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A  novel  background-independent
soft classification  method  is
described.
Target  factor  analysis  is  combined
with  Bayesian  decision  theory.
Target  factors  are  taken  from  a
library  of  target  analytes.
Trace  metal  transfers  to complex
backgrounds  are  analyzed  by LIBS.
The  method  is shown  to  be  both  con-
servative  and  accurate.
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a  b  s  t  r  a  c  t

A  method  is  described  for performing  discriminant  analysis  in  the  presence  of interfering  background
signal.  The  method  is based  on  performing  target  factor  analysis  on  a data  set  comprised  of  contributions
from  analyte(s)  and  interfering  components.  A  library  of  data  from  representative  analyte  classes  is  tested
for possible  contributing  factors  by performing  oblique  rotations  of  the  principal  factors  to  obtain  the
best  match,  in  a least-squares  sense,  between  test  and  predicted  vectors.  The  degree  of match  between
the test  and  predicted  vectors  is  measured  by  the  Pearson  correlation  coefficient,  r,  and  the  distribution
of  r  for  each  class  is  determined.  A  Bayesian  soft  classifier  is used  to  calculate  the  posterior  probability
based  on  the  distributions  of  r  for each  class,  which  assist  the  analyst  in  assessing  the  presence  of one  or
more  analytes.  The  method  is  demonstrated  by  analyses  performed  on  spectra  obtained  by  laser  induced
breakdown  spectroscopy  (LIBS).  Single  and  multiple  bullet  jacketing  transfers  to  steel  and  porcelain
substrates  were  analyzed  to identify  the  jacketing  materials.  Additionally,  the  metal  surrounding  bullet
holes  was  analyzed  to  identify  the  class  of  bullet  jacketing  that  passed  through  a  stainless  steel  plate.
Of 36  single  sample  transfers,  the  copper  jacketed  (CJ) and  non-jacketed  (NJ)  class  on  porcelain  had  an
average  posterior  probability  of the  metal  deposited  on  the  substrate  of 1.0.  Metal  jacketed  (MJ) bullet
transfers  to steel  and  porcelain  were  not  detected  as successfully.  Multiple  transfers  of CJ/NJ  and  CJ/MJ
Please cite this article in press as: C.N. Rinke, et al., Discriminant analysis in
analysis  and a Bayesian soft-classifier, Anal. Chim. Acta (2012), http://dx.d

on the  two  substrates  resulted  in  posterior  probabilities  that  reflected  the  presence  of  both  jacketing
materials.  The  MJ/NJ  transfers  gave  posterior  probabilities  that reflected  the  presence  of  the  NJ material,
but  the  MJ  component  was  mistaken  for CJ  on steel,  while  non-zero  probabilities  were  obtained  for  both
CJ and  MJ  on  porcelain.  Jacketing  transfer  from  a bullet  to steel  as the  projectile  passed  through  the  steel
also  proved  difficult  to analyze
from  NJ and  CJ jacketing  was  s
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.  Over  50%  of the  samples  left  insufficient  transfer  to be  identified.  Transfer
uccessfully  identified  by posterior  probabilities  greater  than  0.8.
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. Introduction

An important problem in chemical analysis is the assignment of
bject membership among a set of defined classes. A detailed dis-
ussion of modern classification methods has been given in several
exts [1,2]. Current literature provides examples of the use of dis-
riminant analysis in forensic evidence evaluation [3–6], homeland
ecurity applications [7,8], and disease diagnosis [9–11], among
ther applications.

Most classification methods are not particularly well adapted to
lassifying an unknown in the presence of a significant background
ignal that is independent of the analyte class and highly variable
rom sample to sample. Classification procedures that have been
ptimized using class examples without including interferences
n the examples, may  fail to perform well on samples that con-
ain impurities. However, recent results have shown some success
n performing discriminant analysis in the presence of interfering
actors. For example, >97% correct classification of the maximum
emperature reached by burning soils has been accomplished by
artial least squares discriminant analysis (PLS-DA) in the pres-
nce of up to 20% ash interference [12]. It is often the case that the
umber of analyte classes is small in comparison to the number of
otential interfering species and background signatures, thereby
omplicating the task of securing training sets that contain a rep-
esentative set of possible interferences.

This paper examines an approach to analyte classification in
he presence of a complex and undetermined interference. The

ethod explored here makes use of target factor analysis (TFA),
s described by Malinowski [13], to determine the presence of
n analyte in a mixture without requiring that every component
f the mixture be identified. The method introduced here differs
rom a previously reported use of TFA for discriminant analysis
also referred to as procrustes discriminant analysis), which has
een shown to be mathematically equivalent to PLS-DA [14,15].

n contrast, the method discussed here relies on testing a library
f analyte spectra from representative classes to identify the class
r classes that contribute to the data set. The data sets examined
n this paper are taken from spectra obtained by laser-induced
reakdown spectroscopy (LIBS) from steel plates that had been
enetrated by 9 mm bullets with either copper jackets (CJ), metal
lloy jackets (MJ) or non-jacketed lead (NJ) projectiles. The same
ullets were applied in trace quantities to porcelain tiles and metal
lates as one and two analyte (mixed) samples. The bullet jacketing
aterials constitute the analyte classes. The objective is to test the

FA method to identify the class of bullet that penetrated a steel
late or was applied to porcelain or steel based on the posterior
robabilities calculated from the LIBS spectra collected at the edges
f the holes and in the application areas where residues of jacket
aterials were deposited. The LIBS spectra reflect contributions

rom the steel or porcelain substrates and the bullet’s jacket mate-
ial. The class of bullet with the highest probability of contributing
o the spectral set is identified by the posterior probabilities.
imilarly, significant posterior probabilities for the more than one
lass of analyte can indicate the presence of multiple classes. The
ethod also defines criteria that must be met  before a posterior

robability is calculated for a given class. Consequently, if none of
he analyte classes meet the criteria, the sample may  be evaluated
s not containing any of the analyte classes, and the method may
ruly serve as a soft classifier.

. Materials and methods

.1. Experimental
Please cite this article in press as: C.N. Rinke, et al., Discriminant analysis in
analysis  and a Bayesian soft-classifier, Anal. Chim. Acta (2012), http://dx.d

.1.1. Instrumentation
The LIBS instrument used in this research (LIBS2000+, Ocean

ptics, Dunedin, FL, USA) was equipped with a Q-switched Nd:YAG
 PRESS
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nanosecond pulsed laser (CFR200, Big Sky Lasers, Bozeman, MT,
USA). Fundamental (1064 nm)  laser output (pulse width of 9 ns and
63 mJ  pulse−1) was used to generate laser-induced plasmas. The
spectrometer delay for spectral collection was  optimized at 2.5 �s,
giving maximum signal intensity and signal-to-noise ratio and an
integration time of 1 ms.  The plasma emission between 200 and
900 nm was  collected by a fiber optic bundle connected to seven
sequential CCD spectrometers, providing a spectral resolution of
0.06 nm per channel. The sample was placed in a chamber consist-
ing of a plastic box equipped with an X–Y-adjustable sample stage,
as previously reported [16,17].  Data acquisitions were performed
using the Ocean Optics OOILIBS software.

2.1.2. Samples
The six different manufacturer and type combinations of 9 mm

cartridge used in the tests comprised three classes of bullets based
on the jacketing. The bullet classes consisted of copper jacketed (CJ),
metal alloy jacketed (MJ) and non-jacketed (NJ). The CJ class was
comprised of four manufacturer/type cartridges, including Reming-
ton/UMC (4 cartridges), CCI/Blazer (5 cartridges), Independence (5
cartridges), and Hornady/‘Tap’ (5 cartridges). The MJ  class was com-
prised of Winchester/Silver-Tip (5 cartridges) the NJ class consisted
of hand-loaded rounds (5 cartridges). The Hornady/‘TAP’ and the
Winchester/Silver-Tip were hollow-point bullets. The bullets of
each manufacturer/type were obtained courtesy of East Orange
Shooting Sports, Orlando, FL.

The cartridges, one of each manufacturer/type, were taken to the
Orlando office of the Florida Department of Law Enforcement where
the bullets were safely removed with a “bullet puller hammer” to
allow for safe LIBS analysis of the outside of the jacketing materi-
als (see Section 2.1.3). Each of the pulled bullet manufacturer/type
was used to establish the LIBS spectral library, as described below.
The pulled bullets were also used to generate two sets of samples
involving trace quantities of the bullet jacketing transferred to steel
and porcelain substrates. The first set of samples was  prepared by
manually transferring trace quantities of each bullet onto the steel
and porcelain substrates. The transfers were made by pulling the
projectile along the substrate in a straight line with lightly applied
pressure. The transfers were intermittently visible along the line.
Three transfer lines were made with each manufacturer/type bullet
to produce a total of 18 transfer lines on steel and 18 lines on porce-
lain. The second set of samples were prepared in the same way  as
the first set; however, the jacketing from two  different bullet types
were overlain on a single substrate. The combinations CJ/MJ, CJ/NJ
and MJ/NJ were generated by preparing three transfer lines for each
combination to give a total of nine transfer lines on steel and nine
lines on porcelain.

The remaining live cartridges were fired through steel plates to
produce bullet holes and tested for trace quantities of the jacket
material deposited on the edge of the hole. The total numbers of
bullet holes from each class were 15 CJ, 4 MJ  and 4 NJ. The plates
were 1 mm steel sheeting obtained from Home Depot (Orlando,
FL). The firing of the bullets through the steel plates was performed
at the Seminole County Shooting Range by an officer from the Uni-
versity of Central Florida Police Department. The rounds were fired
through the sheet metal positioned approximately 7–10 feet from
the shooter. A total of three plates were used in the experiments,
with each plate being used for two bullet manufacturer/types. The
first two  plates were shot with the four of the CJ class and the last
plate was  shot with bullets from the MJ  and then NJ classes. Two
 the presence of interferences: Combined application of target factor
oi.org/10.1016/j.aca.2012.09.042

clusters of bullet holes were positioned on opposite ends of each
plate and labeled at the time of the shooting. Plates were wrapped
individually in plastic bags to prevent possible contamination on
transportation back to the laboratory for analysis.

dx.doi.org/10.1016/j.aca.2012.09.042
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.1.3. Sample analysis
A library of spectra corresponding to each class was  generated

y collecting LIBS spectra from the unused projectiles. To account
or the high variability often observed in replicate LIBS spectra, the
ibrary was made up of six spectra from each manufacturer/type,

ith each spectrum comprised of an average of ten single-shot
pectra. Each bullet was placed on the sampling stage and rotated
ntil six average spectra were collected. Similarly, spectra of the
teel plates and porcelain tiles were also collected; however, these
pectra were not included in the library since they constitute the
ackground interference against which the projectile class is to be
etermined.

Each bullet transfer line on the steel and porcelain substrates
as sampled by collection of LIBS spectra along the line. A total of 12

ingle shot spectra were collected along each line. This procedure
as used for each of the lines corresponding to one-bullet or two-

ullet transfers. The plates containing the bullet holes were cut to
btain individual bullet holes and surrounding plate from cluster
f holes. Each bullet hole was positioned on the LIBS sample stage
o the laser would hit the edge of the bullet hole in an area where
aterial transfer from physical contact would be expected to occur.

welve single shot spectra were collected from around each bullet
ole.

.2. Data analysis

Spectral data analyzed by the TFA tests was restricted to 5636
oints for each spectrum in the range of 200–500 nm.  The emis-
ions comprising each spectrum were normalized to a summed
ntensity of one. Twelve spectra were collected from each bullet
ole and along each transfer line on porcelain or steel in order to
ccount for variations arising from laser coupling to the matrix.
ach set of spectra, corresponding to a single transfer line or bullet
ole, were concatenated into a single data matrix and each matrix
as subjected to target factor analysis (TFA), as described below.

he data manipulation and analysis was performed using Microsoft
xcel (Microsoft Corp., Seattle, WA,  USA) to compile the data, Mat-
ab (MathWorks, Natick, MA,  USA) to perform the TFA and Bayesian
oft classification (code written in-house), and R (The R Project for
tatistical Computing, http://www.r-project.org) to graph the data.

The mathematical basis for the combination of target factor
nalysis (TFA) with a Bayesian posterior probability calculation to
rovide a multiple class Bayesian soft classifier is discussed below.
pplication of the combined TFA and Bayesian decision theory to

he detection of ignitable liquid residue in fire debris has been
eported elsewhere [18].

.2.1. Target factor analysis (TFA)
A data matrix comprised of a set of spectra, each composed

f different contributions from a finite set of components, was
nalyzed by abstract factor analysis to first reduce the data dimen-
ionality and identify an orthonormal set of abstract factors. The
bstract factors may  be divided into the principal factors which
omprise the signal and a set of secondary factors which contribute
o noise in the data. The total number of abstract factors corre-
ponds to the rank of the matrix. The rank of a matrix may  be
efined as the maximum number of linearly independent rows or
olumns and for a matrix with r rows and c columns, the maxi-
um  possible rank is the smaller of r and c. The matrices analyzed

n this application are comprised of relatively small number of
ows, each corresponding to a single spectrum, and a large number
f columns, each corresponding to the spectral variables (wave-
Please cite this article in press as: C.N. Rinke, et al., Discriminant analysis in
analysis  and a Bayesian soft-classifier, Anal. Chim. Acta (2012), http://dx.d

ength). The number of spectra comprising the matrix determines
he maximum possible rank, and therefore the maximum number
f abstract factors, which must exceed the number of principal fac-
ors contributing to the data. The matrices [R‡] and [C‡] in Eq. (1)
 PRESS
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contain the scores and loadings for only the principal factors. In
the work presented here, determination of the number of princi-
pal factors to retain is accomplished using the determination of
rank by median absolute deviation (DRMAD) and [D] is factored by
singular value decomposition [19]. The DRMAD method works to
identify the secondary factors (the error) by the residual standard
deviation (RSD) of the set of associated error eigenvalues. When a
principal eigenvalue is added to the set of error eigenvalues, the
RSD will increase and the principal eigenvalue will be an outlier
in the set of error eigenvalues. The outlier status of a value x0 is
determined if ||x0 − median(xi)||/MAD exceeds a value of 5, where
MAD  is the median absolute deviation of the set of eigenvalues. The
error matrix [E] in Eq. (1) accounts for the error removed from the
data after accounting for the principal factors. Each row of [D] cor-
responds to a sample spectrum and each column corresponds to a
variable (i.e., wavelength).

[D] = [R‡] [C‡] + [E] (1)

The primary factors in [C‡] constitute a set of eigenvectors that
do not represent physically meaningful spectra. The spectra com-
prising [D] may  contain contributions from analytes of interest as
well as contributions from background/substrate materials. Target
factor rotations are oblique rotations used to identify physically
meaningful spectra contributing to [D]. The vector transformations
are expressed in Eqs. (2)–(4),  where [T] is the transformation matrix
that brings about the oblique rotations and the error contribution
[E] has been dropped in Eq. (2).

[D] = [R‡][T][T]−1[C‡] (2)

T ′
l = Cl[C

‡]T
(3)

Cl = T ′
l [C‡] (4)

Individual vectors contributing to [T] or [T]−1 may be identified
without the need to identify the entire matrix. The transformation
vector T ′

l
corresponding to the lth row transformation vector of

[T]−1 is found by Eq. (3),  where Cl is the test spectrum (vector). The
predicted spectrum (vector) C̄l , obtained by Eq. (4),  represents the
maximum-likelihood prediction of a spectrum that best matches
the test spectrum [13]. The test spectra are taken from a library of
potential analytes. Eq. (3) may  be thought of as the projection of
the test vector into the abstract vector space represented in Eq. (1).
Similarly, Eq. (4) represents the recovery of the projected vector

and the comparison between Cl and Cl reveals the ability to accu-
rately represent the test spectrum in factor space generated in Eq.
(1). Individual analytes in a library may  be ranked based on the
comparison of the test and predicted spectra by a similarity met-
ric, such as the Pearson product moment correlation coefficient, r.
In a case where a set of analytes possess class characteristics that
are represented in their spectra, target factor analysis may  be com-
bined with a Bayesian approach to produce a classifier, as described
below. This approach may  be fruitful if identification of a class of
analyte can be achieved whereas individualization may  not be pos-
sible (i.e. identification of a bullet casing by class, as opposed to
identifying the exact manufacturer and bullet).

2.2.2. Assigning class membership
Bayesian decision theory is applied to a multiclass classification

problem using Eq. (5),  where P(ωi|r) is the posterior probability,
p(r|ωi) is the class-conditional probability, and P(ωi) is the prior
probability that an object belongs to class ωi [2].  In this work, the
prior probabilities for all classes will be set equal and cancel out
 the presence of interferences: Combined application of target factor
oi.org/10.1016/j.aca.2012.09.042

of Eq. (5).  Each class-conditional distribution is defined by a set
of correlations coefficients which are distributed on the interval
[−1,1]. The class-conditional probabilities in Eq. (5) are approxi-
mated by the kernel function given in Eq. (6),  where there are ni

dx.doi.org/10.1016/j.aca.2012.09.042
http://www.r-project.org/
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Fig. 1. LIBS spectra for bullet jacketing material (a) 

orrelation values for each class ωi [20]. The number of correla-
ions, ni, correspond to the number of samples within the library
lass. The adaptive bandwidth hi in Eq. (6) is calculated by Eq. (7),
herein Ai is an adaptive estimate of the spread in the correlations

or class ωi [20]. The standard deviation of the Pearson correlations
or class ωi is given by si in Eq. (8),  and the inter-quartile range
f the correlations for class ωi is given by Ri. The operation “min”
n Eq. (8) indicates that the minimum of the two values (si and
i/1.34) will be assigned to Ai. Adaptive bandwidth methods are
nown to perform well in density estimates, including for multi-
ode distributions and those with long tails. A fixed bandwidth
ethod can result in over-smoothing or under-smoothing as the

ensity of points varies throughout a distribution. The method of
ilverman, used here, has been reported to give a mean integrated
quared error (MISE) within 10% of the optimum for some common
on-normal distributions [20].

(ωi|r) = p (r|ωi) P (ωi)∑
ip (r|ωi) P (ωi)

(5)

(r|ωi) = 1
ni

ni∑
j=1

1

hi

√
2�

exp

[
1

2h2
i

(r − rj)
2

]
(6)

i = 0.9Ain
1/5
i

(7)

i = min
(

si,
Ri

1.34

)
(8)

The class-conditional probabilities, p(r|ωi) change with every
et of TFA results and it is therefore necessary to calculate a set
f p(r|ωi) values following every TFA analysis. Eq. (5) allows the
alculation of P(ωi|r) at a specified correlation, r; however, P(ωi|r)
ased on Eq. (5) can vary significantly over a small range of r when
he class-conditional probability distributions are narrow. An argu-

ent can be made for calculating P(ωi|r) at r = 1, where the test and
redicted spectra are perfectly correlated; however, this places a
ery stringent requirement for the identification of real factors from
ata with significant background contributions. A reasonable alter-
ative is to assess classification by identifying the class with the
ighest probability of showing correlations that exceed a specified
Please cite this article in press as: C.N. Rinke, et al., Discriminant analysis in
analysis  and a Bayesian soft-classifier, Anal. Chim. Acta (2012), http://dx.d

ower limit, rLL. The integrated area under p(r|ωi) for correlations
xceeding rLL yields this probability. The correlation, r, is bound
n the interval [−1,1]; however, the integrated area under the
lass conditional-probability given by Eqs. (6)–(8) over the interval
 MJ,  (c) NJ. See Table 1 for composition information.

[−1,1] may  be less than one. Failure to integrate to an area of one
can result from p(r|ωi) not going to zero at r = 1 due to the finite
bandwidth, h. This behavior is especially evident when the values
of r for a class begin to cluster close to one. The boundary problem
is addressed by approximating Ii[rLL,1], the integrated area under
p(r|ωi) at r > rLL, by the expression 1 − Ii[−1, rLL]. With this modifi-
cation, the posterior probability can be calculated by Eq. (9),  rather
than by Eq. (5).

P(ωi|Ii[rLL, 1]) = (1 − Ii[−1, rLL])P(ωi)∑
i(1 − Ii[−1, rLL])P(ωi)

(9)

When assignment of the sample to the class with the highest
posterior probability is required, the classifier is considered a “hard
classifier”. Classifiers that allow a sample to be assigned to multiple
classes, or not assigned to a class, are typically considered to be
“soft classifiers”. The posterior probabilities may  also be utilized to
estimate the degree of class membership, resulting in a Bayesian
soft-classifier [21]. One additional consideration is important, the
case where all of the class-conditional distributions reflect poor
agreement between the test and predicted spectra. In this case it
may  be prudent to not classify the sample into any of the classes
represented in the library. To address this issue, and simultaneously
create a truly soft classifier, the value of Ii[rLL,1] will be required to
exceed some value  ̨ before P(ωi|Ii[rLL,1]) will be calculated for class
ωi. The value of  ̨ corresponds to a minimal probability of observing
r > rLL and represents a statistical significance level for assigning a
posterior probability to a given class.

3. Results and discussion

Fig. 1 shows LIBS spectra from each class (CJ, MJ  and NJ) in the
library, and Fig. 2 shows LIBS spectra of the steel and porcelain
substrates. The two  strong peaks at 324.75 nm and 327.40 nm in
the CJ spectra (Fig. 1a) are attributed to Cu I transitions. The spec-
trum of the MJ  projectile (Fig. 1b) also contains emissions attributed
to the Cu I transitions, along with emissions at 361.94, 341.48
and 352.45 nm that are attributed to Ni. The representative spec-
trum from the NJ class projectile (Fig. 1c) contains multiple lines
attributed to Pb, including the 363.96 nm and 368.35 nm Pb I tran-
 the presence of interferences: Combined application of target factor
oi.org/10.1016/j.aca.2012.09.042

sitions [21]. The spectrum from the metal plate (Fig. 2a) does not
contain excessively strong lines attributable to the Cu I or Pb I tran-
sitions but does contain approximately 15 lines in common with the
three projectile classes. Similarly, the porcelain substrate spectrum

dx.doi.org/10.1016/j.aca.2012.09.042
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Fig. 2. LIBS spectra for substrate materials (a) steel, (b) porcelain. See Table 1 for composition information.

(b) MJ and (c) NJ transfer on steel.
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Fig. 4. (a) Class-conditional distribution functions for correlation of test and pre-
Fig. 3. LIBS spectra of (a) CJ, 

Fig. 2b) contains approximately 18 lines in common with the three
rojectile classes.

Fig. 3 shows representative spectra from the lines of each bullet
lass (CJ, MJ  and NJ) deposited on the steel substrate. The com-
lexity of the steel spectra enhances the difficulty in selecting the
ullet jacketing that contributes to the spectra. When the substrate

dentity and associated spectral complexity vary, the problem of
dentifying a contribution from one of the bullet classes can become
ven more difficult. The spectra taken on one of the CJ bullet transfer
ines on steel were processed as described above and the class-
onditional distributions for CJ, MJ  and NJ classes are shown in
ig. 4.

The class-conditional distribution functions calculated from the
orrelation of test and predicted spectra from CJ, MJ and NJ bul-
et classes, Fig. 4a, clearly show higher overall correlations for
ibrary spectra from the the CJ class. Fig. 4b shows P(ωi|Ii[rLL,1])
s rLL is varied and  ̨ = 0.05. The calculated P(CJ|ICJ[rLL,1]) = 0 for rLL

reater than approximately 0.92 where ICJ[rLL,1] < ˛. At rLL equal
o approximately 0.92, P(CJ|ICJ[rLL,1]) jumps to a value of 1.0 and
emains high until rLL decreases to approximately 0.75, where
Please cite this article in press as: C.N. Rinke, et al., Discriminant analysis in the presence of interferences: Combined application of target factor
analysis  and a Bayesian soft-classifier, Anal. Chim. Acta (2012), http://dx.doi.org/10.1016/j.aca.2012.09.042

(MJ|IMJ[rLL,1]) begins to increase as IMJ[rLL,1] exceeds ˛. As rLL con-
inues to decrease, P(CJ|ICJ[rLL,1]) and P(MJ|IMJ[rLL,1]) converge on
.5, and eventually P(NJ|INJ[rLL,1]) begins to contribute and all three
osterior probability values converge on 0.33.

dicted spectra from CJ (short dashes), MJ  (medium dashes) and NJ (solid line) bullet
jacket classes. (b) Posterior probabilities with  ̨ = 0.05 calculated as a function or rLL .
Data derived from analysis of a set of spectra taken from a CJ transfer line on steel.
The  number of library spectra (target factors) for each class conditional curve were:
24  CJ, 6 MJ  and 6 NJ.

dx.doi.org/10.1016/j.aca.2012.09.042
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Table 1
Posterior probabilities calculated at rLL = 0.8,  ̨ = 0.05.

Substrate Sample # of samples Average P(ωi|[rLL ,1]) Fraction P(ωi|[rLL ,1])
not calculated

CJ MJ  NJ

Steel CJ 12 1.00 0.00 0.00 0.00
MJ 3 0.61 0.39 0.00 0.67
NJ  3 0.00 0.00 1.00 0.00

Porcelain CJ  12 1.00 0.00 0.00 0.00
MJ  3 0.00 1.00 0.00 0.33
NJ  3 0.00 0.00 1.00 0.00

Steel CJ/MJ 3 0.80 0.20 0.00 0.00
CJ/NJ 3 0.49 0.00 0.51 0.00
MJ/NJ 3 0.28 0.00 0.72 0.00

Porcelain CJ/MJ 3 0.73 0.27 0.00 0.33
CJ/NJ 3 0.83 0.00 0.17 0.00
MJ/NJ 3 0.24 0.26 0.50 0.33

t
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Bullet  hole (steel) CJ 15 

MJ  4 

NJ  4 

When the analysis described for the data in Fig. 4 is applied to
he spectra from each of the transfer lines on porcelain and steel,
nd the bullet-hole data, the results are given in Tables 1 and 2.
able 1 gives the results for the analysis with the lower integra-
ion cutoff, rLL = 0.8 and  ̨ = 0.05, while Table 2 gives the results for
LL = 0.9 and  ̨ = 0.05. The first column gives the substrate to which
he sample was applied and the second column gives the classes
f bullet jacket applied to the substrate. The third column gives
he number of samples analyzed and the following three columns
ive the average P(ωi|Ii[rLL,1]) for each of the three classes (CJ, MJ
nd NJ). The last column gives the fraction of samples for which

i[rLL,1] <  ̨ for all three classes (i.e., the fraction of samples that
ere not classified).

The results for single class transfer to steel and porcelain
ubstrates are given in the first two entries under the heading ‘Sub-
trate’ in both Tables 1 and 2. All of the CJ samples on steel and
orcelain met  the requirements for posterior probability calcula-
ion (˛ = 0.05, rLL = 0.8, Table 1) for at least one class and the average
osterior probability for the CJ class was 1.0. When the require-
ents for posterior probability calculation are changed to  ̨ = 0.05

t rLL = 0.9, see Table 2, CJ on steel and porcelain gave average
(ωi|Ii[rLL,1]) = 1; however, none of the classes met  the require-
ents for posterior probability calculation in 33% of the CJ transfer
Please cite this article in press as: C.N. Rinke, et al., Discriminant analysis in
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amples on porcelain.
For NJ class transfers on steel and porcelain, an average

(ωi|Ii[rLL,1]) = 1 was calculated for  ̨ = 0.05 at rLL = 0.8 (Table 1)
nd the same performance was observed for  ̨ = 0.05 at rLL = 0.9

able 2
osterior probabilities calculated at rLL = 0.9,  ̨ = 0.05.

Substrate Sample # of samples 

Steel CJ 12 

MJ  3 

NJ  3 

Porcelain CJ  12 

MJ  3 

NJ  3 

Steel CJ/MJ 3 

CJ/NJ 3 

MJ/NJ 3 

Porcelain CJ/MJ 3 

CJ/NJ 3 

MJ/NJ 3 

Bullet  hole (steel) CJ 15 

MJ 4  

NJ 4  
0.91 0.00 0.09 0.60
0.00 0.00 0.00 1.00
0.00 0.00 1.00 0.00

(Table 2). Two  of three MJ  bullet transfers on steel failed to meet
the requirements for posterior probability calculation at  ̨ = 0.05
and rLL = 0.8 for every test class, and therefore the two samples
were not classified. Average posterior probabilities of 0.61, 0.39
and 0.0 were calculated for the CJ, MJ  and NJ classes respectively
for the one remaining MJ  dataset. On the porcelain substrate, one
sample did not classify and the other two  MJ transfer samples had
P(ωi|Ii[rLL,1]) = 1, Table 1. The MJ  transfer data has a high fraction of
samples where P(ωi|Ii[rLL,1]) is not calculated and in one instance
(MJ  on steel) the posterior probability for the CJ class exceeds the
probability for the MJ  class. The poorer performance by the MJ
transfer data may  be related to a smaller amount of material trans-
ferred to the substrate. The MJ  jacketing material is harder than
copper or lead, which comprise the major chemical components in
the CJ and NJ classes.

Results for the two-class transfer are given in Tables 1 and 2
in the lines under ‘Sample’ giving two  classes (i.e., CJ/MJ), and the
class-conditional probabilities and posterior probabilities for CJ/MJ
on steel are shown in Fig. 5. In these tests, two  classes of bullet
jacketing material are present and TFA should result in higher cor-
relations between the test and predicted spectra for members of
the two  classes. The calculated P(ωi|Ii[rLL,1]) values for each of the
two classes would ideally approach 0.5; however, if the correlations
 the presence of interferences: Combined application of target factor
oi.org/10.1016/j.aca.2012.09.042

are higher for one of the two  classes, then the P(ωi|Ii[rLL,1]) val-
ues will deviate from the ideal value. The P(ωi|Ii[rLL,1]) values may
deviate from ideal behavior, for example, if one analyte is present
in higher concentration, leading to better correlations with library

Average P(ωi|[rLL ,1]) Fraction P(ωi|[rLL ,1])
not calculated

CJ MJ  NJ

1.00 0.00 0.00 0.00
0.00 0.00 0.00 1.00
0.00 0.00 1.00 0.00
1.00 0.00 0.00 0.33
0.00 0.00 0.00 1.00
0.00 0.00 1.00 0.00
0.67 0.33 0.00 0.00
0.62 0.00 0.38 0.00
0.00 0.00 1.00 0.33
0.50 0.50 0.00 0.33
0.87 0.00 0.13 0.00
0.50 0.00 0.50 0.33
0.37 0.00 0.63 0.93
0.00 0.00 0.00 1.00
0.00 0.00 1.00 0.25
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ARTICLE ING Model

ACA-232137; No. of Pages 8

C.N. Rinke et al. / Analytica Chimi

Fig. 5. (a) Class-conditional distribution functions for correlation of test and pre-
dicted spectra from CJ (short dashes), MJ  (medium dashes) and NJ (solid line) bullet
jacket classes. (b) Posterior probabilities with  ̨ = 0.05 calculated as a function or rLL .
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[

[
Morales, A.M. Mayoral, Catena 74 (2008) 177–184.
ata derived from analysis of a set of spectra taken from a CJ and NJ transfer line on
teel.

pectra. The data in Table 1 show that most of the two-class transfer
amples give P(ωi|Ii[rLL,1]) /= 0 for the classes transferred; how-
ver, the P(ωi|Ii[rLL,1]) values differ from the ideal values of 0.5.
he P(ωi|Ii[rLL,1]) values for the MJ  class tend to be smaller than
he co-transferred material, e.g. P(ωi|Ii[rLL,1]) of 0.8 and 0.2 for CJ
nd MJ  classes for the CJ/MJ transfer on steel. In the MJ/NJ trans-
er to porcelain, non-zero posterior probabilities were obtained for
ll three classes, and the MJ/NJ transfer to steel, posterior proba-
ility of zero was obtained for the MJ  class, while the CJ class was

ncorrectly identified as present with a posterior probability of 0.28.
hen the posterior probability calculation criteria were changed

o  ̨ = 0.05 at rLL = 0.9 (Table 2 data), the general trends in poste-
ior probabilities are similar to those in Table 1. The most difficult
ample to correctly identify was the MJ/NJ sample on both steel
nd porcelain. This sample corresponds to transfer to the hardest
nd softest jacket materials and would likely result in the largest
ifference in the amount of material transferred.

The last entries in the ‘Substrate’ column in Tables 1 and 2 are
he data from analysis around the holes produced when the bullets
ere fired through steel plates. One significant result from these

ests is a large jump in the fraction of CJ and MJ  samples which did
ot meet the criteria for posterior probability calculation for any
f the bullet jacketing classes. None of the MJ  bullets were classi-
ed. The CJ bullets that met  the criteria for P(ωi|Ii[rLL,1]) calculation
ad posterior probabilities for CJ and NJ or 0.91 and 0.09, respec-
ively at rLL = 0.8 and  ̨ = 0.05, whereas values of 0.37 and 0.63 were
alculated at rLL = 0.9,  ̨ = 0.05. The posterior probability values cal-
ulated for the CJ bullets included a significant contribution from
he NJ bullets. It should be noted that the CJ bullets are comprised
f a copper jacket around lead. If lead is deposited on the steel plate
s the CJ bullet passes through the plate, a non-zero posterior prob-
bility for the NJ class can be expected. The NJ bullet holes had the
owest fraction that failed to meet the criteria for posterior prob-
bility calculation and an average P(ωi|Ii[rLL,1]) = 1.0 was  obtained
or these samples. The NJ bullets are composed of lead, the softest

aterial and are likely to give the highest amount of transfer.
All of the data discussed above demonstrate application of the

ata analysis method to samples from different and complex, sub-
Please cite this article in press as: C.N. Rinke, et al., Discriminant analysis in
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trates. The bullet-hole data provided an additional interesting
bservation. The spectra of the samples all contained two strong
missions at 455.40 nm and 493.40 nm that were not present in the

[
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library. These transitions are tentatively assigned Ba II and likely
arise from gunshot residue deposited as a result of the proximity of
the firearm to the steel plate. The gunshot residue in these samples
contributes to the background interference.

4. Conclusions

The combined TFA and Bayesian soft classifier are intended to
produce posterior probabilities that a sample contains a represen-
tative analyte from one of the classes in a library. The method may
also indicate that a system does not contain any of the analytes
represented in the library. The resulting posterior probabilities are
intended to aid the analyst in classifying the sample in the pres-
ence of an unknown background signal. The method is designed to
work in cases where spectra of multiple analytes from the classes
in question are known. The method gives reasonable results for sin-
gle analyte transfers investigated in this study when the analyte is
readily transferred to the substrate (i.e., the CJ and NJ bullet jacket-
ing). In cases where the correlations between test and predicted
spectra are low and a sensitivity  ̨ is incorporated, the method
becomes conservative. Generalization of the results presented here
requires further testing of the method on larger data sets and larger
libraries of target factors. In related work, results have been pub-
lished elsewhere for application of the method, utilizing a library of
358 target factors, for the determination of ignitable liquid residues
in fire debris containing interferences from pyrolysis products [18].
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