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ABSTRACT: A variety of paint and fingernail polish samples,
which were visualy similar, but had different chemical composi-
tions and formulations, was analyzed using quadrupole static sec-
ondary ion mass spectrometry (SIMS). Coating distinction was eas-
ily achieved in many cases because of the presence of dominant ions
derived from the components of the coating, which could be ob-
served in the SIMS spectra. In other instances, coating distinction
was difficult within a product line because of spectral complexity;
for this reason and because of the large numbers of spectra gener-
ated in this study, multivariate statistical techniques were em-
ployed, which allowed the meaningful classification and compari-
son of spectra. Partial Least Squares (PLS) and Principal
Component Analysis (PCA) were applied to quadrupole SIM S data.
PCA showed distinct spectral differences between most spectral
groups, and also emphasized the reproducibility of the SIM S spec-
tra When using PLS analysis, reasonably accurate coating identifi-
cation was achieved with the data. Overall, the PLS model is more
than 90% effective in identifying the spectrum of a particular coat-
ing, and nearly 100% effective at telling which coating components
represented in the PLS models are not present in a spectrum. The
level of spectral variation caused by sample bombardment in the
SIMS analysis was investigated using Fourier transform infrared
spectroscopy (FT-IR) and quadrupole static SIMS. Changes in the
FT-IR spectrawere observed and were most likely aresult of anum-
ber of factorsinvolving the static SIMS analysis. However, the bulk
of the sampleis unaltered and may be used for further testing.

KEYWORDS: forensic science, paint, nail polish, static sec-
ondary ion mass spectrometry

The rapid characterization and differentiation of small, discrete
samplesthat comprisetrace physical evidence remains problematic
despite their importancein linking an individual to a specific loca-
tion or criminal act. Trace physical evidence consists of minute
quantities of materials such as hair, fibers, soil particles, glass,
paint chips, or plant material, which are sometimes as small asonly
afew um? or mm?. Chemical analysis of trace samples is chal-
lenging because of the limited size of the sample, the limited num-
ber of discrete samples available, and the small absolute quantities
of analyte compounds present in the samples. These difficulties
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have resulted in the application of alarge number of characteriza-
tion approaches, each of which offers distinct advantages over oth-
ers, but also have definite limitations, including lack of specificity
and the consumption or destruction of the sample during testing.
Classical visual microscopy is an often used technique, because a
high level of expertise has been developed, and because it is non-
destructive. Microscopy reveals the physical aspects of trace evi-
dence, which includes characteristics such as color, size, shape, in-
clusions, surface debris, damage, refractive index, and variationsin
the characteristics within a sample (1-3). The limitation of the
technique is that small samples at times cannot be distinguished
from one another even though their chemical compositions may be
very dissimilar. Also surface contamination at minute levelsis un-
detectable with visual microscopy. The obvious way to surmount
these problemsiis to resort to chemical characterization.

Investigations of the optical properties of a trace sample gener-
ate chemical information in a manner that is typically nondestruc-
tive. Thereisavariety of spectroscopic approaches, which include
microspectrophotometry (4,5), infrared (IR) spectroscopy (6-9),
IR microscopy (10,11), Raman spectroscopy (10,12), and fluores-
cence (13). When IR or fluorescence spectra can be generated, the
chemical characterization can be very unique; however, the draw-
back to spectroscopic investigation isthat the sample must have ab-
sorption or fluorescence peaks in unique regions of the optical
spectrum, which frequently is not the case. Also these techniques
can beinsufficiently sensitive for small samples unless specialized
sample holders or attachments are used.

A more sensitive chemical characterization of trace samples can
be generated using more destructive analytical techniques. These
include extraction-gas chromatography (1), pyrolysis-gas chro-
matography (8,14—16), pyrolysis-mass spectrometry (8), pyrolysis-
gas chromatography/mass spectrometry (14), thin layer chro-
matography (17), high performance liquid chromatography (18),
and other hybridized instrumental techniques (16,19). Elemental
characterization of trace samples has been achieved using scanning
electron microscopy (SEM) with energy dispersive X-ray analysis
(EDXA) (20,21). The coating industry, specifically, has applied a
number of analytical techniques to ensure that the needed charac-
teristics are present on a coating surface. These techniques include
X-ray photoel ectron spectroscopy and atomic force microscopy as
well as SEM with EDXA (22).

Classical techniques such as density measurements, melting
points, solvent solubility and chemical tests are also used to char-
acterize trace evidence (1,23,24). These approaches are capable of
excellent chemical selectivity provided sufficient sasmple is avail-
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able. However, the drawbacks of these techniques are that their
sensitivity isinadequate for microgram-sized samples, and that the
samples are consumed or destroyed as aresult of the analysis, pre-
venting any additional testing.

Static secondary ion mass spectrometry (SIMS) is a sensitive
and nearly nondestructive approach to the characterization of small
samples of paint and other coating materials, that is capable of gen-
erating specific chemical information (molecular and atomic).
Static SIMS has been applied to the analysis of small samples of
automotive paints and fingernail polishes. The operating principle
behind static SIMS is simple: the trace sample is bombarded with
ahigh-energy projectile, which can be monoatomic or polyatomic.
Intact molecules, their fragments, and atoms are “sputtered” from
the surface; some fraction of these are ionized, and hence can then
be mass measured and detected using a variety of mass analyzers.
The term “static” implies that the degree of surface bombardment
(referred to as dose, ions/cm?) is low enough that the chemical
composition of the surface is unaltered (25). In our laboratory this
technique has been applied to the detection of organophosphates
(26-28), organosulfides (29,30), organic amines (31,32), and metal
cyanides (33) on substrates including soil, rock, vegetation, and
metal surfaces.

Historicaly, static SIMS has had broad applicability for the
characterization of polymers, and extensive libraries of polymer
SIMS spectra have been compiled (34,35). However, static SIMS
polymer libraries have not addressed the specific need for differ-
entiation and characterization of samples of forensic interest, nor
has the utility of static SIMS been evaluated for this specific ap-
plication. Because SIMS instruments are capable of analyzing
very small samples, application to trace sample analysis is an ob-
vious extension. The present report describes the application of
static SIMS to the characterization and differentiation of coating
samples, specifically automotive paints, spray paints and finger-
nail polishes. The results show that in most cases the coatings can
be differentiated by manufacturer, and frequently to the specific
coating product.

Experimental
Instrumentation

The SIMS instrument used in this study was based on an Extrel
(Pittsburgh, PA) triple quadrupol e mass spectrometer, with a mass
range of 10 to 600 amu. The instrument was configured with a
ReO; primary ion gun mounted on a 12-in. (30.48 cm) spherical
vacuum chamber at a 35-deg angle relative to the axis of the sec-
ondary ion mass spectrometer. The placement of the primary gun
alowsthe primary beam to pass through the center of the spherical
chamber. Theion gun was operated at 5.25 keV with aprimary ion
current between 200 and 300 pA. Typical primary ion doses were
on the order of 3.6 X 102 ions/cm? (36). Typical pressure in the
spherical chamber was 3 X 10~ 7 Torr. The primary ion current
could be measured using aretractable Faraday cup, which could be
inserted into a position colinear with the axis of the secondary ion
mass spectrometer.

The secondary anions and cations were alternately extracted
from the sampletarget region at 0.2 amu interval s using pul sed sec-
ondary ion extraction (37), which operates by alternating the po-
larity of the secondary ion extraction lensfrom positive to negative.
Thismitigates the sample charge buildup on the sample surface and
also allows for the simultaneous collection of both positive and
negative ion spectra from a single analytical run. Good sensitivity
was obtained for all coating materials with total ion currents for

some coating samples greater than 425 000 counts per second
(maximum instrument count limit is 450 000 counts per second).
Reflectance infrared spectrawere recorded using aDigilab FTS-
65 Fourier transform infrared spectrometer (BioRad Corp., Cam-
bridge, MA) equipped with a Spectra-Tech IR-Plan™ infrared (IR)
microscope (Stanford, CT) and a Spectra-Tech 15X Reflachromat
IR objective. The spectra consisted of 256 co-added scans at ares-
olution of 4 cm™1. A narrow-band liquid nitrogen (LN,) cooled
mercury cadmium telluride (MCT) detector was employed and
spectra were collected between 4400 to 800 cm™ L. The IR sample
spot size was set at 300 X 300 wm (square spot size). The un-
painted side of the SIM S sample target was used as the reference.

Samples

Automotive paints, automotive touch-up paints, aerosol spray
paints and fingernail polish samples (Table 1) used in the present
study were obtained from local retail suppliers. DuPont base coat
paints used in the study were formulated on-site by the automo-
tive paint supplier. All spray paint samples were received as a~4
X 41in. (10 X 10 cm) coated area on aluminum foil. The painted
area of aluminum foil was folded back on itself to prevent con-
tamination of the paint surface. The fingernail polish and auto-
motive paint samples were obtained as liquids. Single-layer coat-
ing samples (=150 wm sample thickness) were applied directly
on to the SIMS steel sample targets for anaysis and alowed to
air dry for the quadrupole SIMS, and FT-IR analysis. Drying
times varied for the different coatings (i.e., finger nail polish sam-
ples required short drying time compared to the Dupont automo-
tive paints). A number of samples were prepared for each coating
and allowed to weather. Samples were analyzed over an 8 to 12
month period after sample preparation. No further sample prepa-
ration was required for the liquid samples.

The paint sampleswere cut from the aluminum foil, and attached
to the sample holder using double-sided tape. The nominal sample
size for the broad beam quadrupole SIMS was 2 X 3 mm; the in-
strument is capable of analyzing samples as small as 100 pm in
width to slightly lessthan 0.5 in. (1.27 cm) in width.

Results and Discussion

Quadrupole SMS Spectral of Coatings from Various
Manufacturer Products

Figure 1 showsaseries of quadrupole SIM S spectrain which the
positive ions are plotted above the mass axis, and negative ions are
plotted below. These coatings produce distinctive spectra that can
be differentiated from the others. Possible ion formulas based on
product information and formulations are listed below in the text
after each peak value. None of the ions observed have been deter-
mined to be molecular ions. For DuPont ChromaPremier®
(B9708FM-1) Dark Mulberry Metal automotive paint (Fig. 1A), a
number of prominent ions are present in the cation spectrum with
mass 57" (C4H¢) asthe base peak. Generally, the hydrocarbonion
seriesm/z 29, 43*, 57, and 71* are more abundant than the se-
riesm/z 27", 41%, 55", and 69*, which is indicative of the pres-
ence of saturated hydrocarbons moieties in the coating. This con-
clusion is based upon afavorable comparison between the relative
ion intensities of the paint formulation with those of the docosane
SIMS spectrum (35). Augmented ion abundance at m/z 41* and
55% (compared to docosane) may be due to C,HO™ and CsHs0™
arising from polyurethane, which is a component of the DuPont
ChromaPremier® automotive paints. The unique ion at m/z 130*
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TABLE 1—Fingernail polish and paint samples analyzed by static SMS.

Manufacturer Product Color Manufacturer Product Color
DuPont 480S clear coat Dupli-Color Scratch-Fix SF GM 388
automotive Touch-Up bright red
DuPont ChromaPremier B9454FM C Dupli-Color Scratch-Fix SF GM 438
automotive debonair red pearl Touch-Up med. quasar metal
polyurethane metal
DuPont ChromaPremier B9522FH B Dupli-Color Scratch-Fix SF GM 459
automotive wild orchid pearl Touch-Up Light cloisonné
polyurethane metal metal
DuPont ChromaPremier B9605FM A Dupli-Color Scratch-Fix SF GM 460
automotive thistle metal Touch-Up med. cloisonné
polyurethane metal
DuPont ChromaPremier B9660FM F Dupli-Color Scratch-Fix SF GM 461
automotive toreador red metal Touch-Up med. adriatic metal
polyurethane
DuPont ChromaPremier B9708FM 1 Dupli-Color Scratch-Fix SF GM 463
automotive dark mulberry metal Touch-Up med. patriot red
polyurethane metal
DuPont ChromaPremier B9724FM 1 Dupli-Color Scratch-Fix SF GM 479
automotive light toreador metal Touch-Up cayan red metal
polyurethane
Dupont Imron Mustang NACA Dupli-Color Scratch-Fix SF 125
Automotive yellow green Touch-Up Clear
Polyurethane
Dupli-Color Scratch-Fix SF CC 341 Maybelline Revitadizing nail just your red
Touch-Up garnet red color 716
Dupli-Color Scratch-Fix SF CC 353 Wet'n'Wild nail color 414 (red)
Touch-Up twilight blue metal nail polish
Dupli-Color Scratch-Fix SF CC 381 Revlon nail enamel 3994
Touch-Up electric blue nail polish love that red
Dupli-Color Scratch-Fix SF CC 382 Cutex color quick rushing red
Touch-Up radiant red nail polish 14
Dupli-Color Scratch-Fix SF CC 386 L’ Oreal nail enamel 208
Touch-Up teal metal nail polish british red coat
Dupli-Color Scratch-Fix SF CC 392 Plasti-Kote spray paint fluorescent
Touch-Up spruce metal stoplight red
Dupli-Color Scratch-Fix SF CC 396 Plasti-Kote spray paint harvest red
Touch-Up dark red pearl metal
Dupli-Color Scratch-Fix SF FM 299 EasyWay spray paint red primer
Touch-Up wild strawberry
Dupli-Color Scratch-Fix SF FM 306 EasyWay spray paint swift red
Touch-Up cardinal red
Dupli-Color Scratch-Fix SF FM 317 Hank’s Best spray paint chinese red
Touch-Up ford red metal
Dupli-Color Scratch-Fix SF FM 328 Hank’s Best spray paint red oxide primer
Touch-Up cayan meta
Dupli-Color Scratch-Fix SF FM 340 Rust-Oleum spray paint apple red gloss
Touch-Up roya blue
Dupli-Color Scratch-Fix SF FM 345 Rust-Oleum spray paint colonial red
Touch-Up pacific green
Dupli-Color Scratch-Fix SF FM 387 Rust-Oleum spray paint fluorescent red
Touch-Up dark blue meta orange

is probably amine bearing (CgHoN™), and may be derived from
aliphatic polyamines, which are present as components in the for-
mulation. Mass 91" (C;H7) is indicative of the presence of aro-
matic components. Mass 105" is attributed to (CgHs)C,H 4 or pos-
sibly (CeHs) CO™. Theions at m/z 147", 151, 163*, and 221*
are consistent with (CgHs)COOC,H3, (C,H40)zH30™,
(C6H5)(C2H3)COOCH+, and H02CC4H8C02C4H80H E, respec-
tively. Mass 1477, and m/z 221" are also consistent with ions de-
rived from polydimethylsiloxane for the series (CH3)3Si(OSi
(CH2)3), for n = 1,2. Many of the other ions in the spectra could
not be determined due to the complexity of the components present
in the paint mixture. Generally, the anion spectrum is uninforma-
tive, although in this case acrylate (m/z 71™) and propionate (m/z
877) can be observed in the spectrum.

For EasyWay Swift Red spray paint (Fig. 1B), the spectrum is
dominated by ions derived from polydimethylsiloxane with ions at
m/z 73* (base peak), 147+, and 221" that are consistent with the
series (CH3)3Si(OSi(CH2)3), for n = 0,1,2. PDMS is also respon-
sible for ions at m/z 133*, 207", and 281* which correspond to
(CH3),HSI((OSI(CH3)3), for n = 1,2,3. Few unique ions are seen
in the anion spectrum, but massesat m/z 757, 149, and 223~ are
present, and are consistent with PDM S-derived CH3SiO,((CH3)2)
Si0), forn=0,1,2.

Mass 91+ (C,H%) is the base peak for the cation spectrum of
L’ Oreal® 208 British Red Coat nail enamel (Fig. 1C). Mass 91"
was very abundant compared to the other fingernail polishes in-
cluded in this study and is most likely derived from toluene sulfon-
amide/formaldehyde, as are m/z 155" (C¢HsCH,S0%) and 184+
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FIG. 1—Cation and anion SIMS spectra of coatings from different manufacturers. (A) DuPont ChromaPremier® B9708FM-1 Dark Mulberry Metal au-
tomotive paint; (B) EasyWay Swift Red spray paint; (C) L' Oreal® 208 British Red Coat nail polish. Cation spectra are plotted above the mass axis; anion

spectra are plotted below.

(HOC(CgH4)NHSO3). Mass 149" (CgHs0%) was also prominent
in the cation spectra and is usually attributed to phthalate deriva-
tives. Typical saturated hydrocarbon isomers are seen at m/z 29,
43" and 57*. Theions at m/z 46~ and 62~ (NO5 and NO3) are
attributed to the nitrocellulose and dominate the anion spectrum;
this is a fairly unique characteristic of this coating. A low abun-
dance ion that is unique compared to other spectra, is observed at
m/z 170~ ((CeHs)NHSO,CH5) and is attributed to toluene sulfon-
amide/formaldehyde as well.

SIMS Spectra of Coatings from a Sngle Product Line

In some cases, spectra were difficult to distinguish, particularly
if they were derived from a single product line of a given manu-

facturer. For example, Fig. 2 shows a series of SIMS spectra of
DuPont ChromaPremier® Debonair Red Pearl Metal (B9454FM -
C), Wild Orchid Pearl Metal (B9522FH-B), and Light Toreador
Metal (B9724FM-1) automotive paint. As with the spectra of
DuPont ChromaPremier® (B9708FM-1) Dark Mulberry Metal au-
tomotive paint (Fig. 1A), the spectrain Fig. 2 are dominated by the
hydrocarbonion seriesm/z 27+,29%, 41", 43*,55%, 57", 69", and
71%, withm/z 43* asthe base peak for the three spectra. Relatively
abundant ions are observed at m/z 130" and m/z 163", along with
the high massions at m/z 237", 251", and 259". Theions at m/z
257 (C,H™), 417 (C,0H™), 427 (CNO™), and 59~ (CH3COO™)
are observed in the anion spectrum along with acrylate (m/z 717)
and propionate (m/z 877) ions. Generally, only differencesin ion



314 JOURNAL OF FORENSIC SCIENCES

43

- 130

TN NTPROPN ) ol ;'.ll;l

Cations

259

1

163 i
: 237 2f1
T N L Ll

42
16 59

87

Anions

71
s 130

bl

Cations B

_________ > 259

1
163 E 237 251

L IR AR Y] || Ll

M 1']1‘. I-"||".”|"-|."."."‘-'.|-'.’ T FA 1

71

87

Anions

130

Cations C

163 237 259

127

87

in ‘l.l.l.l.. VL b |..L|. o Ll
T A +

Anions

1 I
10 30 50 70 90 110 130 150
m/z

t t f t f ; t
170 190 210 230 250 270 290

FIG. 2—Cation and anion SIMS spectra of DuPont ChromaPremier® automotive paints; (A) B9454FM-C Debonair Red Pear| Metal; (B) B9522FH-B
Wild Orchid Pearl Metal; (C) B9724FM-1 Light Toreador Metal. Cation spectra are plotted above the mass axis; anion spectra are plotted below.

abundance are observed in the spectra, with the exception of the
presence of m/z 127~ in the Light Toreador Metal (B9724FM-1)
paint (Fig. 2C). The spectraare visually similar and difficult to dif-
ferentiate, however the differences in the relative ion intensities
could be significant in forensic comparisons provided the differ-
ences are shown to be highly reproducible when replicate analyses
are conducted. Differentiation was also difficult in the PCA analy-
sis presented below of the DuPont ChromaPremier® automotive
paints (see Fig. 6), and was the reason that the paints were grouped
together as a single paint product.

Foectral Consistency and Sample Alteration of a Single Sample
after Multiple SMS Analyses

A single coating sample of DuPont Imron Mustang NACA Yel-
low Green (nonmetallic polyurethane enamel) automotive paint
was painted onto a SIMS sample target and analyzed by IR re-
flectance microspectroscopy and SIMS. The purpose for the se-
guential analyses was to determine the level of spectral variation
caused by the SIMS analysis and to address the question as to
whether valid or defensible IR spectral comparisons can be
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achieved after SIMS analysis. The samplewasinitially analyzed by
reflectance FT-IR and then sequentially analyzed by SIMS, re-
flectance FT-IR, and SIMS. Figure 3 shows a series of reflectance
FT-IR spectra, obtained before and after quadrupole SIMS analy-
sis. The estimated primary ion dose for each SIMS analysiswas 2.2
X 102 ions/cm?. The FT-IR spectra represent a “ snapshot” of the
surface after the static SIMS analysis, and indicate that there are
some minor changesin the IR spectra. This can be due to anumber
of factors. First, dueto lack of visible surface landmarks, it was not
possibleto verify if the pre-SIMS and post-SIMS IR analyses were
exactly in the same location. If the sample is heterogeneous, this
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may account for variationsin the IR spectra. Second, the effects of
exposing the sample to a high vacuum environment were not eval-
uated. It is possible that enhanced desolvation, as sublimation or
evaporation may occur. Third, the first few monolayers of sample
surface are sputtered away during the SIM S process. This can alter
the surface morphology of the sample and induce changes in the
degree of specular reflectance contribution to the IR spectra. As
seenin Fig. 3B, the spectral bands present in theinitial FT-IR spec-
trum are still present after the SIMS analysis; however, there are
minor differences. Absorbance in the C-H stretch region
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FIG. 3—FT-IR spectra of DuPont Imron® NACA Yellow Green automotive paint: (A) Prior to SMS bombardment; (B) After SIMS analysis, primary

ion dose of 2.2 x 10 iong/cr?.
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alkyl groupsfrom the aromatic or polymer surface. Thereisalso an
enhancement of the aromatic bands at 1875 cm~* and 2000 cm™?,
which is consistent with reduction of aliphatic moieties. The fin-
gerprint region (1400 cm ™~ and 800 cm™1) also showed negligible
differences. The sample appeared to be more polished under the
visible microscope after the initial SIMS analysis and spectral re-
flectance was increased by afactor of 10. The pre- and post-SIMS
IR spectra do not indicate any significant changes in the sample.
This would be consistent with the SIMS affect and IR sampling
depth of penetration in the range of nanometers and micrometers,
respectively.

The second SIMS spectrum showed little variation due to the
initial SIMS analysis. Figure 4 shows two sets of cation/anion
spectra, representing primary ion dose values of 2.2 X 102 and
4.4 x 102 ion cm™2, obtained using the quadrupole SIMS in-
strumentation. Comparison of the spectra shows no significant
difference in the SIMS spectra with the exception that the total
ion abundance was reduced from 200 K counts in the cation spec-
tra for the initiadl SIMS analysis to 140 K counts in the second
SIMS analysis. The most likely reason for the reduced abun-
dances is removal of surface species through ion bombardment.
The removal of the surface speciesis also likely to be responsible
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for changes in the IR spectra, athough the relative spectral abun-
dances observed in the SIMS spectrum were not affected. While
these experiments show that while SIMS is destructive to the top-
most layer of the sample, the bulk of the sample is completely un-
atered, and hence the sample may be used for subsequent analy-
sis using other analytical techniques.

Satistical Approach to Spectral Identification

The static SIM S spectra of the coatings evaluated are distinctive
and can generally be differentiated from each other. In most cases
the coatings can be differentiated by manufacturer, and frequently
to the specific product for the coatings tested. However, the spec-
tral differences observed when comparing the DuPont
ChromaPremier® automotive paints and Dupli-Color Scratch-Fix®
Touch-Up paints were not as significant, and therefore made dif-
ferentiation difficult. Other differentiation problems were also en-
countered due to the large number of spectra generated. To im-
prove differentiation, multivariate analysis methods (38) were
applied. Multivariate analysis methods commonly used to deter-
mine anal yte concentrationsin overlapped spectrainclude classical
least squares (CLS) (39), partial least squares (PLS) (40), principal
component analysis or regression (PCA or PCR) (41), and occa
sionaly, neural networks (NN) (42).

CLS can be used quite effectively in relatively simple systems
where all components that will contribute to the spectrum are
known. Calibration for CLS can be as simple as having a pure an-
alyte spectrum at a single known concentration for every compo-
nent in the system expected to contribute to the spectrum. For this
research each coating was assumed to be pure (e.g., free of aberra-
tionsdueto contamination), and set to aconcentration of 1. Thekey
isthat every contributor to the spectrum must be known; anything
not found in the calibration set will cause large errors. Some ex-
amples of things that cause problems with the use of CLS include
interfering chemical species, odd-shaped backgrounds, or concen-
trations outside the linear range modeled.

Spectral decomposition methods like PLS and PCR are better
able to accommodate many of the problemsthat limit CLS. PLSis
different from PCR in that the concentration information is in-
cluded in the spectral decomposition as a one-step process that has
the effect of weighting the spectrawith the highest anal yte concen-
trations. Because of the weighting, the resulting spectral factorsare
more closely related to the analyte spectrum and are therefore fre-
guently considerably different than those calculated in PCR.
Again, al spectra were assumed to have a concentration of 1 for
this work. The resulting advantages are similar, however. Both
PLS and PCR can be used for very complex mixtures since for the
training set only the concentrations of the analyte of interest are re-
quired a priori. PLS and PCR can model some nonlinearity, and
hence are a so less affected by unknown components or other spec-
tral aberrations than is CLS. The interferences, nonlinearities, ab-
normal backgrounds, etc., must still be included in the calibration
set; however, exact knowledge of their source, identity or magni-
tude is not necessary.

In the following sections, three multivariate statistical ap-
proaches are discussed. The reason for this methodology is that
finding similarities and differences in data is not necessarily a
straightforward approach without distinctive insight into the prob-
lem. Spectra identification of unknown coatings was initially at-
tempted using all of the sample coating types asindividual compo-
nents and a PL S calibration; however, poor results were obtained
using this approach. Using PCA score plots, specific spectrawere

grouped together to overcome the problems encountered in theini-
tial PLS analysis. Correlation spectra were also investigated as a
means of establishing spectral differences and identifying unique
ions to enhance the differentiation process. The application of an
optimized PLS to the identification of coatings from mass spectra
was achieved using two criteria to define the results.

Classification of Coatings Using Multivariate Satistical Analysis

Multivariate analysis methods were required due to the large
number of complex SIMS spectra acquired (greater than 300 total
spectra). Spectra were normalized prior to multivariate analysis.
Anion spectrawere normalized by dividing theion intensity at each
point by the mean ion intensity in the mass range of m/z 26.5™ to
300" . Cation spectrawere normalized by dividing theion intensity
at each point in the cation spectrum by the mean ion intensity inthe
mass range of m/z 445" to 54.57, m/z 55.5" to 72.5%, and m/z
73.5" t0300*. The excluded mass regionswere selected to exclude
high abundance, ubiquitous ions, which would dominate the nor-
malization, particularly on sample spectrawith low signal-to-noise
ratios. The resulting normalized negative and positive ion spectra
were then combined to make one spectrum where the negative ion
portion of the new spectrum was assigned negative mass units (see,
for example, Fig. 8). A matrix consisting of the “number of spec-
tra” by “number of components’ was constructed, in which each of
the spectrain the calibration set was assigned a value to identify it
as one of the components. For unknown spectra, a positive identi-
fication was indicated by avalue of 0.95 and a negative identifica-
tion was assigned a value of —0.95. In the final PLS calibration
there were 232 spectra and 19 coatings classes.

Because of the large number of calibration samplesand potential
components, using PLS or PCR factors and scoresto verify group-
ingsis extremely difficult. Therefore, spectral identification of un-
known coatingswas attempted using all of the sample coating types
as individual components and a PLS calibration. However, even
when using this approach, poor results were obtained. For many of
the coatings, it was suspected that many of the coating formulations
might besimilar, particularly if they camefromasingle product line
of a manufacturer. Only for one Revlon sample was the spectral
residual enough to indicate that the results were suspect.

The spectral residua is calculated by reconstructing the sample
spectrum from the PLS model and subtracting it from the actua
spectrum to create a “residual spectrum.” Each point of this spec-
trum is then sguared and these values are summed to create the
spectral residual (i.e., spectral residua = SUM (reconstructed
spectrum-actual spectrum)?). The sample spectrum residual is
compared to the average spectral residual from the calculation set
via an F-test to determine outliers. High sample spectral residuals
may result either from excessive noise in the sample spectrum or
because the sample spectrum does not match well with any of the
spectrain the calibration set. Therefore, the defined factors are not
adequate to describe this spectrum. For this particular Revlon sam-
ple, the signal-to-noise was good, therefore it appears that the spec-
trum was not consistent with the other Revlon spectraor any of the
other coating spectra. Generally, any sample with a high spectra
residual should be examined to guard against misidentification and
to determine if the spectrum may truly be an unknown.

Grouping of Data Using PCA

To test the concern of whether the coating formulations might be
similar and to assess analytical reproducibility, the calibration set
was separated into groups, e.g., al nail polishes, al coatings from



318 JOURNAL OF FORENSIC SCIENCES

Dupont, etc. PCA was then used to generate score plots which were
visually examined for clustering. Figure 5 is such a score plot for
the five nail polishes. Because of the complexity of the formula-
tions and the resulting mass spectra, atotal of 11 factors are neces-
sary to describe the system; however, factors 1 through 3 contain
the most information. Individual spectra within the L’ Oreal® 208
British Red Coat nail enamel and Cutex Rushing Red 14 nail pol-
ish groups, collected over an 8-to-12-month period, were repro-
ducibly clustered together, which demonstrated the reproducibility
of the static SIMS spectra. Each nail polish has a grouping that is
reasonably well separated from the other polishes indicating that
they indeed do have unique spectral characteristics. There were
two potential outliers that correlate to Cutex in this plot. For the
L’ Oreal® spectrum, poor correlation waslikely dueto an extremely

poor signal-to-noise ratio. An incorrectly correlated Wet' n’ Wild
414 Red nail polish spectrum was found to have peak ratiosthat did
not match well with all of the other Wet' n’ Wild spectra. Both spec-
trawere dropped from the final calibration set. All of the nail pol-
ishes were treated as unique coatingsin the final PLS1 application.

Figure 6 is a similar score plot for al of the DuPont coatings
evaluated. Thisplot showsageneral trend in the score plotsfor this
group of spectra. Dupont 480 Clear Coat and Imron Mustang
NACA Y ellow Green appear to be independent groupsthat are sig-
nificantly different from the other Dupont automotive coatings. Of
the other coatings from Dupont, the DuPont ChromaPremier®
B9454FM-C Debonair Red Pearl, B9522FH-B Wild Orchid Pear!
and B9605FM-A Thistle Metal automotive paints appear to bein-
distinguishable from each other. Again, these spectra were col-

FIG. 5—Score plot of factors 1 and 2 froma Principal Component Analysis (PCA) of nail polishes.

FIG. 6—Score plot of factors 2 and 3 from the Principal Component Analysis (PCA) of all of the DuPont coatings.
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lected over several months within each group, indicating that the
reproducibility is good. Because these coatings appeared to be
nearly identical, they were grouped together and will hereafter be
referred to as DuPont Group A. DuPont ChromaPremier® automo-
tive paints B9708FM-1 Dark Mulberry Metal, B9660FM-F Tore-
ador Red Metal and B9724FM-1 Light Toreador Metal a so appear
to be very similar to each other, but different from Group A. These
coatings were therefore grouped together and will hereafter be re-
ferred to as DuPont Group B. When reviewing the component for-
mulations for al the DuPont ChromaPremier® automotive paints
analyzed, three components (the binder, balancer, and flop control
agent) make up 44% to 64% by weight of each paint mixture. The
remaining components were generally the colorants and aluminum
metal flake, therefore it is understandable that these coatings ap-
peared to be nearly identical.

Similar analysis from the score plots of the relatively large
group of Dupli-Color Scratch-Fix® Touch-Up paints indicated
that the Dupli-Color paints were al very similar. The Dupli-Color
paints were subsequently grouped together. No obvious groupings
could be made with the Rust-Oleum (Apple Gloss Red, Colonial
Red, or Fluorescent Red Orange), Plasti-Kote (Fluorescent Stop-
light Red, or Harvest Red), EasyWay (Red Primer or Swift Red)
or Hank’s Best (Chinese Red or Red Oxide Primer) spray paints,
so they were left asindividual coatings. The PCA score plots con-
firmed that a variety of coatings from a specific manufacturer
(i.e., DuPont ChromaPremier® automotive paints and Dupli-Color
Scratch-Fix® Touch-Up paints) generally clustered together due
to the similarity of the spectra. The PCA score plots also demon-

strated that the nail polishes and spray paints have groupings that
are reasonably well separated from the other coating materials, in-
dicating that they indeed do have unique spectral characteristics,
which are highly reproducible.

Correlation Spectra

Correlation spectra highlight spectral differences and identify
ions that are unique relative to the spectral database. From correla
tion information, target ions may possibly be selected to enhance
identification, possibly through MS? analysis. The correlation
spectrum is calculated using the ion intensity and “ concentration”
at every point in a given spectrum. The entire calibration set was
used for this calculation. The most uniqueionsfor aparticular coat-
ing, compared to all of the other coatings in the data set, will have
the highest correlation. Figure 7 is an example of an average
L’ Orea® nail polish spectrum and a correl ation spectrum L’ Oreal®
nail polish. In the negative ion portion of the average spectrumitis
interesting to note that the largest peaks are due to nitrate and ni-
triteions (m/z 46~ and 62°), however, these peaks do not appear
in the correlation spectrum at all. Instead, lower abundance peaks
atm/z 1707, 155, and 64~ are the most prevalent in the negative
ion correlation spectrum. Theion at m/z 149" was a prominent ion
in the positive ion spectrum but does not correlate well, indicating
that it is not very unique.

One should keep in mind, however, that even though masses
with significant correlations may not be present in the correlation
spectrum, good working calibrations can be obtained when wide
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regions of the spectrum are used. This is because in many cases, it
istheion pattern that may be unique to the coating and not neces-
sarily an individual ion or group of ions. In fact, just because some
ions exist with high reasonability (e.g., high correlation between
intensity and concentration) they may not provide results as good
asif the entire spectrum is used. For example, Fig. 8 showsthe cor-
relation spectrum and corresponding normalized SIMS spectrum
for the Wet'n’Wild nail polish. Relatively good correlation is ob-
served at m/z 149 thision and several other masses in the posi-
tive ion spectrum seem to stand out as possible ions that may cre-
ate a unique set for determining Wet'n’ Wild. However, severd
combinations of these masses or selected spectral regions failed to
produce a PL S1 calibration that could outperform the use of the en-
tire combined negative and positive ion spectrum. Only for one
coating (EasyWay Red Primer) were the correlations relatively
nondescript. Thelack of truly unique masses may result in misiden-
tifications or questionable identifications.

Partial Least-Sguares Analysis

The full calibration used to identify product spectrain an inde-
pendent verification set was made using the PLS1 algorithm to
model each component from a set of 232 spectra. The advantage of
this algorithm is that each component can have an optimized set of
factors as opposed to the PLS2 or PCR algorithms, which utilize a
common number of factors. The analysis was checked with a set of
66 independent spectra (stand-alone sample spectra, which were
not included in the calibration set) of the individual coatings.

Table 2 liststheresultsfrom the analysis of 66 independent spec-
trausing theresult of 0 asadecision point, with positive results >0,

and negative results <0. Sensitivity is defined as TP/(TP+FN)*
100 where TP and FN denote the number of true positive and false
negative results, respectively (43). For this application, sensitivity
isameasure of how well the analysis performsin truly identifying
the components in the coating spectra of interest that are actualy
present. Specificity is defined as TN = TN/(TN+FP)* 100 where
TN and FP denote the number of true negative and fal se positive re-
sults, respectively. Specificity is a measure of how well the PLS
models discriminate against components not in the spectrum.

Only five misidentifications occurred in this analysis, two false
positives and three fal se negatives. Two of the false positives and
two of the false negatives are attributed to the identification of L’ O-
real® 208 British Red Coat nail polish as DuPont Group A, and
EasyWay Red Primer spray paint as Hank’ s Best Red Oxide Primer
spray paint. When comparing the spectra of the DuPont
ChromaPremier® automotive paints (Fig. 1A and Fig. 2) to that of
the L’ Oreal® 208 British Red Coat (Fig. 1C) the spectral are visi-
bly different, therefore the misidentification must come from an-
other source, perhaps mislabeled datafiles. The fifth misidentifica-
tion was a false negative for a single Wet'n"Wild 414 Red nail
polish sample. Overall, the model appears to be more than 90% &f-
fective in identifying the spectrum of a particular coating and
nearly 100% effective at telling which coating components repre-
sented in the PLS models are not present in a spectrum.

Aspresented in Table 2, the application of PLSto theidentifica-
tion of coatings from mass spectra appears to result in a smple
yes/no answer. In practice, this may cause a problem because it
does not give anindication of how good theidentificationis. A bet-
ter method may be to define true and fal se positive results as those
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TABLE 2—Results from the Partial Least Squares (PLSL) identification analysis of 66 independent spectra using a value of 0 as a decision point; i.e.,
>0 indicates a positive identification.

True True False False % %
Coating Positive Negative  Postive Negative  Sensitivity  Specificity
Cutex 4 62 0 0 100 100
DuPont 480S 2 64 0 0 100 100
DuPont-GrpA 7 58 1 0 100 98
Dupont GrpB 8 58 0 0 100 100
DuPont Imron 0 66 0 0 NA 100
EasyW Primer 2 63 0 1 67 100
EasyW SwftR 4 62 0 0 100 100
Hank’s ChinaR 3 63 0 0 100 100
Hank’s PrimeR 2 63 1 0 100 98
L'Oreal BRC 2 64 0 0 100 100
Maybelline 2 64 0 0 100 100
Plasti-K FSR 4 62 0 0 100 100
Plasti-k HR 2 64 0 0 100 100
Rust-O AR 2 64 0 0 100 100
Rust-O ColR 2 64 0 0 100 100
Rust-O FRO 2 64 0 0 100 100
Revion LTR 3 62 0 1 75 100
Dupli-C Group 9 57 0 0 100 100
Wet'n'Wild 3 62 0 1 75 100
Total 63 1186 2 3 95 100

TABLE 3—Results from the Partial Least Squares (PLSL) identification analysis of 66 independent spectra using values of 0.3 and —0.3 as decision
points for positive and negative results, respectively.

True True False False ?False ?False
Positive Negative Positive Negative Positive Negative Sensitivity Specificity
Coating >=0.3 <=-03 >=0.3 <=-0.3 —0.3<FP<0.3 —0.3<FN<0.3 % %
Cutex 3 62 0 0 0 1 75 100
DuPont 480S 2 64 0 0 0 0 100 100
DuPont GrpA 7 58 0 0 1 0 100 98
DuPont GrpB 8 58 0 0 0 0 100 100
DuPont Imron 0 66 0 0 0 0 NA 100
EasyW Primer 1 63 0 0 0 2 33 100
EasyW SwftR 4 62 0 0 0 0 100 100
Hank’s ChinaR 3 61 0 0 2 0 100 97
Hank’s PrimeR 0 62 0 0 2 2 0 97
L'Oreal BRC 2 64 0 0 0 0 100 100
Maybelline 2 63 0 0 1 0 100 98
Plasti-K FSR 3 62 0 0 0 1 75 100
Plasti-k HR 2 64 0 0 0 0 100 100
Rust-O AR 2 63 0 0 1 0 100 98
Rust-O ColR 2 64 0 0 0 0 100 100
Rust-O FRO 2 64 0 0 0 0 100 100
Revlon LTR 3 62 0 0 0 1 75 100
Dupli-C Group 8 57 0 0 0 1 89 100
Wet'n'Wild 1 62 0 1 0 2 25 100
Total 55 1181 0 1 7 10 83 99

=0.3, true and false negative results as those = —0.3, and al those
between —0.3 and 0.3 as uncertain identifications. Results falling
within the region of uncertain identification would require addi-
tional verification. Table 3 lists the results shown in Table 2 using
these criteria. While the numbers of false positives and negatives
have dropped to only one, there are 17 results that fall into the re-
gion of uncertain identification. Sensitivity is still >80% and the
specificity is better than 95% in amost every case.

The reasons for the misidentifications and questionable identifi-
cations are likely related to the variability contained within and be-
tween the SIM S spectra of the calibration and verification sets, and
the lack of truly unique identifying masses for some coatings. The

variability in the calibration and verification data sets sometimes
arises from poor signal-to-noise ratios but is primarily due to ubig-
uitous ions that may also be amajor part of the spectrum of a par-
ticular coating. Both of these factors can have a dramatic effect on
the procedure used to normalize the spectrum. Thevariability inthe
intensity of the ubiquitousionswill skew theoverall shapeof there-
sulting mass spectrum in general. This may also significantly alter
theintensity of critical selected masses during normalization, caus-
ing poor signal-to-noise ratios to amplify the noise during the nor-
malization. Figures 7 and 8 al so indicate that even though many of
the coatings can be grouped quite nicely by their mass spectra, there
are also subtle differences between many of the groups, and slight
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variationsin the spectramay increase the difficulty of getting apre-
cise match. There are two possible ways to improve the calibration
overall. Thefirst would beto optimizethe normalization of the spec-
trum, possibly by even having unique normalization criteria for
each coating. The second would be to optimize the masses or mass
regionsused in the calibration for each coating. Inthisway, spectral
interferences and regions of the spectrum that contribute primarily
to noise can be avoided. This methodol ogy has worked well for the
determination of over 30 compounds from a single infrared spec-
trum, but itsimplementation can be time consuming (44).

Thefact that the spectrafor both the calibration and independent
verification sets were collected over a period of severa months
may also offer another possible explanation for the misidentifica-
tions and questionable identifications. Two SIMS spectra from a
weathered sample of Hank’s Prime Red were included in the veri-
fication set. The model seemsto have correctly identified this coat-
ing, however, the magnitudes of the results fall into the region of
uncertainty. Two spectra of Revlon nail polish from the verifica-
tion set produced high spectral aberrations, indicating that some-
thing in the spectrawas significantly different from anything mod-
eled by the calibration set. Indeed, significant ions were observed
at m/z 437, 1117, 1137, 1157, 1597, and 100™ that were not in
any other spectrum of nail polish (Revlion or otherwise). It is not
clear what caused the appearance of theseionsin the spectra, how-
ever, the two suspect spectrawere recorded in a seria fashion and
these ions were much more prevalent in the first spectrum, which
suggeststhe possibility of surface contamination. Infact, m/z 100"
has been attributed to cyclohexylamine, an atmospheric surface
contaminant occasionally present in our laboratory (31).

Conclusion

Static quadrupole SIM'S has been shown to be applicable to the
forensic characterization and differentiation of coating materials.
High signal -to-noise spectra containing abundant spectral informa-
tion were obtained in less than 5 min. The SIMS instrumentation
proved to be easy to operate and provided good sensitivity.

The reproducibility of the coating spectra and the static SIMS
technique has been demonstrated. The reproducibility has been es-
tablished through evaluation of coating spectra using multiple
samples, multiple analysis of the same sample and collection of
spectra over an 8-to-12-month period. Thisis highlighted via the
PCA score plots for the fingernail polishes and DuPont automo-
tive paints. The fingernail polishes emphasize this the best, as the
PCA results were reasonably grouped and reasonably separated
from the other polishes, indicating that they indeed do have con-
sistent and unique spectral characteristics. This is also substanti-
ated through the sequential SIM S analysis of a single coating sam-
ple of DuPont Imron Mustang NACA Yellow Green automotive
paint. Some spectral variation in the IR spectra after SIMS analy-
siswas observed; however, fundamentally the spectra were equiv-
alent, which would indicate that static SIMS and IR could be used
sequentially. Nevertheless, additional studies to determine the
specific basis for the spectral variation of the IR spectrawould be
required.

The application of chemometric techniquesfor the classification
of coatings from their SIMS spectra has been demonstrated. Prin-
cipal component analysis (PCA) showed distinct spectral differ-
ences between most spectral groups, athough limited correlation
overlap was observed in some cases. Plotting the correlation spec-
trareadily highlighted salient spectral differences. The most unique
ionsfor a particular coating were not routinely the largest peaksin

the average spectrum. Partial Least Squares (PLS) permitted un-
knowns to be correctly grouped with few exceptions. The sensitiv-
ity with which coatings can be positively identified is greater than
95% and the specificity for aparticular coating isessentialy 100%.
The methodol ogy appears to be satisfactory; however, the calibra-
tion sets used were limited and consequently the multivariate ap-
proach was restricted. Improved results can most likely be obtained
by refining calibration sets. Only for one Revlon sample was the
spectral residua enough to indicate that the results were suspect
and only for one coating material (EasyWay Red Primer) were the
correlations relatively nondescript.
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