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ARTICLE INFO ABSTRACT
Keywords: This study aimed to investigate a laboratory procedure for identifying asbestos in asbestos-containing materials

Bulk asbestos sample analysis

Asbestos containing material

FTIR

Partial least squares-discriminant analysis

(ACMs) using Fourier Transform Infrared (FTIR) spectroscopy combined with Partial Least Squares-Discriminant
Analysis (PLS-DA). A PLS-DA model was trained with the six regulated asbestos reference materials using FTIR
with the diffuse reflectance infrared Fourier transform (DRIFT) technique to identify asbestos type(s) in unknown
samples. The prediction of the PLS-DA model was evaluated using laboratory-generated asbestos-containing
samples and suspected ACMs collected from the remediation and building management industries. Predicted
asbestos type(s) from the PLS-DA model in the suspected ACMs were compared to the results of standard
polarized light microscope (PLM) analysis. The PLS-DA model predicted 100 % correct classification in
laboratory-generated single asbestos-containing samples (n = 30) and 80 % correct classification in mixed-
asbestos samples (n = 45). The model predicted 96 % (24/25) correct classification in chrysotile containing
bulk samples with extra sample treatment steps (ashing and acid washing). The PLS-DA model prediction with
the samples containing multiple asbestos types was less accurate and will require further optimization through
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expanded datasets and model refinement. The proposed method is cost-effective, rapid, and may reduce reliance
on the analyst’s experience by directly measuring the distinctive chemical properties of the asbestos.

1. Introduction

On March 18, 2024, the United States Environmental Protection
Agency (EPA) announced a rule to ban ongoing uses of chrysotile
asbestos, motivated in part by the estimated 40,000 asbestos-related
deaths occurring annually in the U.S. alone [1]. This regulatory action
highlights the continuing need for accurate identification methods for
asbestos in materials. Additionally, over 125 million workers worldwide
are exposed to asbestos in their workplaces [2], and 232,000 deaths
each year are estimated [3]. The adverse health effect due to asbestos
exposure has a significant impact on public health systems [4-8] and is
considered to be the “largest single cause of occupational cancer” in the
US [9]. Asbestos has been used in many applications or types of products
for industrial and commercial use. The applications in which asbestos
has been used in cement, plastics, resins, roofing, thermal and electrical
insulation, cement pipe and sheets, flooring, gaskets, friction materials,
coating and compounds, textiles, paper, mastics, thread, fiber jointing,
and millboard [10]. Given the substantial health impact and widespread
use of asbestos-containing materials (ACMs), the development of
improved analytical methods for asbestos fibers and other elongate
mineral particles (EMPs) is recommended for the prevention of worker
injury and illness [11-14].

Currently, the most common standard analytical method for asbestos
identification in bulk samples is polarized light microscopy (PLM) [15]
and the method is used in several methods for the identification and
quantification of asbestos that have been established by regulatory
agencies [16-18]. However, there are known limitations of the tech-
nique. PLM relies on the knowledge of the microscopist, and misiden-
tification including false positive, false negative, and asbestos
identification errors can occur due to similarities in optical and
morphological properties between asbestos and non-asbestos fibers [19,
20]. The resolution of light microscopy can limit the identification of the
smallest asbestos fibers in some products. In addition, pretreatment such
as heat and acid treatment can modify the refractive index of asbestos
and induce alterations in its color [17,18,21]. Therefore, alternative
methods are recommended for more accurate asbestos identification to
be used in conjunction with PLM. Transmission electron microscopy
(TEM) is often used to confirm asbestos identification; however, the
instrument is expensive and requires a specialized laboratory with
well-trained lab personnel for analysis [18,22]. Due to these operational
limitations, there is growing need to introduce more accessible and
cost-effective alternatives, such as FTIR spectroscopy.

Utilizing Fourier Transform Infrared (FTIR) can be an option for
asbestos identification by providing known mineralogical information of
samples [23-25] and may minimize human bias that is driven by the
inherent subjectivity of interpreting optical properties when using PLM.
In addition FTIR has been demonstrated to be a cost-effective, non-de-
structive technique with minimal sample preparation and fast analysis
time [26-30]. Recently, Zholobenko et al. showed an application of
vibrational spectrometers [FTIR, Near IR (NIR), and Raman] for asbestos
detection in ACMs [31]. Swayze et al. have demonstrated the utility of IR
spectroscopy for recognizing amphibole minerals in commercial
vermiculite insulation products [32]. In addition, Lee et al. showed an
application of FTIR spectrometry and multivariate data analysis for
classification between six regulated asbestos and their non-asbestiform
analogs. The samples from the study were laboratory generated with
the well characterized reference materials but not real ACMs [33].

The present study was conducted to investigate a laboratory pro-
cedure for an asbestos identification tool in suspected bulk ACMs using
the Diffuse Reflectance Infrared Fourier Transform (DRIFT) mode along
with multivariate data analysis via Partial Least Squares-Discriminant

Analysis (PLS-DA).
2. Materials and methods
2.1. Sample preparation for training data and FTIR measurement

Six regulated asbestos types were used for the model calibration
(Table 1): 1) actinolite (National Institute for Standards and Technology
(NIST) Standard Reference Materials (SRM), NIST SRM 1867), 2) Am-
osite (NIOSH, GF-38), 3) anthophyllite (NIOSH, AF-45), 4) chrysotile
(NIOSH, CH-29), 5) Crocidolite (NIOSH, CR-36), and 6) tremolite
(NIOSH, TF-48). The NIOSH reference materials were prepared and
characterized to provide reference materials for the development of
analytical methods [34] and the material have also been utilized in prior
research studies [33-37]. All five NIOSH reference materials were mil-
led to have a particle size distribution similar to that found in an
occupational environment [34] except the NIST actinolite. The actino-
lite was ground using an XRD-Mill (McCrone Microscope and Acces-
sories LLC) for 30 min, filtered, and dried for further preparation.
Because the particle sizes may affect the FTIR absorption [38], a series of
sieves (ASTM E-11 standards) with mesh sizes of 250 um (No. 60) and
106 um (No. 140) were employed to obtain a uniform sample size range
(106-250 pm). The particle size range was chosen because preparation
with relatively larger sizes might be easier compared to the smaller sizes
(minimizing grinding). The mass of each asbestos type was determined
using a microbalance (Mettler-Toledo, Columbus, OH, USA) and thor-
oughly mixed with potassium bromide (KBr, IR transparency) at a
dilution ratio of 1:100 [39]. The total mixture mass of each sample was
approximately 100 mg. A portion of the mixture was transferred to a
sampling cup (10 mg capacity, ThermoFisher Scientific, Waltham, MA),
and the sampling cup was placed in a cup holder inside of the diffuse
reflectance accessory (COLLECTOR™ II, P/N 0030-0XXP, Thermo-
Fisher Scientific) for FTIR measurement. FTIR spectra were obtained
using a portable FTIR (Nicolet iS5, ThermoFisher Scientific) spectrom-
eter equipped with a diffuse reflectance accessory. The application of
DRIFT is designed to analyze geochemical composition and poly-
morphism with simple sample preparation steps [24,40,41]. The DRIFT
technique captures the diffused scattered light of the sample that is
focused on the detector through optical mirrors to generate a spectrum
[42], and qualitative and quantitative asbestos analysis in bulk samples
using the DRIFT technique have been demonstrated [43-46]. The con-
ventional transmission mode requires more steps to prepare KBr pellets
[40], adding uncertainty due to KBr pellet thickness variability and
changing the structure of crystalline substances in the sample during
pellet pressing [24]. The DRIFT technique was chosen because it allows
direct analysis of asbestos and KBr mixtures with minimal preparation,
avoiding the pressure induced structural changes that can occur during
pellet preparation in transmission mode, and preserving the chemical
and morphological integrity of the asbestos. The measured samples in

Table 1
Asbestos reference materials for PLS-DA model calibration.

Asbestos Type Source Reference number
Actinolite NIST", Fairfax County, VA, USA SRM 1867
Amosite NIOSH*, Lydenburg, South Africa GF-38
Anthophyllite NIOSH*, Montana, USA AF—-45

Chrysotile NIOSH*, Idria Range, CA, USA CH-29
Crocidolite NIOSH*, South Africa CR-36

Tremolite NIOSH*, Rajasthan, India TF—-48

*National Institute of Standards and Technology
*National Institute for Occupational Safety and Health
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the sampling cup were placed back into the original mixture and mixed
thoroughly for another FTIR measurement. Although the training
spectra for each asbestos type were derived from the same mixture, they
were not identical and spectral variation might arise between the sam-
ples due to slight differences in mass and ratio of asbestos to KBr. The
OMNIC 9.7.46 software was used in a Kubelka-Munk mode at 4 cm™?
resolution by averaging 16 scans. For the training data, a total of 600
spectra were collected (100 spectra for each asbestos type) over the
wavenumber range of 4000-400 cm L. Each day, an average of 10 blank
potassium bromide (KBr) measurements was utilized as a background
for the asbestos sample measurement.

2.2. Multivariate data analysis

PLS-DA (PLS_Toolbox, v8.9.1, Eigenvector Research Inc., Manson,
WA) operating in MATLAB (The MathWorks, Inc.) was utilized to
observe patterns of similarity within FTIR spectra from six asbestos
types. PLS-DA is a statistical method for classification and discrimina-
tion tasks, commonly applied in fields such as pharmaceuticals, envi-
ronmental monitoring, forensic science, food chemistry, and
chemometrics [47,48]. PLS-DA models rely upon the FTIR wavenumber
intensities along with the shape of the spectra and works to group the
spectra based on relative similarity, and dissimilarity, to all other
spectra in the training data. The samples with similar spectra will be
closely clustered on a score plot, while the samples with dissimilar
spectra will be clustered further apart. PLS-DA is an extension of partial
least squares regression (PLS) and works by finding latent variables
(LVs) that maximize the covariance between the predictor variables (X —
FTIR data) and the class indicators (Y — asbestos type). These latent
variables are then used to build a predictive model that classifies un-
known samples into one of the predefined PLS-DA classes. The PLS-DA
model was cross-validated using Venetian blinds with 10 splits and a
blind thickness of 1 with a cross-validation class error average of 0 for
each class of the training data. When cross-validating the model, the
algorithm leaves out the class data from a subset of the data, then tries to
predict the class and use the known class information to see if it correctly
predicts the class. The data in the PLS-DA model was preprocessed via
Savitzky-Golay 1st derivative (second order polynomial with a
15-wavenumber smoothing window), 1-normalization, followed by
median centering before hierarchical cluster analysis via Ward’s method
and PLS-DA [49]. The spectral range of 400-1200 cm™! wavenumbers
was employed for training data. When analyzing the training data, the
first five latent variables (LVs) were selective based on cross-validation
results and cumulative explained variance (91.83 %), ensuring optimal
model accuracy with the first LV accounting for 30.77 % and the second
LV accounting for 29.49 % of the total variance in the data. Class error is
defined as the average of false positive rate and false negative rate for
each class (1 - (sensitivity + specificity)/2).

2.3. PLS-DA model evaluation

2.3.1. Laboratory generated challenge samples

In order to evaluate the PLS-DA model, three different groups of
laboratory generated samples were prepared: 1) samples with the cali-
bration samples (Table 1); 30 single asbestos samples (5 different sam-
ples for each asbestos type) and 45 samples of mixed two asbestos types
with 1:1 mass-based ratio (3 different samples for 15 different pairs), 2)
additional 19 different asbestos reference materials (Table 2) for FTIR
spectra variation between the reference materials, 3) glass fibers and
wollastonite as false negative samples (non-asbestos fibers). The prep-
aration and analysis for each sample was the same as the calibration
samples; mixed with KBr, measured with FTIR, and processed with PLS-
DA.

2.3.2. Suspected ACM bulk samples
The suspected ACM bulk samples were from three different
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Table 2
Other reference materials for PLS-DA prediction.

PLS-DA prediction PLS-DA prediction

fi
Re ere-nce Source with all asbestos with actinolite and
materials X
types tremolite only
Juneau, AK Tremohtf: / Actinolite
Crocidolite
Actinolite Goolwa
Quarries, South Unassigned Actinolite
Australia
U.S. Bureau of .
. Amosite
Amosite Mines standard
NIST SRM1866b Amosite
Palm Springs, CA  Anthophyllite
Anthophyllite NIST SRM1867a Anthophyllite
Dadeville, AL Anthophyllite
US Bureau of Chrysotile
Chrysotile Mines standard
NIST- 1 b hi il
ST-SRM1866 Chrysotile Not applicable
NIST-SRM1866b Crocidolite
NIOSH, CR—-37 Crocidolite
UIC;C’ South Crocidolite
Africa
Crocidolite
U.S. Bureau of Crocidolite
Mines standard
Wittenoom,
Western Crocidolite
Australia
Lone Pine, CA Actinolite Actinolite
Barstow, CA Tremolite Tremolite
Cemetery Ridge, Unassigned Tremolite
CA
Tremolite .
CK Williams R
. Actinolite/
Quarry, Easton, Unassigned .
Tremolite
PA
El Dorad
Cour?tr;, g A Unassigned Tremolite

laboratories; 1) RJ Lee Group provided the ACM bulk samples collected
from the remediation and/or building management industries and the
samples contain either chrysotile or no asbestos. The ACM bulk samples
were analyzed by PLM (Leica DM750P) following the U.S. EPA method
600/R-93/116 [17], 2) Research Triangle Institute International pro-
vided amphibole-containing bulk materials previously used for PLM
proficiency testing of the National Voluntary Laboratory Accreditation
Program (NVLAP) and the samples were analyzed by the US EPA method
600/R-93-116 [17], and 3) A laboratory in the United Kingdom pro-
vided four additional suspected ACMs collected from industrial facility
(pipe insulations) and the samples were analyzed by a NIOSH contracted
laboratory using PLM analysis (NIOSH method 9002) [21]. Visible fibers
were extracted from the ACM bulk samples when possible and mixed
with KBr for FTIR measurement (five different FTIR measurements for
each sample). When fibers were not visible from the samples, a random
portion of the sample was extracted and mixed with KBr. Further sample
treatment including muffle furnace ashing and acid wash [22] were
added when necessary (failure on a classification from the PLS-DA
(unassigned) or no visible fibrous materials). The ashing process was
conducted using a muffle furnace (MS Microtherm, Mellen Company,
Concord, New Hampshire) for 2 h at 490°C to remove organic materials.
Hydrochloric acid (25 %) was utilized to remove calcite in the samples.

2.3.3. Additional samples for particle size effect
Additional 25 samples of chrysotile (NIOSH, CH-29) and Amosite
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(NIOSH, GF-38) in smaller size (<53 um) compared to the calibtration
samples, were prepared for particle size effect on the FTIR measurement.

3. Results and discussion
3.1. Asbestos classification and prediction

FTIR DRIFT spectra of the asbestos reference samples within the
range of 400-1200 cm! (Top) and the classification of asbestos types
using calibration samples including the score plot generated with the
first two latent variables (LVs) from the PLS-DA model (Bottom) are
shown in Fig. 1. Although five LVs were used for prediction, the first two
captured the most significant spectral differences. All asbestos types
showed distinct clusters except actinolite and tremolite due to their
similarities in peak positions in the FTIR spectra [46]. Each asbestos type
has a threshold value (Y-predicted) based on the LVs. For an unknown
sample to be assigned to an asbestos type, the prediction probability
must exceed the threshold value. In PLS-DA, a Bayesian method is used
to calculate the probability that a sample belongs to a class [50]. This is
achieved by fitting a normal distribution to the predicted y-values for
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each class and then using that distribution to calculate the probability.
The Y-predicted value of each asbestos type was around 0.5, except for
Crocidolite which exhibited a lower threshold (0.2). However, the clear
classification of each of the six asbestos types was observed, and the
PLS-DA model can differentiate between the asbestos types. While
various approaches exist for validating predictions of unknown samples
using a PLS-DA model [51], the present study employed Y-predicted
values in cross-validation prediction plots (above or below Y-predicted
cut-off value) and Class Prediction Probability, either O (unassigned) or
1 (assigned an asbestos type(s)) for its classification.

Donut plots for actual sample composition and average Y-predicted
values of asbestos compositions for challenge single asbestos samples are
shown in Fig. 2. Each donut plot has the two highest Y-predicted values
(%) of asbestos types and other types (the sum of predicted values (%)
from all other asbestos types together). The Y-predicted values are an
average of five individual Y-predicted values from five different FTIR
measurements. The PLS-DA model accurately predicted the asbestos
type for all challenge single asbestos samples based on two criteria: 1)
above the Y-predicted cut-off value on the actual asbestos type and 2)
correct Class Prediction Probability value (1) on the actual asbestos
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= 4 — Anthopholite Tremolite
3
T ] N [/
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Fig. 1. Asbestos reference samples FTIR DRIFT spectra within the range of 400-1200
and cross-validation prediction plot with Y-predicted cut-off value of each asbestos
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em ! (Top) and classification of asbestos types in the score plot (Bottom center)
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0 5.71% Tremolite
3 7.01% Other

3 92.01% Amosite
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3 2.00% Other 1 16.05% Other
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olo.
©0O

=3 67.30% Crocodlite
3 14.76% Chrysotile
3 17.95% Other

3 80.76% Tremolite
=3 7.28% Chrysotile
3 11.96% Other

3 88.69% Chrysotile
3 7.31% Tremolite
3 4.00% Other

Fig. 2. Actual mass content (%) and averaged Y-predicted composition (%) of the asbestos types for a single asbestos sample.

type. The highest Y-predicted value was found in Amosite sample #2
(0.92), while the lowest Y-predicted value was found in the antho-
phyllite sample #3 (0.61).

Donut plots for actual sample mass content (%) and average Y-pre-
dicted values of asbestos compositions for mixed challenge samples are
shown in Fig. 3. Each sample is a mixture of two asbestos types at a 1:1
mass-based ratio. Three individual samples for each sample were pre-
pared and averaged. For all 15 mixed samples, the model correctly
predicted two asbestos types (double assigned; Class Prediction Proba-
bilities were 1 s on both asbestos types) except #4, #5, and #15. Sam-
ples #4, #5, and #15 were predicted as one asbestos type, actinolite,
tremolite, and tremolite, respectively.

The present study utilized the NIOSH and NIST reference materials
for six regulated asbestos types (Table 1). It is possible that even within
the same asbestos type there may be variation within the FTIR spectrum
between samples which are driven by compositional variability of the
source deposits. For example, if two tremolite asbestos reference mate-
rials were collected from two different locations but clustered in

00
00
00

Predicted

60

3 69.55% Actinolite
3 30.35% Anthopholite
3 0.10% Other

3 59.44% Actinolite
B3 37.17% Amosite
[ 3.39% Other

3 75.24% Actinolite
B3 24.35% Crocodlite
3 0.41% Other

3 75.67% Actinolite
B3 2267% Chrysotile
0 1.66% Other

£ 57.05% Tremolite
3 5.40% Other

different locations on a PLS-DA score plot, there would be a discernable
effect of compositional variability within tremolite. If this were the case,
the model would need to be built with all possible different reference
materials from multiple locations in order to capture the range of
compositional variability and would result in complications in the use of
PLS-DA models for asbestos identification. PLS-DA model prediction for
the additional 19 different asbestos reference materials are shown in
Table 2. The model correctly predicted all reference materials except
actinolite and tremolite. Another prediction was made with only actin-
olite and tremolite calibration samples, and PLS-DA was predicted
correctly except for two samples (Lone Pine and CK Williams quarry).
The prediction of the PLS-DA for glass fiber samples [52] were
unassigned (no asbestos found), while wollastonite was misclassified as
tremolite. Zholobenko et al. included other materials that can be found
in ACMs in the calibration procedure for a better identification [31].
When the wollastonite was included in the PLS-DA model (n = 100) as
training data along with the six asbestos types and the PLS-DA, predic-
tion was correct (data not shown). Calibrating the model with

|
[ Actinolite
1 Amosite

\ 3 Chrysotile
[ Anthophyllite
3 Crocidolite
[ Tremolite
[ Other

3 42.51% Anthopholite
3 10.63% Other

B3 33.05% Crocodlite
3 26.26% Other

Actual

©

Predicted

odo,
ofo,
O

S |

3 43.63% Anthopholite
3 45.80% Chrysotile
03 10.57% Other

3 3261% Anthopholite 3 72.85% Amosite
3 64.06% Tremolite B33 26.22% Crocodlite
3 3.34% Other 03 0.93% Other

£3 53.37% Amosite
3 44.89% Chrysotile
3 1.74% Other

oo

olo
GO
©

54.30% Amosite 3 51.72% Chrysotile 3 16.51% Crocodlite 3 23.43% Chrysotile
4570% Tremolite 3 44.50% Crocodite 3 78.68% Tremolite 53 76.57% Tremolte
03 3.79% Other 3 4.80% Other

Fig. 3. Actual mass content (%) and averaged Y-predicted composition (%) of the asbestos types for mixed challenge samples.
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interference or hierarchical modeling [53] are possible approaches that
might be worth checking the model’s prediction when other materials
were included in the training process.

A box plot generated with Y-predicted values of 25 chrysotile-
containing samples is shown in Fig. 4. Five different FTIR measure-
ments for each sample were obtained. These samples were identified as
chrysotile asbestos by PLM analysis with an estimated chrysotile content
in the bulk materials ranging from 0.15 % to 90 %. These samples
represent a cross-section of ACM building materials provided to a
commercial laboratory for analysis found to be positive for asbestos by
PLM and are predominantly comprised of flooring, roofing, and insu-
lation materials. The median Y-predicted value of the training samples is
1.03. The Y-predicted values of samples #1-#20 were greater than the
threshold value of chrysotile asbestos, and Class Prediction Probabilities
were 1s on chrysotile. However, Y-predicted values of 5 samples
(#21-#25) were below the threshold value, and Class Prediction
Probabilities were either 0 (unassigned) or 1 (other asbestos types,
sample #23 assigned as Amosite and tremolite). Because most of the
ACMs contain other materials such as rock wool, slag wool, fiberglass,
gypsum, vermiculite, perlite, clay, calcite. [17], extra sample treatment
(muffle furnace ashing and acid washing) for those 5 samples was
conducted. After the muffle furnace ashing process, samples #21 and
#22 were predicted as chrysotile. After both the ashing and
acid-washing processes, samples #23 and #24 were predicted as
chrysotile. However, sample #25 remained unassigned after the treat-
ments. Adding the sample treatment steps in the procedure, especially
the samples with no visible fibrous materials, might minimize the po-
tential for interference with other materials in FTIR spectra and result in
more accurate predictions. The prediction of the PLS-DA for 12
non-asbestos-containing bulk samples were unassigned (no asbestos
found) and it remained unchanged after ashing and acid washing.

Donut plots for amphibole-containing bulk materials (1 actinolite, 2
Amosite, 2 anthophyllite, 1 Crocidolite, and 1 tremolite-containing
material) with Y-predicted values of asbestos compositions are shown
in Fig. 5. The amphibole samples are materials for an acid waste storage
tank wall, block insulation, board insulation, and laboratory-generated
samples, and estimated asbestos content in the bulk materials ranges
from 1.1 % to 28 %. The PLM analysis results of anthophyllite (sample
#1), Amosite (sample #2 and #3) and Crocidolite (sample #4) samples
each agreed with the PLS-DA predictions. PLS-DA initially predicted
unassigned for the samples of anthophyllite (sample #5, 3 %), tremolite
(sample #6, 1.5 %), and actinolite (sample #7, 1.5 %), but both analysis
results agreed after muffle furnace ashing and acid washing.

Donut plots of multiple asbestos-containing bulk samples with esti-
mated percentages as analyzed by PLM and the Y-predicted values from
the PLS-DA model are shown in Fig. 6. Chrysotile, Amosite, and
Crocidolite were detected in all samples by the PLM analysis, and Y-

.18

After ashing and acid washing

0.0

Y Predicted (Chrysotile)
{_Th
H
—
{ITh
1]
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predicted values from the PLS-DA partially align with the PLM analysis.
The PLS-DA (Class Prediction Probability) predicted samples #1 as
chrysotile and Crocidolite (double assigned), #2 as chrysotile, #3 as
Amosite, and #4 as Amosite. It should be noted that the PLS-DA pre-
diction was better with single asbestos-containing materials than with
multiple asbestos-containing materials, which may need further
evaluation.

3.2. Particle size and sample number for PLS-DA calibration

Twenty-five extra samples smaller than 53 um of chrysotile and
Amosite samples were prepared for particle size effect on the FTIR
measurement, and no difference between particle sizes on PLS-DA pre-
diction was found.

Because the Y-predicted values can be dependent on the sample
number of the training samples, the Y-predicted values of challenge
samples (single asbestos samples) were determined with various sample
numbers of PLS-DA calibration samples (n = 100, 83, 66, 50, 33,17, 8, 2
for each asbestos type). Although all the challenge samples were
correctly predicted regardless of sample number, the overall Y-predicted
value for each asbestos type was negatively affected when the sample
number was decreased. This finding aligns with the idea that larger
training datasets tend to enhance accuracy in all types of machine
learning by reducing the chances of overfitting [54]. However, the
optimal sample number using FTIR and PLS-DA for asbestos identifica-
tion is still unknown and need to be more investigated; may be unique
based on the specific needs of the modeling technique that is used.

3.3. KBr background effect

Although the model correctly predicted the single-class challenge
samples, the challenge samples clustered a little off from the calibration
samples on the score plot. In addition, the average Y-predicted value of
chrysotile asbestos was around 70 % and it should be higher because the
calibration and challenge samples are from the same material, and both
have a similar mass ratio chrysotile to KBr. The average KBr background
sample was obtained when the FTIR spectra for calibration samples were
collected and the same background was used for challenge samples,
which was attributable to the relatively lower Y-predicted composition
levels due to day-to-day variations in temperature and relative humidity
levels. The average KBr background sample was obtained for the day of
the sample measurement and the average Y-predicted value level of the
chrysotile was increased to 89 % (Fig. 2).

3.4. Limit of detection

To determine the limit of detection (LOD), around 100 mg of each
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Fig. 4. Box plot of Y-predicted values for 25 chrysotile-containing samples along with Y-predicted cut-off value (red dotted line).
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Fig. 5. Amphibole-containing bulk materials with Y-predicted values of asbestos compositions and changed Y-predicted values after pretreatment.
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Fig. 6. PLM asbestos estimation (%) and Y-predicted values from the PLS-DA model of multiple asbestos-containing bulk samples.

type asbestos and KBr mixture samples were prepared with different
mass-based % of asbestos to KBr (0.1, 0.025, 0.0063, and 0.0016 wt%).
Because the sampling cup is not capable of holding 100 mg of the
mixture sample, the asbestos mass in the sampling cup was estimated
using the actual mass of the mixture sample determined by gravitational
analysis and mass %. For each mass ratio, 25 FTIR spectra were obtained
and processed with PLS-DA. The PLS-DA predictions were used to
determine LODs; the lowest mass that the model predicted correctly. The
estimated lowest masses that PLS-DA predicted correctly were 0.16 pg
for tremolite, 0.22 pg for Crocidolite, 0.84 ug for Amosite, 0.86 pg for
actinolite, 0.92 pg for chrysotile, and 3.96 ug for anthophyllite. It is
important to note that the limit of detection (LOD) values in this study
were determined using pure asbestos samples mixed with KBr under
controlled laboratory conditions. As a result, the minimum detectable
masses identified here may not directly correspond to the minimum
detectable mass in a commercial asbestos-containing material (ACM)
analyzed using this technique.

3.5. Limitation and strength of the method

Zholobenko et al. analyzed ACMs using NIR spectroscopy without
any pretreatment procedure and fiber extraction and showed distinctive
NIR spectra patterns in the wavenumber 7300-7000 cm ' (O-H
stretching vibrations) [31]. However, the present study extracted
fibrous sections from the samples, and extra sample treatment steps
were involved depending on the matrix of the material, indicating that
extraction of the sample may not fully represent the entire ACMs, and
additional samples from different sections of the ACM sample might be
required. In addition, misclassification from the PLS-DA model can
occur if the sample mass deviates significantly from the calibration data
or if interference is raised from other materials in the 400-1200 cm ™

region. Additionally, using high-dimensional datasets for multiclass
prediction, which are driven by the assumption of linearity and reduced
into latent variables, makes understanding and interpreting the results
challenging. The laboratory protocol presented here might be less
dependent on the experience of the analyst compared to the microscope
analysis by measuring unique chemical properties of the asbestos and it
is cost-effective, rapid and sensitive. The PLS-DA model has demon-
strated that specific interest minerals can be added to the calibration
data, making it a valuable tool for asbestos identification and potentially
for other elongated mineral particles (EMPs).

Based on the findings from the present study, a laboratory procedure
of asbestos identification using FTIR and PLS-DA can be suggested, and
it is shown in Fig. 7. The acid washing and ashing procedures were
recommended when no asbestos was predicted with visible fibers

Suspected Asbestos
Containing Materials

Acid
washing/ashing

FTIR/PLS-DA

Fig. 7. A suggested laboratory procedure of asbestos identification in suspected
asbestos-containing materials using FTIR and PLS-DA.
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because asbestos and other materials could interfere with FTIR spectra.

4. Conclusion

FTIR combined with PLS-DA showed a rapid, cost-effective, and
reliable procedure for identifying asbestos types in bulk samples. The
model accurately classified single-asbestos samples and aligned with
PLM analysis results. While PLS-DA model prediction with the multiple
asbestos containing samples was less accurate, additional sample
treatments improved accuracy. Further optimization through expanded
datasets and model refinement is necessary.

Disclaimer

The findings and conclusions in this report are those of the authors
and do not necessarily represent the official position of the National
Institute for Occupational Safety and Health (NIOSH), Centers for Dis-
ease Control and Prevention (CDC). Mention of any company name or
product does not constitute endorsement by NIOSH.

Environmental implication

This study developed and validated a laboratory method for identi-
fying asbestos types in bulk materials using FTIR combined with
multivariate data analysis. The method was tested on laboratory-
generated asbestos-containing samples as well as on suspected ACMs
collected from the remediation and building management sectors. This
approach could serve as a complementary tool for asbestos detection in
bulk samples together with other analysis methods including polarized
light microscope and transmission electron microscope. While the
method performs well for single asbestos containing samples, less ac-
curate classification was found with multiple asbestos containing
samples.
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