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Nanopore-based metagenomic methods have proven useful for identifying bacterial causes of infections. Yet, thorough 

assessments of their effectiveness in everyday clinical practice for simultaneously detecting bacteria, fungi, and viruses remain 

limited. We created a paired sequencing strategy called the Nanopore Meta-Panel process (NanoMP). For each respiratory 

sample, it ran an untargeted metagenomic workflow (Meta) alongside a targeted enrichment workflow (Panel). This prospective 

multicenter trial included 450 respiratory samples. A machine learning-driven filtering framework, refined with ROC analysis 

from orthogonal testing on 21 key species, enhanced detection reliability. AMR gene detection relied on the CARD database 

combined with SNP profiling. In the Meta workflow, sensitivity reached 82.9% for bacteria, 88.7% for fungi (excluding 

Aspergillus species), and 75.0% for the Mycobacterium tuberculosis complex. The Panel workflow, through targeted 

amplification, substantially raised sensitivity for viruses (over 80.0% versus 39.4%) and Aspergillus (81.8% versus 42.3%). 

Across both processes, NanoMP delivered 80.2% sensitivity and 98.8% specificity against the composite reference standard. It 

also reliably pinpointed key AMR determinants like blaKPC-2, blaOXA-23, and mecA, correctly linking them to their host 

organisms even in polymicrobial cases. The NanoMP strategy merges unbiased metagenomics with targeted enrichment on the 

same specimen via parallel Nanopore runs. This enabled comprehensive detection of bacterial, viral, and fungal pathogens in 

lower respiratory samples and showed strong real-world clinical utility. 
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Introduction 

Lower respiratory tract infections (LRTIs) — including 

community-acquired pneumonia (CAP), hospital-

acquired pneumonia (HAP), and ventilator-associated 

pneumonia (VAP) — contribute to more than 25% of 

pneumonia-related hospital deaths [1]. Pinpointing 

responsible pathogens (bacteria, fungi, viruses, and 

atypicals) is difficult because conventional testing 

methods have limitations. 

Metagenomic next-generation sequencing (mNGS) has 

moved swiftly into clinical laboratories [2, 3]. Nanopore 

sequencing stands out due to fast library preparation, 

real-time basecalling and analysis, rapid turnaround, and 

long reads, which are especially beneficial for AMR gene 

characterization [4]. Most published studies, however, 

have concentrated on bacteria and fungi [4-6], while viral 

detection performance has been weaker [7]. Large-scale 

studies addressing bacteria, fungi, and viruses together 

are scarce. Challenges like background contamination 

and overwhelming host DNA content hinder routine use, 

leading to inconsistent results across studies that apply 

different filtering criteria [5, 8]. Reliable thresholds 
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therefore demand evaluation of diverse sequencing 

parameters. 

To better align with clinical demands, we developed the 

NanoMP approach: an integrated dual-barcode system 

that performs unbiased metagenomic detection (Meta 

process) and pathogen-specific amplification (Panel 

process) on one sample. Because HSV1 (Human 

alphaherpesvirus 1), EBV (Human gammaherpesvirus 

4), and CMV (Human betaherpesvirus 5) frequently 

occur in healthy carriers [9-11], these common DNA 

viruses, plus Aspergillus fumigatus and representative 

RNA viruses such as rhinovirus (Rhv), were added to the 

enrichment panel for validation. 

We tested NanoMP performance in a prospective 

multicenter study—currently the largest of its kind—

involving 450 specimens from 418 patients. The 

workflow uses dual barcodes for demultiplexing and 

combines full-spectrum metagenomics (with host DNA 

removal) and targeted amplification for improved 

detection of priority pathogens. We developed a new 

filtering algorithm based on machine learning and ROC 

analysis using multiple quality-control features. We also 

characterized AMR genes and their specific variants. 

 

Materials and Methods 

 

NanoMP approach 

Our custom NanoMP pipeline includes two 

complementary arms. The Meta arm uses saponin-

mediated selective lysis to deplete human DNA, followed 

by microbial nucleic acid extraction and library 

construction to survey the entire pathogen community. 

The Panel arm involves total nucleic acid extraction, 

specific target amplification, and library preparation 

(Figure 1). Host-depleted metagenomic data are 

available in the NCBI SRA under Bioproject 

PRJNA818777. 

 

 
Figure 1. Overview of the study design. 
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We collected 450 sputum or bronchoalveolar lavage fluid 

(BALF) specimens from 418 individuals suspected of 

having pulmonary infections. Standard microbiological 

testing included culture, qPCR, ELISA, GeneXpert 

MTB/RIF, and histological examination. Each sample 

underwent parallel processing via two workflows: (1) the 

Meta workflow, which involved human genome 

depletion, microbial cell wall disruption, DNA isolation, 

dual-barcode attachment, and library construction; and 

(2) the Panel workflow, which included total DNA/RNA 

isolation, targeted amplification of selected organisms 

(such as EBV, CMV, HSV1, Aspergillus fumigatus, and 

Rhv), single-barcode attachment, and library 

construction. We pooled libraries from both workflows 

for sequencing. We generated final pathogen calls using 

established filtering criteria and compared them against 

the gold standard. Clinical reporting of pathogens 

incorporated physician judgment. Abbreviations: BALF 

= bronchoalveolar lavage fluid; ELISA = enzyme-linked 

immunosorbent assay; qPCR = quantitative polymerase 

chain reaction; EBV = Epstein–Barr virus (human 

gammaherpesvirus 4); CMV = human cytomegalovirus 

(human betaherpesvirus 5); HSV1 = human 

alphaherpesvirus 1; Rhv = rhinovirus. 

 

Dual-barcode strategy for Nanopore sequencing 

The commercial SQK-PBK004 kit provides only 12 

barcodes, which was insufficient for the dual-process 

design (17 samples per flow cell, consisting of 6 samples 

processed in parallel for both workflows plus 5 negative 

controls). To address this, a custom dual-barcode system 

was developed specifically for the Meta workflow 

(Figure 1). Building on the standard barcode ligation 

approach used in commercial kits (as applied in the Panel 

workflow with Barcode A), an additional barcode 

(Barcode B) was incorporated into the flanking region 

(FLK) to generate dual barcodes. This allowed clear 

differentiation between Meta and Panel libraries. 

 

Sample collection 

The remaining 450 specimens consisted of 

bronchoalveolar lavage fluid (BALF) samples (n = 348) 

and sputum samples (n = 102). These were retrieved from 

the clinical laboratories of Peking University People’s 

Hospital, China–Japan Friendship Hospital, and Beijing 

Chao-yang Hospital between January 28 and June 28, 

2021. The study focused exclusively on the presence of 

LRTIs and did not consider gender. We obtained patient 

demographic information, laboratory results, imaging 

and pathology findings, treatment details, and clinical 

outcomes for the 418 individuals from electronic medical 

records. 

 

Limit of detection 

The limit of detection (LoD) for the assay was 

determined by spiking serial tenfold dilutions (ranging 

from 10 to 104 CFU/mL or 10 to 104 copies/mL) of 

Pseudomonas aeruginosa, Staphylococcus aureus, 

Aspergillus fumigatus, CMV, and Rhv into BALF 

samples containing normal respiratory flora (NRF) that 

tested negative for these organisms by qPCR. 

Background commensal levels were quantified using 16S 

qPCR as previously reported [4] and categorized as high 

(Ct = 25) or low (Ct = 28). Each dilution level was tested 

in ten replicates across the different background 

conditions. LoD was established as the lowest 

concentration at which the spiked pathogen was detected 

in at least 8 out of 10 mock samples. 

 

Computational algorithm for pathogen identification 

A specialized pathogen detection algorithm was created 

for Nanopore data to improve and validate diagnostic 

accuracy. Using alignments and results from culture 

and/or qPCR as reference, a panel of 21 representative 

species — including Gram-positive and Gram-negative 

bacteria, fungi, DNA viruses, RNA viruses, and 

Mycoplasma — was chosen. These organisms reflect 

commonly encountered and clinically significant 

pathogens. Whenever feasible, validation relied on gold-

standard methods such as approved IVD kits or 

thoroughly validated laboratory-developed tests.
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Figure 2. Process for developing the filtering framework. 

 

For bacterial and viral categories in the Meta workflow, 

candidate variables were first identified through LASSO 

regression. The dataset incorporating these selected 

variables was split into training and testing sets. 

Hyperparameters for the XGBoost classifier were 

optimized using stratified cross-validation. Model 

performance was then evaluated with ROC curves using 

the best hyperparameters. For fungal groups (excluding 

Aspergillus), the MTB group, and Aspergillus in the 

Meta workflow, as well as for HSV1, EBV, CMV, 

Rhinovirus, and Aspergillus fumigatus in the Panel 

workflow, the most informative metrics were chosen 

according to Spearman’s correlation. Optimal cut-off 

values were determined by identifying the point yielding 

the highest Youden’s index on the ROC curves. 

Abbreviations: LASSO = least absolute shrinkage and 

selection operator; MTB = Mycobacterium tuberculosis; 

HSV1= human alphaherpesvirus 1; EBV = Epstein–Barr 

virus (human gammaherpesvirus 4); CMV = human 

cytomegalovirus (human betaherpesvirus 5). 

 

Clinical judgment 

Every organism identified through the Nanopore 

platform was cross-checked in PubMed and the CAP-

CHINA database to evaluate its potential role in causing 

pneumonia. Sequencing outcomes were classified into 

four levels (Defined, Probable, Possible, and Unlikely), 

with specific standards outlined. The composite 

reference standard combined all microbiological results 

(culture and additional assays), pathology reports, and 

clinical expert reviews. Defined and Probable 

classifications counted as positive for diagnosis, while 

Possible and Unlikely were treated as negative. A sample 
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was considered to match the clinical diagnosis if any 

pathogen met the positive criteria. 

 

Antimicrobial resistance gene identification 

A single nucleotide polymorphism matrix (SNPM) 

reference database was constructed using sequences 

derived from homology models in the Comprehensive 

Antibiotic Resistance Database (CARD, v3.1.2). 

Sequencing reads were aligned to CARD reference 

sequences with BLAST (v2.10.1+) to identify AMR gene 

families. For each read, we selected the most common 

AMR subtype among matching alignments and linked it 

to the corresponding reference in the SNPM. Subtype 

refinement used minimap2 and Samtools to detect allelic 

differences based on the SNPM. The BLAST scoring 

matrix was then restricted to these alleles, enabling site-

specific scoring across subtypes. When scores for 

different subtypes differed significantly (P < 0.05), reads 

sharing a specific reference were assigned to the subtype 

with the highest median score; otherwise, they were 

assigned to the most prevalent subtype among those with 

the top score. Additional CARD annotations were 

applied to the identified AMR genes. 

 

Statistical analysis 

Sample size determination was performed with PASS 

software (v15.0; NCSS Corporation, USA). Group 

comparisons for continuous variables used the Student t-

test or Mann–Whitney U test. In contrast, categorical 

variables were analyzed with the chi-square test, 

continuity correction, or Fisher’s exact test as 

appropriate. A P-value below 0.05 was considered 

statistically significant. All analyses were conducted 

using SPSS software (v25.0; IBM Corporation, USA) 

and SciPy (v1.7.3, Python 3.7). 

 

Results and Discussion 

 

Patient characteristics 

This prospective investigation enrolled 450 specimens 

(348 BALF and 102 sputum samples) collected from 418 

patients. Participants were categorized into LRTI (n = 

249) and non-LRTI (n = 169) groups according to 

established definitions for CAP [12], HAP [13], and 

suspected infection as determined by clinical specialists. 

As detailed in Table 1, patients in the LRTI group 

showed higher rates of aspiration history, invasive 

mechanical ventilation, and immunosuppression. 

Symptoms such as fever, sputum production, and 

shortness of breath were more common in the LRTI 

group. The non-LRTI group exhibited a greater 

proportion of malignancy cases but fewer individuals 

with hematological disorders (Table 1).

 

Table 1. The characteristics of patients in the LRTIs and non-LRTIs groups (n = 418). 

Empty cell 
Non-LRTIs 

(n = 169) 
LRTIs (n = 249) 

Median differencea/Odds 

ratio (95% CI) 
P 

Age, median (IQR), years 60.0 (53.5–66.5) 63.0 (51.0–71.0) 3.0 (−1.0 to 5.0)a 0.061 

Sex    0.008 

Male, n (%) 93 (55.0) 169 (67.9) 1.2 (1.1–1.4)  

Female, n (%) 76 (45.0) 80 (32.1) 0.7 (0.5–1.0)  

Infection types     

CAP 0 159 (63.9) – < 0.001 

HAP 0 66 (26.5) – < 0.001 

VAP 0 6 (2.4) – 0.01 

TB 0 9 (3.6) – 0.013 

AECOPD 0 7 (2.8) – 0.045 

Lung abscess 0 2 (0.8) – 0.517 

History of aspiration, n (%) 4 (2.4) 23 (9.2) 3.9 (1.4–11.1) 0.009 

Invasive mechanical ventilation, n (%) 3 (1.8) 85 (34.1) 19.2 (6.2–59.8) 0.000 

Immunosuppression, n (%) 32 (18.9) 99 (39.8) 2.1 (1.5–3.0) 0.000 

Symptoms, n (%)     

Cough 92 (54.4) 147 (59.0) 1.1 (0.9–1.3) 0.351 

Fever 25 (14.2) 111 (44.6) 3.0 (2.0–4.4) < 0.001 

Sputum 59 (34.9) 122 (49.0) 1.4 (1.1–1.8) 0.004 

Dyspnea 28 (16.6) 90 (36.1) 2.2 (1.5–3.2) < 0.001 

https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
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Hemoptysis 16 (9.5) 15 (6.0) 0.6 (0.3–1.3) 0.187 

Any comorbidity, n (%)     

Diabetes 29 (17.2) 61 (24.5) 1.4 (1.0–2.1) 0.073 

Hypertension 49 (29.0) 69 (27.7) 1.0 (0.7–1.3) 0.775 

Cardiovascular disease 23 (13.6) 56 (22.5) 1.7 (1.1–2.6) 0.023 

Malignancy 31 (18.3) 25 (10.0) 0.5 (0.3–0.9) 0.014 

Hematological diseases 10 (5.9) 41 (16.5) 2.8 (1.4–5.4) 0.001 

Hospital stays, median (IQR), days 13.0 (9.0–16.0) 18.0 (12.0–27.0) 5.0 (3.0–7.0)a < 0.001 

Antibiotic use, n (%) 71 (42.0) 232 (93.2) 2.2 (1.9–2.7) < 0.001 

WBC, median (IQR), 109/L 6.23 (4.84–7.97) 6.91 (5.15–10.37) 0.7 (0.1–1.7)a 0.004 

< 4, n (%) 16 (9.8) 35 (14.1) 1.5 (0.8–2.6)  

4–10, n (%) 131 (79.9) 147 (59.3) 0.8 (0.7–0.9) < 0.001 

> 10, n (%) 17 (10.4) 66 (26.6) 2.6 (1.6–4.3)  

Percentage of neutrophils 61.7 (54.2–71.5) 72.0 (61.4–83.3) 10.3 (6.4–14.7)a < 0.001 

< 40%, n (%) 4 (2.5) 13 (5.2) 2.2 (0.7–6.6)  

40–75%, n (%) 131 (80.4) 124 (50.0) 0.6 (0.6–0.7) < 0.001 

> 75%, n (%) 28 (17.2) 111 (44.8) 2.7 (1.9–3.9)  

Percentage of lymphocytes 26.5 (18.4–34.1) 16.5 (8.3–26.6) −10.1 (−13.4 to 6.7)a < 0.001 

< 20%, n (%) 48 (29.4) 149 (60.6) 2.1 (1.6–2.7)  

20–50%, n (%) 112 (68.7) 92 (37.4) 0.6 (0.5–0.7) < 0.001 

> 50%, n (%) 3 (1.8) 5 (2.0) 1.1 (0.3–4.7)  

CRP, median (IQR), mg/L 2.5 (2.5–18.7) 25.0 (5.5–85.8) 22.5 (16.1–33.2)a < 0.001 

Procalcitonin, median (IQR), ng/mL 0.05 (0.05–0.1) 0.1 (0.059–0.41) 0.05 (0.00–0.06)a < 0.001 

Abbreviations: LRTI = lower respiratory tract infection; CAP = community-acquired pneumonia; HAP = hospital-acquired pneumonia; VAP = 

ventilator-associated pneumonia; TB = pulmonary tuberculosis; AECOPD = acute exacerbation of chronic obstructive pulmonary disease; WBC = 

white blood cell count; CRP = C-reactive protein; IQR = interquartile range. Age and length of hospital stay were compared using the Mann–

Whitney U test; all other variables were analyzed with the chi-square test, continuity correction, or Fisher’s exact test. Laboratory results reflect 

the most recent measurements obtained within seven days before sample collection. 
 

a Age, hospital stay duration, WBC count, neutrophil 

percentage, lymphocyte percentage, CRP, and 

procalcitonin are presented as median differences with 

95% confidence intervals; other variables are expressed 

as odds ratios with 95% confidence intervals. 

Clinical laboratory findings indicated that individuals in 

the LRTI group had higher white blood cell counts, 

higher C-reactive protein concentrations, elevated 

procalcitonin levels, greater antibiotic use, and longer 

hospital stays (Table 1). 

 

Limit of detection 

LoD assessment utilized uninfected normal respiratory 

flora (NRF) BALF specimens spiked in ten replicates 

with microorganisms (P. aeruginosa, S. aureus, A. 

fumigatus, CMV, Rhv) across serial tenfold dilutions of 

defined concentrations. Variations in commensal 

bacterial background levels influenced LoD values for 

bacterial targets. The Panel workflow achieved better 

(lower) LoDs for A. fumigatus and CMV relative to the 

Meta workflow. 

 

NanoMP characteristics 

Every sequencing run included six patient samples plus 

five negative controls: host depletion (NC1), DNA 

extraction (NC2), and library preparation (NC3) controls 

for the Meta workflow; and DNA/RNA extraction (NC2) 

plus library preparation (NC3) controls for the Panel 

workflow. The complete workflow required roughly 6.5–

7.0 hours (Figure 1), encompassing nucleic acid 

extraction for both processes (2 hours), library 

construction for both processes (3.5–4.0 hours), and 

sequencing plus data analysis (approximately 1 hour).  

 

Establishment of the filtering system and performance of 

the Meta process 

A total of 972 species-level records for bacteria and 270 

for viruses were utilized to develop and validate 

XGBoost classification models. In the bacteria category, 

the XGBoost model achieved an area under the curve 

(AUC) of 0.915 (95% confidence interval [CI], 0.894–

0.916) on the training set and 0.923 (95% CI, 0.897–

https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
https://www.sciencedirect.com/science/article/pii/S2352396423004243#tbl1fna
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0.931) on the test set. For the virus category, AUC values 

were 0.817 (95% CI, 0.772–0.811) in training and 0.793 

(95% CI, 0.726–0.805) in testing (Figure 2). 

Using the finalized models, overall AUC scores reached 

0.916 for bacteria and 0.809 for viruses (Figure 2). When 

benchmarked against clinical and orthogonal validation 

results, the classifiers demonstrated 84.8% sensitivity 

and 82.9% specificity for bacteria, and 81.0% sensitivity 

and 67.2% specificity for viruses (Figure 2). 

For the fungal group (excluding Aspergillus), MTB 

group, and Aspergillus group in the Meta workflow, we 

selected Reads and Ratio_run parameters via correlation 

analysis. Thresholds were established from ROC curves, 

yielding AUC values of 0.94, 0.87, and 0.71, respectively 

(Figure 2). 

To benchmark performance, ROC analysis using only 

Reads and Ratio_run metrics produced 71.6% sensitivity 

and 69.3% specificity for bacteria, and 48.6% sensitivity 

and 77.1% specificity for viruses. The XGBoost 

approach provided superior sensitivity for bacteria and 

improved specificity across both categories (Figure 2). 

Applying the XGBoost classifiers yielded sensitivity 

exceeding 80% for both bacterial and viral groups, 

confirming the value of machine learning for threshold 

setting. After accounting for organisms that were missed, 

the bacteria group showed excellent results with 82.9% 

sensitivity and 82.9% specificity (Figure 3a). In contrast, 

the virus group had more missed detections, yielding 

39.4% sensitivity (Figure 3a). ROC-based evaluation for 

other groups revealed 88.7% sensitivity and 97.1% 

specificity for fungi (excluding Aspergillus), 75.0% 

sensitivity and 99.8% specificity for MTB, and 42.3% 

sensitivity for Aspergillus (Figure 3b). Species-specific 

performance metrics in the Meta process are detailed in 

Table 2. 

 

 

 
(a) 

 
(b) 
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(c) 

Figure 3. Evaluation of Nanopore sequencing performance using the gold standard and the established scoring 

criteria. (a) Results for bacterial and viral groups after incorporating organisms that were initially missed by 

detection. (b) Optimal performance metrics and corresponding contingency tables for the fungal group (excluding 

Aspergillus), MTB group, and Aspergillus group within the Meta workflow, derived from ROC analysis with 

95% confidence intervals. (c) Optimal performance metrics and contingency tables for HSV1, EBV, CMV, 

Rhinovirus, and Aspergillus fumigatus in the Panel workflow, obtained via ROC analysis with 95% confidence 

intervals. 

Abbreviations: MTB = Mycobacterium tuberculosis; HSV1 = human alphaherpesvirus 1; EBV = Epstein–Barr 

virus (human gammaherpesvirus 4); CMV = human cytomegalovirus (human betaherpesvirus 5); ROC = receiver 

operating characteristic. 

 

Table 2. The detection performance of each species. 

Group Species 
Meta Panel Meta + Panel 

Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity 

Viral group 

Human herpesvirus 4 33.3% 95.1% 84.0% 79.9% 93.2% 79.9% 

Human alphaherpesvirus 1 65.8% 99.0% 92.1% 91.3% 94.7% 91.3% 

Human herpesvirus 5 39.1% 93.3% 81.5% 86.0% 91.3% 86.0% 

Rhinovirus NA NA 100.0% 97.5% NA NA 

Bacteria group 

Streptococcus anginosus 59.0% 99.3% NA NA NA NA 

Stenotrophomonas 

maltophilia 
74.4% 97.3% NA NA NA NA 

Enterococcus faecium 100.0% 96.7% NA NA NA NA 

Tropheryma whipplei 81.8% 100.0% NA NA NA NA 

Mycoplasma hominis 100.0% 99.8% NA NA NA NA 

Enterococcus faecalis 100.0% 97.5% NA NA NA NA 

Corynebacterium striatum 95.1% 96.1% NA NA NA NA 

Klebsiella pneumoniae 83.3% 97.3% NA NA NA NA 

Streptococcus pneumoniae 75.0% 95.9% NA NA NA NA 

Staphylococcus aureus 90.9% 98.1% NA NA NA NA 
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Pseudomonas aeruginosa 81.8% 96.6% NA NA NA NA 

Acinetobacter baumannii 82.4% 99.3% NA NA NA NA 

MTB group Mycobacterium tuberculosis 75.0% 99.8% NA NA NA NA 

Fungi group 

(except 

Aspergillus) 

Candida albicans 93.8% 97.5% NA NA NA NA 

Pneumocystis jirovecii 40.0% 99.3% NA NA NA NA 

Aspergillus 

group 
Aspergillus fumigatus 34.1% 100.0% 81.8% 99.8% 95.5% 99.8% 

 Aspergillus niger 87.5% 100.0% NA NA NA NA 

Abbreviation: NA= not applicable. 
 

Enhancement of detection sensitivity for selected 

pathogens in the panel workflow 

Using correlation testing and ROC curve assessment of 

the most informative indicators for EBV, CMV, HSV1, 

A. fumigatus, and Rhv within the Panel workflow, the 

resulting AUC scores were 0.86 for EBV, 0.86 for CMV, 

0.94 for HSV1, 0.91 for A. fumigatus, and 0.99 for Rhv 

(Figure 2). Achieved sensitivity and specificity stood at 

92.1% and 91.3% for HSV1, 84.0% and 79.9% for EBV, 

81.5% and 86.0% for CMV, 81.8% and 99.8% for A. 

fumigatus, and 100% and 97.5% for Rhv (Figure 3c, 

Table 2). 

 

Diagnostic performance of the Nanopore platform 

according to clinical assessment 

Out of the 450 enrolled specimens, culture methods alone 

identified positive results in 149 cases (33.1%) (Figure 

4a). This figure increased to 195 samples (43.3%) when 

additional microbiological assays were included 

alongside culture (Figure 4b). Application of the 

Nanopore method flagged 224 samples (49.8%) as 

containing Definite or Probable causative agents. In 

comparison with culture-only outcomes, Nanopore 

sequencing provided 89.9% clinical sensitivity and 

71.8% clinical specificity. When the extra 45 samples 

positive solely by other lab tests were factored in, clinical 

sensitivity reached 91.8% and specificity 83.9% versus 

the complete microbiological testing panel. Against the 

overall composite reference standard, the Nanopore 

approach delivered 80.2% clinical sensitivity paired with 

98.8% clinical specificity (Figure 4b).

 

  

(a) (b) 

 
(c) 
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(d) 

Figure 4. Overview of pathogen identification and AMR gene detection performance using Nanopore sequencing 

evaluated through clinical assessment. (a) Breakdown of results from standard culture testing. (b) Diagnostic 

accuracy of Nanopore sequencing compared with culture alone, combined microbiological assays, and the 

composite reference standard. (c) Process for detecting AMR genes and linking them to their source organisms. 

(d) Results of AMR gene detection via Nanopore sequencing.  

Abbreviations: SNPM = single nucleotide polymorphism matrix; AMR = antimicrobial resistance; TCC = 

Ticarcillin/Clavulanic acid; TZP = Piperacillin/Tazobactam; SAM = Ampicillin/Sulbactam; PIP = Piperacillin; 

OXA = Oxacillin; PEN = Penicillin G; AMP = Ampicillin; FEP = Cefepime; CAZ = Ceftazidime; CRO = 

Ceftriaxone; CSL = Cefoperazone/Sulbactam; CXM = Cefuroxime; CZO = Cefazolin; IPM = Imipenem; MEM = 

Meropenem; ATM = Aztreonam 

 

Antimicrobial resistance gene detection 

Prior investigations have employed Nanopore 

sequencing to detect genes conferring antibiotic 

resistance [4, 14-16]. In this work, an SNPM database 

was built to identify AMR genes along with their specific 

subtypes, with the advantage of long reads enabling 

direct linkage to the responsible microorganisms (Figure 

4c). Focus was placed on frequently isolated and 

clinically burdensome cultured pathogens — P. 

aeruginosa, A. baumannii, K. pneumoniae, and S. aureus 

(Figure 4a) — for AMR analysis. As illustrated in 

Figure 4d, blaOXA variants were found in 16 P. 

aeruginosa samples (15 blaOXA-50-like and 1 blaOXA), 

15 A. baumannii samples (12 blaOXA-66, 12 blaOXA-

23, and 4 blaOXA), four mecA-positive S. aureus 

samples, and five blaKPC-2-positive K. Concordance 

with clinical antimicrobial susceptibility testing reached 

78.6% for carbapenem-resistant P. aeruginosa, 83.3% for 

A. baumannii, 62.5% for K. pneumoniae, and 100% for 

methicillin-resistant S. aureus. These outcomes highlight 

the strong capability of Nanopore sequencing to detect 

and correctly attribute resistance genes to their host 

bacteria in real clinical specimens. 

This prospective multicenter investigation analyzed 450 

respiratory specimens to assess the practical value of the 

Nanopore platform in identifying infectious agents. A 

dual-barcoding NanoMP strategy was implemented to 

encompass both DNA and RNA pathogens. This 

included host DNA removal in the Meta workflow and 

targeted amplification of priority pathogens in the Panel 

workflow. A robust filtering framework incorporating 

machine learning and ROC analysis was created and 

applied to clinical samples. Performance for pathogen 

detection and AMR gene characterization using the 

SNPM database was evaluated against clinical outcomes. 

Earlier research from our group noted that Nanopore 

sequencing generated fewer reads than Illumina 

sequencing when applied to lung biopsy tissues [17], 

resulting in suboptimal detection rates. Another report 

indicated that primer-based enrichment could boost viral 

detection on the Nanopore system [7]. To address these 

constraints, the current study combined targeted 

amplification with unbiased metagenomic sequencing. 

Given the frequent occurrence of certain viruses and 

fungi, EBV, CMV, HSV1, A. fumigatus, and Rhv were 

chosen to test the approach. In the Meta workflow, strong 

results were achieved for bacteria (82.9% sensitivity) and 
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fungi excluding Aspergillus (88.7% sensitivity) thanks to 

effective host DNA depletion during sample processing. 

However, viral detection was lower (39.4% sensitivity), 

likely due to host depletion and potential loss of fragile, 

small, lightweight viral particles during centrifugation 

steps. Aspergillus detection was also limited (42.3% 

sensitivity), possibly because of incomplete cell wall 

breakdown during extraction given their robust structure. 

In the Panel workflow, PCR amplification markedly 

enriched the selected targets. RNA viruses, for instance, 

reached 100% sensitivity post-amplification. These 

findings confirm that targeted amplification substantially 

improves detection of challenging organisms. The 

relatively low number of respiratory RNA virus cases 

may reflect widespread mask usage during the COVID-

19 period (specimens collected from January 28 to June 

28, 2021). Future panel expansions could incorporate 

additional difficult-to-detect pathogens and RNA 

viruses. 

In metagenomic next-generation sequencing, defining 

appropriate thresholds is essential for accurate pathogen 

identification. Various studies have incorporated metrics 

such as reads per million, environmental contamination 

markers, library amplification effects, and mapping 

characteristics (unique versus multiple) to build filtering 

systems [5, 8, 18-20]. However, cut-off determination 

methods have varied widely across publications. 

Developing standardized approaches remains important. 

Here, all sequencing-derived features were gathered and 

analyzed with the XGBoost machine learning algorithm 

to rank their contribution. This resulted in sensitivity and 

specificity exceeding 80% across taxa, suggesting the 

model offers a versatile tool adaptable to other mNGS 

applications. Previous Nanopore studies primarily 

addressed bacteria only [6] or bacteria plus fungi [5], 

without comprehensive coverage of viruses. Thus, this 

large multicenter cohort of 450 samples evaluating 

bacteria, viruses, fungi, and associated AMR genes 

provides a more representative view of real-world 

clinical performance. 

For AMR gene detection, three carbapenemase-

producing isolates (in P. aeruginosa, A. baumannii, and 

K. pneumoniae) showed discrepancies with phenotypic 

susceptibility results. Nonetheless, samples carrying 

resistance genes had more host-organism reads than 

those lacking such genes. The method successfully 

differentiated multiple AMR genes and assigned them to 

their correct source organisms even in mixed-infection 

cases. Spearman analysis showed strong positive 

correlations between organism abundance and linked 

AMR gene reads, warranting further study. 

To ensure consistency throughout the extended study 

period, we retained the original basecalling software 

version (Guppy v3.2.10) despite the availability of newer 

releases (e.g., Guppy v6.3.8). Comparative analysis of 17 

samples processed with both versions revealed no 

meaningful differences in pathogen detection or final 

clinical interpretation . This demonstrates the stability 

and reliability of the overall workflow. 

Several limitations should be noted. The Panel workflow 

included only a limited set of pathogens for validation; 

future work should include a broader range of clinically 

challenging organisms. Most species lacked 

commercially available IVD kits for gold-standard 

confirmation, and orthogonal validation was restricted to 

21 representative species. AMR analysis focused solely 

on acquired resistance genes and did not examine 

chromosomal mutations. Additionally, detected 

organisms were not always proven to be the definitive 

cause of disease, and many potential pathogens appear in 

respiratory samples from asymptomatic individuals. 

Conclusion 

 

In conclusion, Nanopore sequencing effectively 

broadens the diagnostic capabilities of traditional 

methods for lower respiratory tract infections. The 

NanoMP approach successfully increased sensitivity for 

specific pathogens through targeted amplification. The 

machine learning-based framework for establishing 

detection thresholds shows promise for application 

across various sample types and in-house mNGS 

platforms. Overall, the study confirms strong clinical 

performance of Nanopore sequencing for LRTI diagnosis 

and demonstrates reliable identification and host 

attribution of key AMR genes leveraging long-read 

sequencing. 
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