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Investigation of respirable coal 
mine dust (RCMD) and respirable 
crystalline silica (RCS) in the U.S. 
underground and surface coal 
mines
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Dust is an inherent byproduct of mining activities that raises notable health and safety concerns. 
Cumulative inhalation of respirable coal mine dust (RCMD) and respirable crystalline silica (RCS) can 
lead to obstructive lung diseases. Despite considerable efforts to reduce dust exposure by decreasing 
the permissible exposure limits (PEL) and improving the monitoring techniques, the rate of mine 
workers with respiratory diseases is still high. The root causes of the high prevalence of respiratory 
diseases remain unknown. This study aimed to investigate contributing factors in RCMD and RCS dust 
concentrations in both surface and underground mines. To this end, a data management approach is 
performed on MSHA’s database between 1989 and 2018 using SQL data management. In this process, 
all data were grouped by mine ID, and then, categories of interests were defined to conduct statistical 
analysis using the generalized estimating equation (GEE) model. The total number of 12,537 and 9050 
observations for respirable dust concentration are included, respectively, in the U.S. underground 
and surface mines. Several variables were defined in four categories of interest including mine type, 
geographic location, mine size, and coal seam height. Hypotheses were developed for each category 
based on the research model and were tested using multiple linear regression analysis. The results 
of the analysis indicate higher RCMD concentration in underground compared to RCS concentration 
which is found to be relatively higher in surface coal mines. In addition, RCMD concentration is seen to 
be higher in the Interior region while RCS is higher in the Appalachia region. Moreover, mines of small 
sizes show lower RCMD and higher RCS concentrations. Finally, thin-seam coal has greater RCMD 
and RCS concentrations compared to thicker seams in both underground and surface mines. In the 
end, it is demonstrated that RCMD and RCS concentrations in both surface and underground mines 
have decreased. Therefore, further research is needed to investigate the efficacy of the current mass-
concentration-based monitoring system.

As an inherent byproduct of mining, dust may impose various health and safety issues in mine operations. The 
term dust is used for solid particles in the air and is defined as airborne particles usually in a size range of 1 to 
100 μm1. Dust particles of various sizes, typically formed in irregular shapes, generated by mechanical and chemi-
cal processes that are estimated to be approximately 3% of the total excavated material2,3. The chance of a dust 
particle to deposit in the human respiratory system depends significantly on the particle size or the aerodynamic 
diameter4,5. Respirable dust generally refers to particles having an aerodynamic diameter less than 10 μm and a 
median cut-point (d50) of 4 μm6,7. The United States Mine Safety and Health Administration (MSHA) states that 
“Any respirable dust in the mine atmosphere is considered respirable coal mine dust to which miners are exposed 
and, when measured, is counted for determining compliance with the respirable dust standard”8.

The primary sources of respirable coal mine dust (RCMD) are found to be coal seam and surrounded rock 
strata, intake air, diesel exhaust, mining operations, and rock dusting9–11. The concentration of dust depends on 
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several factors, including types of activity, the number of free surfaces in the cross-section walls, ventilation, and 
dust control practices. The duration and total mass of RCMD are the main two factors that regulate the RCMD 
permissible exposure limit (PEL)in working areas12. In the U.S., the PEL for respirable coal dust concentration set 
to 3 mg/m3 in 1970, then reduced to 2 mg/m3 in 1972 quartz less than 5% mass of RCMD samples11,13. Follow-
ing these standards, the prevalence of lung diseases and concentrations of coal mine dust declined significantly. 
However, in the late 1990s resurgence of black lung trigged researchers to investigate the root causes of coal 
workers’ pneumoconiosis (CWP)13,14. MSHA also reduced PELs to 1.5 mg/m3 for RCMD and 0.1 mg/m3 for RCS 
in 2014, and sampling was needed for the whole duration of the shift, even more than 8 h. However, many have 
questioned whether reducing the exposure limits will target the root cause of the problem11.

In the late 1990s, despite years of efforts to understand and reduce CWP prevalence from more than 30% in 
1970 to less than 4.2%, the level of occurrences among U.S. coal miners increased unexpectedly. Although the 
connections between coal miners RCMD exposure and respiratory diseases have been studied for decades, the 
contributing factors that cause the progression of the disease are not yet identified5,11,15–18. Several researchers 
aimed to investigate the effect of RCS, as a major inorganic part of RCMD, on health diseases19,20. However, 
other studies indicated that neither CWP nor progressive massive fibrosis could be credited for RCS until quartz 
concentration reaches 10%21–24.

The effectiveness of MSHA’s recent dust rule (i.e., decreasing the PELs and use of continuous personal dust 
monitor (CPDM)) will possibly take years to be properly assessed25. Nonetheless, the current regulation requires 
sampling RCMD mass concentration using a CPDM device. However, quartz in RCMD samples is not detect-
able using the CPDM and MSHA monitor respirable quartz using a personal gravimetric sampler (CMDPSU)11. 
The true dose of environmental and internal exposure, which is based on dust source, concentration, charac-
teristics, and its respiratory deposition, is necessary to be assessed and compared with the data from the mass-
concentration-based sampling method. Early 1900’s USA used particle number measurement using konimeter 
(1916) and Greenburg-Smith impinger (1922) and limit values were expressed as million particles per cubic foot 
(mppcf, counted under microscope)26,27. But it later transpired that particle counting had its disadvantages; (1) 
very labor intensive and had considerable inter- and intra-observer variabilities, (2) measured concentrations 
based on the particle count were found not to correlate particularly well with health effects. Rather, it was shown 
quite early on that the mass concentrations of fine particles provided much better correlations, in particular for 
certain types of lung diseases such as pneumoconiosis. However, mass concentrationmay not correctly represent 
the true dose of RCMD received by the coal miner, specifically for diseases caused by particles less than 4 μm. 
Therefore, the number-concentration-based RCMD samples could be an alternative and ideal index for RCMD 
dose estimations28. There are, however, many factors that contribute to development of lung diseases, including 
submicron size fractions, particle number, diesel particulate matter (DPM), and other elemental content, which 
need studies on particle characteristics and effect of particle characteristics on probability of lung deposition29.

While the studies mentioned above have explored potential factors that may contribute to the risks of lung 
diseases among coal workers, many questions remain unanswered9,11,30. Has advancement in technology and 
changes in mining practices caused changes in characteristics and respiratory deposition of respirable dust? 
What components of dust will cause high rates of CWP and silicosis among coal miners? Does dust mass content 
represent the true respirable dust dose received by a coal miner? Currently, there is not enough data to answer 
the above-mentioned questions. High exposures to RCS may increase the chances of a sub-type of silicosis called 
accelerated or progressive silicosis, while the association with CWP is still unclear31. It is evident that more 
research on the physical and chemical properties of respirable dust is needed to understand the root causes of 
CWP incidences and its recent resurgence. Characteristics parameters such as particle size distribution (par-
ticularly in the smaller fractions enriched with minerals), mineral composition, trace element presence, particle 
shape, and angularity are critical parameters that need to be examined closely.

This study aims to provide a better insight into the root causes of lung disease’s resurgence among coal work-
ers by investigating respirable dust concentrations in both U.S. underground and surface coal mines. For this 
purpose, statistical analysis is performed on MSHA’s database for 30 years (1989–2018) to investigate the effect 
of various mining parameters (mine type, geographic location, mine size, seam height) on RCMD and RCS 
concentration in a multivariable model. This statistical approach is needed to ensure that data are appropriately 
understood, and those apparent relationships are meaningful (i.e., "significant") and not only incidental. This 
technique that uses numbers, attempts to eliminate any biases while analyzing data. There are different ways to 
fit a straight line to the data when trying to uncover the trends, such as regression analysis, which is a statistical 
technique for studying linear relationships. The potential reasons for dust exposure in coal mines were investi-
gated by testing developed hypotheses on defined variables for RCMD and RCS based on the research model. 
In this study, the data management approach is also explained in detail, and variables of interest are selected 
in different categories. The categories and the description of each variable were presented in Table 1. RCMD 
and RCS categories are the dependent variables that are of interest to investigate any relationship with the inde-
pendent variables. Then, the observations by each category and corresponding variables are discussed, and a 
descriptive analysis of RCMD and RCS data for each variable with the correlation coefficient between variables 
is presented. According to the observation for each category, hypotheses are developed separately for RCMD 
and RCS samples in both underground and surface. Then, a multiple linear regression analysis is conducted to 
uncover any patterns or trends in RCMD and RCS concentrations. The result would significantly help future 
studies on conducting research works to perform detailed experiments on respirable dust exposure and deposi-
tion in the human lung. These recommended investigations would provide the basic knowledge on finding roots 
of lung disease resurgence among the United States coal workers.
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Material and methods
The datasets were collected from the MSHA’s library (https://​arlweb.​msha.​gov/​OpenG​overn​mentD​ata/​OGIMS​
HA.​asp). The datasets include accident injury/illnesses (361,291 records), employment/production (349,684 
records), respirable crystalline silica (RCS) samples (76,618 records), and respirable coal mine dust (RCMD) 
samples (90,158 records) (Fig. 1). RCMD and RCS samples were merged based on the cassette number. The 
information related to subunit, employee, coal seam height, county code, and lung disease records were taken 
from the rest of the datasets. All information from different data sets are merged by mine-ID using Structural 
Query Language (SQL) Server Management Studio. SQL provides a convenient environment to define categories 
of interests and group data sets to provide a summary of consistent data sets. Categories by different variables 
were coded in SQL, including mine type, geographic location, mine size, and coal seam height32. According to 
the primary visualization of data, variables of interest were assumed to have a relationship with dust concentra-
tion. The description of variables and defined categories are provided in Fig. 1.

Table 1.   The description of defined categories and subcategories of independent variables for RCMD and RCS 
as dependent variables of interest.

Category Variable Description Type

RCMD – Respirable coal mine dust measurements in mg/m3 Dependent

RCS – Respirable crystalline silica measurements in % mass of RCMD samples Dependent

Mine type
Surface If the mine type is surface in the United States (1 = yes; 0 = no) Independent

Underground If the mine type is underground in (1 = yes; 0 = no) Independent

Geographic location

Appalachia West Virginia, Kentucky, Pennsylvania, Virginia, Alabama, Tennessee, Florida, Georgia, New York, North Caro-
lina, Maryland, South Carolina, New Jersey, Puerto Rico, Vermont, Massachusetts, Mississippi Independent

Western California, Nevada, Arizona, Colorado, Wyoming, Utah, Montana, Idaho, Washington, South Dakota, Alaska, 
Oregon, North Dakota, Hawaii, Northern Mariana Islands Independent

Interior Illinois, Texas, Ohio, Indiana, Missouri, Michigan, Minnesota, New Mexico, Oklahoma, Wisconsin, Arkansas, 
Kansas, Iowa, Louisiana, Nebraska Independent

Mine size

Small The average number of employees per each coal mine is less than 50 (1 = yes; 0 = no) (both underground and 
surface) Independent

Medium The average number of employees per each coal mine is between 50 and 100 (1 = yes; 0 = no) (both under-
ground and surface)  Independent

Large The average number of employees per each coal mine is more than 100 (1 = yes; 0 = no) (both underground and 
surface) Independent

Coal seam height

Thickness ≤ 40 in. If the average thickness of the coal seam in the mine is less than 40 in. (1 = yes; 0 = no) Independent

40 < height ≤ 75 (in.) If the average thickness of the coal seam in the mine is between 40–75 in. (1 = yes; 0 = no) (only underground) Independent

Thickness > 75 in. If the average thickness of the coal seam in the mine is more than 75 in. (1 = yes; 0 = no) (only underground) Independent

Figure 1.   Summary of the data source and methodology for statistical analysis. The first step is to extract 
reliable data from different data sources. Second, the data management approach is applied to the extracted data, 
that this step includes cleaning the duplicate and invalid data, merging data based on the mine-ID or cassette 
numbers of samples, and providing the report of information included with data sets. The third step indicates a 
statistical analysis of the extracted data, which finally concludes with the interpretation of results.

https://arlweb.msha.gov/OpenGovernmentData/OGIMSHA.asp
https://arlweb.msha.gov/OpenGovernmentData/OGIMSHA.asp
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Finally, a summary of data is directly imported to Microsoft Office Power BI visualization to export the 
observations report. These reports were used in statistical analysis using STATA to provide descriptive statistics 
of variables, correlation, and regression analysis.

The raw data from the MSHA’s library is used for two dependent categories of RCMD and RCS. The category 
of geographic location is defined by Energy Information Administration (EIA) classification and referred to the 
state in which the mine site is located, including Western, Interior, and Appalachia regions33. The category of 
mine type is available in MSHA’s library as a subunit. In this study, subunits other than underground and surface 
were grouped as “other” variables. The thickness of coal seams is also provided by MSHA’s library in inches, clas-
sified into three classes of less than 40 inches, between 40 and 75 in., and greater than 75 in. For the mine size 
category, MSHA’s employee/production data set is used to define groups of mine sizes based on the number of 
the employees, including less than 50 employees (small), between 50 and 100 employees (medium), and greater 
than 100 employees (large). It worth mentioning that none of these data sets include all the needed information. 
For instance, the RCS data sets lacked the subunit information and geographic location of the sample taken. The 
mine-IDs were merged with RCMD sample datasets (with the subunit information) in order to provide a consist-
ent database. Then, the mine-IDs were merged with MSHA accident/injury and MSHA employee/production 
datasets to include the mining parameters and additional information related to each sample.

RCMD and RCS samples.  The average concentrations of RCMD (mg/m3) and RCS (mass percentage of 
RCMD sample) were determined for each year. The samples from the surface and underground mines were 
separated and number of samples that exceeded the PEL over the years is provided in Table  2. The average 
RCMD concentrations were consistently below the PEL in underground mines, and samples that exceeded the 
limit were non-significant. However, the average concentrations of RCS samples were slightly above the PEL, 
and the number of samples exceeding the PEL is considerable. A similar trend for RCMD samples in the surface 
mines is observed. However, the RCS samples’ average concentrations were considerably above the PEL, and the 
majority of samples exceeded the PEL. It can be shown that regulations efficiently reduced RCMD exposure in 
both underground and surface mines. In other words, the number of RCMD samples that exceeded the PEL is 
almost zero in the most recent years. However, an important constituent of RCMD exposure as RCS has been 
overlooked. The average of RCS samples exceeded the PEL in this time period remained as 55.7% and 86.3% of 
all samples taken, respectively, in underground and surface mines.

Developed hypothesis based on the dust concentrations in underground and surface coal 
mines.  Given the number of 21,587 observations based on mine-ID, several variables within the database 
were investigated. Among these variables, mine type, geographic location, coal seam height, and mine size were 
selected to perform analysis on any probable relation with RCMD and RCS concentration in the U.S. under-
ground and surface coal mines between 1989 and 2018.

Mine type.  Underground mining is associated with higher dust concentrations in comparison with surface 
mines. However, a previous study showed that surface coal mines generate more air pollution containing respir-
able particulate matter than underground34. A few studies investigated the coal dust and silica dust concentra-
tions in U.S. coal mines. Doney et al.35,36 investigated the mass concentration of RCMD and RCS percentages 
using the MSHA database between 1982 and 2018. The result of 681,497 RCMD and 210,944 RCS samples in 
underground mines showed an average of 0.55 mg/m3 and 0.038 mg/m3 for RCMD and RCS concentrations, 
respectively. However, in surface mines, based on 288,705 RCMD and 54,040 RCS samples, these averages are 
0.17 mg/m3 and 0.02 mg/m3, respectively. Therefore, the number of RCMD samples exceeding the PEL in the 
underground is three times greater than in surface mines. Therefore, two hypotheses is provided to test if the 
mine type is a contributing factor in dust concentrations.

(H1)R: Workers in underground coal mines are exposed to higher RCMD concentrations than the surface.

(H1)Q: Workers in surface coal mines are exposed to higher RCS concentrations than underground.

Geographic location.  The geological location is the dominant factor in coal formation, including coal rank, 
roof/floor layers, and constituent elements. Previous studies highlighted that central Appalachia reported lower 
dust concentrations compared to the rest of the regions35,36. For example, dust from mid-central and south-
central Appalachia mines had higher percentages of aluminosilicate and silica particles than dust from northern 
Appalachia mines37. The finding of previous studies provides information to develop the hypothesis related to 
the geographic location, indicating that dust concentrations, including RCMD and RCS particles, have a differ-
ent distribution.

(H2)R: Geographic location of a mine contributes to the level of RCMD concentrations.
(H2)Q: Geographic location of a mine contributes to the level of RCS concentrations.

Mine size.  In recent studies, mine size is defined based on the number of employees working at the mine site. 
Blackely et al.13 investigated the prevalence of lung disease as a mine size function. The result showed that small 
coal mines are accused of more dust exposures, causing a greater lung issue incidence. Antao et al.38 also indi-
cated a greater RCMD dust concentration in smaller mine sites38. However, other researchers claimed a negative 
correlation between mine size and lung disease prevalence39,40. These contradictions in previous studies’ findings 
provided an idea of developing hypotheses based on the mine size with RCMD and RCS concentrations.
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(H3)R: RCMD concentration is higher in large mines.

(H3)Q: RCS dust concentration is higher in small mines.

Coal seam thickness.  Previously, it was discussed that geographical location could be a significant factor con-
tributing to the RCMD and RCS concentrations due to the variations in coal seam thickness and surrounding 
layers. The layer of coal plays a substantial role in dust generation; the thicker the coal seam causes higher RCMD 
concentration. On the other hand, the thinner coal seam leads to more crushing of the surrounding layers, which 
means greater RCS concentrations37. In a survey conducted by Blackley13, lung diseases were prevalent and more 
severe in small mines with a thin layer of coal seams13. Further to previous studies, the hypothesis related to coal 
seam height is developed to determine the relationship between coal thickness and concentration of RCMD and 
RCS in different mines.

(H4)R: The lower thickness of the coal seam produces greater RCMD dust concentration.
(H4)Q: The higher thickness of the coal seam causes greater RCS dust concentration.

Consent to participate.  The authors have consent to participate.

Research model using generalized estimating equation (GEE)
This study developed a research model for testing hypotheses that indicates the dependent variables of RCMD 
and RCS dust concentrations, and four presented hypotheses on mine type (H1), geographic location (H2), 
mine size (H3), and coal seam height (H4) that were tested separately for both RCMD and RCS dust samples.

Table 2.   The total number of RCMD and RCS samples per year and percent of samples exceeded the PEL in 
both underground and surface mines.

Year

Underground Surface

RCMD RCS RCMD RCS

No sample  > PEL
(% Sample)
 > PEL No sample  > PEL

(%Sample)
 > PEL No sample  > PEL

(% Sample)
 > PEL No sample  > PEL

(% Sample)
 > PEL

1989 225 51 22.7 240 146 60.8 39 6 15.4 36 32 88.9

1990 719 141 19.6 737 470 63.8 168 20 11.9 165 143 86.7

1991 965 168 17.4 734 467 63.6 89 11 12.4 88 69 78.4

1992 734 154 21 773 484 62.6 137 17 12.4 141 130 92.2

1993 628 97 15.4 667 407 61 221 31 14 228 207 90.8

1994 553 73 13.2 598 360 60.2 205 15 7.3 212 179 84.4

1995 621 36 5.8 669 455 68 301 9 3 308 283 91.9

1996 619 53 8.6 661 454 68.7 320 3 0.9 331 305 92.1

1997 637 37 5.8 680 447 65.7 353 3 0.8 365 349 95.6

1998 683 50 7.3 726 533 73.4 353 6 1.7 367 339 92.4

1999 614 25 4.1 651 459 70.5 361 4 1.1 377 360 95.5

2000 562 24 4.3 611 384 62.8 257 4 1.6 261 241 92.3

2001 630 7 1.1 577 362 62.7 575 1 0.2 201 177 88.1

2002 578 9 1.6 495 263 53.1 571 3 0.5 141 117 83

2003 497 6 1.2 417 224 53.7 532 0 0 120 99 82.5

2004 521 4 0.8 470 276 58.7 594 1 0.2 139 115 82.7

2005 527 6 1.1 463 282 60.9 610 1 0.2 135 122 90.4

2006 519 8 1.5 450 261 58 559 3 0.5 128 118 92.2

2007 495 3 0.6 408 244 59.8 551 0 0 131 117 89.3

2008 522 6 1.1 447 259 57.9 681 1 0.1 124 105 84.7

2009 380 1 0.3 397 224 56.4 673 2 0.3 127 115 90.6

2010 73 1 1.4 385 199 51.7 631 0 0 98 88 89.8

2011 71 0 0 393 195 49.6 650 1 0.2 93 76 81.7

2012 80 0 0 351 154 43.9 599 2 0.3 74 61 82.4

2013 66 0 0 281 114 40.6 538 1 0.2 51 42 82.4

2014 46 0 0 293 98 33.4 499 0 0 92 72 78.3

2015 40 0 0 279 93 33.3 444 1 0.2 162 120 74.1

2016 216 0 0 221 76 34.4 530 0 0 145 117 80.7

2017 233 1 0.4 222 89 40.1 501 0 0 182 139 76.4

2018 270 0 0 221 90 40.7 492 1 0.2 158 126 79.7

Total 13,324 961 7.2 14,517 8,569 59.0 13,034 147 1.1 5,180 4,563 88.1
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Descriptive statistics.  A total of 21,587 mine-year observations were included in the regression analysis. 
The number of 12,537 observations is related to RCMD samples, including 6428 observations for underground 
and 6109 observations for surface mines. Also, the number of 9050 is related to RCS samples, including 6392 for 
underground and 2658 for surface mines. These observations were obtained by the number of groups (mine-ID) 
multiplied by the average of observations per group. For example, the number of groups in underground RCMD 
is 1404 multiplied by average observations per group of 4.57 gives the number of 6428 observations.

•	 Observations for RCMD in underground: 1404 (mine-ID) * 4.578 (avg.) = 6428
•	 Observations for RCMD in surface: 1364 (mine-ID) * 4.478 (avg.) = 6109
•	 Observations for RCS in underground: 1410 (mine-ID) * 4.533 (avg.) = 6392
•	 Observations for RCS in surface: 939 (mine-ID) * 2.830 (avg.) = 2658.

The descriptive statistics of RCMD (Tables 3) and RCS (Table 4) samples for each category are provided 
separately for underground and surface mines. Descriptive statistics include average, standard deviation, mini-
mum, and maximum of data for each variable. As described, RCMD and RCS are the dependent variables. The 
rest of the variables are considered as independent and dummy variables. A dummy variable is one that only 
takes the value of 0 or 1 for statistics, especially in regression studies, to indicate the absence or presence of a 
categorical effect that may affect the results. For instance, in Table 3, the three mean of variables Appalachia, 
Western, and Interior in the underground are 0.90, 0.04, and 0.06, respectively, which represents 90 percent of 
geographic location data is related to the Appalachia region, and 4% and 6% pertaining to Western and Interior 
regions, respectively.

According to descriptive statistics, the majority of RCMD samples were collected from the Appalachia 
region both in the underground (90%) and surface (82%) mines. Moreover, greater number of RCMD samples 
accounts for small mines in both underground (71%) and surface (78%) in the mine size category. However, the 
distribution of RCMD samples based on coal seam height has been observed to be distributed evenly in both 

Table 3.   Descriptive statistics of RCMD samples in each category and subcategory for independent variables 
in both underground and surface mines.

Variables

Underground observations 
(6428) Surface observations (6109)

Mean Std. dev Min Max Mean Std. dev Min Max

Dust type RCMD (mg/m3) 1.05 1.09 0.02 44.4 0.40 0.67 0.00 31.1

Geographical location

Appalachia 0.90 0.30 0 1 0.82 0.38 0 1

Western 0.04 0.19 0 1 0.06 0.25 0 1

Interior 0.06 0.24 0 1 0.11 0.31 0 1

Mine size

Small 0.71 0.45 0 1 0.78 0.41 0 1

Medium 0.12 0.33 0 1 0.13 0.34 0 1

Large 0.17 0.37 0 1 0.09 0.29 0 1

Seam height

Seam height1 0.35 0.48 0 1 0.58 0.49 0 1

Seam height2 0.52 0.50 0 1 0.31 0.46 0 1

Seam height3 0.14 0.34 0 1 0.11 0.31 0 1

Table 4.   Descriptive statistics of RCS samples in each category and subcategory for independent variables in 
both underground and surface mines.

Variables

Underground observation (6392) Surface observation (2658)

Mean Std. dev Min Max Mean Std. dev Min Max

Dust type RCS (%) 5.97 3.74 0.1 48.3 13.48 9.31 0.1 99.9

Geographical location

Appalachia 0.87 0.34 0 1 0.83 0.37 0 1

Western 0.04 0.20 0 1 0.06 0.23 0 1

Interior 0.09 0.29 0 1 0.11 0.31 0 1

Mine size

Small 0.63 0.48 0 1 0.73 0.44 0 1

Medium 0.13 0.34 0 1 0.18 0.38 0 1

Large 0.24 0.43 0 1 0.09 0.29 0 1

Seam height

Seam height1 0.31 0.46 0 1 0.58 0.49 0 1

Seam height2 0.54 0.50 0 1 0.31 0.46 0 1

Seam height3 0.16 0.36 0 1 0.12 0.32 0 1
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underground and surface mines. Coal seams with thickness greater than 75 in. seem to have fewer samples than 
other seam height groups.

In Table 4, in geographic location category, most RCS samples were taken from the Appalachia region both 
in underground (87%) and surface (83%). Moreover, greater number of RCS samples accounts for small mines 
in both underground (63%) and surface (73%) in the mine size category. However, the distribution of RCS sam-
ples based on coal seam height has been observed to be more proportional in both underground and surface 
mines. Coal seams with thickness greater than 75 in. seem to have fewer samples compared to other seam height 
groups (Table 4).

Based on the descriptive, it can be inferred that the main focus of dust sampling is Appalachia region. Since 
the number of coal mines is significantly higher in Appalachia than other regions (Fig. 2a,b), it can be deduced 
that a significant number of these mines are in small sizes, which samples were taken. Moreover, underground 
coal seams are more with a thickness of between 40 and 75 in., while in surface mines, coal seam heights are 
less than 40 in.

Correlation analysis.  A summary of the relatively single variable, frequency, and correlation coefficients 
is the standard technique to investigate in statistical analysis41–43. The results of the correlation analysis between 
variables are most significant, with 99% confidence, in underground mines (see Table 5, different significant 
levels are highlighted in different levels of green color). Underground mines in Appalachia were correlated with 
small sizes (0.358), while in Interior (0.380) and Western (0.200) were correlated with large sizes. Also, Appa-
lachia mines have coal thickness less than 40 in. (0.241) while in Western (0.376), and Interior (0.184) regions, 
coal seams have a thickness greater than 75 in. Generally, it can be inferred that small mines have coal seams less 
than 40 in. (0.381), medium mines have coal seams with a thickness between 40–75 in. (0.165), and large mines 
have coal seams with greater than 75 in. thickness (0.301).

Similar results were observed for surface mines (i.e., Appalachian mines were correlated with small sizes 
(0.318), and Interior region (0.073) and Western region (0.651) were correlated with large mine sizes) (Table 6). 
Coal seams with a thickness of less than 40 in. were significant in Appalachian region (0.071). On the other hand, 
coal seams with a thickness greater than 75 in. in Western (0.567) and between 40 and 75 in. in interior (0.028) 
region were significant. Likewise, it can be inferred that small mines have coal seams less than 40 in. (0.226), 
and large mines have coal seams with greater than 75 in. thickness (0.378).

              (a)                                                                                (b)
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Figure 2.   Number of underground (a) and surface (b) coal mines included in this study.

Table 5.   Correlation of variables for underground coal mines in the U.S., 1989–2018. Numbers imply the 
significance of correlation coefficient at levels: p < 0.1, p < 0.05, p < 0.01.

Underground RCMD RCS App. West. Int. Small Med. Large Seam1 Seam2

RCMD

RCS -0.041

0.1 0.05 0.01

Appalachia 0.019 0.184

Western -0.022 -0.093 -0.601

Interior -0.006 -0.155 -0.766 -0.055

Small 0.067 0.183 0.358 -0.168 -0.313

Medium -0.043 0.022 0.004 0.001 -0.006 -0.571

Large -0.043 -0.238 -0.433 0.200 0.380 -0.698 -0.189

SeamHeight1 0.108 0.011 0.241 -0.148 -0.182 0.381 -0.168 -0.309

SeamHeight2 -0.052 0.054 0.042 -0.121 0.045 -0.190 0.165 0.084 -0.748

SeamHeight3 -0.072 -0.093 -0.389 0.376 0.184 -0.245 -0.009 0.301 -0.286 -0.422
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Regression analysis.  Typically, regression analysis is performed to describe the relationships between a set 
of independent variables (i.e., mine type, geographic location, mine size, coal seam height) and the dependent 
variables (i.e., RCMD and RCS concentrations). Regression analyses generate a regression equation where the 
coefficients reflect each independent variable’s relationship with the dependent variable. For each possible set-
ting of the independent variables, there is a separate population of response values in a regression model44. While 
the dependent variable’s mean value can be modeled by many functions depending on one or more independent 
variables, the choice of the proper regression model usually depends on the type of dependent variable data and 
the model type45,46. According to the nature of the dataset, which is an unbalanced panel data (an unbalanced 
panel data is a dataset in which at least one panel member is not observed every period, for example, the num-
ber of RCMD and RCS samples were not consistent over 30 years’ period), an estimation method to predict the 
relationship between explanatory variables across the dust concentration (RCMD and RCS) is needed. Differ-
ent regression models have been tried on the panel data to determine the best fit based on the nature of vari-
ables which GEE is selected to proceed with further analysis42,46. GEE estimates the marginal effect of covariates 
averaged across units47,48. This study can be interpreted as the overall effect of mine type, geographic location, 
mine size, and coal seam thickness on RCMD and RCS concentration, which has significant relation with lung 
diseases among coal miners. GEE is widely used for panel estimation49,50. The GEE is used to investigate the vari-
ation in RCMD and RCS concentrations per mine-year across 30-years unbalanced panel data.

Using SQL Server management studio provides 12,537 number of observations for RCMD and 9050 observa-
tions for RCS. The following equation is used as the best fit for the data:

where Y represents the number of RCMD and RCS dust samples; X is a vector of mine-related information, β 
is the coefficients (values obtained for each variable in GEE result tables); i stand for mine-ID, t indicates the 
year; therefore, i.t show the effect of the variable by mine-year; ui demonstrates mine-specific unobserved het-
erogeneity (i.e., factors constant over time but unobserved to the econometrician), and ɛ is the error term (e.g., 
observation-specific error)44,45.

The Variance Inflation Factors (VIF) measures the inflation in the variances of the parameter estimates due 
to collinearities that exist among the regressor (independent) variables50. All VIF values are below the recom-
mended threshold of 10, indicating that multicollinearity is not a concern. Each of the VIF scores for the dataset 
met this requirement (mean score of 1.47). Table 7 shows the VIF value for variables. This study also uses a robust 
regression procedure to improve the validity of the baseline model. Robust regression provides an alternative 
to the least square regression once outliers contaminate data. To detect influential observations, robust regres-
sion can also be helpful. Also, if the random variation in the data is not normal or where the data includes large 
outliers, robust regression models help filter linear relationships51,52. The advantage of using robust regression is 
achieving accurate estimation results and controlling the outlier data.

One of the main assumptions of GEE is the homogeneity of variance of the residuals. In other words, the vari-
ance of residuals is approximately equal for all predicted dependent variables. It makes the regression prediction 
unbiased, consistent, and effective. If the model is well-fitted, there should be no pattern to the residuals plotted 
against the fitted values40. The existence of homoscedasticity is tested using Breusch-Pagan. The p-value is statisti-
cally significant at 0.01 level and Chi square is 687,934.5. Therefore, the null hypothesis, which is the existence 
of homoscedasticity, is rejected and the robust standard error is used to account for the heteroscedasticity41.

(1)Yi, t = βXi, t + ui, t + εi, t

Table 6.   Correlation of variables for surface coal mines in the U.S., 1989–2018. Numbers imply the significance 
of correlation coefficient at levels: p < 0.1, p < 0.05, p < 0.01.

Surface RCMD RCS App. West. Int. Small Med. Large Seam1 Seam2
RCMD

RCS -0.058
0.1 0.05 0.01

Appalachia 0.040 0.197

Western -0.032 -0.122 -0.567

Interior -0.023 -0.144 -0.772 -0.086

Small -0.010 0.099 0.318 -0.388 -0.085

Medium 0.046 -0.028 -0.008 -0.044 0.043 -0.764

Large -0.046 -0.114 -0.476 0.651 0.073 -0.527 -0.147

SeamHeight1 -0.034 0.071 0.175 -0.253 -0.016 0.226 -0.083 -0.237

SeamHeight2 0.044 -0.031 0.056 -0.124 0.028 -0.065 0.083 -0.010 -0.776

SeamHeight3 -0.010 -0.065 -0.350 0.567 -0.015 -0.255 0.009 0.378 -0.427 -0.240
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Table 7.   The value of variables for VIF test.

Variable VIF

Underground 1.25

Surface 1.16

Medium mine size 1.06

Large mine size 1.26

Interior region 1.04

Western region 1.17

Seam height ≤ 40 3.25

Seam height > 40 and ≤ 75 3.08

Table 8.   GEE estimation results for RCMD independent variables in underground and surface mines. 
Standard errors in parentheses, and significant levels: ***p < 0.01, **p < 0.05, *p < 0.1.

Category Variables Underground Surface

Mine type
Surface (reference)

Underground 0.697*** (0.029)

Geographic location

Western (reference)

Appalachia − 0.003 (0.043) 0.022 (0.112)

Interior 0.212*** (0.055) −0.046 (0.118)

Mine size

Small (reference)

Medium 0.025 (0.033) 0.147** (0.071)

Large 0.097*** (0.036) 0.023 (0.068)

Coal seam thickness

Seam height > 75 (reference)

Seam height ≤ 40 0.147*** (0.041) 0.024 (0.053)

40 < Seam height ≤ 75 0.040 (0.034) 0.100** (0.064)

Constant 2.742*** (0.051) 0.574*** (0.297)

Observations 6428 6109

Year 1989–2018 1989–2018

Wald Chi2 1528.57*** 2879.14***

Table 9.   GEE estimation results for RCS independent variables in underground and surface mines. Standard 
errors in parentheses, and significant levels: ***p < 0.01, **p < 0.05, *p < 0.1.

Category Variables Underground Surface

Mine type
Surface (reference)

Underground − 0.783*** (0.022)

Geographic location

Western (reference)

Appalachia 0.395*** (0.090) 0.365*** (0.117)

Interior 0.044 (0.096) 0.057 (0.120)

Mine size

Small (reference)

Medium − 0.040 (0.024) - 0.119*** (0.035)

Large − 0.226*** (0.032) − 0.133** (0.064)

Coal seam thickness

Seam height > 75 (reference)

Seam height ≤ 40 − 0.125*** (0.036) − 0.039 (0.065)

40 < Seam height ≤ 75 − 0.025 (0.028) − 0.100* (0.069)

Constant 1.683*** (0.102) 2.741*** (0.196)

Observations 6392 2658

Year 1989–2018 1989–2018

Wald Chi2 347.57*** 197.07***
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Results and discussion
Table 8 and 9 show the results of the GEE analysis on the RCMD and RCS dust samples. It shows that coal workers 
in underground mines are at a higher risk of RCMD exposure than surface miners (Table 8, mine type category, 
β = 0.697, p < 0.01). Therefore, H1 is supported for RCMD. However, as for RCS dust concentration, underground 
mines show a significant negative value, which means surface mines have higher RCS concentration (Table 9, 
mine type category, β = −0.783, p < 0.01). This supported H1 for RCS. 

Following the results provided in Table 8, as hypothesized in H2, there is a significant positive value for 
Interior geographic location compared to the Western region in underground (geographic location category, 
β = 0.212, p < 0.01). However, based on the available data, conclusions cannot be presented for mines in the Appa-
lachian region (geographic location category, β = −0.003, insignificant p-value). Likewise, the result for RCMD 
concentration by geographic location in the surface mines is not significant. Therefore, H2 is supported (only 
Interior vs. Western) for RCMD concentrations in underground mines, and not supported in surface mines. 
On the other hand, in the case of RCS concentrations, both underground and surface mines in Appalachia 
show a significant relationship compared to the Western region (Table 9, geographic location category, β = 0.395 
(underground), β = 0.365 (surface), p < 0.01). Therefore, H2 is also supported (only Appalachia vs. Western) for 
RCS concentration, both underground and surface mines.

The hypothesis testing results for the mine size category show that underground large mines have higher 
RCMD concentrations compared to the smaller operations (Table 8, mine size category, β = 0.097, p < 0.01). 
But when looking at the coefficient, it is relatively small. In surface mines, RCMD concentrations are higher 
in medium size (β = 0.147, p < 0.05). This supported H3 for higher RCMD concentrations in large mine sizes 
both underground (only large vs. small sizes) and surface mines (only medium vs. small). In the case of RCS 
concentration in underground mines, the large mine size category shows lower concentrations (Table 9, mine 
size category, β = −0.226, p < 0.01). However, in surface mines, medium and large mines show lower RCS con-
centrations compared to small mines (β = −0.119 (Medium), p < 0.01, β = −0.133 (Large), p < 0.05). Therefore, 
H3 is supported for higher RCS concentrations in small mine sizes both in underground (only large vs. small 
size) and surface mines.

The coal seam height category results show that RCMD in underground mines with seam height less than 
40 in. is relatively higher than the mines with seam thicknesses greater than 75 in. (Table 8, coal seam height 
category, β = 0.147, p < 0.01). The surface mines with coal seam height between 40 and 75 in. have higher RCMD 
concentrations compared to the mine with seam thicknesses greater than 75 in. (β = 0.100, p < 0.05). Therefore, 
H4 is supported for RCMD concentrations in underground mines that there is a relationship with coal seam 
height (only seam height ≤ 40 vs. seam height > 75 in.). Also, H4 is supported in surface mines (only in seam 
height between 40 and 75 vs. seam height greater than 75 in.). Table 9 represents the results of hypothesis test-
ing for RCS concentration. The results show that the underground coal mines with seam thicknesses less than 
40 in. in underground mines have lower RCS concentrations (β = −0.125, p < 0.01) compared to seam height 
greater than 75 in. Similarly, in surface mines, coal seams with thicknesses between 40 and 75 in. have a lower 
RCS concentration (β = −0.100, p < 0.1). According to these results, H4 for RCS samples is also supported in 
underground mines (only in seam height ≤ 40 vs. seam height > 75 in.) and surface mines (only in seams between 
40 and 75 vs. seam height > 75 in.).

The analysis of worker’s dust exposure is a complex process since there is insufficient information about 
how sampling is conducted in each mine type and whether there are any differences in the samples taken from 
an underground or surface mine. Moreover, the investigation of contributing factors is complicated since each 
variable directly or indirectly relates to other factors. For example, when discussing the effect of mine size on 
dust concentration, it is a vivid fact that the mine size may also depend on the coal seam thickness, although 
the mine size is defined by the number of employees working on the mine site. Using the correlation tables in 
this study also shows that mines in Appalachia are dominantly small sizes with coal seam thickness less than 40 
in. in both underground and surface mine types. On the other hand, Western coal mines are usually large sizes 
with coal seam thickness greater than 75 in. in both mine type categories. Interior region mines are also large 
sizes in both mine types while with seams greater than 75 in. in the underground and between 40 and 75 in. in 
the surface mines.

The regression analysis showed significant results about the relationships between dependent variables 
(RCMD and RCS) and independent variables (mine type, geographic location, mine size, and coal seam height). 
Hypothesis 1 related to mine type indicated workers in underground mines are exposed to higher RCMD concen-
tration, however, in surface mines, workers are exposed to higher RCS concentration. Hypothesis 2 investigated 
the contribution of geographic location in respirable dust concentration, indicating that geographic location (only 
Interior vs. Western) contributed to RCMD concentration for underground mines. However, this hypothesis is 
not supported for RCMD concentration in surface mines. The results of this hypothesis for RCS concentration 
supported the contribution of geographic location (only Appalachia vs. Western) with RCS concentration for 
both underground and surface mines.

Hypothesis 3 on the relationship between mine size and respirable dust concentration showed higher RCMD 
concentrations in large mine sizes (only large vs. small mine sizes) in underground and surface (only medium 
vs. small) coal mines. Furthermore, it showed higher RCS concentrations in small mine sizes (only large vs. 
small mine size) in underground mines, as well as in surface mines (for all three mine sizes). Hypothesis 4 on 
the relation of coal seam thickness with respirable dust concentration showed a reverse relation between RCMD 
concentrations with seam thickness (only seam height ≤ 40 in. vs. seam height > 75 in.) in underground mines. 
A similar relation is seen in surface mines (only in seam height between 40 and 75 vs. seam height greater than 
75 in.). However, RCS concentration indicated a direct relation with seam thickness both in underground mines 
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(only in seam height ≤ 40 vs. seam height > 75 in.) and surface mines (only in seams between 40 and 75 vs. seam 
height > 75 in.).

Currently, RCS content in RCMD is measured from filter samples using infrared spectroscopy (NIOSH 
7603 standard method) and FTIR (MSHA P-7 standard method)53,54. Because of the complicated tasks needed 
to prepare samples for centralized laboratory assessment, the significant lag time between the collection of 
samples and the results is generally observed. To address this issue, NIOSH has been researching instrument 
development to provide a near real-time measurement of quartz concentration at the end of the shift55. These 
investigations include adjusting a field FTIR instrument on a standard filter using a gravimetric sampler. Using 
this nondestructive method can provide immediate RCS concentration, and filters could also be analyzed in the 
laboratory for further dust characterization. NIOSH is developing the CPDM to directly measure RCS content 
by adjusting either Fourier transform infrared spectroscopy (FTIR)56 or X-ray fluorescence (XRF)57; both have 
been used as post-shift methods of analysis. However, there are challenges in using these techniques in real-
time measurement, including an unappropriated TEOM-based filter for FTIR analysis. The CPDM filter media 
interferences for crystalline silica analysis while using XRF.

It is evident that more research on the physical and chemical properties of respirable dust is needed to 
understand the root causes of CWP incidences and its recent resurgence. Characteristics parameters such as 
particle size distribution (particularly in the smaller fractions enriched with minerals), mineral composition, 
trace element presence, particle shape, and angularity are critical parameters that need to be examined closely. 
To date, there has been no comprehensive study to investigate the relationship between respirable coal mine 
dust characterization and respiratory deposition. Many studies demonstrate that by increasing the tidal volume 
(whether by increment activity or through the ventilation system), a more considerable amount of dust particles 
will be deposited in the human respiratory system. Furthermore, the size fraction of particle deposition may 
differ by the breathing scenario, pause fraction, and breathing frequency for adults and young workers29,58–60. 
It is crucial to identify different constituents of RCMD to have a better understanding of the health effects. Not 
all RCMD particles inhaled into the miner’s respiratory tract will be deposited in the lung61. A portion of the 
inhaled RCMD will be exhaled out of the respiratory tract during exhalation. Therefore, the total amount of 
RCMD inhaled may not represent the RCMD actual exposure dose. This phenomenon is especially significant 
for submicron particles60,62.

Conclusion
The rise in the prevalence of CWP in the U.S. in the mid-1990s has renewed the urge among scientists and medi-
cal researchers to look into the main underlying causes of the problem. There has been no study to investigate the 
effect of all mining factors on respirable silica and coal dust concentration. This study made an effort to investigate 
contributing factors in RCMD and RCS dust concentrations in both U.S. underground and surface coal mines. 
The literature is reviewed to extract reliable data and investigate gaps in previous studies. Using GEE model on 
MSHA database indicates relationship of different mine-related factors with dust concentration. This provides 
deeper insights into investigation on the resurgence of coal worker’s lung diseases. In this study, the potential 
reasons for increasing dust exposure in the U.S. coal mines have been investigated using a multivariable model. 
The results indicate significantly higher RCMD concentration in underground mines, while RCS concentration is 
higher in surface mines. In addition, Interior large underground mines with seams less than 40 in. show signifi-
cant positive values for RCMD concentration. In comparison, medium mines with seams between 40 and 75 in. 
show significant RCMD exposure in surface mines, although the coefficients are relatively small. Furthermore, 
Appalachia small mines with seams greater than 75 in. show significant RCS exposure in both underground and 
surface mines. However, there are limitations within the MSHA database including inconsistency and missing 
data. More limitation is the efficacy of RCMD monitoring approaches which is still questionable and there has 
been no comprehensive study that compares mass-concentration with number-concentration based RCMD 
monitoring. Also, there has been no study to investigate whether RCMD mass content represents the true dose 
of RCMD received by a coal miner.

 Data availability
The datasets used and/or analyzed during the current study are available from the MSHA library (https://​arlweb.​
msha.​gov/​OpenG​overn​mentD​ata/​OGIMS​HA.​asp).

Received: 3 August 2022; Accepted: 21 November 2022

References
	 1.	 World Health Organization (WHO). (1999). Hazard Prevention and Control in the Work Environment: Airborne Dust. Occupational 

and Environmental Health, Department of the Protection of the Human Environment, Geneva, WHO/SDE/OEH/99.14.
	 2.	 Colinet, J.F., Rider, J.P., Listak, J.M., Organiscak, J.A., Wolfe, AL. Best Practices for Dust Control in Coal Mining. https://​www.​

cdc.​gov/​niosh/​mining/​works/​cover​sheet​861.​html (Department of Health and Human Services, Centers for Disease Control and 
Prevention National Institute for Occupational Safety and Health Office of Mine Safety and Health Research, 2010).

	 3.	 Brondy, J. & Tutak, M. Exposure to harmful dusts on fully powered longwall coal mines in Poland. Int. J. Environ. Res. Public Health 
15, 1846. https://​doi.​org/​10.​3390/​ijerp​h1509​1846 (2018).

	 4.	 Laney, A. S. & Weissman, D. N. Respiratory diseases caused by coal mine dust. J. Occup. Environ. Med. 56(010), 18–22. https://​
doi.​org/​10.​1097/​JOM.​00000​00000​000260 (2014).

	 5.	 Beer, C. et al. A systematic review of occupational exposure to coal dust and the risk of interstitial lung diseases. Eur. Clin. Respir. 
J. 4, 1264711 (2017).

	 6.	 International Organization for Standardization (ISO). Air Quality-Particle Size Fraction Definitions for Health-Related Sampling. 
(ISO Standard 7708, 1995).

https://arlweb.msha.gov/OpenGovernmentData/OGIMSHA.asp
https://arlweb.msha.gov/OpenGovernmentData/OGIMSHA.asp
https://www.cdc.gov/niosh/mining/works/coversheet861.html
https://www.cdc.gov/niosh/mining/works/coversheet861.html
https://doi.org/10.3390/ijerph15091846
https://doi.org/10.1097/JOM.0000000000000260
https://doi.org/10.1097/JOM.0000000000000260


12

Vol:.(1234567890)

Scientific Reports |         (2023) 13:1767  | https://doi.org/10.1038/s41598-022-24745-x

www.nature.com/scientificreports/

	 7.	 American Conference of Governmental Industrial Hygienists (ACGIH). Particle size-selective sampling for health-related aerosols. 
in Air Sampling Procedures Committee, Cincinnati, OH, USA (Vincent, J.H. Ed.). ISBN 1-1882417-30-5 (1999).

	 8.	 Mine Safety and Health Administration (MSHA). Federal Register, Rules and Regulations, 30 CFR Parts 18, 74, and 75 Coal Mine 
Dust Sampling Devices; HighVoltage Continuous Mining Machine Standard for Underground Coal Mines; Final Rules. Vol. 75(65) 
(2010).

	 9.	 Sarver, E., Kelesa, C. & Rezaee, M. Beyond conventional metrics: Comprehensive characterization of respirable coal mine dust. 
Int. J. Coal Geol. 207, 84–95. https://​doi.​org/​10.​1016/j.​coal.​2019.​03.​015 (2019).

	10.	 Schatzel, S. J. & Stewart, B. W. A provenance study of mineral matter in coal from Appalachian basin coal mining regions and 
implications regarding the respirable health of underground coal workers: A geochemical and Nd isotope investigation. Int. J. Coal 
Geol. 94, 123–136 (2012).

	11.	 National Academies of Sciences, Engineering and Medicine (NAS). Monitoring and Sampling Approaches to Assess Underground 
Coal Mine Dust Exposures. 1–150. https://​doi.​org/​10.​17226/​25111 (The National Academies Press, 2018).

	12.	 Vallyathan, V. et al. The influence of dust standards on the prevalence and severity of coal worker’s pneumoconiosis at autopsy in 
the United States of America. Arch. Pathol. Lab. Med. 135, 1550–1556 (2011).

	13.	 Blackley, D. J., Halldin, C. N., Wang, M. L. & Laney, A. S. Small mine size is associated with lung function abnormality and pneu-
moconiosis among underground coal miners in Kentucky, Virginia and West Virginia. Occup. Environ. Med. 71, 690–694 (2014).

	14.	 Suarthana, E., Laney, A. S., Storey, E., Hale, J. M. & Attfield, M. D. Coal workers’ pneumoconiosis in the United States: Regional 
differences 40 years after implementation of the 1969 Federal Coal Mine Health and Safety Act. Occup. Environ. Med. 68(12), 
908–913 (2012).

	15.	 Kittelson, D. Engines and nanaoparticles: A review. J. Aerosol Sci. 29(5), 575–588 (1997).
	16.	 Sellaro, R., Sarver, E. & Baxter, D. A standard characterization methodology for respirable coal mine dust using SEM-EDX. 

Resources 4(4), 939–957 (2015).
	17.	 Johann-Essex, V., Keles, C. & Sarver, E. A computer-controlled SEM-EDX routine for characterizing respirable coal mine dust. 

Minerals https://​doi.​org/​10.​3390/​min70​10015 (2017).
	18.	 Phillips, K.C., Keles, C., Scaggs, M., Johann, V., Rezaee, M., Sarver, E. Comparison of coal vs. mineral mass fractions in respirable 

dust in Appalachian coal mines. in Proceedings of the 16th North American Mine Ventilation Symposium, June, 2017, Golden, CO. 
(Brune, J. F. Ed.). 7-1–7–9 (Colorado School of Mines, 2017).

	19.	 Harrison, J. C. et al. Surface composition of respirable silica particles in a set of US anthracite and bituminous coal mine dusts. J. 
Aerosol Sci. 28(4), 689–696 (1997).

	20.	 Thakur, P. Advanced Mine Ventilation: Respirable Coal Dust, Combustible Gas and Mine Fire Control. In Advanced Mine Ventila-
tion 1st edn 105–136 (Elsevier, 2019).

	21.	 Jacobsen, M. New data on the relationship between simple pneumoconiosis and exposure to coal mine dust. Chest 78, 408–410 
(1980).

	22.	 Hurley, J. F., Alexander, W. P., Hazledine, D. J., Jacobsen, M. & Maclaren, W. M. Exposure to respirable coal mine dust and incidence 
of progressive massive fibrosis. Br. J. Ind. Med. 44, 661–672 (1987).

	23.	 Heppleston, A. G. Prevalence and pathogenesis of pneumoconiosis in coal workers. Environ. Health Perspect. 78, 159–170. https://​
doi.​org/​10.​1289/​ehp.​88781​59 (1988).

	24.	 Cohen, R. A. et al. Lung pathology in US coal workers with rapidly progressive pneumoconiosis implicates silica and silicates. Am. 
J. Respir. Crit. Care Med. 193(6), 673–680 (2016).

	25.	 Hall, N. B., Blackley, D. J., Halldin, C. N. & Laney, A. S. Current review of pneumoconiosis among US coal miners. Curr. Environ. 
Health Rep. 6(3), 137–147. https://​doi.​org/​10.​1007/​s40572-​019-​00237-5 (2019).

	26.	 Greenburg, L., & Smith, G. W. A New Instrument for Sampling Aerial Dust. U.S. Bureau of Mines Reports of Investigations. Serial 
No. 2392 (1922).

	27.	 Beadle, D. G. An Investigation of the Performance and Limitations of the Konimeter (Metallurgical and Mining Society of South 
Africa, 1951).

	28.	 Shekarian, Y., Rahimi, E., Shekarian, N., Rezaee, M. & Roghanchi, P. An analysis of contributing mining factors in coal workers’ 
pneumoconiosis prevalence in the United States coal mines, 1986–2018. Int. J. Coal Sci. Technol. 8(6), 1227–1237 (2021).

	29.	 Brown, J.S., Gordon, T., Price, O., & Asgharian, B. Thoracic and respirable particle definitions for human health risk assessment. in 
National Center for Environmental Assessment, US Environmental Protection Agency, MD B243-01, Research Triangle Park. https://​
doi.​org/​10.​1186/​1743-​8977-​10-​12 (2013).

	30.	 Shekarian, Y., Rahimi, E., Rezaee, M., Su, W.-C. & Roghanchi, P. Respirable coal mine dust: A review of respiratory deposition, 
regulations, and characterization. Minerals 11, 696 (2021).

	31.	 Wood, C. & Yates, D. Respiratory surveillance in mineral dust-exposed workers. Breathe 16(1), 1 (2020).
	32.	 Rahimi, E. Investigation of Respirable Coal Mine Dust (RCMD) and Respirable Crystalline Silica (RCS) in the U.S. Underground and 

Surface Coal Mines. http://​libpr​oxy.​uoreg​on.​edu/​login?; https://​www.​proqu​est.​com/​disse​rtati​onsth​eses/​inves​tigat​ion-​respi​rable-​
coal-​mine-​dust-​rcmd/​docvi​ew/​24681​28535/​se-2?​accou​ntid¼14698 (New Mexico Institute of Mining and Technology, 2020).

	33.	 Energy Information Administration (EIA). International Energy Statistics: Primary Coal Production. https://​www.​eia.​gov/​beta/​
inter​natio​nal/​ranki​ngs/#?​pid=​7&​cy=​20141T. (2017).

	34.	 Ghose, M. K. Generation and quantification of hazardous dusts from coal mining in the Indian context. Environ. Monit. Assess. 
130, 35–45 (2007).

	35.	 Doney, B. C. et al. Respirable coal mine dust in underground mines, United States, 1982–2017. Am. J. Ind. Med. https://​doi.​org/​
10.​1002/​ajim.​22974 (2019).

	36.	 Doney, B. C. et al. Respirable coal mine dust at surface mines, United States, 1982–2017. Am. J. Ind. Med. https://​doi.​org/​10.​1002/​
ajim.​23074 (2019).

	37.	 Sarver, E. et al. Mineralogic analysis of respirable dust from 24 underground coal mines in four geographic regions of the United 
States. Am. J. Respir. Crit. Care Med. 201, 2635. https://​doi.​org/​10.​1164/​ajrccm-​confe​rence.​2020.​201.1_​Meeti​ngAbs​tracts.​A2635 
(2020).

	38.	 Antao, V., Petsonk, E. L. & Attfield, M. D. Advanced cases of coal workers’ pneumoconiosis—Two counties, Virginia, 2006. Morb. 
Mortal. Wkly Rep. 55(33), 909–913 (2006).

	39.	 Antao, V. C. et al. Rapidly progressive coal workers’ pneumoconiosis in the United States: Geographic clustering and other factors. 
Occup. Environ. Med. 62(10), 670–674. https://​doi.​org/​10.​1136/​oem.​2004.​019679 (2005).

	40.	 Suarthana, E., Laney, A. S., Storey, E., Hale, J. M. & Attfield, M. D. Coal workers’ pneumoconiosis in the United States: Regional 
differences 40 years after implementation of the 1969 Federal Coal Mine Health and Safety Act. Occup. Environ. Med. 68(12), 
908–913 (2011).

	41.	 Salkind, N. J. Encyclopedia of Measurement and Statistics (SAGE, 2007).
	42.	 Wooldridge, J.M. Econometric Analysis of Cross-Section and Panel Data. Vol. 1082. 245–254. (MIT Press, 2010).
	43.	 Rahimi, E., Shekarian, Y., Shekarian, N. & Roghanchi, P. Accident analysis of mining industry in the United States—A accident 

analysis of mining industry in the United States—A retrospective study for 36 years retrospective study for 36 years. J. Sustain. 
Min. 21(1), 27–44 (2021).

	44.	 Wackerly, D. D., Mendenhall, W. & Scheaffer, R. L. Mathematical Statistics with Applications 7th edn. (Thomson Higher Education, 
2008).

https://doi.org/10.1016/j.coal.2019.03.015
https://doi.org/10.17226/25111
https://doi.org/10.3390/min7010015
https://doi.org/10.1289/ehp.8878159
https://doi.org/10.1289/ehp.8878159
https://doi.org/10.1007/s40572-019-00237-5
https://doi.org/10.1186/1743-8977-10-12
https://doi.org/10.1186/1743-8977-10-12
http://libproxy.uoregon.edu/login?
https://www.proquest.com/dissertationstheses/investigation-respirable-coal-mine-dust-rcmd/docview/2468128535/se-2?accountid¼14698
https://www.proquest.com/dissertationstheses/investigation-respirable-coal-mine-dust-rcmd/docview/2468128535/se-2?accountid¼14698
https://www.eia.gov/beta/international/rankings/#?pid=7&cy=20141T
https://www.eia.gov/beta/international/rankings/#?pid=7&cy=20141T
https://doi.org/10.1002/ajim.22974
https://doi.org/10.1002/ajim.22974
https://doi.org/10.1002/ajim.23074
https://doi.org/10.1002/ajim.23074
https://doi.org/10.1164/ajrccm-conference.2020.201.1_MeetingAbstracts.A2635
https://doi.org/10.1136/oem.2004.019679


13

Vol.:(0123456789)

Scientific Reports |         (2023) 13:1767  | https://doi.org/10.1038/s41598-022-24745-x

www.nature.com/scientificreports/

	45.	 Benfratello, L. Random effects regression for panel data. in (Michalos A.C. Eds.) Encyclopedia of Quality of Life and Well-Being 
Research. https://​doi.​org/​10.​1007/​978-​94-​007-​0753-5_​2402 (Springer, 2014).

	46.	 Shekarian, N., & Ramirez, R. The Impact of Corporate Sustainability and Technology Investment on Firm Innovation, AMCIS 2022 
Proceedings. Vol. 4. https://​aisel.​aisnet.​org/​amcis​2022/​sig_​green/​sig_​green/4 (2022).

	47.	 Schall, R. Estimation in generalized linear models with random effects. Biometrika 78(4), 719–727 (1991).
	48.	 Diggle, P. et al. Analysis of Longitudinal Data (Oxford University Press, 2002).
	49.	 Fitzmaurice, G., Davidian, M., Verbeke, G., & Molenberghs, G. Generalized estimating equations for longitudinal data analysis. 

in Longitudinal Data Analysis. 57–92. (Chapman and Hall/CRC, 2008).
	50.	 Shah, R., Ball, P. G. & Netessine, S. Plant operations and product recalls in the automotive industry: An empirical investigation. 

Manag. Sci. 63(8), 2439–2459 (2017).
	51.	 Thompson, C. G., Kim, R. S., Aloe, A. M. & Becker, B. J. Extracting the variance inflation factor and other multicollinearity diag-

nostics from typical regression results. Basic Appl. Soc. Psychol. 39(2), 81–90 (2017).
	52.	 Pitselis, G. A. Review on robust estimators applied to regression credibility. J. Comput. Appl. Math. 239, 231–249. https://​doi.​org/​

10.​1016/j.​cam.​2012.​09.​009 (2013).
	53.	 National Institute for Occupational Safety and Health (NIOSH). Exposure Monitoring of Dust and Toxic Substances (online). https://​

www.​cdc.​gov/​niosh/​mining/​topics/​monit​oring​dust.​html. Accessed 14 Dec 2017 (2015).
	54.	 Mine Safety and Health Administration (MSHA). Coal Mine Health Inspection Procedures. Handbook Number: PH89-V-1 (27) 

(2016).
	55.	 National Institute for Occupational Safety and Health (NIOSH). Criteria for a Recommended Standard. Occupational Exposure to 

Respirable Coal Mine Dust, Cincinnati (1995).
	56.	 Miller, L., Drake, P. L., Murphy, N. C., Noll, J. D. & Volkwein, J. C. Evaluating portable infrared spectrometers for measuring the 

silica content of coal dust. J. Environ. Monit. 14(1), 48–55 (2012).
	57.	 Nayak, P. S. & Singh, B. K. Instrumental characterization of clay by XRF, XRD and FTIR. Bull. Mater. Sci. 30(3), 235–238 (2007).
	58.	 Colinet, J.F., & Listak, J.M. Silica and Respirable Content in Rock Dust Sample. https://​www.​cdc.​gov/​Niosh/​mining/​UserF​iles/​works/​

pdfs/​aotsp.​pdf (National Institute for Occupational Safety and Health Office of Mine Safety and Health, Office of Mine Safety and 
Health Research, 2012).

	59.	 Lee, C.W. Statistical analysis of the size and elemental composition of airborne coal mine dust. Ph.D. Dissertation, PB 90-161647, 
Pennsylvania State University (1986).

	60.	 Su, W.C., Chen, Y., & Xi, J. A new approach to estimate ultrafine particle respiratory deposition. Inhalation Toxicol. Int. Forum 
Respir. Res. 31, 1091–7691. ISSN 0895–8378 (2019).

	61.	 International Commission on Radiological Protection (ICRP). Human Respiratory Tract Model for Radiological Protection. 24. 
ISSN 0146-6453 (International Commission on Radiological Protection (ICRP), 1994).

	62.	 Voliotis, A. & Samara, C. Submicron particle number doses in the human respiratory tract: implications for urban traffic and 
background environments. Environ. Sci. Pollut. Res. 25, 33724–33735. https://​doi.​org/​10.​1007/​s11356-​018-​3253-y (2018).

Acknowledgements
This study is funded by the National Institute for Occupational Safety and Health (NIOSH) (75D30119C06390).

Author contributions
E.R.: conceptualization, methodology, design and perform the data analysis, writing—original draft, reviewing 
and editing. Y.S.: conceptualization, visualization, methodology for regression and statistical analysis, reviewing 
and editing. N.S.: conceptualization, visualization, methodology for meta data analysis, reviewing and editing. 
P.R.: supervision, conceptualization, reviewing and editing, funding acquisition, project administration. The 
authors have consent to publish.

Funding
This study was funded by the National Institute for Occupational Safety and Health (NIOSH) (75D30119C06390).

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to P.R.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2023

https://doi.org/10.1007/978-94-007-0753-5_2402
https://aisel.aisnet.org/amcis2022/sig_green/sig_green/4
https://doi.org/10.1016/j.cam.2012.09.009
https://doi.org/10.1016/j.cam.2012.09.009
https://www.cdc.gov/niosh/mining/topics/monitoringdust.html
https://www.cdc.gov/niosh/mining/topics/monitoringdust.html
https://www.cdc.gov/Niosh/mining/UserFiles/works/pdfs/aotsp.pdf
https://www.cdc.gov/Niosh/mining/UserFiles/works/pdfs/aotsp.pdf
https://doi.org/10.1007/s11356-018-3253-y
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Investigation of respirable coal mine dust (RCMD) and respirable crystalline silica (RCS) in the U.S. underground and surface coal mines
	Material and methods
	RCMD and RCS samples. 
	Developed hypothesis based on the dust concentrations in underground and surface coal mines. 
	Mine type. 
	Geographic location. 
	Mine size. 
	Coal seam thickness. 

	Consent to participate. 

	Research model using generalized estimating equation (GEE)
	Descriptive statistics. 
	Correlation analysis. 
	Regression analysis. 

	Results and discussion
	Conclusion
	References
	Acknowledgements


