www.nature.com/commsbio


hypervariable marker framework for comprehensive and accurate fungal
taxonomic prediction from metagenomic and metatranscriptomic datasets,
overcoming key limitations of traditional classification methods.

Evaluate and optimize MicroFisher performance in fungal com-
munity classification
We applied the MicroFisher pipeline to a small-scale simulated sequencing
dataset generated using fungal ITS and LSU rRNA genes to evaluate and
optimize its performance in fungal classification and abundance estimation.
Overall, most expected species were identified from the simulated sequen-
cing dataset (~92%) using MicroFisher. The results showed that the com-
bination of hypervariable marker databases and the MiniHit length of
mapped reads primarily determined MicroFisher’s performance. For
example, fungal community classification improved whenmultiple marker
databases were used instead of a single database (Fig. 2). By applying
aMiniHit length of 120 bp for genus-level detection, the average sensitivity,
accuracy, and precision using multiple marker databases were 95%, 66%,
69%, respectively, compared with 90%, 64%, 69% when a single marker
database was used. Specifically, classification using LSU D1+D2 markers
resulted in 95% sensitivity, 59%precision, and 57%accuracy,while applying
LSU D1 database only achieved91% sensitivity, 42% precision, and 40%
accuracy. In addition, we found that prediction accuracy and precision of
MicroFisher increased with increasing MiniHit length (Fig. 2). Compared
with MiniHit lengths of 80 bp and 100 bp, a MiniHit length of 120 bp or
greater yielded better accuracy, precision, and sensitivity. The average
precision of taxonomic predictions was 36%, 69%, and 83% at the species,
genus, and family levels at a MiniHit length of 120 bp, respectively. How-
ever, reducing the MiniHit length to 80 bp reduced precision to 27%, 53%,
and 66% across these taxonomic levels (Fig. 2). At a MiniHit length of
120 bp, 86%, 95%, and 94% of expected fungal taxa on average were
recovered at the species, genus, and family levels, respectively, reflectinghigh

sensitivity of fungal prediction using MicroFisher. However, increasing
theMiniHit length to 150 bp reduced recovery to 79%, 91%, and 92% at the
same taxonomic levels. Based on these results, aMiniHit length of 120 bp
was then set as the default parameter in the MicroFisher pipeline. More
importantly, genus- and higher-level classifications were recommended for
downstream analyses because of their higher precision (>60%).

We further evaluated the accuracy of abundance estimates generated
by MicroFisher (Fig. 3). After implementing the weight-based integration
algorithms, predicted microbial abundances demonstrated high con-
cordance withthe actual abundances, particularly when utilizing a com-
prehensive multiple marker database combination for taxonomic mapping
(Figs. 3A and 4). The consistency between predicted and true positive
abundance profiles suggests robust performance of the integration metho-
dology in accurately reconstructing microbial community composition. In
addition, most dominant (relative abundance >1%) and intermediate
(relative abundance between 0.01% and 1%) fungal taxa in predicted results
were accurately (82.9%) assigned across the genus (Fig. 3A) and higher
taxonomic levels (Fig. 4) whenmultiplemarker combinations were applied.
Notably, for fungal genera with relative abundance greater than 0.1%, the
truepositive rate (91.8%)wasmuchhigher than the false positive rate (8.2%)
(Fig. 3A), with similar patterns observed at higher taxonomic levels (Fig. 4),
indicating that MicroFisher can precisely predict dominant community
composition. Simultaneously, removing fungal taxawith relative abundance
below 0.1% could reduce the false positive rate from 14.11%, 38.56%, and
34.97% to 8.21%, 22.45%, and 18.41% when using ITS1+ ITS2, LSU
D1+D2, and ITS+ LSU at the genus level, respectively. This suggests that
abundance-based filtering could be a practical way to filter outmisclassified
taxa manually. However, we also found that low-abundance taxa had a
higher probability of false predictions at the species level usingMicroFisher
(Fig. 4). This finding indicates that hypervariable markers are limited in
their ability to resolve species-level identification with high accuracy. The
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level) for true positives and false positives. B Absolute error and root mean square
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these 15 simulated sequencing datasets. Green and red dots denote taxa at the class
and genus level, respectively. To explore the correlations for taxa with abundances
less than 5%, abundance values were log10-transformed before performing the
Pearson correlation analysis. Pearson correlation coefficients and P-values for each
taxonomic level were calculated. MicroFisher classification and abundance evalua-
tion were conducted using ITS1+ ITS2 hypervariable markers with default para-
meters (MiniHit length = 120 bp, weighted and filter mode).

https://doi.org/10.1038/s42003-026-09820-7 Article

Communications Biology |           (2026) 9:765 6

www.nature.com/commsbio


absolute error identifying the percentage difference between measured and
actual abundance of each taxon was also calculated to evaluate accuracy of
abundance predictions (Fig. 3B, Supplementary Fig. S5). Overall, the
abundances of fungal taxa estimated byMicroFisher usingmultiplemarkers
had higher accuracy compared to single markers at the genus level (Fig. 3B)
and across other taxonomic levels (Supplementary Fig. S5). At the genus
level, only 1.2–2.7%of detected taxa had abundance errors higher than 2.5%
when multiple marker databases were applied, compared with 5.4%–6.9%

when any of the four single markers was used alone. The results suggest
that this package can estimate taxon abundances of the fungal community
with low error rates across different taxonomic levels.

Similar patterns were found while evaluating accuracy of predicted
taxon abundances with r.m.s. errors. For example, r.m.s. errors of 0.85, 0.82,
and 0.68 were identified using ITS1+ ITS2, LSU D1+D2, and ITS+ LSU,
respectively, whereas higher r.m.s. errors of 1.42, 1.37, 1.27, and 1.22 were
observed using ITS1, ITS2, LSU D1, and LSUD2 (Fig. 3B; MiniHit length of
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120 bp). Moreover, high correlations between actual and inferred abun-
dances at the genus (Pearson r = 0.87, P-value < 1e−100) and class (Pearson
r = 0.99, P-value < 1e−100) levels were observed when ITS1+ ITS2markers
were applied in MicroFisher (Fig. 3C), with similar patterns observed for
LSU D1+D2 and ITS+ LSU (Supplementary Fig. S6). High correlations
between actual and inferred abundances were also consistently detected
across all taxonomic levels when multiple marker databases were applied
(Supplementary Figs. S7, S8). In addition, taxa with real and inferred log-
transformed abundances less than 5% showed high correlations (genus:
r = 0.86, P-value < 1e−100; class: r = 0.91, P-value < 1e−50; Fig. 3C, sub-
figure), suggesting thatMicroFisher can accurately predict the abundances of
taxa with abundances <5%. Overall, the application ofmultiple hypervariable
markers combined with weight-based algorithms allows MicroFisher to
sensitively and accurately classify dominant and intermediate fungal taxa
from metagenomic datasets.

Comparative performance of MicroFisher and existing tools for
fungal classification using simulated metagenomic sequencing
datasets
Evaluation of classification performance using light-size simulated
sequencing datasets comprised exclusively of ITS and LSU rRNA sequences
showed that MicroFisher can accurately predict the occurrence and abun-
dance of fungal genera with abundances higher than 0.1% (Fig. 4). Thus, we

filtered out fungal taxa that were classified as rare species (abundance
<0.1%) in the classification results obtained from the simulated metage-
nomicdatasets byMicroFisher.Classificationperformancewas evaluatedby
sensitivity, precision, accuracy, andF1 score, andwe found thatMicroFisher
exhibited significantly higher identification performance than the other
tools at the genus level (Fig. 5A). In detail, MicroFisher had the highest
prediction sensitivity (94%) and accuracy (79%), followed by Eukdetect
(82% and 75%, respectively), Metaphlan (15% and 15%, respectively),
Kraken2 (28% and 12%, respectively) andKaiju (72% and 9%, respectively).
All genera predicted by Metaphlan (100% precision) were correctly iden-
tified, while 90% and 83% of genera predicted by Eukdetect and Micro-
Fisher, respectively, were correct. In contrast, only a small fraction of
identified genera were correctly predicted using Kraken2 (17%) and Kaiju
(9%). Meanwhile, the overall classification performance evaluated by
F1 score showed that MicroFisher (88%) and Eukdetect (86%) provided
highly reliable fungal community predictions, compared to Metaphlan
(26%), Kraken2 (21%), and Kaiju (16%). Among the 25 expected fungal
genera with relative abundances below 0.1%, MicroFisher correctly recov-
ered 10 genera (10% accuracy), whereas Eukdetect, Kaiju, Kraken, and
Metaphlan correctly predicted 7 (30% accuracy), 10 (0.6% accuracy), 1
(0.9% accuracy), and 1 (4% accuracy) genera, respectively. Furthermore,
fungal classification using MicroFisher required fewer computation
resources compared to the other tools, with lower memory usage (0.36 GBs
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of the peakmemory usage) and shorter running time (3.87 hours per 500M
reads using 8 CPU cores) (Fig. 5B).

Finally, we compared the accuracy of MicroFisher and Eukdetect in
abundance estimation using simulatedmetagenomic datasets (Fig. 5C). The
results exhibited that most genera predicted by MicroFisher and Eukdetect
had accurate abundance estimates, although the abundancesof some genera
were underestimated by Eukdetect (arrowheads). However, MicroFisher
(3.4%) had a lower r.m.s. errorwas than Eukdetect (3.98%). Similar patterns
were also observed for Metaphlan (4.23%) and Kraken2 (10.82%), sug-
gesting that MicroFisher provides better performance in fungal taxon
abundance estimation than these tools (Fig. 5D). Despite yielding the lowest
r.m.s. error (2.54%), Kaiju showed limited effectiveness in fungal genus
prediction.

MicroFisher accurately profiles fungal communities in real
environmental sequencing datasets
We performed fungal community analyses on both soil metagenomic and
root eukaryotic metatranscriptomic datasets using MicroFisher and com-
pared the results with four existing tools (Eukdetect, Kaiju, Kraken2, and
Metaphlan3). A combination of four hypervariablemarker databases (ITS1,
ITS2, LSU D1, LSU D2) was used for MicroFisher workflow at MiniHit
lengths of 80, 120, and 150 bp, respectively. DNAamplicon sequencing data
generated from the same soil DNA samples were also included for com-
parison. Based on metabarcoding results, MicroFisher outperformed other
classification tools in fungal community profiling frommetagenomic (Fig. 6
and Supplementary Fig. S9) and metatranscriptomic (Supplementary
Figs. S9, S11) datasets.

For alpha-diversity estimation of the metagenomic data, on average of
50 genera were detected using amplicon sequencing across the soil samples,
and 18, 31, and 56 genera were detected from soil metagenomes using
MicroFisher at MiniHit length of 150, 120, and 80 bp, respectively, while
only 17 genera were predicted using Eukdetect (Fig. 6A). However,
MetaPhlan3 exhibited limited capabiity for fungal detection from the
metagenomic dataset, withno fungal taxa detected, and analysesusingKaiju
andKraken2 revealed no statistically significant differences (P-value > 0.05)
in fungal alpha diversity across the examined samples. This observation
underscores the methodological challenges in comprehensively character-
izing fungal community composition using current taxonomic profiling
approaches. When comparing genera detected from the metagenomic data
using these selected classification tools with those identified by amplicon
sequencing, Eukdetect and MicroFisher predicted more shared genera in
comparison withKraken2 and Kaiju (Fig. 6B). Also,MicroFisher recovered
the highest number of shared genera (118 genera at MiniHit length of
120 bp)with the amplicon sequencing results (Fig. 6B). These results suggest
that MicroFisher is more sensitive in fungal detection than the other
examined classification tools. In addition, 177 and 185 genera were exclu-
sively detected by amplicon sequencing andMicroFisher (MiniHit lengthof
120 bp), respectively. This discrepancymay reflectdifferences in sequencing
technique, database application, and mapping algorithms utilized by
metagenomics and amplicon sequencing.

Similar patterns in the abundances of dominant fungal taxa were
observed whenMicroFisher was applied withMiniHit lengths of 120 bp and
150 bp, whereas profiles generated witha MiniHit length of 80 bp showed
distinct differences (Fig. 6C). This suggests that a MiniHit length of 120 bp
or longer provides more accurate outcomes in profiling fungal community
abundance. Interestingly, the abundances of identified dominant fungal taxa
was different among amplicon sequencing, MicroFisher, and Eukdetect. For
example, relatively higher abundances of Sailozyma, Russula, and Inocybe
were identified using DNA amplicon sequencing in many samples, while
MicroFisher more frequently detected higher abundances of Russula, Suillus,
and Amanita. In contrast, relatively higher abundances of Oidiodendron,
Saitozyma, andHyaloscyphawere consistently detected across samples using
Eukdetect. Overall, dominant taxa were distributed more evenly among
samples in the MicroFisher results compared to amplicon-sequencing and
Eukdetect profiles. These patterns indicate that, among the computational

tools evaluated, MicroFisher provided abundance estimates from meta-
genoic data that are more consistent with amplicon-based fungal commu-
nity profiles. However, more studies are needed to determine
whetheramplicon sequencing or MicroFisher yields more accurate estimates
of fungal abundance from environmental DNA. By contrast, dominant
fungal taxa identified by amplicon sequencing were largely not detected by
Kaiju and Kraken2, which failed to differentiate fungal community com-
position across soil samples (Fig. 6C). These findings reveal significant
limitations in current protein- and genome-based metagenomic classifica-
tion approaches for fungal taxonomic profiling. This could be due to the lack
of robust genome databases and the functional redundancy of protein
databases used in these classification tools8,9,51. We also compared fungal
beta diversity classified using MicroFisher and the other classification tools.
Principal Coordinates Analysis (PCoA) and Bray–Curtis distance analysis
indicated that fungal communities classified by MicroFisher at a MiniHit
length of 120 bp and Eukdetect aremore similar to the amplicon-sequencing
results (P-value > 0.05), suggesting that MicroFisher may accurately predict
fungal composition and abundance at the genus level (Fig. 6D, E) and
at higher taxonomic levels (Supplementary Fig. S9D, E). This could also
indicate that the marker gene prediction tool (Eukdetect) and ITS and LSU-
based prediction tools (amplicon sequencing and MicroFisher) may gen-
erate more similar outcomes in fungal community prediction compared
with genome- and protein-based prediction tools. Furthermore, our findings
demonstrated that MicroFisher also effectively performed for fungal taxo-
nomic classification across multiple taxonomic levels in the metatran-
scriptomic dataset (Supporting Information A.1), indicating the robustness
of this computational approach for microbial community characterization.

Overall, MicroFisher detected 306 clades (including 86 genera from 12
classes) in soil metagenomes and 142 clades (including 35 genera from 10
classes) in root metatranscriptomes with abundances greater than 0.1%.
MicroFisher also identified commonly occurring root-associated symbiotic
fungal taxa, including Russula, Amanita, Inocybe, Suillus, Microbotryum,
Wilcoxina, Sebacina, Trichoderma, and Tomentella, in the pine forest sys-
tem (Fig. 5F and Supplementary Fig. S10B), indicating that our approach
can successfully predict expected fungal taxa in certain small-scale studies.
Together, these results show that MicroFisher outperforms other whole-
genome-based methods for fungal prediction, as its hypervariable marker
databases are not limited by databse size or dependence on specific targeted
regions/genes. Our results pave the way for the application of multiple
hypervariable markers to profile the composition and abundance of
microbiomes from high-throughput sequencing datasets.

Discussion
With the development of high-throughput sequencing approaches (such as
metagenomics and metatranscriptomics) that provides a better under-
standing of relationships between microbial community composition and
ecological function, the impacts of fungal diversity and composition on
ecosystem functioning and services have been well recognized. However,
accurately inferring microbial composition and abundance remains a sig-
nificant challenge, as genome-reliantmicrobial classification often results in
a high number of false-positive and missed predictions, especially when
profiling fungal communities from short-reads sequencing datasets.

To address this issue, we developed MicroFisher, which employs
curated multiple hypervariable markers to classify fungal commu-
nity composition and estimate taxon abundance from metagenomic and
metatranscriptomic sequencing data. Applying hypervariable marker
databases is likely to have important implications for improving the accu-
racy of fungal classification and strengthening the biological interpretation
of ecological patterns. The hypervariable marker databases comprise highly
species-discriminative sequences that enablemoreprecise fungal taxonomic
identificaiton from sequencing data. When coupled with the MicroFisher
pipeline, which compiles mapping-based classification and weight-based
integration algorithms, multiple hypervariable markers provide high sen-
sitivity on both low- and high-complexity fungal communities. We also
demonstrate that MicroFisher achieves substantially higher accuracy and
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Fig. 6 | Analysis of soil metagenomic data using MicroFisher and other fungal
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samples were included in this comparison, indicating “amplicon sequencing”.
Fungal profiling from amplicon sequencing was performed using QIIME2, and the
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for this comparison. The analyses include: A Richness of soil fungal communities;
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C Dominant taxa (relative abundance >1%) obtained from different pipelines.
D Principal Coordinates Analysis (PCoA) and E Bray–Curtis dissimilarity analy-
sis of soil fungal community composition inferred by different classification tools.
MiniHL: minimum hit length; Dominant Taxa: taxa with the average rela-
tive abundance greater than 1%; Intermediate Taxa: taxa with the average rela-
tive abundance between 0.01% and 1%; Rare Taxa: taxa with the average
relative abundance lower than 0.01%. MicroFisher classification and abundance
evaluation were conducted using ITS+ LSU hypervariable markers with default
parameters (MiniHit length of 120 bp, weighted and filter mode).
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precision in fungal classification at the genus and higher taxonomic levels in
the simulated datasets. Moreover, compared to existing tools, MicroFisher
provides more reliable profiles of fungal communities from real metage-
nomic and metatranscriptomic datasets, specifically for abundant taxa
(relative abundance > 0.1%). For rare taxa with relative abundances below
0.1%, bothMicroFisher and the other tested tools exhibited poor predictive
performance. As to novel taxa that potentially present in metagenomic and
metatranscriptomic sequencing datasets, lower minimum hit lengths may
increase the likelihoodofmismatches to known fungal species, which canbe
considered false positives. Although MicroFisher cannot directly identify
such mismatches, several strategies can effectively reduce them, including
requiring detection by at least two hypervariable databases, increasing
the minimum hit length, and removing rare taxa with relative abundance
below 0.1%. Accordingly, optimizing MicroFisher by applying a minimum
hit length of 120 bp and filtering out rare taxa (relative abundance < 0.1%)
improved performance, achieving a better balance between sensitivity and
accuracy in fungal community profiling.

Additionally, MicroFisher demonstrates strong performance in the
abundance estimation of fungal communities. Our results show that
MicroFisher outperformed alternative whole-genome-based methods for
fungal prediction (Fig. 5), as the number of sequences and coverage of
taxonomy in hypervariablemarker databases are unrestricted by limitations
in database size and by reliance on specific genomic regions or genes.
However, the ITS and LSU regions have inherent limitations when it comes
to identifying taxa at the species level for most organisms52. Currently,
MicroFisher only utilizes ITS and LSU databases for its pipeline; never-
theless, it is capable of incorporating additional marker sequences in the
future. The implementation of this extensionwill depend on the availability
of robust databases for other informative gene regions, such as elongation
factor genes, beta tubulins, and other potential markers. Additionally, as
metagenomic technologies continue to generate longer reads, MicroFisher
may enable more reliable species-level taxonomic identification. At the
current stage, even with short-read sequencing data (151 bp), we demon-
strated that MicroFisher provides more accurate classificaiton results at the
genus level and higher taxonomic ranks compared to other classification
platforms, such asEukdetect,Kaiju,Metaphlan, andKraken2 (Figs. 5 and6).

While MicroFisher offers clear advantages for profiling fungal
communities, several methodological challenges remain and warrant
careful consideration. First, generation of hypervariable markers relies on
the INSDC database, where misidentified sequences and/or outdated
taxonomic information may introduce false predictions. Although we
implemented stringent quality-control and purification steps to refine
taxonomy before generating our database, it is impossible to entirely
eliminate inaccurately sequenced or incorrectly annotated database
entries. Furthermore, fungal genomes naturally contain multiple rDNA
copies that vary significantly among species, and this biological com-
plexity can compromise accurate estimation of fungal abundance. Con-
sequently, even though our abundance results may closely mirror
metabarcoding data, these similarities cannot be interpreted unequi-
vocally as accurate measures of species representation due to intrinsic
variations in rDNA copy numbers. Amplicon sequencing is inherently
limited by primer bias introduced during library construction, restricting
its potential for methodological improvements. However, MicroFisher
stands to benefit from advancements in short-read sequencing methods,
including improvements in read accuracy, depth, and throughput on
platforms, such as Illumina NovaSeq. In addition, MicroFisher’s default
settings require fungal taxa to be detected in at least two marker data-
bases to enhance classification accuracy and reduce false-positive pre-
dictions. However, this strategy introduces a trade-off between precision
and coverage, because fungal taxa represented in only a single mar-
ker database will not be reported. The default settings may result in
missed detections of fungal taxa in environmental samples, particularly
low-abundance taxa that can only be identified using a single hyper-
variable marker database. Conversely, using a single database to enhance
coverage may compromise precision, potentially increasing erroneous

predictions of fungal community composition from metagenomic and
metatranscriptomic datasets. Despite these, MicroFisher offers a sig-
nificant advantage over protein- or genome-based identification tools,
because the latter are restricted to fungal species represented in exist-
ing genome or protein databases, which typically include only a small
fraction of total fungal diversity. MicroFisher is capable of predicting a
much broader range of fungal species, including those that are uncul-
turable. However, the capability of MicroFisher to classify fungal com-
position in long-read sequencing datasets, such as those generated by
PacBio and Oxford Nanopore sequencing, warrants further investigation
to assess its applicability.

In conclusion, we developed MicroFisher, an accurate and sensitive
tool for fungal classification from metagenomic and metatranscriptomic
datasets. By integrating high-resolution hypervariable marker gene data-
baseswithweight-based integration algorithms,MicroFisher providesmore
reliable fungal community classification than existing state-of-the-art tools.
MicroFisher also enables the detection of rare taxa that are difficult to
identify using other available tools. This highlights the advancement of
predicting fungal communities using multiple hypervariable markers. Our
results demonstrate the effectiveness ofMicroFisher for fungal classification
and its potential for advancing the field of taxonomic profiling from
metagenomes andmetatranscriptomes.Weuse the name “MicroFisher” for
this bioinformatic tool to reflect its broader potential, as the pipeline is
designed to accommodate classification of other microorganisms in the
future.While our current database focuses exclusively on fungi, we intend to
expand the framework to include bacterial groups in future work.

Data availability
The MicroFisher Hypervariable Marker Databases have been deposited
in Figshare, the DOI for these databases is https://doi.org/10.6084/m9.
figshare.19679595.v353. The light-size simulated sequencing datasets
using fungal ITS and LSU rRNA Sequences are available in Figshare with
the https://doi.org/10.6084/m9.figshare.20001542.v154. The simulated
metagenomic dataset are accessible in NCBI Sequence Read Archive
[SRA] under BioProject PRJNA1321326. The pine forest soil metage-
nomic sequencing data and pine root metatranscriptomic sequencing
data can be accessed through Joint Genome Institute (JGI) under Award
https://doi.org/10.46936/10.25585/60001406. The soil fungal ITS ampli-
con sequencing datasets are available in NCBI Sequence Read Archive
[SRA] under BioProject PRJNA1263842. The full tables of results for the
fungal community classification and performance evaluation of simu-
lated datasets using MicroFisher and other existing methods are available
at Supplementary Data Sheet 2-7, which is available at https://doi.org/10.
6084/m9.figshare.31400742.

Code availability
MicroFisher is written in Python and is available for download at GitHub
repository with the URL: https://github.com/NFREC-Liao-Lab/
MicroFisher55, under the folder “microfisher”. The manual for helping
users to quickly start the fungal community classification usingMicroFisher
can be found with the URL: https://github.com/NFREC-Liao-Lab/
MicroFisher55. The codes for generation of hypervariable databases,
scripts for performance evaluation and statistical analysis are available at
https://github.com/NFREC-Liao-Lab/MicroFisher55, under the folder
“database_generation” and “manuscript”, respectively.
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