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Bronchoalveolar lavage fluid 
metagenomic datasets: a 
multidimensional clinical 
biomolecular resource
Hui Tang1,6, Huifang Liu2,6, Lingjun Yuan2, Mengxiao Xie3, Jieyuan Zheng3, Jingchao Wang3, 
Jieting Zhou3, Bin Yang2, Bin Lou3,4,5 ✉ & Dongsheng Han   3,4,5 ✉

Metagenomic Next-Generation Sequencing (mNGS) enables simultaneous sequencing of both microbial 
and host nucleic acids in clinical samples. However, analytical approaches for interpreting complex 
mNGS datasets are seldom disclosed, limiting advancements in multimodal analysis and omics-driven 
research models built upon mNGS results. We present 402 high-quality bronchoalveolar lavage fluid 
mNGS DNA and RNA sequencing datasets for developing combined microbial-host metagenomic 
diagnostic approaches. Only the microbial (non-host) sequence reads have been deposited. We provide 
comprehensive descriptions of methods, tools, and pipelines used for mining microbial features (DNA/
RNA microbial composition and bacteriophage abundances) and host response features (differential 
expression genes, transposable elements, cell-type composition, and copy number variation). These 
data processing pipelines set a standard for future multimodal omics diagnostic research, promoting 
the adoption of standardized practices in omics-based studies that integrate clinical data.

Background & Summary
Metagenomic next-generation sequencing (mNGS) is an emerging omics analysis technique capable of simulta-
neously sequencing microbial and host nucleic acid in clinical specimens. It has found increasingly widespread 
clinical applications in pathogen identification related to infectious diseases1,2. In addition to microbial sequences 
containing information about pathogens and microbiota (typically constituting less than 10% of sequencing 
reads), mNGS sequencing datasets also encompass vast amounts of host genomic sequences (often comprising 
over 90% of the total sequenced reads)3,4. These host sequences contain rich genomic features that can reflect the 
patient’s disease status, such as differentially expressed genes associated with immune-inflammatory responses5. 
Utilizing advanced bioinformatics tools to maximize the extraction of specific biological features relevant to the 
patient’s disease state from these complex sequencing data can aid in comprehensively understanding the patho-
physiological mechanisms of the disease and developing reliable intelligent diagnosis and treatment strategies.

In recent years, a handful of studies have led the way in developing mNGS data-based omics diagnostic 
models. These models integrate pathogen metagenomics and host transcriptomics data from mNGS results of 
clinical samples like blood, cerebrospinal fluid, or respiratory specimens, targeting diagnoses for conditions such 
as sepsis, encephalitis, and acute respiratory diseases6–8. These efforts have yielded commendable performance 
in disease discrimination. However, there are currently no detailed design schemes or data analysis workflows 
disclosed for machine learning-based intelligent diagnostic strategies in microbial-host metagenomics. This 
limitation restricts the dissemination and replication of such research findings.
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In 2023, our team successfully developed a microbial-host metagenomics-based intelligent differential 
diagnostic strategy for diagnosing lung cancer and pulmonary infections (bacterial, fungal, and tuberculosis 
infections) using bronchoalveolar lavage fluid (BALF) mNGS datasets9,10. Currently, we have optimized the 
diagnostic model and methodology, while simultaneously publicly releasing the mNGS datasets (unhost) of 402 
patients used for model building (NCBI Sequence Read Archive under the BioProject ID: PRJNA105676511). To 
our knowledge, this is the largest high-quality BALF mNGS datasets currently available.

In this data descriptor, we provide a comprehensive overview of the methodologies and pipelines utilized 
in the extraction of microbial features (DNA/RNA microbial composition and bacteriophage abundances) and 
host response features (differential expression genes, transposable elements, cell-type composition, and copy 
number variation) from the 402 BALF mNGS datasets. These data processing pipelines will provide examples 
of data mining and integrated utilization for more similar multi-omics diagnostic studies in the future, thereby 
promoting the standardized practice of omics research based on clinical data.

Methods
The mNGS dataset in this study comprised 402 adult patients admitted to the First Affiliated Hospital, Zhejiang 
University School of Medicine (FAHZU) between 8 March 2020 and 27 May 2023. These patients were suspected 
of having lung cancer or pulmonary infections. Inclusion criteria required patients to be aged ≥18 years and to 
have undergone BALF sampling within 72 hours of intubation to identify causative pathogens. Exclusion criteria 
included underlying leukaemia, absence of a definitive diagnosis after extensive follow-up, or lack of matching 
DNA and RNA mNGS data from BALF samples. The diagnosis of lung cancer was based on clinical suspicion, 
supported by laboratory results from cytology, flow cytometry, and/or tissue biopsy. Pathological information for 
all samples was assessed according to the 2015 WHO Histological Classification of Lung Cancer and determined 
from surgically resected tissue sections. The diagnosis of pulmonary infections was based on clinical suspicion 
and confirmed through standard microbiological diagnostics, including cultures, antigen/antibody tests, PCR, 
and sequencing. This study retrospectively analyzed archival materials at FAHZU under a no-patient-contact 
research protocol, which was approved by the FAHZU Institutional Review Board (IIT20220714A). Prior to 
sample collection, written informed consent had been obtained from patients, covering the use of residual sam-
ples for research purposes. According to Guidance of the Ministry of Science and Technology (MOST) for the 
Review and Approval of Human Genetic Resources, we could not share sequencing data with homo sapiens.

Here, we present a more condensed version of the methods fully described in Chen, Y. et al.12. The workflow 
is shown in Fig. 1. We make the raw sequencing data (unhost) freely available in NCBI Sequence Read Archive 
under the BioProject ID: PRJNA105676511, and scripts together with more downstream analysis results are 
accessible as the GitHub13.

The procedure of collecting BALF samples.  BALF was performed using flexible bronchoscopy under 
local anaesthesia. The bronchoscope was advanced to a radiologically involved lung segment, and 100–150 mL 
of sterile 0.9% saline was instilled in 20–50 mL aliquots. After each instillation, fluid was gently aspirated and 
pooled. BALF specimens were immediately stored on ice and processed within 2 hours. Samples with visible 
blood contamination or recovery <30% were excluded.

BALF DNA/RNA sequencing methods.  Wet lab BALF sequencing methods were described in previous 
study12,14. In brief, we recruited 123 lung cancer cases, 279 cases of pulmonary infections including tuberculosis, 
fungal, and bacterial infections, and 32 negative control cases that include conditions like immune pneumoni-
tis, organizing pneumonia, and drug-related pneumonia. For BALF DNA sequencing, we treated 1 mL of BALF 
samples with 1 U benzonase and 0.5% Tween 20, incubating at 37 °C for 5 minutes to deplete host nucleic acids. 
Subsequently, 600 µL of this mixture was subjected to bead beating with ceramic beads in a Minilys Personal 
TGrinder H24 Homogenizer, followed by nucleic acid extraction from 400 µL of the sample using a QIAamp UCP 
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Fig. 1  Workflow of sample and data processing. Samples and data are shown in grey and processes highlighted 
in blue.
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Pathogen Mini Kit, with the final DNA elution in 60 µL. DNA quantity was assessed using a Qubit dsDNA HS 
Assay Kit. For BALF RNA sequencing, 1 mL BALF samples were centrifuged, and the precipitate was processed 
with TRIzol LS for RNA extraction using a Direct-zol RNA Miniprep kit. Library preparations for sequencing 
involved using 30 µL of DNA with the Nextera DNA Flex kit and 10 µL of purified RNA with the Ovation Trio 
RNA-Seq Library Preparation Kit. Library concentrations were quantified using a Qubit dsDNA HS Assay Kit, 
quality assessed via an Agilent 2100 Bioanalyzer with a High Sensitivity DNA kit, and sequencing performed on 
an Illumina NextSeq. 550 sequencer employing a 50-cycle single-end strategy2–4,15.

Generating microbial and host expression matrix.  Detailed pipeline information for microbial and 
gene expression profiling is available at GitHub13. All parameters and database we used were showed with shell 
scripts. In short, we utilized a validated mNGS protocol aimed at comprehensive microbial composition analy-
sis15–17. The process initiated with the use of fastp18 for the elimination of low-quality reads, duplicates, sequences 
shorter than 50 base pairs, and adapter contamination. To remove human genetic sequences, reads were aligned 
against the hg38 human reference genome using BWA (0.7.17)19. The generation of taxonomic profiles was facil-
itated by Kraken2 v2.0.7 and Bracken v2.5, which operated under default settings and employed a widely recog-
nized database. To account for differences in sequencing depth, the sequencing reads identifying microbes were 
normalized to reads per million (RPM)20. Host gene expression was analyzed by aligning high-quality data to 
the human genome via HISAT221, using default settings, with gene-level quantification conducted through fea-
tureCounts. The aggregate gene counts were compiled using the featureCounts utility from the Subread package 
release 2.0.022.

In our GitHub repository and figshare (https://doi.org/10.6084/m9.figshare.29388539.v1)13, the kraken2_
pipeline folder contains the following scripts for generating the microbial abundance matrix:

•	 01_data_preprocessing.sh: uses fastp to remove low-quality reads and adapter sequences.
•	 02_rmhost.sh: uses BWA and samtools to remove host reads by aligning to the human reference genome 

(hg38).
•	 03_kraken2_bracken.sh: uses Kraken2 and Bracken to perform microbial taxonomic profiling.
•	 04_relative_abudances_matrix.sh: calculates the relative abundance of each microbial taxon across all sam-

ples and summarizes the results at both the species and genus levels.

The RNAseq_pipeline folder includes scripts for read mapping, gene expression quantification, and profile 
generation:

•	 01_data_preprocessing.sh: performs the same preprocessing as in the kraken2_pipeline using fastp.
•	 02_map_to_reference_hg38.sh: uses HISAT2 to align reads to the hg38 reference genome.
•	 03_featureCount.sh: uses featureCounts to generate gene-level read count matrices for individual samples. A 

specific version of the gene annotation file (GFF format) is provided to ensure result reproducibility.
•	 04_readcount_to_expression_profiles.sh: merges the read count tables from all samples into a single gene 

expression matrix.

Microbial de-contamination.  As previously reported in our methodology15,23, all wet-lab experiments were 
conducted under strict sterile conditions. Negative controls (PBS or sterile water) were included during nucleic 
acid extraction and library preparation to monitor potential contamination. These controls were processed in 
parallel with clinical samples throughout the experimental workflow. Our bioinformatic pipeline incorporated 
multiple layers of contamination control: ①Host DNA removal: Sequences were aligned to the human reference 
genome (GRCh38) and filtered. ②Decontam package application: We utilized the prevalence-based mode of the 
Decontam R package (v1.12.0), which statistically identifies contaminant taxa by comparing sequence frequen-
cies between samples and negative controls. After generating microbial matrix, we used negative control to filter 
microorganisms which might be highly potentials as contamination. However, this step was quite independent 
for different laboratories. Thus, we provided our method as an optional procedure. First, negative controls were 
derived from BALF mNGS datasets of several (in our studies, there were 32, microbiological results and diagno-
sis of 32 negative control patients were listed in Table S3) individuals without infection or cancer, against which 
microbial abundance was compared. We then determined the mean and standard deviation of species’ relative 
abundances within these controls, establishing a threshold for positive detection at the mean plus three standard 
deviations. Second, microbes exceeding this threshold in the mNGS datasets of patients with lung cancer or infec-
tions were identified as ‘positive’ and included in our following microbial count analysis15.

Other omics information.  We conducted secondary bioinformatic analysis employing various software 
tools. Firstly, we estimated the abundances of Transposable Elements (TE) using TEtranscripts24 and performed 
differential expression analysis with default parameters. Secondly, we identified immune-related genes (IRGs) 
using data from the ImmPort database (https://www.immport.org/home), and interferon-stimulated genes (ISGs) 
sourced from a referenced study25. Thirdly, to estimate the relative proportions of immune cells, we quantified 
transcript levels in TPM and employed digital cytometry via CIBERSORTx with the original gene signature 
file LM22 and 1000 permutations26. Fourthly, we identified tumor fractions or copy number variants through 
ichorCNA27, CNVkit28, and estimate29, adhering to the software instructions. Lastly, for bacteriophage annota-
tion, we aligned cleaned reads against a curated phage database (CPD) using blastn30. Detailed parameters for 
each software or pipeline are outlined in our preprint manuscript12.
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Differentially expressed genes (DEGs) and TE were identified in each group using the DESeq. 2 package, 
applying criteria of FDR ≤0.05 and Fold-change ≥1.531. Gene set enrichment analysis (GSEA) for DEGs was 
carried out using the REACTOME, KEGG, and GO databases by the fgsea package32–34. Significantly enriched 
pathways or biological processes were determined based on Fisher’s exact test (p-value < 0.05), following 
Benjamini-Hochberg adjustment. Latent variables were calculated by PLIER R package35. Wilcoxon rank-sum 
test assessed the difference between each group’s probability value.

Data Records
Microbial reads (unhost) from metagenomic and metatranscriptomic data were deposited in NCBI Sequence 
Read Archive under the BioProject ID: PRJNA105676511. Detailed metadata for all samples (402 cohort sam-
ples, 32 DNA negative controls, and 32 RNA negative controls) are provided in Supplementary Table S1 (DNA 
metadata) and Supplementary Table S2 (RNA metadata). These tables include information such as group clas-
sification, BioSample accession number, SRA accession number, total reads, total bases, number of clean reads, 
clean read rate (%), and other relevant details. According to Guidance of the Ministry of Science and Technology 
(MOST) for the Review and Approval of Human Genetic Resources, we could not share sequencing data with 
homo sapiens. Thus, host gene expression profile derived from metatranscriptomic were deposited in NCBI 
GEO datasets36. For other scientific studies and reproducibility of our results, data resulting from the matrix 
generation presented here are available on Figshare (https://doi.org/10.6084/m9.figshare.29388539.v1), which 
contains the processed microbial abundance matrices and expression tables. The corresponding analysis scripts 
and pipelines remain available in the GitHub repository13. The data are separated into several subfolders:
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Fig. 2  Microbial composition of DNA sequencing data in species and genus levels. (A) Top genus of microbial 
composition among different pulmonary diseases (Bacteria, Bacterial pneumonia; Fungi, Fungal pneumonia; 
TB, Pulmonary Tuberculosis; Cancer, Lung Cancer). (B) Top species of microbial composition among different 
pulmonary diseases (Bacteria, Bacterial pneumonia; Fungi, Fungal pneumonia; TB, Pulmonary Tuberculosis; 
Cancer, Lung Cancer).
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•	 The folder contains raw read counts in subfolder /data/RNA_EXP, count-based expression profiles of all sam-
ples stored in file RNAseq_featurecount.zip. These files are the main outcomes of gene expression profile 
classifications.

•	 The folder contains raw read counts in subfolder /data/TE_EXP, count-based expression profiles of all sam-
ples stored in fileTransposable_element_count_table.zip. These files are the main outcomes of Transposable 
element expression profile called by TEtranscripts.

•	 Results of copy number variants and tumour fraction derived from it are located in the folder /data/CNV with 
one table contain all results called by ichorCNV,CNVkit and estimate.

•	 Results of the metagenomics analysis of the non-human genomic content of DNA-seq RNA-seq are located 
in folder /data/DNA_kraken2 and /data/RNA_kraken2 with two tables (*__abundances.txt) containing lists 
of bacterial species used in this metagenomics analysis. Also, species and genus relative abundance table of 
negative controls were also uploaded separately on each folder.

Data Overview
We analyzed the microbial composition at both the genus and species levels based on DNA sequencing data 
from patients with different pulmonary diseases (Fig. 2A and B). At the genus level, the three most abundant 
genera were Pseudomonas, Streptococcus, and Prevotella, which are common commensals in the human res-
piratory tract. Notably, Pseudomonas was highly prevalent in samples from the bacterial pneumonia group, 
Aspergillus in the fungal pneumonia group, and Mycobacterium in the tuberculosis group—organisms known to 
be pathogens associated with these disease categories (Fig. 2A). At the species level, we observed similar results. 
Pseudomonas aeruginosa, Rothia mucilaginosa, Neisseria mucosa, and Klebsiella pneumoniae showed high 

Fig. 3  Per base quality of raw sequencing data. Output of multiQC: (A) DNA sequencing of 402 BAL samples; 
(B) RNA sequencing of 402 BALF samples.
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relative abundances in many samples. In particular, Pseudomonas aeruginosa (bacterial group), Mycobacterium 
tuberculosis (TB group), and Aspergillus fumigatus (fungal group) were significantly enriched in their respective 
pneumonia patient subgroups (Fig. 2B).

Technical Validation
The quality of the sequencing data was evaluated through multiple layers of quality control and validation 
to ensure the integrity and reproducibility of the dataset. The raw reads from both DNA-seq and RNA-seq 
experiments were first assessed using FASTQC, and representative per-base quality plots are shown in Fig. 3A 
(DNA-seq) and Fig. 3B (RNA-seq). Regardless of the initial data quality, all samples underwent standardized 
data cleaning to ensure that no base was called with a Phred quality score below 20.

Summary statistics of sequencing performance are provided in Table 1 and Table 2, showing comparable data 
yields and quality metrics across the four clinical subgroups (bacterial, fungal, tuberculosis, and lung cancer 
cohorts). The average clean read counts ranged between approximately 19–24 million reads per sample, and 
clean read rates exceeded 98% for all groups, indicating stable sequencing performance.

To verify the clinical accuracy and consistency of the dataset, each case was reviewed and confirmed through 
standard diagnostic criteria. Diagnoses of pulmonary infections (bacterial, fungal, and tuberculosis) were based 
on clinical evaluation combined with conventional microbiological methods (culture, PCR, and antigen/anti-
body testing). Lung cancer diagnoses were established by cytology, flow cytometry, and/or tissue biopsy, follow-
ing the 2015 WHO Histological Classification of Lung Tumors.

Together, these quality control procedures demonstrate that the sequencing data and clinical annotations are 
of high integrity and suitable for reuse in future methodological and computational studies.

Data availability
The metagenomic sequencing datasets generated and analyzed in this study have been deposited in the NCBI 
database. DNA-seq and RNA-seq data are available under BioProject accession number PRJNA1056765 (https://
www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1056765). The corresponding processed transcriptomic data 
are available in the Gene Expression Omnibus (GEO) under accession number GSE252118 (https://www.ncbi.
nlm.nih.gov/geo/query/acc.cgi?acc=GSE252118).

Bacteria Fungi Cancer TB

Number of datasets 114 79 123 86

Assigned (M reads) 5.86 ± 3.28 5.86 ± 3.66 5.89 ± 3.12 5.41 ± 3.19

Unassigned Unmapped (M reads) 3.25 ± 4.06 2.35 ± 2.02 3.23 ± 3.58 2.34 ± 2.21

Unassigned MultiMapping (M reads) 8.66 ± 4.88 8.54 ± 5.49 8.86 ± 4.06 7.81 ± 4.62

Unassigned NoFeatures (M reads) 9.03 ± 4.23 9.13 ± 5.4 9.05 ± 4.45 8.99 ± 5.04

Unassigned Ambiguity (M reads) 0.28 ± 0.16 0.25 ± 0.15 0.28 ± 0.15 0.23 ± 0.15

Table 2.  Host mapping statistics of RNA sequencing datasets. Assigned: Reads that map uniquely and 
completely to a single annotated feature according to the GFF file. Unassigned_Unmapped: Reads that cannot 
be mapped to any annotated feature. Unassigned_MultiMapping: Reads that map to multiple annotated features. 
Unassigned_NoFeatures: Reads that map to the reference genome, but the mapped genomic location lacks any 
annotation (absence of features). Unassigned_Ambiguity: Reads where the alignment identity falls below 90%.

Bacteria Fungi Cancer TB

N = 402 n 114 79 123 86

DNA

Total reads (M) 22.44 ± 6.86 24.35 ± 10.17 22.73 ± 7.69 23.73 ± 8.11

Total bases (Mbp) 1122 ± 343.06 1217.73 ± 508.57 1136.37 ± 384.44 1186.64 ± 405.49

Clean reads (M) 22.4 ± 6.85 24.31 ± 10.15 22.69 ± 7.67 23.7 ± 8.09

Clean reads rate (%) 99.8 ± 0.1 99.8 ± 0.1 99.80 99.8 ± 0.1

Clean bases (Mbp) 1120.14 ± 342.37 1215.69 ± 507.39 1134.6 ± 383.7 1184.78 ± 404.68

Q20 rate (%) 95.1 ± 1.4 95.5 ± 1.2 95.3 ± 1.2 95.7 ± 1.1

Q30 rate (%) 92.8 ± 1.9 93.4 ± 1.7 93.1 ± 1.7 93.6 ± 1.6

GC rate (%) 41.1 ± 1.1 41.2 ± 0.9 41 ± 1.4 41 ± 0.9

RNA

Total reads (M) 21.21 ± 9.46 20.55 ± 10.57 21.45 ± 8.56 19.67 ± 9.86

Total bases (Mbp) 1060.55 ± 473.15 1027.44 ± 528.47 1072.67 ± 428.14 983.6 ± 493.16

Clean reads (M) 21.05 ± 9.36 20.35 ± 10.56 21.27 ± 8.52 19.48 ± 9.81

Clean reads rate (%) 99.3 ± 1 98.6 ± 4.6 99.1 ± 1.4 98.9 ± 1.9

Clean bases (Mbp) 1051.58 ± 467.62 1016.01 ± 528.54 1062.18 ± 425.46 972.47 ± 489.94

Q20 rate (%) 95.3 ± 1.1 95.5 ± 1.1 95.6 ± 1 95.6 ± 1

Q30 rate (%) 93.2 ± 1.6 93.6 ± 1.5 93.7 ± 1.5 93.6 ± 1.3

GC rate (%) 46.2 ± 2.2 45.3 ± 3.1 46.4 ± 2 45 ± 2

Table 1.  Reads number and sequencing quality of DNA and RNA sequencing data.
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Code availability
Our study utilizes an AMD EPYC 7763 dual-socket server configuration featuring 128 physical cores and 1TB of 
RAM, complemented by 50TB of storage. All the code used to process the genomic data is freely available as a part 
of the provided GitHub repository13 and the code is located in the folder named scripts. The scripts folder also 
contains dependencies and the used parameter values. Depending on the scripts’ functionality, they are separated 
into various folders:

• �The folder RNAseq_pipeline contains scripts used for read mapping, gene expression quantification, and 
profile classification.

• �The folder kraken2_pipeline contains scripts to assign reads to bacterial taxa and the scripts for differential 
analysis of bacterial species among pulmonary diseases.

• �The folder classifier modelling contains scripts and input files for machine learning of pulmonary disease 
classifier building.
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