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Coal mine dust is an important factor leading to occupational diseases of mine workers, however, it remains poorly understood about the non-viral pathogens in coal mine dust. In this study, bacterial communities in total dust and respirable dust from different laneways in Hongliulin coal mine (Shaanxi, China) were analyzed by PacBio high-throughput sequencing. The results showed no significant differences in the number, diversity and structure of bacterial communities in different laneways. Gammaproteobacteria, Alphaproteobacteria and Betaproteobacteria were the numerically dominant groups in dust samples which accounted for 72.5% of the total sequences. Among them, a total of seven known bacterial pathogens species including Aeromonas hydrophila, Burkholderia cenocepacia, Klebsiella pneumoniae, Proteus vulgaris, Serratia marcescens, Staphylococcus epidermidis and Staphylococcus saccharolyticus and two bacterial genera (Actinomyces and Peptostreptococcus) with extensive pathogenicity were detected in the respirable dust samples. And linear discriminant analysis indicated that prominent pathogens were detected in the respirable dust for the return laneway and the digging tunnel, such as K. pneumoniae and S. saccharolyticus in return laneway and B. cenocepacia in the digging tunnel. In parallel, PICRUST2 was performed to predict the functions in dust, and the human diseases count accounted for 4.31% of the total predictive function. In addition, the predictive count of human diseases in the respirable dust was closely related to bacterial diversity and structure. In summary, this study complemented the information of pathogenic bacteria in dust, especially in respirable dust, and suggested that non-viral pathogens should be considered in the process of mine dust prevention and control.
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INTRODUCTION
Most epidemics are closely related to microbes in the environment, particularly, the current novel coronavirus epidemic COVID-19 caused by SARS-CoV-2 has a major impact on human health and economy in the world (Akter et al., 2022). But these epidemics caused by viruses, which threaten all mankind, have always been accompanied by the development of human society, such as AIDS, plague (such as the third plague, Antonine plague, 17th century great plagues, 18th century great plagues), flu (incluing Asian flu, Russian flu, Hong Kong flu, Swine flu), MERS, SARS and so on. In addition to viruses, non-viral pathogenic bacteria also threaten human health, many of which are closely related to respiratory diseases (Guo et al., 2021), skin diseases (Lunjani et al., 2021), gastrointestinal diseases (Imai et al., 2021), and blood diseases (Matsuoka et al., 2021).
Air, especially indoor air, can also provide a dependent environment for pathogens, such as dust (Viegas et al., 2020) and aerosols (Yan et al., 2021). Previous studies have shown that dust and bioaerosols in the air may increase the potential occupational health risks related to infection, toxicity and allergenicity (Eduard et al., 2012; Heederik and Von Mutius, 2012). Therefore, the monitoring and control of microorganisms in the air is particularly important, especially in some specific environments, such as medical (Cocarta et al., 2021) and dining establishments (Viegas et al., 2020).
Coal mine dust is a small solid particle that is emitted into the air during the production, storage, transportation, and roadway excavation of coal mines, which seriously affects the safety of the mine and the health of workers (Shekarian et al., 2021). Previous studies have shown that long-term exposure to the coal mine dust is the cause of many occupational diseases (Dai et al., 2012). The most serious hazard to human health is respirable dust, long-term inhalation of respirable dust could cause lung fibrosis and pneumoconiosis (Petsonk et al., 2013; Graber et al., 2014; Ciocan et al., 2022). However, people pay more attention to the impact of the physical properties of coal mine dust on human health, and often ignore that the dust carries a large number of microorganisms that have been stored underground for hundreds of millions of years. The recovery of these microorganisms poses a potential threat to humans, especially mine workers. Recent studies have shown that many pathogens are contained in the dust microflora and can cause many healthy problems, such as asthma, respiratory infections, skin and wound infections, acne and allergic reactions (Dijkshoorn et al., 2007; Nazaroff, 2019). However, there are very few microbiome studies on coal mine dust. Among the known literatures, only Wei et al. (2015) reported the rich and diverse microbial communities in coal mine aerosols by 454 pyrosequencing. Due to the limitation of read length, sequencing strategies such as 454 and Illumina can only generate partial marker gene regions, resulting in low classification resolution (Knight et al., 2018). The third-generation sequencing, such as PacBio, can produce a full-length sequence of amplified genes and species-level resolution, which is of great significance in our discussion of functional taxa in the coal mine environment. In addition, the research of Wei et al. (2015) did not evaluate the coal related pathogens.
In summary, the study of the microbiome in coal mine dust is meaningful for understanding the occupational health risks of coal miners. In this study, PacBio high-throughput sequencing were used to deeply investigate the microbial communities of coal mine dust based on 16S rRNA analysis. According to the comprehensive understanding of the microbial communities, potential pathogens in coal mine dust would be especially concerned.
MATERIALS AND METHODS
Sampling
The dust samples were sampled at No. 25210 comprehensive working face and No. 25211 successive coal-mining face from Shaanxi Coal Group Shenmu Hongliulin coal mine (38.94°N, 110.41°E) in Shaanxi Province, China. The ground elevation was +1,163∼+1,276 m, and the elevation of working faces were +1,059∼+1,065 m. The wind speed of working faces was 1 m/s. In this study, a mine CCZ-20A dust sampler and a respirable dust pre-trap with sterilized filter membranes were used to collect the total dust and respirable dust samples. A total of 20 total dust samples and 20 respirable samples were collected, namely, six total dust samples (W) and respirable dust samples (H) in digging tunnel (DR) from No. 25211 successive coal-mining face; three total dust samples and three respirable samples in mining working face (CF), three total dust samples and three respirable dust samples in intake airflow roadway (IN) and eight total dust samples and eight respirable dust samples in return laneway (RE) from No. 25210 comprehensive working face, respectively. Each sampling time was 15 min at a flow rate of 20 L/min, and the sample collection location was 1.5 m above the ground. The collected dust samples were immediately transported to the laboratory using an ice cooler. The concentrations of total dust were 71.25 ± 5.59 mg m−3 (DR), 86.94 ± 6.62 mg m−3 (CF), 15.96 ± 3.79 mg m−3 (IN) and 89.87 ± 5.61 mg m−3 (RE); and the concentrations of respirable dust were 40.42 ± 2.30 mg m−3 (DR), 28.61 ± 16.11 mg m−3 (CF), 10.33 ± 0.99 mg m−3 (IN) and 26.08 ± 1.35 mg m−3 (RE).
DNA Extraction, 16S rRNA Gene Abundance Analysis and High-Throughput Sequencing
Total DNA was extracted from each sample with the FastDNA® SPIN Kit for Soil (MP Biomedicals, Cleveland, OH, United States) according to the manufacturer’s instructions.
The 16S rRNA gene abundance was analyzed by a LightCycler 96 optical real-time detection system (Roche, Basel, Switzerland). For real-time detection, the 515F/907R primer pair (515F: 5′-GTG CCA GCM GCC GCG G-3′, and 907R: 5′-CCG TCA ATT CMT TTR AGT TT-3′) were used to amplify the 16S rRNA gene fragments. The reactions were performed in a 20-μL mixture containing 10.0 μL of SYBR Premix Ex Taq (Takara), 0.5 μM of each primer, and 1 μl of DNA template. The amplification efficiencies were 90–105%, which were obtained with R2 values >0.99.
High-throughput sequencing was conducted by PacBio platform from Nextomics Biosciences Co., Ltd (Wuhan, China). For sequencing, the 27F/1492R (27F: 5′-AGR GTT YGA TYM TGG CTC AG-3′; 1492R: 5′-RGY TAC CTT GTT ACG ACT T-3′) primer pair was used to amplify the full-length fragment of 16S rRNA gene. The specific process of the experiment was as follows: 1) agarose gel electrophoresis was used to detect the extracted total DNA and specific primer 27F/1492R with barcode was used to amplify the total DNA; 2) AxyPrepDNA Gel Recovery Kit (AXYGEN Company) was used to cut the gel to recover the PCR products, and Tris-HCl was used to elute the DNA; and then the PCR products were detected by agarose electrophoresis and quantified with QuantiFluor™-ST blue fluorescence quantification system (Promega); 3) the quality-controlled product DNA was library constructed through end repair, adaptor ligation and library fixation; 4) finally, real-time single-molecule sequencing was achieved through the PacBio platform.
Bioinformatics Analysis
The original image data obtained by PacBio sequencing was converted into sequence data by Base calling, stored in BAM file, and converted into the corresponding fastq/fasta file format for storage, barcode splitting and data quality control. High-accuracy raw circular consensus sequences (CCS) were obtained by CCS software from SMRT Link and Arrow algorithm. And then the raw CCS sequences for each sample were obtained by identifying different barcode sequences with lima software (version 2.2.0).
In-depth quality control was mainly carried out through the following steps to obtain the clean CCS sequence for each sample. 1) CCS sequences with ≥ 99% accuracy were selected; 2) Blast software was used to match and intercept the target product sequence, and corrected the sequence direction; 3) sequences less than 1,000 bp or greater than 2000 bp were removed; 4) UCHIME algorithm was used to remove chimera sequences.
De-redundant CCS sequences according to 99% similarity were performed by CD-HIT software. Operational taxonomic units (OTUs) were clustered at 97% similarity, and OTU selection and taxonomic assignment were performed according to the SILVA reference data (version 128) by QIIME. And the Shannon diversity index was also determined.
The predictive functional abundance was predicted by PICRUSt2 (Phylogenetic Investigation of Communities by Reconstruction of Unobserved States) with “picrust2_pipeline.py” (https://github.com/picrust/picrust2) (Douglas et al., 2020), which performed four key steps including sequence placement, hidden-state prediction of genomes, metagenome prediction and pathway-level predictions. And the levels of KEGG pathways were further categorized by “summarizeAbundance.py” with EasyMicrobiome (v1.12, https://github.com/YongxinLiu/EasyMicrobiome) (Liu et al., 2021), which was used to merge genes by KEGG Orthologs (KOs).
Data Analysis
One-way analysis of variance (ANOVA, TukeyHSD with significance at p < 0.05) was used to analyze the shannon diversity index and 16S rRNA gene abundance among laneway, and to compare the predictive human diseases count between total dust and respirable dust. Nonmetric multidimensional scaling (NMDS) was performed according to Bray-Curtis dissimilarities for bacterial community composition and predictive functional abundance composition, and the Bray-Curtis dissimilarities were calculated by the vegan package (Oksanen et al., 2020) in R v 3.3.2. Heatmaps of the microbial phylum and predictive functional abundance at level 1 were constructed with the “pheatmap” package (Kolde, 2019) in R. The linear discriminant analysis effect size (LEfSe) method was performed to identify and interpret high-dimensional biomarkers, and the linear discriminant analysis (LDA) threshold of 3.0 (p < 0.05) was applied for LEfSe analysis. Linear regressions were used to analyze the relationships between predictive human disease count and bacterial diversity.
RESULTS
Microbial Diversity of Coal Mine Dust
The mean number of high-quality clean CCS sequences per sample was 19 224, ranging from 11 013 to 20 912. The average length of the clean CCS sequences was ranged from 1,454 to 1,488 bp. A total of 612 distinct OTUs were identified. The goods coverages of all samples were higher than 99.6%, indicating that the sequencing depth satisfied the subsequent analysis. The shannon diversity index for coal mine dust was 4.65 ± 1.17, ranging from 1.31 to 6.60. However, there was no significant difference of shannon diversity index between the total dust and the respirable dust among laneways (Figure 1A).
[image: Figure 1]FIGURE 1 | Shannon diversity based on 16S rRNA gene in dust samples from different laneways (A); 16S rRNA gene abundance (copies g−1) in dust samples from different laneways (B); Nonmetric multidimensional scaling (NMDS) of the bacterial community composition by Bray-Curtis dissimilarities in dust samples (C); Heat map of the dominant bacterial group in dust samples (D). IN-W, total dust in intake airflow roadway; IN-H, respirable dust in intake airflow roadway; RE-W, total dust in return laneway; RE-H, respirable dust in return laneway; CF-W, total dust in mining working face; CF-H, respirable dust in mining working face; DR-W, total dust in digging tunnel; DR-H, respirable dust in digging tunnel. Different lowercase letters were significantly different from each other (p < 0.05, TukeyHSD).
The 16S rRNA gene abundance was ranged from 9.51 × 105 to 2.58 × 106 copies g−1 in the total dust and 9.83 × 105 to 2.56 × 106 copies g−1in the respirable dust. And there was no significant difference in the 16S rRNA gene abundance among laneways (Figure 1B).
The ordering of dust samples by NMDS based on their Bray-Curtis distance showed the sample distribution mainly on the first axis nmds1, but there was no separation of dust samples among laneways (Figure 1C).
The high-quality CCS sequences reads were taxonomically assigned to 11 groups including phyla Actinobacteria, Deinococcus, Firmicutes, Bacteroidetes, Cyanobacteria, Patescibacteria and Fusobacteria and classes Gammaproteobacteria, Alphaproteobacteria, Betaproteobacteria and Deltaproteobacteria (Figure 1D). Among them, Gammaproteobacteria, Alphaproteobacteria and Betaproteobacteria were the numerically dominant groups accounted for 72.5% of the total sequences. Followingly, a certain number of Firmicutes, Bacteroidetes and Actinobacteria can often been detected in dust samples. However, there was no significant difference of relative abundance for these groups between the total dust and the respirable dust among laneways (Table 1).
TABLE 1 | The relative abundance (mean ± se) of the dominant bacterial group in dust samples among laneways.
[image: Table 1]Predictive Function of Coal Mine Dust
We analyzed the predictive function in different dust samples according to PICRUST2. However, the ordering of dust samples by NMDS based on the Bray-Curtis distance of predictive function composition among samples also showed no separation of dust samples among laneways (Figure 2A). The predictive function of coal mine dust mainly participated in seven KEGG pathways at the level 1, including brite hierarchies, cellular processes, environmental information processing, genetic information processing, human diseases, metabolism and organismal systems (Figure 2B). Among them, brite hierarchies and metabolism were the dominant predictive functions accounted for 69.1% of the total predictive counts. In addition, human diseases and organismal systems were most overlooked predictive functions with the lowest count percentage (4.31 and 1.85%, respectively). However, there was also no significant difference of counts for these predictive functions between the total dust and the respirable dust among laneways.
[image: Figure 2]FIGURE 2 | NMDS of the predictive function composition by Bray-Curtis dissimilarities in dust samples (A); Heat map of the predictive functions at level 1 in dust samples (B). IN-W, total dust in intake airflow roadway; IN-H, respirable dust in intake airflow roadway; RE-W, total dust in return laneway; RE-H, respirable dust in return laneway; CF-W, total dust in mining working face; CF-H, respirable dust in mining working face; DR-W, total dust in digging tunnel; DR-H, respirable dust in digging tunnel. Different lowercase letters were significantly different from each other (p < 0.05, TukeyHSD).
Human Diseases and Pathogenic Bacteria
The relationship between human diseases counts and bacterial diversity were constructed (Figure 3). The results showed that the predictive count of human diseases in the respirable dust was closely related to shannon diversity index, nmds1 and nmds2 (Figures 3A,C,E), and the difference of human diseases predictive count and Bray-Curtis distance in the respirable dust was also linearly correlated (Figure 3G). However, these correlations were not reflected in that from the total dust (Figures 3B,D,F,H).
[image: Figure 3]FIGURE 3 | The relationship between the human diseases (HD) count and shannon diversity, the first two axes of NMDS in respirable dust (A,C,E) and total dust (B,D,F); the relationship between the different of HD count and the bacterial Bray-Curtis distance in respirable dust (G) and total dust (H).
Twelve human diseases pathways at the level 2 were predicted. According to their predicted count, the order was Drug resistance: antimicrobial, Infectious disease: bacterial, Neurodegenerative disease, Cancer: overview, Drug resistance: antineoplastic, Infectious disease: viral, Cardiovascular disease, Cancer: specific types, Endocrine and metabolic disease, Immune disease, Infectious disease: parasitic and Substance dependence (Figure 4). Among them, Drug resistance: antimicrobial and Infectious disease: bacterial were the two highest predicted human disease pathways. However, there is no difference in the counts of these human diseases pathways between total dust and respirable dust.
[image: Figure 4]FIGURE 4 | The predictive functions at level 2 in dust samples. Cyan showed the human diseases count in respirable dust and red showed the human diseases count in total dust. Different lowercase letters were significantly different from each other (p < 0.05, TukeyHSD).
We further detected seven known bacterial pathogens species including Aeromonas hydrophila, Burkholderia cenocepacia, Klebsiella pneumoniae, Proteus vulgaris, Serratia marcescens, Staphylococcus epidermidis and Staphylococcus saccharolyticus and two bacterial genera (Actinomyces and Peptostreptococcus) with extensive pathogenicity based on the specific bacterial pathogens database (https://globalrph.com/bacteria/). Linear discriminant analysis (Figure 5) indicated that there are differences in the specific bacteria between the total dust and the respirable dust in the return laneway, the digging tunnel and the mining working face, and the different bacteria were also diverse in laneways. Furthermore, prominent pathogens were detected in the respirable dust for the return laneway and the digging tunnel, such as K. pneumoniae and S. saccharolyticus in return laneway (Figure 5A) and B. cenocepacia in the digging tunnel (Figure 5B).
[image: Figure 5]FIGURE 5 | Linear discriminant analysis (LDA, threshold of 3.0, p < 0.5) for high-dimensional biomarkers in return lanway (A), digging tunnel (B) and mining working face (C). And there was no high-dimensional biomarker in intake airflow roadway between the total dust and the respirable dust.
DISCUSSION
In this study, we observed the microbial diversity and abundance of dust in different laneways. The special loading medium of dust and the better ventilation environment in the laneways may not be suitable for the bacterial survival compared to soil, water and other habitats, resulting in a lower abundance. However, the bacterial diversity in this study (shannon diversity index 4.65 ± 1.17) was at a similar level to that of the sandy soil (Wang W et al., 2020) semiarid farmland (Shen et al., 2016) and phyllospheric habitat (Zhang et al., 2015) in Shaanxi, China, which was also higher than that in coal seams from the majority coal mining areas in China such as Anhui, Henan, Inner Mongolia, Shanxi and Guizhou (Su et al., 2018; Liu et al., 2019). It also showed the rich bacterial diversity in mine laneways.
Respiratory dust is particulate matter that can enter the alveolar area of human. The particle size is smaller, but this study indicated that the bacterial diversity and abundance of respiratory dust were not significantly decreased. In parallel, the bacterial structure and composition will not be different among different laneways, thus the bacteria in respiratory dust that affecting the health of mine workers cannot be ignored. Proteobacteria were the main microbial group in dust in this study, especially Beta-, Alpha- and Gamma-Proteobacteria. The microorganisms in mine dust mainly come from coal seams, and there is still a lack of reports on the study of coal seam microorganisms in this area. But in other coal seams from other areas of China (including Shanxi, Guizhou, Anhui, Inner Mongolia, Henan, etc.), Proteobacteria were also found to be the main microbial group (Su et al., 2018; Liu et al., 2019). Respiratory dust is considered to be an important factor in the lung injury of mine workers (Petsonk et al., 2013; Graber et al., 2014). Through a follow-up study of 1 534 005 person-years (range, 4.8–43.9 years), Wang D et al. (2020) further found that mine dust exposure significantly increased the risk of death from diseases such as lung cancer, respiratory tuberculosis, cardiovascular diseases, and respiratory diseases. However, we often ignore that pathogenic bacteria could increase the harm to human health with the inhalation of dust, such as asthma, respiratory tract infections (Dijkshoorn et al., 2007; Nazaroff, 2019). In other industries, though, pathogens have been of great concern. For example, Panton-Valentine leukocidin-producing methicillin-susceptible Staphylococcus aureus could cause cutaneous abscesses for gold mine workers (Ismail et al., 2020).
In order to understand the pathogenic bacteria of dust, PICRUSt2 was used to predict the genome of 16S rRNA gene sequences sampled from the environment. The PICRUSt2 algorithm includes steps to optimize genome prediction, such as placing sequences in a reference phylogenetic tree, predicting based on larger reference genomes and gene family databases, rigorously predicting pathway abundance, and being able to predict complex phenotypes and integrations Custom database (Douglas et al., 2020). It is considered to be an effective tool to evaluate the functional gene composition of the sample, and the result of its function prediction analysis is quite close to the result obtained by metagenomic sequencing (Langille et al., 2013). The prediction results found that human disease-causing genes also require extensive attention, and their predicted absolute abundance is still not low (ranged from 8.25 × 105 to 2.04 × 106). And its abundance does not differ among different laneways. These genes mainly included drug resistance, infectious disease, neurodegenerative disease and cancer.
At the same time, this study detected seven known bacterial pathogens species which involve digestive tract diseases, skin diseases, respiratory diseases, blood infections, genitourinary diseases, oral and dental diseases and drug resistance (https://globalrph.com/bacteria/). A survey in the United States showed that all cardiovascular disease, chronic obstructive pulmonary disorder, cardiovascular stroke, heart failure, ischemic heart disease, and respiratory tract infections decreased significantly after coal exposure decreased during 2005–2012 (Henneman et al., 2019). At the same time, poor ventilation in the mine was an important factor leading to latent tuberculosis infection (Jin et al., 2018). However, the presence of pathogenic bacteria in dust might also be an important factor that aggravated the disease or increases the prevalence of pulmonary disease (Hailemariam et al., 2021). In addition, mining and coal mine movers have been found to be one of the most frequent occupations for skin diseases (Camille et al., 2019). Among the bacterial pathogens species, the ESKAPE pathogen K. pneumoniae (Meade et al., 2021) was obviously prominent in the return laneway. The infection of these pathogenic bacteria will undoubtedly increase the difficulty of treatment for sick workers. The infections of A. hydrophila that detected in this study have a distinct clinical manifestation in wood, besides some other symptoms were often found such as hepatobiliary diseases, diarrhea, and even bacteremia (Rosso et al., 2019). Previous studies reported a mortality rate of 30% due to this infection (Sinclair et al., 2016). Furthermore, S. marcescens often detected in the study area can penetrated the skin barrier and overwhelm the human immune system to cause skin and soft tissue infections (Soria et al., 2008).
Besides, dehydration is an important health risk for mine workers (Polkinghorne et al., 2013), which can also end up taxing the workers’ urethra and kidneys (Edwin et al., 2019). In this study, the presence of K. pneumonia (Daca et al., 2021; Lorenzo-Gomez et al., 2021), Proteus Vulgaris (Lorenzo-Gomez et al., 2021), S. Marcescens (Jimenez-Guerra et al., 2020) and S. saccharolyticus (Loes et al., 2014) in dust in this study area also increased the risk of urethral disease among workers. Additionally, the pathogen is often detected in the serum of mine workers in other areas and was potentially associated with specific diseases (Yih et al., 2019). Therefore, health problems of mine workers are influenced by a variety of factors in their working environment, as well as the potential threat of pathogenic bacteria.
From the perspective of pathogen prevention and control, controlling the influencing factors of pathogen gene abundance is very important. Dust reduction (Heidenreich, 2013) is undoubtedly an effective control of the total amount of pathogenic genes exposed to workers. In addition, our research also found that the relative abundance of pathogenic genes in respiratory dust is closely related to bacterial diversity, and higher microbial diversity will also increase the abundance of disease related genes in dust. Therefore, reducing the spread of pathogenic genes should not be neglected in the work of dust suppression in mines.
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