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Abstract

Respirable dust mass is a prevalent occupational health hazard to the mining workforce. Mineral
matrices observed in the mine environment are complex, time varying, and heterogeneous.

This poses a challenge to assessing dust exposure using Fourier transform infrared (FT-IR)
spectrometry as calibrations for constituent dust species (e.g., crystalline silica) have historically
been trained using homogeneous standards or simple mixtures therein. Investigations have
considered direct-on-filter analysis, which collects FT-IR spectra directly from sampling filters for
calibration, as an alternative. Direct-on-filter analysis using a partial least squares (PLS) method
has gained particular interest recently due to the potential to rapidly quantify multiple species
from a single filter at the mine site. By design, heterogeneity, and its presumed impact on method
accuracy, cannot be addressed in the laboratory when using a direct-on-filter approach motivating
the need for more advanced calibration approaches. When heterogeneity is present, mixture of
experts (MoE) finite mixture models offer a promising and novel alternative to PLS direct-on-filter
analysis as MoE incorporates cluster discovery, regression, and outlier identification into model
fitting. Three MoE models of increasing complexity were tasked with determining respirable dust
mass in 243 field samples from thirteen active coal, limestone, sandstone, and silver mines. All
MoE models, including those using only “expert” spectroscopic predictors or a combination of
expert and categorical “gate” variables (e.g., mine type), significantly outperform PLS in terms

of accuracy (a = 0.05). Decomposing bias by mine type shows that accuracy generally improves
across all types considered when MoE models are not overfitted. The MoE method’s effectiveness
was linked to its ability to endogenously classify outliers as well as possibly to the use of an
additional cluster model for mass predictions. Overall, MoE methods appear as a capable and
novel tool to addressing problems of heterogeneity for direct-on-filter quantitative analysis.
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Introduction

Occupational exposure to respirable dust is a health hazard to workers, especially if
particulate matter is concentrated with respirable crystalline silica (RCS) as is frequently
the case in the mine environment.! Respirable dust resulting from mining operations has
been regulated in the United States for several decades by the Mine Safety and Health
Administration (30 Code of Federal Regulations (CFR)) § 70.100, 70.101, 90.100, 90.101).
These regulations specifically address RCS exposure as it is considered more toxic than
other dusts, with the permissible exposure limit (PEL) recently set to 50 pg/m3 over a
time-weighted average working shift (89 FR 28218). Acute overexposures and/or prolonged
exposures to RCS can lead to adverse health outcomes including silicosis,2* lung cancer,>6
and other respiratory and autoimmune diseases.’-® Furthermore, the fine fraction of ambient
aerosol (a.k.a., particulate matter with less than 2.5 um diameter) has been regulated under
the National Ambient Air Quality Standards for several decades under the purview of the
Clean Air Act (50 CFR § 50.7). Given the preponderance of epidemiological evidence
concerning the health risks associated with particulate matter in and outside the mine
environment, 10 it is reasonable to assume that refinements to existing mine safety standards
will continue on the basis of particle size, aerosol composition, and other particulate matter
sources, e.g., diesel particulate matter (DPM).

Investigations by the National Institute for Occupational Safety and Health (NIOSH)

have evaluated the potential benefits of a field-portable, real-time, or end-of-shift infrared
measurement to quantify RCS and DPM particle concentrations.}1~15 The hypothetical
primacy of a field-portable infrared method over current approaches derives from the
former’s ability to measure specific dust constituents rapidly, in contrast to laboratory
evaluations that lag behind mining operations by days or possibly weeks. The non-infrared
personal dust monitor (PDM) has shown that direct measurement of mine dust helps miners
modify work activities to minimize exposure.18 Field-portable infrared monitoring therefore
complements existing approaches like the PDM while expanding the range of dust species
(e.9., RCS and DPM) quantified in real- or near-real time at the mine site.

Infrared methods measuring RCS and DPM directly on sampling filters have been
previously studied.12:17-19 These studies demonstrate two key aspects of infrared methods:
They are sensitive to the many infrared-active species present on a filter and are specific

to a target substance following calibration.2 This turns out to be advantageous from an
instrument design standpoint as the high resolution measurements of absorbance over a
wide range of wavelengths in an infrared spectrum may be used to develop multivariate
calibrations that quantify aggregate species (e.g., total dust mass), indirectly measured
proxies such as aluminum mass,2! infrared-active functional groups,22 and molecules such
as RCS.23 However, studies sometimes differ in their use of field samples, analytical
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standards, or both to develop calibrations. Field samples are advantageous as they provide

a snapshot of a real mine environment which forces calibration parameters to adjust
predictions for interferences and background. While mine dusts are aerosolized and
measured at NIOSH Spokane, Washington, on a regular basis, training a calibration using
field samples frees the analyst from having to identify and select the correct mineral
standards to use for calibration. Selecting all the appropriate standards for any calibration is
not a trivial task as, for example, Walker and colleagues identified 29 mineral phases present
in 130 field samples collected from seven mining commodities using X-ray diffraction.24
Most samples contained at least five mineral phase illustrating the complexity of these
sample matrices. On the other hand, a major disadvantage of using field samples stems from
possibly introducing uncontrolled (and unknown) factors into the predictive model leading
to increased inaccuracy and/or imprecision in some or all sample predictions.

Quantifying total dust mass, or other complex species such as elemental carbon (EC),

may pose a particular challenge to infrared methods as any unique aerosol source may
disproportionately impact only a subset of samples used to train a calibration. For example,
a single infrared calibration was incapable of accurately predicting EC in a subset of
“atypical” samples impacted by DPM from mobile sources.2> A two-calibration partial least
squares (PLS) approach was needed to discriminate and then allocate samples to a “high
DPM” or “low DPM” calibration. A similar calibration-after-classification scheme was also
needed to quantify EC heavily impacted by wildfire smoke.?! In both cases, infrared spectra
did not cluster distinctly on principal component or PLS score plots and required metrics
derived from the response variable (e.g., prediction errors) to guide cluster discovery.

These studies illustrate that the response variable and qualitative information is sometimes
needed to identify poorly predicted sample clusters. Although these two-step procedures
proved successful in their respective applications, there are methodological limitations to
such approaches. First, the underlying factor required to discriminate samples must be
known a priori (e.g., “wildfire smoke™) or identified post hoc to classify and predict samples
using an appropriate model. Methods employed by Debus et al.2! placed considerable

effort on defining and refining sensible criteria to distinguish “wildfire” from “non-wildfire”
samples following the failure of the “global” calibration. In other words, clusters were
identified only after observing the fit between the response variable and the infrared spectra.
Although defensible on scientific grounds, criteria were exogenous to modeling and thus
not involved directly in estimating (or “adjusting™) calibration parameters to handle wildfire
smoke (or the absence therein). Another limitation relates to both studies using “hard”
(either/or) classification boundaries to assign a sample to a calibration. Such an approach
may prove suboptimal as aerosol composition exists on a continuum; i.e., hard classification
risks partitioning samples (and their spectral variance) such that variation useful to model all
samples is restricted to only one calibration.

The mixture of experts (MoE) finite mixture model integrates calibration, cluster discovery,
and outlier identification into a single cohesive step thereby eliminating the need to
identify and then independently model heterogeneous samples following the failure of a
calibration.26:27 Against the limitations of hard classification, finite mixture models also
employ “soft” (probabilistic) clustering such that the spectral variance used for mass
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predictions may be weighted and shared between cluster models using Bayesian model
averaging.28 This may prove particularly advantageous for multimodel predictions as a
sample collected from one mine (e.g., limestone mine) may occasionally contain absorption
bands and mineral phases more typical of those found at another mine. In such an instance,
model averaging ensures that a higher weight is given to the calibration best fitting the
pattern of sample absorption, irrespective of mine source. The MoE method also handles
both continuous and categorical variables, allowing qualitative information (e.g., “mine
type”) to endogenously inform parameter estimation. The MoE framework also allows
outliers to be identified during model fitting. This decouples outlier identification from the
need to use post hoc regression diagnostic plots which often assume a homogenous and
normally distributed sample.2®

The current study presents the novel application of MoE cluster models to quantify total
respirable mass on polyvinylchloride (PVVC) filters using Fourier-transform infrared (FT-IR)
spectroscopy. Samples were collected at both coal and metal/nonmetal (MNM) mines,
exposing calibrations to geologies encountered while mining four types of commodities
including coal, limestone, sandstone, and silver. We first hypothesize that prediction
accuracy (or conversely prediction bias) depends on commodity/mine type. A second
hypothesis considers whether the type of sampling cassette used to collect dust onto PVC
filters affects prediction accuracy, since deposition patterning on PVC filters varies based
on the cassette type.39 Hypotheses are tested in turn by first calibrating FT-IR spectra to
gravimetric mass using a single PLS regression. The PLS model is treated as the standard
of comparison by which to judge subsequent MoE models. PLS scores are then extracted
and used as “expert” variables in MoE models of increasing complexity. First, a simple MoE
model is fitted to test whether multiple clusters (including a “noise” cluster) are required

to improve mass prediction. Next, we investigate whether including a categorical variable
for “mine type” improves predictions. Finally, both “mine” and “cassette type” are used as
categorical variables and compared to the PLS, simple MoE model, and MoE model that
uses only “mine type” as a categorical variable. As bias minimization is our chief concern,
95% bootstrap confidence intervals then assess whether median bias deviates significantly
from zero for each model. A parsimonious model showing unbiased predictions at coal,
limestone, sandstone, and silver mines is considered optimal.

Experimental

Materials and Methods

Sampling Locations and Methodology.—A total of 156 coal mine dust samples were
collected from nine active coal mines using standardized personal sampling trains as per
CFR 30, Part 70.2. Coal mine dust samplers were worn by NIOSH personnel in each

active mine and configured to collect only the respirable fraction of airborne particulate
matter onto pre-weighed 37 mm-diameter PV/C filters secured in sealed two- or three-piece
cassettes (MSA, Inc.). Coarse particulates were removed prior to reaching the filter using a
10 mm Dorr-Oliver cyclone (50% cut point at 3.5 pm aerodynamic diameter).3! Sampling
pumps were operated at a flow rate of 2.0 L-min~1 for a standard eight-hour shift (Zefon,
Inc.).
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A total of 87 samples were collected from one limestone, two sandstone, and one silver
mine using sampling trains standardized for MNM mines.32 Samplers were configured
identically to coal mines with the exception of a sampling pump flow rate of 1.7 L-min~1.
After collection, all cassettes were removed from samplers and sealed in plastic bags for
gravimetric analysis.

Analytical Methods: Mass Measurements and FT-IR—Gravimetric analysis was
conducted according to NIOSH method 600.33 The difference between filter pre- and post-
weight was used to determine respirable dust mass (milligram, mg). Silica masses were also
determined using NIOSH method 7500 in the case of the MNM samples and the NIOSH
method 7603 in the case of coal dust samples. The distribution of sample mass according to
mine type is presented in Table I.

A Bruker Alpha FT-IR spectrometer operating in transmission mode was used to measure
mine dust spectra on PVC filters. The filters were mounted in a stainless-steel holder in the
instrument sampling compartment such that the infrared beam interrogated the center of the
sample at normal incidence.3? The instrument was configured to operate at 4 cm1 resolution
and averaging 40 scans per sample. A spectrum was acquired using a room temperature
pyroelectric detector in approximately one minute once the scan sequence was initiated.

Interferograms were zero-filled prior to Fourier transformation at a factor of two and
apodized using the Blackman—Harris three-term function. Sample transmittance was ratioed
against blank filter transmittance to adjust the measurement for filter and chamber
background. The absorption spectrum was calculated as the negative decadic logarithm of
this ratio. As only a single blank filter was used as background for all samples some artifacts
were present in the absorption spectra, conditional upon deviations in filter thickness
between the sample spectrum and reference blank. The final spectrum contained 2542
absorption channels over a wavenumber range of 4000-400 cm™1.,

Spectra from the thirteen mines were collected into a design matrix for multivariate
calibration. This design matrix is organized such that the 243 rows are sample observations
(N), and the 2542 columns are the input variables/predictors supplied to the calibration
models (p). This N x p design matrix may be presented in matrix and vector notation as:

@)

where X is the design matrix comprised of a collection of N vectors of length p. The

ith sample (row) is regularly indicated as x, throughout this work as context dictates.
Furthermore, the dependent/response variable (y) of gravimetric mass measurements is
represented as an N-length vector with elements (y,) paired to the appropriate rows in the
design matrix (x,). Following the partitioning of samples into training and testing sets, the
subscript “c” or “t” is used to denote affiliation with the calibration and test set, respectively.
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Model Development and Validation—Second derivative spectra were generated from
absorption spectra using a second-order Savitzky-Golay filter with a 21-point window.34
Second derivative spectroscopy has proven beneficial in minimizing the impact of
background absorption on multivariate calibrations, particularly those that utilize dust-laden
PVC filter spectra.23 The design matrix presented in Eq. 1 was regenerated following second
derivative transformation with the number of rows and columns remaining unchanged.

A principal component analysis (PCA) was next performed on mean-centered derivative
spectra to ascertain the predominant absorption variations, clusters present among spectra,
and to identify potential outliers.3® The principal components explaining at least 95%

of the variance in the spectra were considered for the subsequent exploratory analysis.
Exploratory analysis involved plotted eigenvectors against wavenumbers whereby infrared
vibrations were assigned to features (minima) known to absorb in mine spectra.36:37
Interpreting eigenvectors was aided by studying PC-score plots that were pseudo-colored
using qualitative information (e.g., mine type, sampling location) about the spectra.38

Samples were then grouped by site identifier and sorted by sample mass. Every third sample
in each of the 13 groups (9 coal + 4 MNM sites) was placed in the test set yielding 156

and 87 samples for training/calibration and testing, respectively. Partitioning samples this
way ensured that the mass distribution of the training and test samples were as similar as
possible. This is particularly important as the median mass and range associated with each
type of mine varied widely (Table I).

Partial least squares regression was chosen as the basis to compare subsequent models as

it is arguably the de facto standard for multivariate spectroscopic calibrations.3° Moreover,
PLS regression has proven accurate and precise in determining aerosol species collected on
polymeric filters in mine dusts and atmospheric samples.19:21.23.38,40-43 The popularity of
PLS stems from its “optimal” use of infrared absorption for calibration as well as the ease
in visualizing the key relationships within and between the spectra.4 Solution optimality
follows from an orthogonal transformation of the spectroscopic predictors (i.e., columns of
X), constrained to maximize the covariance between the response variable and spectra.
Orthogonal transformation solves the collinearity problem in spectra-based calibrations
while covariance maximization ensures that components are information rich in terms of
the response.*®

Five-fold interleaved cross validation was used to select the number of PLS components
(i.e., latent variables or LVs). Training samples were organized into groups (by site) and
sorted to ensure that the cross-validation training and “test” sets exhibit analogous mass
distributions during model selection. The number of PLS components were selected by

minimizing the root mean square error of cross-validation.

Regression diagnostic plots aided in assessing heterogeneity in the sample data, the potential
impact on calibration, and thus motivated the use of MoE models. First, each sample’s Q
residual and Hotelling 72 value (i.e., squared Mahalanaobis distance) are plotted, comparing
the residual/unused spectral variance to the spectral variance used by the PLS model,
respectively.#® Critical values were calculated for both measures to flag extreme samples
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(« = 0.05). Calculating a critical limit is straightforward for 72 values as they are assumed
to follow a chi-squared distribution.#6 The Wilson-Hilferty approximation estimates the
critical value for Q residuals as they follow a noncentral chi-squared distribution.47:48

A second diagnostic plot compared Cook’s distance (D) to Q residuals to visualize residual
absorption in terms of a sample’s “influence” on the PLS calibration coefficients.*% As a
leave-one-out measure, the ith sample’s Cook’s distance was calculated by (i) deleting the
ith case, (ii) fitting the PLS model, (iii) calculating the residuals, (iv) estimating the sum of
square residuals, and (v) normalizing the result by mean square error of calibration scaled
by the regression degrees of freedom (d f,.5). Degrees of freedom were estimated using the
kernel PLS algorithm.?0 Two cutoff values described a sample as either highly influential
using an F-distribution (D, > F(0.5,df,.5, N. — df».5)) Or as moderately influential using a
common heuristic (D, > 4/N,).%1

The univariate response case of the MoE model was implemented in this study and given as

g 2(xF)
il x8,xf ng b 6(%7) + =~

@

where f(y, | x’, x/) describes the conditional probability density of y, given the input variables
x; for the ith sample, r( ) the mixture component density for the gth cluster dependent on
the “gate” variables x7, and ¢(y; | 6,(x7)) the gth Gaussian cluster estimated from the sample
data conditioned on parameters 6, and the “expert” variables /. 26 The tilde ( ~ ) over ¥
indicates the ith observation is augmented to include a model intercept. A noise component,
7o(x{)/V, is included in each MoE model to identify outliers and uses the gate variables to
guide estimation when specified. A gated noise component assumes that the gate variables
influence the fitted noise probabilities and leaves Eq. 2 unmodified. The so-called “expert
only” models use a non-gated noise term (t,(x{) — 1,) that assumes noise probabilities are
constant across samples. For all models tested, the hypervolume (V) was set at five times
MSHA’s PEL of respirable coal dust exposure per working shift (5-1.5 mg/m3; 30 CFR,
70.100) as we do not anticipate observing values larger than this in practice (~6 mg/filter)
nor do we expect samples this heavily loaded to obey linear absorption laws.

Gaussian (normal) clusters are parameterized as 0,(x/) = {%7,. o;} such that y, are the linear
calibration coefficients used to predict sample mass. This takes the familiar form:

~ ~E~
Yig=XiVg

©)

where y,, corresponds to the ith mass prediction for the gth cluster model and 7, the
estimated calibration coefficients for the gth cluster model. Gate parameters (not shown)
are estimated assuming a multinomial logistic form. Cluster variances are constrained
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as equal for all models (¢ = 6; = ... = o5). Cluster variances, mixture components, gate,
and expert parameters are estimated by maximizing the log likelihood of f(y | x7, x) via
the expectation maximization (EM) algorithm.>2 The EM algorithm was initialized using
hierarchical clustering.

Scores taken from the PLS calibration are used as expert variables in the MoE models (7).
In this way, the MoE models reflect increasingly more complicated perturbations of the
original PLS calibration dependent on: (i) The inclusion/exclusion of gating variables, (ii)
the inclusion/exclusion of a noise component, (iii) the number of clusters selected, and (iv)
the variance constraints placed on the clusters (c;). In fact, as the PLS scores are used as the
expert variables, it is straightforward to show that the original PLS calibration corresponds
to a special case of the MoE model, i.e., one that uses a single-cluster (G = 1), no gate
variables, and fits no noise component to the data.

Three MoE models were fitted and tested to systematically assess the degree that gate
variables and the noise component improve method accuracy. First, an “expert only”

MoE model was fitted to assess whether multiple clusters (and a noise term) improve the
prediction of sample mass. The second MoE model used “mine type” as a categorical gate
variable with the four levels following directly from the “Mine Type” column in Table I. The
“cassette type” covariate was then included as a second gate variable with the three levels
given in the “Cassette Type” column in Table I. For all fitted models, the optimal number of
clusters (G) was identified as the one minimizing the Bayesian information criterion.>3

Models are validated and compared on figures of merit calculated from test set data.
Non-robust metrics include the coefficient of determination (Rz) and root mean square

error of prediction (RMSEP).>* Robust measures include the median absolute error (MAE),
median absolute percentage error, median bias, and median percentage bias.3” The MAEs
are calculated as k times the median absolute difference between the measured and predicted
mass or

MAE = k X median(|y — 1)

O

where the scalar k = 1.4826 makes MAE a consistent estimator of average prediction

error, i.e., MAE and RMSEP are asymptotically equivalent when errors are unbiased and
follow a normal distribution.>® Median absolute percentage error (MAPE) is calculated by
normalizing the term y — 3 by y in Eq. 4 with k = 100 to convert to a percentage basis.
Median bias and median percentage bias follow analogously from Eq. 4 by dropping the
absolute value from the calculation. Again, errors are normalized and k set equal to 100 for
median percentage bias.

Ninety-five percent confidence intervals are calculated for median and median percentage
bias using a nonparametric bootstrap percentile approach.>8 Intervals were calculated by
resampling training set residuals to generate 5000 bootstrap replicates. Confidence interval
endpoint adjustments used bias correction and acceleration (i.e., BCA). Bootstrap intervals
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are used to formally test the two-sided null hypothesis that median biases are equal to zero.
If confidence intervals around bias estimates do not contain a zero the null hypothesis is
rejected at « = 0.05 probability level.

Mass predictions for any MoE model are possible using two techniques when more than a
single cluster is used for modelling. The first approach predicts mass in each sample using
all available calibrations, providing G predictions of mass for a sample. Predictions are then
multiplied by mixing probabilities (7,) and summed to generate a final value of sample mass.
Mass predictions under this framework are given as

®)

With y, indicating the final estimate of sample mass. Alternatively, sample mass may be
determined using the cluster model having the largest mixing probability or max (z,;). We
adopted the approach in Eq. 5, known as Bayesian model averaging,2® as it protects against
the possibility of false cluster assignment, ambiguous cluster composition, or the belief

that a single “correct” cluster exists to determine sample mass under the fitted model. The
latter point is particularly important as the levels of the “mine type” and “cassette type”

gate variables are not strong proxies for mine geology and sampling deposition biases,
respectively. We therefore expect MoE clusters to reflect information from mixed geologic
sources and a model that imperfectly adjusts calibration factors for deposition differences (at
best). Note that MoE outliers are still quantified for all test samples using Eq. 5; albeit, with
probabilities renormalized on the G clusters (excluding the outlier cluster). Leaving outliers
in the test set keeps a comparison between MoE models and the base-case PLS calibration as
fair as possible as all models are compared on the same samples.

Software—All analyses were performed using R Statistical Software (v4.1.2; R Core
Team). The BCA bootstrap percentile method was coded by the authors with computation
time reduced using the cluster computing functions available in the parallel package
(v4.1.2). The PCA and visualization were performed using the PCA Tools package
(v2.5.15). The kernel PLS algorithm was available in the PLS package (v2.8-1). MoE
models were fitted using the MoEClust package (v.1.5.1). The PLS model was wrapped

into the cross-validation search routine using control functions available in the caret package
(v.6.0-94).

Results and Discussion

Exploratory Analysis

Exploratory PCA indicates a clear contrast between spectra collected at the coal, silver,

and sandstone mines (*PC2) to those collected at the limestone mine (*PC1; Figure 1a).
The mass of limestone mine samples shows a very strong correlation to PC1 (7 = 0.933)
which may be visualized from the distribution of limestone mine spectra in Figure 1b. The
eigenvector associated with PC1 shows that carbonate (CO;3) absorption bands are primarily
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responsible for the distribution of spectra on the first PC (see Section S1, Supplemental
Material, for PCA eigenvectors). As limestone is rich in calcium carbonates, the mass range
of limestone mine samples is highest in these samples (Table 1), and carbonate absorption is
very strong in the mid-infrared it is not surprising that these variations dominate the PCA.
As samples from the other mines tend to show little to no loading onto the first PC, we may
infer that this component is a chemical factor associated with the carbonate-rich absorption
prominent in limestone mine samples.>’

Aside from the strong correlation between PC2 and non-limestone mass (+ > |0.75)), the
lesser principal components (i.e., PC3, PC4,...) are not easily interpreted and track
absorption associated with silica, clay, and organic matter. Given their ambiguity, their
presentation and discussion are available in supporting information. Ultimately, PCA frames
our understanding of the information accessible to multivariate calibration in general and
cluster modeling in particular: we expect the PLS calibration to require few components
given the strong association between sample mass from all mine sites and the variations

in principal infrared absorption. We also expect that valid MoE models will likely use few
clusters for modeling.

Multivariate Calibration

Cross-validation identified a two-component PLS calibration as optimal to determine sample
mass. Consistent with Figure 1a, the PLS scores differentiate limestone mine samples from
the other samples; albeit, with the PLS scores rotated away from the ordinate and abscissa
(see Figure S6, Supplemental Material). In terms of percentage of variance explained, the
PLS and PCA components are nearly identical reflecting that PLS affects a straightforward
rotation of the subspace spanned by the first two PCA components.

Figure 2a presents Q residuals plotted against 72 values. Heterogeneity is immediately
apparent as spectra cluster by mine type (shapes/symbols). Although violations to normality
are present, we see that all samples with total mass above the 95th percentile fall beyond
the 95% T2 critical value illustrating a clear relationship between the modeled infrared
absorption and total mass. Notably, this relationship is imperfect as a subset of coal

mine samples with mass between the 75th and 95th percentile fall above the 7 critical
limit, again highlighting sample heterogeneity. In contrast, Q residuals do not show a
straightforward connection to total mass as high Q residual spectra span a large mass range
and fall above the 75th percentile. Notably, all limestone mine samples (filled circles) fall
above the Q residual critical value suggesting that a relatively significant part of the infrared
absorption in limestone mine samples was not modeled.

Cook’s distance plotted against QO residuals provides a more refined understanding of the
connection between a sample’s residual absorption and influence on the PLS parameter
estimates (Figure 2b). Samples considered moderately influential always had significant
O residuals indicating that large Q residuals were a necessary but not sufficient indicator
a sample’s importance to calibration. This point is particularly salient with respect to
limestone mine samples as many of the largest Q residuals are derived from limestone
samples but only two are flagged as influential. In fact, moderately influential samples
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were collected from sandstone, limestone, and coal mines suggesting that Cook’s distance
provides a more granular understanding of a sample’s importance, especially when Q
residuals alone prove difficult to interpret.

Table Il presents figures of merit for the PLS and MoE cluster models. First, we see a
strong linear association between the spectra and response variable (Rz) indicating that

the mid-infrared spectra contains the necessary information to predict sample mass using

all methods tested. Model sufficiency is best determined and differentiated using robust
measures of method performance, particularly the median absolute percentage error (MAPE)
and bias metrics. Notably, the PLS method exhibits the largest percentage error relative

to the cluster models as well as a statistically significant bias according to confidence
intervals. The underperformance of PLS provides subsequent justification to employ the
more complicated cluster modeling technique.

A caveat is worth mentioning before judging the relative size and importance of bias
statistics. The figures of merit calculated in this study implicitly assume that the gravimetric
mass measurements are treated as ground truth. Therefore, method bias (and conversely
discussions of accuracy) as presented here does not reflect measurement bias in the
strictest sense, i.e., a deviation in predicted mass from the true concentration of respirable
mass present in the mine environment over a working shift. Rather, method bias reflects
only a deviation between a calibration model’s prediction and the gravimetric mass
measurement, within which any (true) measurement or sampling biases may be embedded.
True measurement biases, such as those associated with aerosol sampling, for example,>8
cannot be remedied using these calibration methods and may only be addressed by
improving field and laboratory methodologies.

Table Il shows that all MoE cluster models outperform the PLS method in terms of bias.
Method bias improves immediately using the “expert only” MoE model (row 2), which only
differs from the PLS solution by including a noise component to identify outliers. Table 111
illustrates that this model’s ability to identify and ignore five training samples as “noise”
(outliers in MoE nomenclature) during model fitting had a small impact on the size of the
model coefficients but a consequently large impact on method accuracy. Four of the five
outliers can be seen in Figure 2b as falling above the Q residual critical value and within
the moderately influential range on Cook’s distance. The fifth sandstone sample falls just
outside and to the upper left of the mass of points in Figure 2b and near the centroid of
Figure 2a. This illustrates that MoE models identify so-called inliers in addition to the more
obvious outliers observed on regression diagnostic plots.>® Moreover, comparing the width
of confidence intervals indicates that the bias estimates associated with MoE models are
more certain (narrower) than the PLS method which likely follows primarily from outlier/
inlier identification.

Adding the “mine type” gate variable into the MoE model results in a two-cluster solution
with one cluster capturing limestone mine samples and the other handling most of the
remaining samples. All metrics again improve relative to the PLS calibration. This model
shows mixed improvement in performance relative to the “expert only” MoE model; namely,

Appl Spectrosc. Author manuscript; available in PMC 2025 March 13.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Weakley et al.

Page 12

R? and RMSEP are slightly lowered and elevated, respectively, while robust measures such
as MAE and MAPE improve (Table 11). Bias metrics are negligibly different according to
confidence intervals. This may suggest that outlier identification is the crucial aspect of

the MoE method applied to these data. However, the 3% drop in MAPE is noteworthy

and perhaps indicate that two clusters are indeed optimal for mass prediction. Adding

the “cassette type” gate variable to the problem does not confer any clear gains in

overall method performance with the exception of a small improvement in MAE. This
possibly indicates an overfitted model. To test this, Cramér’s V, a measure of association
between non-ordinal categorical variables, was calculated between the “mine type” and
“cassette type” gate variables. A strong association was indicated (¢, = 0.901) suggesting
that “cassette type” is likely redundant; namely, the categories of the “cassette type” variable
act as very good substitutes for the categories of the “mine type” variable in this dataset (see
Section S2, Supplemental Material, for a detailed elaboration of this topic).

Figure 3 presents the regression analysis cross-plot comparing the PLS model to the “mine
type” gated MoE model. Only an improvement in limestone mine predictions with large
mass is noticeable at this scale. Four of the seven samples described as noise by the MoE
model are obvious in Figure 3b as three are inliers with masses below 2 mg. Therefore,

to appreciate the effect of this two-cluster MoE solution on the accuracy of test sample
predictions we must turn to the decomposition and assessment of bias statistics by mine

type.

Method Accuracy and Mine Type

Table 11 provides prima facie evidence that method bias improves following cluster
modeling. However, these metrics fail to assess, in fine detail, the impact of source
heterogeneity on sample predictions since metrics provide only an overall/average measure
of bias. Table IV presents median bias decomposed in terms of the “mine type” variable.
Aside from the most complex MoE model, coal mine predictions are statistically unbiased.
This important result indicates that coal mine samples are not the main drivers of average
PLS bias presented in Table I1. Limestone and sandstone mine biases are large and
significant for the PLS calibration implicating these mine types as responsible for elevated
bias, on average. Table IV also shows that the most complex MoE model is indeed likely
overfitted as coal samples actually become biased following the inclusion of the “cassette
type” gate variable into the fitting procedure.

All MoE models produce unbiased predictions for limestone mine samples indicating that
carbonate and noncarbonate-rich absorption are adequately modeled after flagging and
removing crucial training set outliers. It is important to remember that all test samples

are predicted and used to calculate bias, regardless of their outlier status, in order to fairly
assess method performance. Table S7, (Supplemental material) presents the training set
outliers identified by the MoE models—many of which are inliers when judged by the cutoff
values in Figure 2 (see Section S5, Supplemental Material). Outliers identified in all models
(“All”) contained very high sample and RCS mass with all but one falling beyond the 90th
and 86th percentile, respectively. Identifying and setting aside these samples during model
training appears to be the crucial factor in eliminating bias in limestone predictions as well

Appl Spectrosc. Author manuscript; available in PMC 2025 March 13.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Weakley et al.

Page 13

as reducing sandstone mine bias. Two additional outliers common to both gated models
show very high RCS content but moderate sample mass (Gate only). Again, we might infer
that removing these two sandstone mine samples from training may have resulted in more
accurate predictions; although, one cannot rule out the effect of including an additional
cluster to improve performance. The most complex MoE model flagged six additional coal
samples with very low RCS-to-mass ratio samples (Mine and Cassette Only).The removal of
these pertinent low mass coal samples from the training set explains the significant shift in
coal mine sample bias, again providing evidence of an overfitted solution.

Conclusion

Method of experts finite mixture models were applied to field samples collected from U.S.-
based coal, limestone, sandstone, and silver mines to determine their efficacy in predicting
sample mass using FT-IR spectra. Determining sample mass using an FT-IR approach may
prove valuable for field applications at U.S. mines given the low cost and high throughput
associated with measuring an infrared spectrum. Furthermore, a principal aim of this work
was to determine whether accurate mass predictions, as evaluated formally using 95%
nonparametric bootstrapped confidence intervals, were possible for these samples given both
their mixed origin (coal versus MNM mines) and the difference between aerosol sampling in
coal and noncoal mines.

Overall, it was possible to demonstrate systematically that MoE cluster models provide an
improvement over a PLS calibration, trained and tested on the same samples, in terms of
the MAE and a statistically significant improvement in model accuracy (prediction bias).
An evaluation of the MoE parameters highlighted that the outlier identification capabilities
of the MoE method, used to flag and isolate samples during model fitting, likely had the
greatest effect on method performance. This result was particularly important as the only
difference between the PLS calibration and the simplest MoE model is the inclusion of a
noise component suggesting that, at minimum, one-cluster MoE models with appropriate
noise constraints provide a benefit to the now routine application of PLS calibrations to
spectroscopic data.

A more complex, two-cluster MoE model was required to accurately predict sandstone
mine sample mass, with this solution guided by a qualitative gate variable related to the
type of mine the sample was collected from (“mine type™). Prediction accuracy declined
after including another gate variable for the type of cassette used during aerosol sampling
(“cassette type™), likely due to its redundancy to the model as well as the consequentially
damaging impact on outlier identification. Generally speaking, this study demonstrated the
value of the MoE method’s ability to incorporate categorical variables into multivariate
calibrations. The implications of this finding should not be understated: the MoE framework
provides a simple approach to introduce (often abundant) laboratory and field-sample
metadata into a calibration to inform predictive modeling. Ultimately, we recommend

that future work explore whether cluster models provide any benefit to improving method
accuracy in calibrations impacted by mineral absorption/composition heterogeneity.
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Variation in limestone mine spectra dominated the PCA solution with the first component
plainly mapping an increase in limestone absorption/mass (+PC1 direction) while explaining
68.9% of the spectral variance (a). Notably, samples from the other three mine sites loaded
together onto PC2 with sample mass generally increasing in the + PC2 direction (after
negation). Scores were plotted on a log scale after adding a small constant (0.01) to each

score.
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(a) Diagnostic plots showing that unmodeled part of the FT-IR spectra (i.e., Q residual; Q)
tends to increase log-linearly with the magnitude of Hotelling 72 values denoted by 72.
Lines denote critical values (« = 0.05). Spectra are colored according to mass percentiles
and shapes denote mine affiliation. Encircled samples were those selected by the “mine
type” gated MoE model. (b) Cook’s distance and Q residuals aid in identifying samples with
spectra that are poorly modeled on PLS components and influential to estimating calibration
coefficients. Dashed and solid horizontal lines bound a region of moderate sample influence.
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(a) Regression analysis cross-plots comparing the PLS predicted mass to reference mass in
test samples. Here we see positive bias in limestone mine samples for high mass (>4 mg).
Several poor mass predictions from coal, sandstone, and limestone sources are apparent as
outliers. (b) The “mine type” gated MoE model improves predictions for limestone mine
samples while correctly assigning many of the obvious outliers to the “noise” cluster. The
four outliers shown most clearly on this figure are also identified by the “expert only” MoE

model.
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