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Classification of asbestos and their nonasbestiform analogues using FTIR 
and multivariate data analysis 
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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• Asbestos and analogues were classified 
using FTIR and multivariate data 
analysis. 

• Classification of asbestos types with the 
method is possible. 

• Classification of asbestos and their non- 
asbestiform analogues is also possible. 

• PLS-DA of KBr pellet samples has an 
average 0.7% chance of 
misclassification. 

• PLS-DA of PVC filter samples has an 
average 4.6% chance of 
misclassification.  
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A B S T R A C T   

This study presents a possible application of Fourier transform infrared (FTIR) spectrometry and multivariate 
data analysis, principal component analysis (PCA), and partial least squares-discriminant analysis (PLS-DA) for 
classifying asbestos and their nonasbestiform analogues. The objectives of the study are: 1) to classify six 
regulated asbestos types and 2) to classify between asbestos types and their nonasbestiform analogues. The 
respirable fraction of six regulated asbestos types and their nonasbestiform analogues were prepared in potas
sium bromide pellets and collected on polyvinyl chloride membrane filters for FTIR measurement. Both PCA and 
PLS-DA classified asbestos types and their nonasbestiform analogues on the score plots showed a very distinct 
clustering of samples between the serpentine (chrysotile) and amphibole groups. The PLS-DA model provided 
~95% correct prediction with a single asbestos type in the sample, although it did not provide all correct pre
dictions for all the challenge samples due to their inherent complexity and the limited sample number. Further 
studies are necessary for a better prediction level in real samples and standardization of sampling and analysis 
procedures.   

1. Introduction 

The exposures to airborne asbestos fibers and other elongate mineral 
particles (EMPs) in occupational and natural environments can cause 

asbestosis, pulmonary inflammation, mesothelioma, and other cancers 
[9,17,18,29,31]. The number of deaths due to work-related asbestosis 
and malignant mesothelioma during 2005–2014 in the U.S. were 13,024 
and 27,284, respectively [44]. Asbestos causes an estimated 255,000 
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deaths annually, and work-related exposures are responsible for 233, 
000 deaths worldwide [11]. Many countries are still producing asbestos 
(Collegium [8]), and asbestos-containing products are available in the 
U.S. market [27]. There are many analytical techniques available to 
characterize asbestos and other EMPs including phase contrast micro
scopy (PCM), polarized light microscopy (PLM), scanning electron mi
croscopy (SEM), transmission electron microscopy (TEM), vibrational 
spectroscopies (Fourier Transform Infrared (FTIR) and Raman), and 
X-ray diffraction (XRD). The recommended analytic techniques are 
dependent on the sample matrix [15], and the combination of the 
analysis is a reasonable approach. For example, PCM is recommended 
for airborne asbestos and other fibers exposure index, and TEM is rec
ommended for asbestos identification [39]. Although previous literature 
has shown the advantages of using IR for the measurement of asbestos 
(fast-within minutes of sample measurement, non-destructive, sensitive, 
and cost-effective) [3,12,46], the analysis method has not gained wide 
acceptance due to its limitations [20]. The limitations of asbestos 
analysis with traditional IR include: 1) difficulty distinguishing asbestos 
from their nonasbestiform analogues which are the same minerals 
(identical chemical and atomic structure) but with different growth 
habits and 2) inaccuracy of quantification due to the presence of con
founding minerals in the samples. The National Institute for Occupa
tional Safety and Health (NIOSH) has a continuing project to create a 
direct-on-filter measurement method for respirable crystalline silica 
(RCS) using portable FTIR spectrometers for field-based measurement 
including generating results at the end of the shift [6,7,16,33,34], which 
provides rapid exposure levels compared to the laboratory analytic 
methods. Multivariate data analysis has been applied on the FTIR 
spectra to reduce uncertainties due to confounding minerals with the 
possible benefit of more accurate prediction of RCS exposure levels 
when dealing with samples with complex mineralogy [35,48,50,51,54, 
55] and assist interpretation and classification of information-rich 
spectra [53]. In addition, the application of FTIR and multivariate 
analysis has been shown to accurately identify pigments and temperas 
on historical paintings [45], mineralogical composition of ancient pot
tery [32], mineral components of shale rocks [38] and to distinguish 
biological samples including COVID-19 infections and diseased cells [2, 
37,53]. The measurement technique with FTIR and multivariate data 
analysis hasn’t been applied on asbestos identification, and if it is 
achievable, the analysis could be an alternative asbestos analytical 
technique. This study is the first attempt in using FTIR and multivariate 
data analysis, including principal component analysis (PCA) and partial 
least squares-discriminant analysis (PLS-DA) to: 1) classify the six 
regulated asbestos minerals–actinolite, amosite, anthophyllite, chryso
tile, crocidolite, and tremolite and 2) classify between asbestos minerals 
and their nonasbestiform analogues–actinolite, grunerite, anthophyllite, 
antigorite, riebeckite, and tremolite. 

2. METHOD AND MATERIALS 

2.1. Asbestos and their analogues 

The following well-characterized asbestos minerals and their ana
logues were used in this study (Table 1, Regulated asbestos): 1) actin
olite (National Institute for Standard and Technology (NIST) standard 
reference materials (SRM), NIST SRM 1867), 2) amosite (NIST SRM 
1866), 3) anthophyllite (Palm Springs, CA), 4) chrysotile (NIST SRM 
1866), 5) crocidolite (NIST SRM 1866), and 6) tremolite (Lone Pine, 
CA). Asbestos nonasbestiform analogues include: 1) actinolite (San 
Bernadino Co., CA), 2) grunerite (Marquette Co., MI), 3) anthophyllite 
(Kopparberg, Sweden), 4) antigorite (Estrie, Quebec, Canada), 5) rie
beckite (Pike’s Peak, CO), 6) tremolite cleavage fragment (National 
Institute of Environmental Health Sciences (NIEHS), prepared by the U. 
S. Bureau of Mines). Most of the materials were fully characterized and 
utilized in previous studies [13,14,19]. 

2.2. Potassium bromide pellet samples and FTIR measurement 

To collect a respirable-size fraction of asbestos and their non
asbestiform analogues, each mineral was placed in a Pyrex tube with 
100-μm copper beads (TSI Inc., Shoreview, MN, USA) that was fixed on a 
vortex mixer (Vortex-Genie 2, Scientific Industries Inc.) and generated 
using a vortex mixer shaking method [21,22,24]. During vortex mixing, 
filtered air entered the Pyrex tube through a port at the top of the tube 
enabling aerosol suspension. The respirable-size fraction of the particles 
was then collected using GK4.126 cyclones loaded with polycarbonate 
filters (47-mm, pore size 1.0 µm, operating at 9.0 liter/min) [26]. The 
collected samples were scraped off the filters to prepare potassium 
bromide (KBr) pellet samples. The mass of each respirable-size fraction 
of the samples was weighed using a microbalance and mixed with 150 
mg of KBr. Mixed samples were pressed using a 13-mm KBr pellet die 
(Specac Ltd, Orpington, UK) and a hydraulic pellet press (MSE Supplies, 
Tucson, AZ, USA). Each KBr pellet was analyzed with a portable FTIR 
(Alpha, Bruker, Billerica, MA) using the saved file of the blank KBr as a 
background, and spectra were collected in transmission mode at 4 cm− 1 

resolution by averaging 32 scans. FTIR measurement duration for each 
sample was less than a minute. 

2.3. Air sampling and FTIR measurement 

Polyvinyl chloride (PVC, 25-mm, pore size 5.0 µm, SKC Inc., Eighty 
Four, PA USA) and mixed cellulose ester (MCE, 25-mm, pore size 0.8 µm, 
SKC Inc.) filters were equilibrated for a minimum of 24 h under specific 
temperature (26 ◦C ± 2) and humidity (50% ± 2) conditions before and 
after sampling in a weighing room. All samples were weighed before and 
after sampling using a microbalance (XP26, Mettler-Toledo, Columbus, 
OH, USA). Prior to air sampling, the FTIR background of each PVC and 
MCE filter was measured and saved. The particle suspension method was 
the same as described above. Particles larger than the respirable-size 

Table 1 
Asbestos and their nonasbestiform analogues.  

Asbestos Nonasbestiform analogues 

Type Source Reference Type Source Reference 

Actinolite NISTa NIST SRMb 1867 Actinolite near Wrightwood, San Bernadino Co., CA [13] 
Amosite NISTa NIST SRMb 1866 Grunerite Marquette Co., MI [47] 
Anthophyllite Palm Springs, CA RTIc internal report Anthophyllite Kopparberg, Sweden [13] 
Chrysotile NISTa NIST SRMb 1866 Antigorite Estrie, Quebec, Canada Not available 
Crocidolite NISTa NIST SRMb 1866 Riebeckite Pike’s Peak, Colorado Springs, CO [19] 
Tremolite Lone Pine, CA [14,19] Tremolite NIEHSd [13,19]  

a National Institute of Standards and Technology 
b Standard Reference Material 
c Research Triangle Institute International 
d National Institute of Environmental Health Sciences 
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fraction were removed using a Higgins-Dewell cyclone (HD cyclone, 2.2 
liter/min), and the respirable-size fraction was collected on the filter 
attached to a cowl sampling head (Part number: 225–3-23, SKC Inc.) 
(Fig. 1). After sampling, the FTIR spectrum of each sample was obtained 
using the portable FTIR (described above) and the saved file of the filter 
as a background. 

2.4. Multivariate data analysis 

This study utilized the PLS_Toolbox (v8.9.1) and undertook multi
variate data analysis involving principal component analysis (PCA) and 
partial least squares-discriminant analysis (PLS-DA) to elucidate pat
terns of similarity within FTIR spectra derived from six distinct mineral 
types. The comprehensive spectral range (400–1200 wavenumbers) of 
each sample was employed in all subsequent data analyses. PCA and 
PLS-DA serve different purposes in multivariate data analysis. Both 
types of models use the shape of the FTIR spectra as a basis for analysis, 
and seek to group the spectra based on relative similarity to all other 
spectra in the training data. The closer the spectral profile of a sample is 
to another sample, the closer the two samples will appear on a score plot, 
while dissimilar spectra will cluster further apart. Using this concept as a 
base, PCA is primarily used for data reduction and visualization. It 
identifies the orthogonal (uncorrelated) components (principal compo
nents) that explain the maximum variance in the data. PCA doesn’t 
consider class labels or groupings; it focuses solely on variance. 

PLS-DA, on the other hand, is specifically designed for classification 
and discrimination tasks. It seeks to find the components (latent vari
ables) that maximize the separation between predefined groups or 
classes in the data. In the PLS-DA models, there is a class (mineral) for 
each sample and all samples must belong to one of the predefined 
classes. When cross-validating the PLS-DA model, the algorithm will 
leave out the class data from a subset of the data, then try and predict the 
class and use the known class information to see if it correctly predicted 
the class or not. The partial least squares (PLS) algorithm was first 
introduced for regression tasks and then evolved into a classification 
method that is well known as PLS-DA [23] and has been used in a variety 
of applications [5]. The specific application of the PLS-DA algorithm to 
classify unknown minerals as asbestiform or nonasbestiform has not 
been done. 

2.4.1. Principal component analysis (PCA) 
For PCA analysis, the data was preprocessed via Savitzky–Golay 1st 

derivative (second order polynomial with a 15-wavenumber smoothing 
window), 1-normalization, followed by mean centering. When 
analyzing the KBr data, the suggested first seven principal components 
(PCs) were used, accounting for 97.90% of the total variance in the data, 
with 56.23% occupied by the first two PCs. When analyzing the PVC 
data, the first six PCs were used, accounting for 79.77% of the total 

variance in the data, with 43.72% occupied by the first two PCs. Both 
PCA models were cross-validated using Venetian blinds with 10 splits 
and a blind thickness of 1 with a resulting root mean square error of 
cross-validation (RMSECV) of 0.0006 for the KBr data and 0.0007 for the 
PVC model. 

2.4.2. Partial least squares-discriminate analysis (PLS-DA) 
For PLS-DA analysis, the data was preprocessed via Savitzky–Golay 

1st derivative (second order polynomial with a 15-wavenumber 
smoothing window), 1-normalization, followed by mean centering 
before hierarchical cluster analysis via Ward’s method and PLS-DA. 
When analyzing the KBr data, the first seven latent variables (LVs) 
were used to best represent the data. The seven LVs account for 96.878% 
of the variance with the first two LVs accounting for 55.41% of the total 
variance in the data. When analyzing the PVC data, the first six LVs were 
used, accounting for 79.72% of the total variance in the data with 
43.58% being occupied by the first two LVs. Both PLS-DA models were 
cross-validated using Venetian blinds with 10 splits and a blind thick
ness of 1 with a cross-validation class error average of 0.06 for the KBr 
data and 0.007 for the PVC model. Class error is defined as the average 
of false positive rate and false negative rate for each class (1 – (sensi
tivity + specificity)/2). 

2.4.3. Challenge sample preparation 
To evaluate the PLS-DA models, 12 different challenge KBr pellet 

samples (3 KBr pellet samples of single asbestos (sample #1-#3), 3 KBr 
pellet samples of single nonasbestiform minerals (sample #4-#6), and a 
6-KBr pellet mixture of each asbestos type and its nonasbestiform 
analogue (sample #7-#12)) were prepared. After FTIR measurement, 
the spectra were processed with PLS-DA followed by a prediction plot. 
The composition of each sample was predicted, and the asbestos types 
were quantified in each challenge sample using predicted percent 
composition (%). 

3. Results 

A total of 84 KBr pellet samples (7 samples of each mineral) were 
prepared, and the masses of samples ranged from 0.02 mg to 0.515 mg. 
A total of 120 PVC filter samples (10 samples of each mineral) were 
prepared, and the masses of the samples ranged from 0.008 mg to 
2.307 mg. Examples of FTIR spectra of six regulated asbestos types in 
KBr pellets and on PVC filters, along with each sample mass, are shown 
in Fig. 2. The air samples with MCE filters were initially prepared, but 
due to the presence of strong absorbance (>6 absorbance units) 
observed at 1650, 1634, 1294, 1057, 851, and 832 cm-1, the MCE filters 
were dropped from the study. 
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Fig. 1. Experimental setup for air sampling of respirable-size fraction.  
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3.1. Principal component analysis (PCA) 

In an attempt to discern if FTIR data can be used to differentiate 
between asbestos and their nonasbestiform analogues, PCA was used as 
a form of dimensionality reduction via hierarchical clustering, as shown 
in Fig. 3 for (top) KBr pellet samples and (bottom) PVC filter samples. On 
a PCA score plot, two samples having similar FTIR spectral profiles were 
located closer to each other and the furthest away from any samples that 
have the most different FTIR spectrum. 

3.2. Partial least squares-discriminate analysis (PLS-DA) 

As a secondary form of clustering analysis, PLS-DA was employed, 

and the first two LVs are shown in Fig. 4 (top) for KBr pellet samples and 
(bottom) for PVC filter samples. All of the clustering analyses show very 
distinct clustering of samples by mineral with chrysotile separating 
furthest from the five amphiboles. Additionally, within each mineral 
type, the asbestiform variant subclusters are apart from the non
asbestiform, which indicates that even within the same mineral type it is 
possible to assess the presence of EMPs and successfully classify a sample 
as asbestiform. Utilizing the relatively small sample set generated in this 
study, after cross-validation the PLS-DA analysis of KBr data had an 
average classification error of 0.007, indicating that there is a 0.7% 
chance of misclassifying a newly added sample. Similarly, the PVC data 
has an average classification error of 0.046. This translates to a 95% 
probability for a pure sample of unknown mineralogy collected on a PVC 

Fig. 2. FTIR spectra of six regulated asbestos types in the KBr pellets (top) and on PVC filters (bottom) with gravitational analysis results.  
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filter to be correctly classified using FTIR spectra with the PLS-DA, given 
it is one of the 6 mineral types in the model. The use of the PVC filter 
instead of KBr pellets adds a layer of complexity to the analysis due to 
the presence of the filter (which is not exactly the same for each sample) 
and thus it is in general expected to predict slightly worse than the KBr. 

3.3. Prediction of challenge sample 

One benefit of running classification modeling is using the model to 
predict the composition of unknown samples. To accomplish this, 12 
challenge samples with a known composition consisting of a single 
mineral or a mixture of each asbestos type and its nonasbestiform 
analogue were prepared and the model predicted the composition. The 
PLS-DA predicted composition of the asbestos types (%) is shown in  
Fig. 5 together with the actual mass content of each type of asbestos (%) 
for each mixed sample. Shown in each predicted donut plot are the two 
highest % composition minerals, and all other predicted minerals are 
grouped together into “other.” As an example, the first challenge sample 
#1 was estimated to contain 100% amosite, and the model predicted the 
sample to be 91% amosite, 2% nonasbestiform actionolite, and 7% other 
minerals. The PLS-DA model would always predict the correct mineral of 
challenge samples, although the predicted composition (%) of samples 
#6 and #12 were lower than the actual one. For sample #6, the model 
failed to differentiate between the asbestiform and nonasbestiform 
habits of the same mineral. Sample #6 was 100% nonasbestiform 
tremolite while the prediction levels were 32% nonasbestiform tremo
lite, 20% tremolite, 11% actinolite, 5% nonasbestiform actinolite, 10% 
crocidolite, 10% anthophyllite and 12% other minerals. Sample #12 

was 49% of tremolite and 51% of nonasbestiform tremolite, while the 
prediction levels were 25% of tremolite, 29% nonasbestiform tremolite, 
14% actinolite, 11% nonasbestiform actinolite, 8% crocidolite, and 13% 
other minerals. 

4. Discussion 

The use of FTIR and PCA or PLS-DA for measurement of asbestos 
types and their nonasbestiform analogues could be applied for qualita
tive and/or quantitative bulk and/or airborne sample analysis; however, 
additional research is needed to fully develop this method. 

4.1. Multivariate data analysis 

Although the PLS-DA did not provide 100% correct mineral 
composition predictions for KBr pellet challenge samples, the prediction 
level can be improved with more data or through using a series of 
models. It should also be noted that these models were not trained on 
any mixed samples and only had access to the FTIR spectra of pure 
minerals, and the study was then asked to make predictions on mixed 
samples. Adding additional samples of pure minerals to the training data 
for the models will only strengthen the predictive models of future un
known mixed samples. Stach et al., [50,51] showed a near 1:1 rela
tionship between gravitational mass and predicted mass of calcite, 
dolomite, and quartz in mixed mineral samples using FTIR and partial 
least square regression algorithm. Additionally, larger training datasets 
can enhance accuracy in all types of machine learning by reducing the 
chances of data overfitting in a larger sample size [4]. A recently 

Fig. 3. Classification of asbestos and their analogues in a PCA score plot with 
KBr pellet samples (top) and air sample on PVC filters (bottom). 

Fig. 4. Classification of asbestos and their analogues in a PLS-DA score plot 
with KBr pellet samples (top) and air sample on PVC filters (bottom). 
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published article using a PLS model to predict silica from FTIR data 
found that the presence of known confounders reduced the silica pre
diction accuracy, but the effect was mitigated as the sample size of 
confounder data in the training data grew [55]. The prediction level of 
sample #5 was 35% actinolite and 46% nonasbestiform actinolite, while 
the actual sample was 100% nonasbestiform actinolite. This indicates 
that in the case of challenge sample #5, theoretically, the addition of 
more samples specifically of actinolite and nonasbestiform actinolite 
might improve its accuracy, although the number of the samples needed 
for a better prediction is still unknown. The prediction levels of sample 
#6 were 20% tremolite, 32% nonasbestiform tremolite, 16% actinolite, 
and nonasbestiform actinolite, while the actual sample was 100% non
asbestiform tremolite. The poor prediction level of the tremolite might 
be attributable to the similar spectral pattern between the actinolite and 
tremolite (Fig. 2), and their positions in the PLS-DA score plot (Fig. 4) 
were close to each other, again indicating the relative spectra. In addi
tion, peak positions of actinolite and tremolite in the low wavenumber 
range region (<1200 cm-1) were almost identical [52]. 

4.2. Method development 

The NIOSH method 9002, Asbestos (bulk) by polarized light micro
scope (PLM), is described as “useful for the qualitative identification of 
asbestos and the semi-quantitative determination of asbestos content of 
bulk samples.” This method has several limitations related with micro
scopic fiber analysis: “1) the method is not applicable to samples con
taining large amounts of fine fibers below the resolution of the light 
microscope, 2) other fibers with optical properties similar to the asbestos 
minerals may give positive interferences, 3) optical properties of 
asbestos may be obscured by coating on the fibers, 4) fibers finer than 
the resolving power of the microscope (ca. 0.3 µm) will not be detected 
and 5) heat and acid treatment may alter the index of refraction of 
asbestos and change its color [40].” The asbestos measurement with 
FTIR and multivariate data analysis might resolve these limitations, and 
the sample preparation process of the PLM analysis could be minimized. 
The identification of six regulated asbestos types in the 
asbestos-containing materials (ACM) with an updated PLS-DA model 
should be compared to the PLM analysis. Common minerals and mate
rials of the ACM should be included in the calibration process. 

In the current standard methods, the exposure levels of the RCS can 
be estimated from an absorbance at 800 cm-1 peak or area ([42], Method 
7602, 7603; [36], P-7 Method), and a similar approach at a specific 
wavenumber can be applied for the quantification of the airborne 
asbestos exposure. It should be noted that the PLS-DA model is 
employing FTIR spectra between 1200–400 cm-1, not an individual 

wavenumber, and the model may estimate exposure levels if the sample 
is within the calibration range [48,55]. A comparison would be neces
sary between the linear calibration method and PLS-DA for a better 
quantitative strategy. The current Occupational Exposure Levels (OELs) 
for asbestos is number based ([39], Method 7400, 0.1 asbestos fiber/cc), 
but the present study constructed mass-based calibration. A clear rela
tionship between fiber number and mass should be addressed. Air 
sampling can be conducted for airborne fibers in a calm air chamber 
with an optimum filter loading (100–1300 fibers/mm2) to ensure 
consistent counting [41]. The mass of fibers can be estimated using a 
gravitational analysis, and the number of fibers can be also estimated 
using the PCM fiber count in the sample. Although the mass might be 
dependent on the different asbestos types and size due to the difference 
on the specific gravity, the difference would be small. Alternatively, 
without addressing the relationship between mass and number of fibers, 
the PLS model can be trained to predict fiber count if the fiber concen
tration information is made available to the model. 

Low detection limit (LOD) of both for bulk and air samples analysis 
should be evaluated. Gadsden et al. [12] prepared KBr pellet samples 
after ashing (450 ◦C for an hour) the air sampling filters and reported 
~10 μg of LOD for airborne chrysotile at wave band 2.72 µm 
(3676 cm-1) that is associated with the vibration of lattice of hydroxyl 
groups. Employing a smaller diameter of KBr pellet (1-mm pellet) can 
lower the detection limit by 10 ng [30]. An increased RCS FTIR absor
bance unit in a smaller particle deposit area was reported [25]. A better 
classification accuracy was observed when the samples were prepared 
with KBr for both PCA and PLS-DA (Figs. 3 and 4). In addition, a larger 
absorbance unit (around more than 2 times higher) in the KBr pellets 
samples was found and compared to the samples on the PVC filter with 
similar mass (Fig. 2). Although extra sample preparation procedures 
including removing air sampling filters and making KBr pellets can be 
involved, the procedure can reduce uncertainties from direct-on-filter 
(DOF) FTIR measurement. The PVC filter for the air sampling can be 
ashed using low temperature or muffle furnace [42,43]. 

The FTIR spectra of the samples were only obtained through 
transmission-absorption analysis which might have had an uncertainty 
of the thickness of the pellet. Alternatively, diffuse reflectance IR spec
troscopy (DRIFT) mode, where the IR beam is scattered by the sample 
surface, collected by the mirror, and sent to the detector, can be another 
method to be evaluated. The sample preparation step of the DRIFT is 
simply putting samples on the DRIFT sample holder; and it is a fast and 
non-destructive method [1,49,52], which could help to increase sample 
number in a short period of time. Asbestos quantification in 
asbestos-containing materials using the DRIFT technique showed 
promising results [1,49]. Near-infrared (NIR) spectrometer 

Fig. 5. Actual mass content (%) and PLS-DA predicted composition (%) of the asbestos and their nonasbestiform analogue types for each sample.  
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measurement showed strong hydroxyl (O-H, 7300–7000 cm-1) stretch
ing vibration signals on the ACM [28,56], and an NIR (4000–10, 
000 cm-1) combination with PCA or PSL-DA might be another method to 
investigate. 

Searching suitable air sampling filters for the airborne asbestos or 
other EMPs DOF analysis can be another area to investigate. Other 
commercially available membrane filters including polypropylene, 
polyethylene, silver membrane, nylon, and others can be evaluated [10]. 

The source (collected location) for the asbestos reference materials is 
always indicated in the samples, and it is still a question that there are 
FTIR spectra variations in the same asbestos type collected at a different 
source. The present study used the NIST SRM (actinolite, amosite, 
chrysotile, and crocidolite) and well-characterized amphibole materials 
(anthophyllite and tremolite); however, no such well-characterized 
nonasbestiform materials are available for research purposes. 

The analysis method utilized in the current study can also be applied 
for analysis of nonregulated but hazardous EMPs such as Libby amphi
boles, erionite, and taconite mine dust. In addition, this method may be 
especially useful in testing for the presence of asbestos and other 
potentially harmful amphibole particles in talc used in cosmetics and 
other consumer products that can affect cosmetic product safety. The 
Food and Drug Administration (FDA) is currently looking for improved 
methods to quantify the presence of EMPs in talc. 

Finally, NIOSH developed the Field Analysis of Silica Tool (FAST, 
Version 1.0.8) software, and it is publicly available to process FTIR data 
of the RCS and to calculate exposure estimates. In the future, a similar 
software may be created for the qualification and quantification of the 
hazardous EMPs. The morphology and fiber-size analysis are not avail
able with the method, and additional microscope analysis should be 
necessary. 

5. Conclusions 

This study is the first attempt at analyzing FTIR spectra using 
multivariate data analysis techniques for the classification of the 
asbestos types and their nonasbestiform analogues with bulk (KBr) and 
air samples (PVC). Classification of asbestos types with this method is 
possible, and classification of asbestos and their nonasbestiform ana
logues is also possible on PCA and PLS-DA score plots, limited by the fact 
that the study was conducted at controlled laboratory conditions with a 
small number of well-characterized reference samples. Improvements 
are needed for a better prediction in mixed samples, by adding known 
mixtures to the training data. The analysis of the FTIR spectra using PCA 
or PLS-DA for the EMP measurement may be applied for qualitative and/ 
or quantitative bulk and/or airborne asbestos sample analysis. However, 
further research is needed to validate the procedures by comparing them 
to the current standard asbestos analytical methods and to develop the 
method(s) for the real samples that have an unknown origin and 
composition. 

Environmental implication 

The present study describes asbestos, a known carcinogen, and their 
nonasbestiform analogues classification using FTIR and multivariate 
data analysis. This novel method may resolve issues from other standard 
analysis methods. The phase contrast microscope (PCM) does not 
differentiate between asbestos and other fibers, polarized light micro
scope (PLM) is only for bulk asbestos materials and transmission elec
tron microscope (TEM) is an expensive instrument, requiring extensive 
training and experienced microscopists. If the prediction from the 
multivariate data analysis is satisfactory as the study discussed, the 
method could estimate asbestos types and exposure concentrations, 
allowing for improved control of hazardous emissions. 
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