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Microspectrophotometry followed by chemometric data analysis was conducted on pairs of visually simi-
lar blue acrylic fibers, simulating the ‘‘questioned versus known” scenarios often encountered in forensic
casework. The relative similarity or dissimilarity of each pair was determined by employing principal
component analysis, discriminant analysis and Fisher’s exact test. Comparison of fibers from within each
set resulted in a correct inclusion result in 10 out of 11 scenarios, with the one false exclusion attributed
to a lack of reproducibility in the spectra. Comparison of fibers from different sets resulted in a correct
exclusion result in 108 of 110 scenarios, with two sets that shared identical dye combinations being
indistinguishable. Although the presented methods are not infallible, they may nonetheless provide a
path forward for forensic fiber examiners that has a more scientifically rigorous basis on which to support
their findings in a court of law.

� 2016 Elsevier B.V. All rights reserved.
1. Introduction

Textile fibers are a commonly encountered form of forensic
trace evidence, and may be used to provide evidence of association
due to their high tendency to shed and be transferred through phy-
sical contact [1–3]. Furthermore, certain classes of fibers can prove
highly distinctive based on their morphology, composition and
especially color. Over 7000 textile dyes and pigments are currently
produced worldwide, with combinations of these often used to
impart specific colors to textile products [2,4]. Additionally, textile
dyeing processes are generally carried out in batches that may
exhibit minor variations in dye form, shade or strength [5].
Although many colors can be distinguished visually, these assess-
ments are subjective and may be affected by metamerism or the
examiner’s color vision [6,7]. More objective measurements can
be obtained using instrumental methods such as microspectropho-
tometry (MSP), which is favored as a rapid and non-destructive
method for characterizing the color of dyed fibers [8,9]. Several
studies have demonstrated the capability of MSP to distinguish
visually similar colored fibers based upon different chromophores
in the molecular structure of their dyes [10–14].

Forensic fiber examinations frequently involve comparisons
between a questioned (Q) sample recovered from a crime scene
and a known (K) sample taken from a known source such as a sus-
pect’s home or belongings [15]. Such comparisons may result in
one of three outcomes: inclusion (e.g., ‘‘Q and K may have origi-
nated from the same source”), exclusion (e.g., ‘‘Q and K did not ori-
ginate from the same source”), or an inconclusive result. In the case
of textile fibers, which are mass produced, a ‘‘source” can only be
described in terms of a class of objects that share the same physical
and chemical characteristics rather than any particular item.

The underlying logic of these ‘‘questioned versus known” (Q vs.
K) comparisons can be expressed through the following if/then
statement:

‘‘IF Q and K originated from the same source, THEN Q and K will
share indistinguishable class characteristics.”

It follows, then, that the contrapositive must also be true:

‘‘IF Q and K do not share indistinguishable class characteristics,
THEN Q and K did not originate from the same source”.

It is critical to realize, however, that it is a fallacy to affirm the
consequent:
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‘‘IF Q and K share indistinguishable class characteristics THEN Q
and K originated from the same source”.

This means, therefore, that any forensic comparison that results
in an association based upon indistinguishable characteristics may
be a false inclusion. There is also an implicit assumption for any
given Q vs. K comparison that the source(s) of Q and K are homo-
genous, i.e., that both the questioned and known are representative
samples of their original source(s). If this assumption is invalid, it
may lead to false exclusions (see contingency table below).
Result of comparison
Ground truth
 Indistinguishable
characteristics
Distinguishable
characteristics
Same source (Q = K)
 True inclusion
 False exclusion

Different sources

(Q – K)

False inclusion
 True exclusion
In general, the relative strength of an inclusion depends upon the
rarity of the class to which Q and K are assigned, as the chance of
a coincidental inclusion goes down as the source of Q and K
becomes smaller and less common. A more quantitative approach
to describing these outcomes can be expressed by stating two com-
peting hypotheses:

Prosecutor’s Hypothesis (Hp). The questioned fiber(s) originate
from the individual/object which is the source of the known. This
hypothesis represents a ‘‘true inclusion”.
Table 1
Dye compositions of eleven blue acrylic fiber sets utilized in this study.

Fiber set Dye composition Diameter (lm)

Fiber A Blue 3, Red 18, Yellow 28 17.5
Fiber B Blue 41, Red 46, Yellow 28, Yellow 29 15
Fiber C Blue 41, Red 46, Yellow 28 15
Fiber D Blue 41, Red 29, Yellow 21 21.25
Fiber E Blue 147, Red 29, Yellow 28 23.75
Fiber F Blue 3, Blue 147 23.75
Fiber G Blue 147, Red 46, Yellow 28 18.75
Fiber H Blue 3, Red 18, Yellow 28 22.5
Fiber I Blue 41, Red 29, Yellow 28 22.5
Fiber J Blue 41, Red 18, Yellow 28 25
Fiber K Blue 3, Red 46, Yellow 28 25
Defense Hypothesis (Hd). The questioned fiber(s) originate from
another individual/object than the one suspected. This hypothesis
represents a ‘‘false inclusion”.

In turn, a likelihood ratio (LR), as derived from the Bayes Theo-
rem can be defined as:

LR ¼ PðEjHpÞ=PðEjHdÞ
where evidence (E) can be a quantitative score of similarity or dis-
similarity between the questioned and known, P(E|Hp) is the prob-
ability of observing the evidence given the prosecutor’s hypothesis
and P(E|Hd) is the probability of observing the evidence given the
defense hypothesis.

Ultimately, a fiber comparison that utilizes an analytical
method such as MSP includes a determination of whether the spec-
tra from a Q and K are truly ‘‘indistinguishable”. Such a determina-
tion depends upon the variation between spectra of the questioned
and known samples. Specifically, guidelines published by the
Scientific Working Group for Materials Analysis (SWGMAT) dictate
that a ‘spectral inclusion’ can be made if the questioned spectrum
lies within the range of the known spectra in terms of the curve
shape and absorbance values [16].

Traditionally, assessment of whether two or more fibers exhibit
similar spectral characteristics has relied upon an examiner’s
visual interpretation of the data. The subjective nature of these
comparisons has led to trepidations regarding potential human
error or bias [17]. Substantial research in recent decades has
therefore examined the utility of analytical techniques with
chemometric analysis to provide more objective fiber examina-
tions [18–22]. Liu for example employed Raman spectroscopy with
chemometrics to distinguish cotton cellulose fibers based upon
their color, crystalline fraction and strength [23]. Morgan et al. also
described several inter-laboratory studies employing chemo-
metrics with UV–vis and fluorescence MSP to a large database of
dyed fibers, discriminating fibers according to both their dye com-
position and loadings with high levels of accuracy [24]. However,
these studies have largely focused on the simultaneous discrimina-
tion of several fibers, rather than the Q vs. K comparisons more
typical of forensic casework. Furthermore, there is presently a lack
of quantitative measures for assessing sample similarity. The
establishment of cut-off criteria for an ‘inclusion’ or ‘exclusion’
result would provide an additional statistical basis on which foren-
sic practitioners could support their findings in a court of law.

This study investigated the potential use of MSP spectroscopy
followed by chemometrics to assess the similarity or dissimilarity
of several blue-dyed acrylic fiber sets. Chemometric data analysis
was conducted on spectra acquired from various fiber pairs in
order to simulate casework Q vs. K comparisons. Quantitative
determination of the similarity was then made by comparing the
resultant data using hypothesis testing.

2. Materials and methods

2.1. Samples

Fiber samples were provided by the University of South Carolina. The sample
population consisted of eleven sets of bilobal blue acrylic fibers colored with vary-
ing combinations of cationic (basic) dyes, as shown in Table 1. Representative
images of each fiber set are provided in the Electronic supplementary information
(Fig. S1). Fibers from each set had varying diameters as indicated.

2.2. Microspectrophotometry

Individual fibers from each set were randomly removed and mounted on glass
microscope slides using Permount mounting media (Fisher Scientific, U.S.A.) for
analysis. MSP spectra were acquired between 400 and 800 nm using a CRAIC QDI
2000 microspectrophotometer in transmission mode, operated at 150� magnifica-
tion. The spectrometer was calibrated using NIST traceable standards prior to use.
An autoset optimization, dark scan and reference scan were also obtained prior to
each sample analysis. Ten fibers were analyzed from each set, with five spectra
recorded along the length of each to account for intra-fiber variation. Fifty averaged
scans at a resolution of 5 nm were obtained for each spectrum.

2.3. Data analysis

Data pre-processing and chemometric analysis was conducted using XLSTAT
(AddInSoft, Paris, France) and Unscrambler X 10.3 (Camo Software AS, Oslo, Nor-
way). All spectra were first baseline offset to 0% absorbance and normalized to
account for variations associated with the fiber diameter. In this case normalization
to ‘‘unit vector length” was chosen as it was appropriate for UV–vis spectra [25].
Other normalizations were explored (i.e., normalization to unit area) but the perfor-
mance of the model was not improved. Principal component analysis (PCA) was
then conducted on the entire dataset of known sample spectra using Unscrambler
X 10.3.

The Q vs. K approach was undertaken by conducting PCA on pairs of fiber sets
using XLSTAT. In each comparison, the ‘‘known” sample was defined as a group of
45 spectra originating from the first nine fibers of the set, and the ‘‘questioned”
sample was defined as the five spectra acquired from the last fiber analyzed in
the same set, or the last fiber analyzed in a different set. Discriminant analysis
(DA) was performed in XLSTAT on each pair based on their PCA scores against
the first three PCs (accounting for >98% of total variance in each comparison), cal-
culating prior membership probabilities from each training set. The number of PCs
used to construct each model was selected according to the corresponding scree
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plots. All DA comparisons employed the Mahalanobis distance measure and
assumed non-equal covariance matrices. This approach was repeated for each pos-
sible pair of questioned and known samples, yielding a total of 121 comparisons
among all eleven fiber sets. Sample similarity was then evaluated using the classi-
fication results of the questioned spectra, mean membership probabilities and Fish-
er’s exact test.
3. Theory

3.1. Chemometric methods

Analytical methods such as microspectrophotometry generate a
large quantity of multivariate data, posing difficulties in objective
interpretation. This issue can potentially be overcome through
the use of multivariate statistical (chemometric) methods, such
as PCA [26–28]. PCA reduces the dimensionality of complex data
by transforming the original set of correlated variables into a lesser
number of new, orthogonal variables referred to as principal com-
ponents (PCs) [29–31]. Each successive PC is calculated to describe
the maximum proportion of variation in the dataset that is not
described by the previous components, such that the majority of
information is retained within the first few PCs. These PCs may
then be used as a new coordinate system to re-visualize the data-
set, revealing patterns or relationships between samples that
would not be readily evident from the raw data alone [32,33].
Further information can be gleaned through inspection of the load-
ings plots, which indicate the variables of the original dataset that
significantly contribute to the separation of samples along each PC
[34].

Following the identification of sample groupings within a data-
set, it is often of interest to develop classification models for future
samples. This can be done using discriminant analysis (DA); a tech-
nique that builds a mathematical function to maximize the separa-
tion between known classes of samples [35,36]. The subsequent
model can then be employed to assign unknown samples to the
most probable class. As the sample size of each group must exceed
the number of variables, DA is typically carried out following data
reduction techniques such as PCA, with the first few PCs being sub-
stituted in place of the original variable set [37,38].
Table 2
General form of a contingency table generated from a Q vs. K comparison.

Classified as ‘‘Known” Classified as ‘‘Questioned” Total

Known a b a + b
Questioned c d c + d
Total a + c b + d
3.2. Sample similarity metrics

Due to the large size difference between the questioned and
known classes, the overall classification accuracy of the discrimi-
nant model could not be taken as a reliable measure of differentia-
tion. As only five of the 50 spectra involved in each comparison
originated from the questioned sample, an overall classification
accuracy of 90% would be obtained even if all questioned spectra
were assigned to the known class. Similarly, the overall perfor-
mance of the discriminant function as expressed by the area under
a receiver operator characteristic curve could still be near unity,
despite poor classification of the questioned spectra. The differen-
tiation between each pair was therefore evaluated according to the
percentage of questioned spectra assigned to the known class,
assessing the extent to which the questioned sample fell within
the boundaries of the known source (as recommended by the cur-
rent SWGMAT guidelines [16,39]). In addition, the mean member-
ship probability of the questioned sample belonging to the known
class was recorded.

Fisher’s exact test was then used to obtain a quantitative mea-
sure of sample similarity. This test is useful in the analysis of con-
tingency tables resulting from the binary classification of objects,
such as the classification of spectra as belonging to a questioned
or known class. Fisher’s test calculates the exact probability of
observing a given combination of data in a contingency table, as
described below [40,41]. The null hypothesis (p > 0.05 at the 95%
confidence level) is that the rows and columns of the table are
independent, i.e., there is no association between the assignation
of spectra to the questioned or known fibers and the actual source
of the spectra [42]. This would indicate that the questioned and
known fibers possess overlapping characteristics, and thus could
potentially originate from a common source. Conversely, the alter-
native hypothesis (p < 0.05) is that there is an association between
the actual and predicted fiber sources. This in turn implies that the
questioned and known fibers are distinguishable, and that they are
likely to originate from different sources.
4. Calculation

4.1. Fisher’s test statistic

Contingency tables were constructed from the results of the dis-
criminant analysis conducted on each Q vs. K pair, as shown in
Table 2.

Fisher’s test statistics were calculated from each contingency
table according to the following formula, where N is the sum of
a, b, c, and d.

p ¼ ðaþ bÞ!ðc þ dÞ!ðaþ cÞ!ðbþ dÞ!
a!b!c!d!N!
5. Results and discussion

5.1. Preliminary considerations

Single textile fibers often exhibit varying levels of dye uptake,
particularly where a multicomponent dye has been used [5,6]. This
potential heterogeneity both among and within individual fibers
requires appropriate sampling to obtain representative data for
the bulk material. For synthetic textiles such as acrylics, SWGMAT
guidelines recommend the examination of at least five individual
fibers, with a minimum of five replicate spectra acquired for each
[15,16]. In this study, nine to ten fibers were hence utilized in each
known set to ensure representative sampling. As it is not always
possible in casework scenarios to recover multiple fibers from
the questioned source, single fibers were chosen to act as the ques-
tioned sample. This was intended to simulate a challenging sce-
nario wherein a single fiber is recovered and submitted for
analysis alongside a much larger known source, such as a garment
or blanket. However, the large difference in size of the questioned
and known classes has the potential to affect the results obtained
in this study, and this must be considered when evaluating the
results.

MSP spectra from fiber sets A and H (Table 1) were each col-
lected over two consecutive days, with the instrument re-
calibrated on each date. In a casework scenario, the known and
questioned fibers would ideally be analyzed on the same day, thus
minimizing the risk of daily variations in the instrument perfor-
mance affecting the results. However, this is not always feasible
where a large number of samples have been submitted for analysis.
The re-calibration of the instrument, in addition to inherent instru-
mental variability, may therefore result in spectral deviations that
could influence the results determined through statistical analysis.



Fig. 1. Normalized MSP spectra (each averaged across five replicates) for single blue
acrylic fibers containing (top) Blue 3; (middle) Blue 41; and (bottom) Blue 147 as
their primary blue dye.
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5.2. Correlation between fiber spectra and component dyes

Chemical structures of the component dyes used in this
research are provided in the Supplementary information (Fig. S2).
Although reference standards for each dye were not available,
visual inspection of the spectra allowed broad correlations to be
drawn between these dyes and specific spectral features (Table 3).

For the purposes of this inspection, the fiber sets were divided
into three groups according to their primary blue dye: Blue 3 (sets
A, F, H and K), Blue 41 (B, C, D, I and J) or Blue 147 (sets E and G).
Example spectra from each of these fiber sets are shown in Fig. 1. It
was noted that spectra from sets A and H appeared visually iden-
tical, as expected given their identical dye combination (Table 1).

Fibers containing Blue 3 exhibited a strong peak at 655 nm with
a shoulder at 600 nm, consistent with known absorbance bands for
this dye [43–45]. Sets A, H and K also showed minor peaks or
shoulders at 450 nm consistent with Yellow 28 [46,47]. No such
peak was noted in the spectrum of set F, as these fibers did not con-
tain any yellow dyes. Set K spectra exhibited a weak shoulder at
545 nm, possibly due to the presence of Red 46. Red 18, present
in fibers from sets A and H, gave no distinguishable peak in the cor-
responding spectra. Given the broad, overlapping nature of MSP
spectra, it is possible that any absorbance band from this dye
was masked by the blue or yellow dyes, which would likely have
been present at much greater concentrations.

Samples containing Blue 41 showed a corresponding peak at
625 nm, with a shoulder at 585 nm. It is likely that the latter
resulted in the masking of any red dyes, as none of the spectra
yielded observable peaks in the red (500–550 nm) region. Fibers
containing Yellow 28 gave the expected absorbance band at
450 nm, with the exception of sets I and J, which instead exhibited
broad shoulders at ca. 490 nm. It is possible that this band shift is
due to the overlap or interaction between multiple dyes contained
in these samples. Fiber set B (containing Yellows 28 and 29) gave a
single peak in the yellow region indistinguishable from that arising
solely from Yellow 28, indicating that these dyes give rise to over-
lapping bands centred around 450 nm. Set D gave a weak shoulder
at ca. 425, consistent with Yellow 21 [47,48].

Both fiber sets containing Blue 147 produced a single broad
band at ca. 600 nm. Any Blue 147 contained in set F could was
hence likely masked by the 600 nm shoulder of Blue 3, also
explaining why this shoulder exhibited a broader peak width and
greater intensity relative to the 655 nm peak compared to fibers
containing only Blue 3. The Blue 147 peak may also be responsible
for masking any bands arising in the red region due to Red 29 (set
E) or Red 46 (set G). Set G fibers gave no distinguishable peak in the
yellow region, despite containing Yellow 28, indicating that the
concentration of yellow dye in these fibers was too low to be
detected under the conditions in this study.

5.3. Distribution of the spectral dataset

PCA revealed that 96.6% of total variance in the dataset could be
described by the first three PCs, as illustrated in the scree plot
below (Fig. 2). The scree plot is important in determining the opti-
Table 3
Spectral features attributable to dyes contained in the blue acrylic fibers.

Dye Absorbance peak/s

Blue 3 Sharp peak at 655 nm, shoulder at 600 nm
Blue 41 Peak at 625 nm, shoulder at 585 nm
Blue 147 Broad peak at 600 nm
Red 46 Peak at 545 nm
Yellow 21 Peak at 450 nm, possible peak at 425 nm
Yellow 28 Peak at 450 nm
Yellow 29 Peak at 450 nm
mum number of PCs to be retained within the model [29]. Retain-
ing an insufficient number of PCs may cause information
pertaining to dataset variation being lost, while extraneous PCs
may result in the modeling of random variance or noise [29,49].
By assessing the variance accounted for by each individual PC,
and determining the point at which the curve begins to plateau,
the optimum number of PCs required to model the data can be
identified [32,50]. In this case, the scree plot indicated that the
use of up to four PCs (accounting for 98.5% of the total variation)
was suitable to re-visualize the dataset.

Scores plots generated using combinations of the first four PCs
resulted in most fiber sets forming visually distinct clusters, with
no obvious outliers (Fig. 3). PC4, despite accounting for only 1.9%
of variance within the dataset, was found to improve the discrimi-
nation between fiber sets C and D. These exemplars were observed
to overlap when utilizing only the first three PCs. Fiber sets A and H
exhibited significant overlap, which was attributed to these fibers
possessing the same dye combination (Table 1). It should also be
noted, though, that these fibers have different diameters, and



Fig. 2. Scree plot depicting the cumulative variance in the dataset retained by each
PC.

Fig. 4. Factor loadings plot of PCs 1–4 for PCA of the entire blue acrylic dataset.
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would hence be distinguishable based upon a general microscopic
examination.

Spectra from sets D and E exhibited a high level of spread (i.e.,
intra-class variance) compared to the remaining samples when
employing the first three PCs. Visual inspection of the correspond-
ing spectra (Fig. S3) revealed variation in the relative absorbance
between bands in the 400–500 nm (yellow dye) region and those
in the 600 nm (blue dye) region. This is potentially due to differing
dye uptake among individual fibers, as discussed above. This also
reinforces the importance of collecting an adequate number of
fibers and replicate spectra to allow representative measurements
to be obtained.

The factor loadings for the first four PCs (Fig. 4) can be used to
identify which wavelength regions are the largest contributors to
variation between the fiber sets, and consequently between each
Q vs. K pair. PC1 has a strong positive correlation at ca. 655 nm, con-
sistent with the absorbance band for Blue 3 dye. Samples separated
along this PC may therefore be assumed to differ in their relative
proportions of this dye. For example, fibers from set F (containing
Blue 3) attain positive scores against PC1, while fibers from set E
(instead containing Blue 147) exhibit negative scores. Similarly,
PC2 has a positive correlation at 450 nm, consistent with Yellow
28 dye. Fiber pairs separated along this component are hence
assumed to be dissimilar in terms of the type or concentration of
yellow dye present.

PC3 exhibits a strong negative correlation at approximately
530 nm, consistent with a local minimum in the set B spectra
Fig. 3. 3-dimensional PCA scores plot (employing PCs 1,2,3 and PCs 1,2,4) showing the dis
right images show the improved separation of Fiber Sets C and D upon the inclusion of
(Fig. 1). Set B fibers hence obtain the most positive scores along
this PC, resulting in their separation from sets C, D, I or J. Likewise,
PC4 has a negative correlation at ca. 470 nm. At this wavelength,
set D spectra exhibit a local minimum while set C spectra are near
a maximum, resulting in the separation of these samples along PC4
as observed in the scores plot. PCA is thus not only valuable in qua-
litatively assessing the similarity of a questioned and known pair,
but may reveal the chemical basis for their similarity or dissimilar-
ity. Such relationships may be difficult to identify from visual
examination of spectra, highlighting the potential utility of chemo-
metrics in forensic applications.

5.4. Simulated ‘‘Q vs. K” comparisons

5.4.1. Fibers from same source
Simulated Q vs. K comparisons were undertaken by subjecting

pairs of fiber sets to PCA and DA. Successful discrimination (100%
correct classification) was interpreted as an exclusion result
wherein the fibers could be considered as distinguishable. Poor dis-
crimination, wherein three or more of the questioned spectra were
assigned to the known class, was treated as an inclusion – that is,
the fibers could possibly originate from a common source. The first
set of comparisons were carried out between fibers of the same set,
employing the last fiber as the questioned sample and the remain-
ing nine fibers as the known sample. These spectra were expected
to be non-differentiable, thus yielding an inclusion result.

This was the case for ten of the eleven fiber sets, as shown in
Table 4. The majority of the questioned spectra from these fiber
tribution of blue acrylic fibers based upon their corresponding MSP spectra. Left and
PC4.



Table 4
Statistical values obtained from Q vs. K comparisons conducted on fibers from the
same set. (⁄) denotes that the spectra for the ten fibers in these fiber sets were each
acquired over multiple consecutive days.

Q = K
classification (%)

Mean membership
probability (Q = K) (%)

Fisher’s exact
test (p-value)

Fiber Set A⁄ 100 76 1.0
Fiber Set B 100 89 1.0
Fiber Set C 100 87 1.0
Fiber Set D 100 80 0.18
Fiber Set E 100 88 1.0
Fiber Set F 100 78 1.0
Fiber Set G 100 74 1.0
Fiber Set H⁄ 80 78 1.0
Fiber Set I 60 53 0.04
Fiber Set J 80 66 1.0
Fiber Set K 40 42 5.1 � 10�4

Table 5
Statistical values obtained from Q vs. K comparisons on fibers from different sets.

Questioned Known Q = K
classification
(%)

Mean
membership
probability
(Q = K) (%)

Fisher’s exact
test (p-value)

Fiber Set C Fiber Set D 0 3 4.7 � 10�7

Fiber Set D Fiber Set C 0 2 2.8 � 10�6

Fiber Set A Fiber Set H 60 47 8.2 � 10�3

Fiber Set H Fiber Set A 100 81 1.0
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sets were assigned to the known class, suggesting the questioned
fiber to fall within the boundaries of the known source. Further-
more, the mean membership probability of these spectra belonging
to the known class exceeded 50%. The results of the Fisher Exact
test largely agreed with these initial metrics, with large p-values
obtained for nine of the fiber sets. Fiber set I generated a p-value
just below 0.05, which could be interpreted as an inconclusive
comparison for this fiber set. For fiber set K, only two of the five
questioned spectra were classified to the known class, and the
mean membership probability for these two samples was less than
50%. The Fisher test also resulted in a rejection of the null hypoth-
esis, giving a false exclusion. This is potentially a result of fiber het-
erogeneity associated with dye concentration, as previously
discussed.

Overall, these results indicate that while ten of eleven ‘‘same
source” comparisons gave the expected result, there is a potential
for false exclusions. This may be exacerbated by the large differ-
ence in size of the questioned and known classes, despite the fact
that the initial probabilities of the discriminant model took this
into account.

5.4.2. Fibers from different sources
When comparing fibers originating from different sets, the

majority of samples (with exception of sets A vs. H and C vs. D)
were unambiguously differentiated, yielding true exclusions in
108 of 110 comparisons. In these comparisons, 100% correct
classification was achieved and the membership probability of
the questioned spectra belonging to the known class was deter-
mined to be 0%. Successful discrimination of these fiber sets was
expected based on their clear visual separation in the PCA scores
plot. As these samples could be readily differentiated according
to their PC scores, Fisher’s test was deemed unnecessary and is
not included here.

When fiber sets C and D were compared, there was a small
probability for some of the questioned samples to be assigned to
the known class (Table 5). This is consistent with the minor overlap
noted between these sample sets in the PCA scores plot when
employing the first three PCs. Nonetheless, as the probability asso-
ciated with misclassification of the questioned spectra was mini-
mal (below 5% in each case), the samples were still considered to
be separable. Fisher’s test also indicated that the Q vs. K member-
ship frequencies for these samples were interdependent, yielding
an overall exclusion result.

When comparing fiber sets A and H, the results were less con-
clusive. When a fiber from set A made up the questioned sample,
the majority (60%) of these spectra were assigned to the known
class, although the mean membership probability was less than
50%. Furthermore, Fisher’s Exact test indicated that the two sam-
ples were distinguishable (p < 0.001). However, when a fiber from
set H made up the questioned sample, all questioned spectra were
assigned to the known class with high probability and Fisher’s
Exact Test indicated that the two samples were indistinguishable.
Taken together, this indicates that fiber sets A and H were not able
to be reliably differentiated.

The inability to discriminate between these sets was expected
given their high degree of overlap in the PCA scores plot (Fig. 3)
and shared dye combination, although the relative concentrations
of each dye component were not determined. Additionally, though
the diameters of the fibers differed, normalization of the spectra
was expected to nullify this difference. Interestingly, visual exam-
ination of the spectra from sets A and H revealed varying ratios of
absorbance at the 655 nm peak and 650 nm shoulder (Fig. S4). Both
of these bands have been attributed to the same dye (Blue 3), and
so heterogeneous dye uptake would not appear to be a contribut-
ing factor to this variation. As the spectra of these fiber sets were
collected over consecutive days, it is likely that these deviations
are a result of systematic instrumental variation or re-calibration,
as discussed in Section 5.1. For future studies, it would thus be
more appropriate to collect data for these fiber sets in a single ses-
sion, rather than analyzing the fiber sets sequentially over a num-
ber of days. Additionally, it should be noted in casework
examinations where data has been acquired over multiple days,
as this may similarly affect fiber examinations based upon visual
data inspections.
6. Conclusions

The use of statistical methods with MSP shows great potential
for rapidly distinguishing visually similar fibers on the basis of
their dye combinations. The comparison of simulated questioned
and known fibers from the same source resulted in a correct
inclusion result for nine of the eleven fiber sets, although a false
exclusion was obtained for fiber set K, and fiber set I gave poten-
tially ambiguous results. The comparison of questioned and known
fibers from different sources allowed for the differentiation of all
fiber sets with the exception of fiber set A and H, which shared
the same dye combination, yielding true exclusion results in 108
of 110 comparisons.

The single false exclusion was attributed to a lack of reproduci-
bility in obtaining the MSP spectra. Spectra from several fiber sets
(A, D, E and H) were also found to exhibit varying absorbance ratios
between particular peaks. This may result from the heterogeneous
uptake of multi-component dye mixtures by individual fibers.
Alternatively, the analysis of samples across different dates could
result in spectral deviations due to instrumental variability or the
re-calibration of the instrument. Given the impact of these factors
on the results obtained through statistical analyses, it can be con-
cluded that these methods are not infallible. Nevertheless, the use
of well-documented statistical protocols for these comparisons
provides a more scientifically rigorous basis on which examiners
can support their findings in court.
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As this study employed a limited sample range, additional work
is required to determine whether similar results can be obtained
with other fiber or dye types. In particular, natural fibers such as
cotton or wool are of interest due to their common use in modern
textiles. The greater amount of natural variation among these
fibers will also provide a more rigorous test of the protocols
employed in this study. Finally, it should be noted that the exem-
plars utilized in this research were relatively new, and do not take
into account potential effects due to laundering, every day wear, or
similar factors which real samples may be subjected to. Studies
incorporating such datasets will therefore be imperative for model
validation, and to assess whether such models may be reliably
applied to real scenarios.
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