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Multivariate Statistical Analysis in Fire Debris Analysis

Viacrozmerné Statistické metody pri analyze vzoriek
Z poziariska
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Abstract

An U. S. national study demonstrated an increased reliance on statistical methods to data analysis in Forensic
Sciences. The multivariate statistical analysis is recommended, in order to simplify the processing and understand-
ing the data obtained from analytical techniques. In recent years, there has been an increasing interest in applying
chemometric tools for data interpretation in fire investigation. The paper aims to present a progressive approach
to data analysis by a brief description of multivariate statistical methods that are widely used for data analysis and
data interpretation of fire debris. The paper describes chemometric approach to data analysis and gives examples
of successful application of chemometrics to fire debris analysis.
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1 Introduction 1 Uvod

Fire investigation also referred to as origin Zistovanie pri¢in vzniku poziarov (ZPP) je
and cause determination is a forensic science multidisciplinarna veda, ktora zahffia v sebe ve-
that covers knowledge from many other disci- domosti z viacerych oblasti. Medzi zakladné
plines. Preliminary scene examination, evi- kroky v procese ZPP patri: obhliadka poziari-
dence collection and laboratory analysis, hy- ska, odoberanie vzoriek a laboratorna analyza,
pothesis evaluation and conclusion belong to tvorba a hodnotenie hypotéz a tvorba zaveru [1].
basic steps of the fire investigation process [1]. Vzorky odobrané z poziariska st po¢as ZPP

The laboratory analysis is an important step podrobené laboratoérnej analyze. Zist'uje sa na-
in the process of fire investigation and plays priklad, pritomnost’ zvySkov urychlovacov ho-
a key role in determining the purpose of a fire. renia. Pre relevantnost’ vysledkov, vydala me-
The main challenge faced by many forensic dzinarodna organizacia pre rozvoj a normaliza-
chemists is data interpretation from fire debris ciu (ASTM) normy a Standardy tykajuce sa me-
samples. The data interpretation plays an im- todiky pripravy, extrakcie a analyzy vzoriek
portant role in addressing the role of the Z poziariska.
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possible use of an accelerant. Gas chromatog-
raphy-mass spectrometry (GC-MS) is the ana-
Iytical method, most widely used around the
globe [2, 3].

Studies over the past two decades have pro-
vided important information on distortion ef-
fects and interfering compounds that may hin-
der or entangle the interpretation of chromato-
graphic data [2]. However, a major problem
with data analysis is, that it is subjected to hu-
man interpretation, caused by visual compari-
son of obtained chromatograph with the refer-
ence database [4].

There are three methods of data analysis for
ignitable liquid (IL) classification — chromato-
graphic pattern recognition (by using total ion
chromatogram), extracted ion profiling, and tar-
get compound analysis.

One of the strains of fire debris classifica-
tion from different laboratories may be caused
by comparison of chromatographic data, specif-
ically total ion chromatograms (TICs) [5]. On
the other hand, total ion spectrum (TIS) pro-
vides an alternative approach for data analysis.
The previous study proved [5], that the TIS is
identical to an average mass spectrum covering
the complete chromatographic range.

The aim of the study is to describe multivar-
iate statistical analysis and their application on
fire debris.

2 Novelties in fire debris analysis

The concept of interpretation has been chal-
lenged by U. S. national study [6] demonstrat-
ing an increased reliance on statistical methods
to data analysis among forensic sciences. The
multivariate statistical analysis is recom-
mended, in order to simplify the processing and
understanding of data obtained from analytical
techniques.

In recent years, there has been an increasing
interest in applying chemometric tools for data
interpretation in fire investigation. Previous re-
search has established that chemometrics is
a useful tool in data analysis and may success-
fully determine the presence of ignitable liquid
residues [2].

Nevertheless, the most of forensic laborato-
ries perform fire debris analysis by GC-MS,
several authors have been working on alterna-
tive methodologies that can complement
or may become an alternative to traditional
methods because of advantages they provide.
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Plynova chromatografia s hmotnostnou spek-
trometriou (GC-MS) je analyticka metoda,
ktord sa vo forenznych laboratoriach vyuziva
najcastejsie [2,3].V priebehu poslednych rokov
doSlo k niekol’kym zlepSeniam v suvislosti
s touto metodikou. Boli navrhnuté alternativne
pristupy, aby sa prekonali niektoré nevyhody,
ktoré tato metodika predstavuje [2]. Podl'a Bo-
rusievitza [4] je tato metodika podrobena pre-
vazne subjektivnej interpretacii, pretoze je zalo-
zena na vyhodnoteni celkového i6nového chro-
matogramu (TIC) alebo extrahovaného idéno-
vého chromatogramu (EIC) hlavnych zlucenin
vizualnym porovnanim vzoriek s referenc¢nou
databazou [4]. Okrem toho, tito metodika je ca-
sovo naro¢na a interpretacia vysledkov sa stava
zlozitejSou, pretoze vzorky nie su Cisté kvapa-
liny, ale obsahuji vel’ké mnozstvo materialov.

Problémy suvisiace s interpretaciou dat su
napriklad: zvetravanie, mikrobiologicka akti-
vita alebo interferujuce zluc¢eniny . Okrem toho
je komplikované klasifikovat’ vzorky aj kvoli
pritomnosti inych prchavych zlucenin pocha-
dzajucich zo substratu, produktov spalovania
alebo pyrolyzy [2].

Ciel'om prispevku je popis viacrozmernych
Statistickych metod a ich aplikécia na analyzu
vzoriek z poziariska.

2 Progres v analyze vzoriek z poziariska

Podla americkej narodnej studie [6], sa od-
poruca a kladie sa doraz na pouzitie Statistic-
kych metdéd vo forénznych vedach. Viacroz-
merné Statistické analyzy moézu zjednodusit’
spracovanie a interpretaciu dat ziskanych z ana-
lytickych technik [2]. Pouzitie chemometric-
kych nastrojov analyzy sa v poslednych rokoch
zvysilo.

Waddell et al. [5] uviedli, Ze jeden
z aspektov stazenej detekcie akceleratorov
moéze byt spdsobeny porovnanim udajov
z chromatogramu, konkrétne TIC. Na druhej
strane, celkové ionovové spektrum (TIS) po-
skytuje alternativny pristup k analyze udajov
[11]. TIS je totozny s priemernym hmotnost-
nym spektrom pokryvajicim cely chromatogra-
ficky rozsah.

Napriek tomu vécsina forénznych laborato-
rii vykonava analyzu vzoriek z poziariska pro-
strednictvom GC-MS. Viaceri autori pracuju na
alternativnych metodikach, ktoré mozu doplnit
alebo sa mozu stat’ alternativou k tradicnym
metdodam najmé z dovodu ich vyhod.
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In this sense, Ferreiro-Gonzalez et al. [7] suc-
cessfully optimized an electronic nose based on
mass spectrometry (HS-MS eNose).

The HS-MS eNose was also applied for
analysis of fire debris samples without any pre-
treatment [8] and the results were validated by
reference method [9].

The alternative HS—MS eNose proved to be
useful in the analysis of fire debris with the
same discrimination power as GC-MS.

3 Chemometrics

Chemometrics (multivariate statistical anal-
ysis) can be used to interpret results of forensic
analyses, especially those involving pattern
recognition. By using multivariate statistical
methods, the statistical significance of the dif-
ferences in these patterns can be established.
When using multivariate statistical techniques,
replicate sample measurements should be made
to allow for experimental uncertainty and deter-
mine the significance of between-sample differ-
ences [12,13].

Fortunately, the use of multivariate statisti-
cal analysis is a growing practice in forensic
chemistry. Forensic scientists often have to
identify patterns and interpret differences in
data. Chemometrics makes this task more accu-
rate, objective, and manageable. It is especially
useful when the scientist is presented with large
quantities of data. For example, comparing hun-
dreds of spectra, chromatograms, etc. by inspec-
tion was never a valid scientific technique, but
was widely used (and sometimes still is) until
the adoption of multivariate statistical tech-
niques by increasing numbers of forensic chem-
ists. Multivariate statistics has been used on
many types of forensic trace evidence, includ-
ing accelerants, inks, fibers, smokeless powder,
glass, and paint [13,14].

In general, a chemometric approach to a
large data set follows a number of distinct steps:
Acquire data of the highest quality possible.
= Carry out data preprocessing to remove any

systematic (and unimportant) differences be-

tween samples.
= Utilize unsupervised (pattern recognition)
chemometric methods to visualize

Delta 2018, 12(1):82-90.

84

V tomto zmysle Ferreiro-Gonzalez et al. [7] us-
peSne optimalizovali analytickll techniku -
elektronicky nos s headspace a hmotnostnou
spektrometriou (HSMS eNose) za ucelom de-
tekcie zvySkov horlavych kvapalin.

HS-MS eNose bola uspesne aplikovana pri
tepelnej desorpcii zvyskov horlavych kvapalin
ako alternativa k pouzitiu CS2 rozpustadla [8].
Tato metoda bola tispesne aplikovana aj na ana-
lyzu simulovanych vzoriek z poziariska bez
akejkol'vek predpripravy [9].

3 Chemometria

Chemometria (viacrozmerné Statistické me-
tody) moze byt pouzitd na interpretaciu vysled-
kov z forénznych analyz, najma tych, ktoré za-
hffiajii rozpoznavanie Specifickych profilov /
vzorov. Pouzitim chemometrie je mozné stano-
vit' Statistickl vyznamnost” premennych a ich
rozdielov v studovanych modeloch. Pri pouziti
chemometrie by sa mali vykonat' opakované
merania vzoriek s cielom umoznit’ experimen-
talne odchylky a urc¢it’ ich vyznam medzi jed-
notlivymi vzorkami [12,13].

Nast’astie pouzitie chemometrickych metod
narasta v praxi forénznej chémie. Forenzni
vedci musia ¢asto identifikovat’ Specifické pro-
fily a interpretovat’ ich rozdiely v ramci ziska-
nych tdajov. Chemometria robi tuto Glohu pres-
nejSou a objektivnejSou. Tieto metody st ob-
zvlast uzitoéné, ak je vedec vystaveny vel-
kému mnozstvu tdajov, napriklad pri analyzo-
vani chromatografickych udajov, spektier,
a pod. Vizualne porovnavanie chromatogramov
nebolo nikdy platnou vedeckou metodikou, ale
bolo siroko pouZivané (a niekde stale je) az do
implementacie viacrozmernych Statistickych
metod.

Viacnasobna $tatistika sa pouZiva na objas-
nenie mnohych typov sudnych dokazov vratane
akceleratorov, atramentov, vlakien, farbiv, bez-
dymového prasku, skla a farby [13,14].

Vseobecne plati, ze chemometricky pristup
k velkej mnozine udajov pozostava z viacerych
krokov:
= Ziskanie udajov najvyssej moznej kvality.
= Predbezné spracovanie udajov na odstrane-

nie vSetkych systematickych (a neddlezi-

tych) rozdielov medzi vzorkami.
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= The underlying structure of the data (e.g., the
number of classes).
= Utilize supervised (pattern recognition)
chemometric techniques to predict the class
membership of unknown samples [13,15].
In order to make data interpretation less sub-
jective and avoid masking the presence of ILRs,
in recent years chemometric tools and multivar-
iate statistical analysis have been successfully
applied to fire debris analysis [16]. In this sense,
Hierarchical Custer Analysis (HCA), Principal
Component Analysis (PCA), Linear Discrimi-
nant Analysis (LDA), as well as Soft Independ-
ent Modelling of Class Analogies (SIMCA)
have been applied to unburned and to burned ig-
nitable liquid samples [17,18] and Artificial
neural networks (ANN) has been applied to gas-
oline classification due to near-infrared data
[19]. Tan et al. [17] were successful in classify-
ing 51 liquids into classification system pro-
vided by ASTM. Baerncopf et al. [20] investi-
gated light and heavy conditions of burn on
carpet with six different ignitable liquids. By
applying PCA and Pearson product moment
correlation (PPMC) coefficients the authors
were able to associated with neat ILs.

4 Cluster Analysis

Cluster analysis is considered an unsupervi-
sed method in that the algorithm does not rely
on any inputs from the user, so no prior know-
ledge of groupings is known. The purpose of
cluster analysis is to determine whether indivi-
dual samples fall into groupings and what those
groupings might be [21].
Hierarchical clustering methods produce
a set of nested clusters organized in a hierarchy
tree (Fig. 1). The cluster hierarchy is typically
visualized using dendrograms. Such approaches
are applied either to provide multiresolution
data organization or to alleviate computational
challenges when clustering big data sets. In ge-
neral, two approaches are applied to build ne-
sted clusters:
= The divisive approach starts with the entire
data as one cluster, and then iteratively split
clusters until a stopping criterion (e.g., k
clusters or tight enough clusters) is sa-
tisfied.

= The agglomerative approach starts with
small tight clusters, or even with single-
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= Aplikacia Statistickych metod (bez prvot-
ného urcenia kategorii) na vizualizaciu za-
kladnej struktary tidajov (napr. pocet tried).
=  Aplikacia metdd na rozpoznavanie vzorov

a na predpovedanie Clenstva v triedach ne-

znamych vzoriek [13,15].

Aby sa interpretacia udajov stala menej sub-
jektivnou a aby sa zabranilo maskovaniu pri-
tomnosti  zvySkov  horlavych  kvapalin,
v poslednych rokoch doslo k uspesnej aplikacii
chemometrickych nastrojov a viacrozmernych
Statistickych analyz v ramci interpreticie dat zo
vzoriek z poziariska [16].V tomto zmysle boli
na spalené a nespalené vzorky horlavych kva-
palin aplikované analyzy: Hierarchicka zhlu-
kova analyza (HCA), Analyza hlavnych kom-
ponentov (PCA), Linearna diskriminacna ana-
lyza (LDA) a SIMCA (Soft Independent Mode-
ling Class Analogie) [17,18]. Umelé neurénové
siete (ANN) sa pouzili na klasifikaciu benzinu
prostrednictvom dat pochadzajtcich z infracer-
venych udajov [19] Tan et al. [17] boli Gspesni
pri klasifikacii 51 horl'avych kvapalin do klasi-
fikaénych tried ur¢enych ASTM. Baerncopf et
al. [20] skamali spaleny koberec so Siestimi roz-
nymi horlavymi kvapalinami. Pouzitim PCA a
Pearsonovych koeficientov koreldcie momentu
produktu (PPMC) sa autorom podarilo prepojit
spalené zvysky horl’avych kvapalin s ich Cistymi po-
dobami.

4 Zhlukova analyza

Zhlukova analyza sa povazuje za metddu
,bez dozoru®“ pretoze algoritmus nezavisi od
ziadnych vstupnych informacii, takze nie st
zname  ziadne  predchadzajice  znalosti
0 klastroch (skupin). Ciel'om zhlukovej analyzy
je urcit, ¢i jednotlivé vzorky spadaji do Klas-
trov a aké su tieto zoskupenia [21].

Metody zhlukovej analyzy vytvaraji stbor
klastrov usporiadanych v hierarchickom strome
(obrazok 1). Hierarchia klastra sa zvycajne
vizualizuje pomocou dendrogramov. Takyto
pristup sa uplatiiuje pri organizovani dat
S viacerymi rieSeniami alebo na pri
zhromazd’ovani velkych datovych stiborov. Vo
vSeobecnosti sa na budovanie klastrovych
zoskupeni pouzivaju dva pristupy:
= Rozdelovaci pristup za¢ina celym udajom

ako jeden klaster a potom sa iteracne

prerozdel’uju klastre, az kym nie je splnené
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point clusters, and then iteratively merge
close clusters until only a single one remains
[22].

kritérium zastavenia (napr. k pocet klastrov
alebo tesné usporiadanie klastrov).

* Aglomerativny pristup zac¢ina malymi
tesnymi klastrami, alebo dokonca s
jednobodovymi klastrami, a potom Ssa

iteratne zhlukuju blizke Kklastre, kym
zostane len jeden [22].
Zhlukovy dendrogram
Cluster dendrogram
0 -
- ©
= 5
Q
I« - C
B —
o Lo N 7
< w
S o~ )

Fig. 1 Hierarchical clustering organized in a hierarchy tree
Obr. 1 Hierarchické zoskupenie zorganizované do hierarchického stromu

5 Principal component analysis

Principal component analysis (PCA) is a
mathematical ~ algorithm  that  reduces
the dimensionality of the data while retaining
most of the variation in the data set [23].

In general terms, PCA uses a vector space
transform to reduce the dimensionality
of large data sets (Fig. 2). Using mathematical
projection, the original data set, which may
have involved many variables, can often be in-
terpreted in just a few variables (the principal
components) by their linear combinations. It is
therefore often the case that an examination of
the reduced dimension data set will allow the
user to spot trends, patterns and outliers in the
data, far more easily than would have been pos-
sible without performing the principal compo-
nent analysis [24,25].

The first principal component is the di-
rection along which the samples show the lar-
gest variation. The second principal component
is the direction uncorrelated to the first compo-
nent along which the samples show the second
largest variation. Each component
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5 Analyza hlavnych komponentov

Analyza hlavnych komponentov (PCA) je
matematicky algoritmus, ktory zniZzuje rozmer-
nost’ udajov pri zachovani va¢siny variacii v su-
bore tidajov [23].

Vo vSeobecnosti sa PCA vyuziva na trans-
formaciu vektorového priestoru a zmen-senie
rozmerov velkych datovych stborov (Obr. 2).
Pomocou matematickej projekcie moze byt
povodny set 1udajov obsahujucich vela
premennych, interpretovana len niekolkymi
premennymi (hlavnymi zlozkami) a ich
linearnymi  kombinaciami. Z toho ddévodu
preskimanie suboru udajov VvV zmenSenom
rozmere umozni pouzivatelovi zistit' trendy,
vzory a odchylky v udajoch ovel'a l'ahSie, nez
by bolo mozné bez vykonania analyzy hlavnych
zloziek [24,25].

Prvou hlavnou zlozkou je smer pozdiz
Druhou hlavnou zloZzkou je smer nekorelovany
k prvému komponentu, pozdiz ktorého vzorky
vykazuju druht najvicSiu variaciu. Kazda
zlozka moéze byt interpretovana ako smer,
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can then be interpreted as the direction, uncorre-
lated to previous components, which maximizes
the variance of the samples when projected onto
the component [26].

Povodny sibor udajov
Original data space

Premenna 3
Gene 3

Premenna 1
Genel

Premenna 2
Gene 2

ktory nie je v koreSpondencii s predcha-
dzajucimi komponentmi, ¢o maximalizuje od-
chylky vzoriek pri projektovani na komponent
[26].

Interval komponentov
Component space

x
S
o [ i e
C S E
8 = T
=
=5
HFOl o
EE
|
|
PC1

Fig. 2 Dimension reduction from original data set to principal components
Obr. 2 Eliminacia dimenzii z p6vodného suboru dat do hlavnych komponentov

6 Discriminant analysis

Discriminant analysis (DA) as a whole is
concerned with the relationship between a cate-
gorical variable and a set of interrelated variab-
les. In discriminant analysis, the existence of the
groups is known a priori. An entity of interest is
assumed to belong to one (and only one) of the
groups.
Discriminant analysis is widely used also in
the field of pattern recognition [27][28]. There
are several purposes for discriminant analysis
(Fig. 3):
= To classify cases into groups using a discri-
minant prediction equation.

= To test theory by observing whether cases
are classified as predicted.

= To investigate differences between or
among groups.

= To determine the most parsimonious way to
distinguish among groups.

= To assess the relative importance of the in-
dependent  variables in  classifying
the dependent variable.

= Todiscard variables which are little related
to group distinctions [29].
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6 Diskriminacna analyza

Diskrimina¢na analyza (DA) sa ako celok
zaobera vztahom medzi kategorickou premen-
nou a suborom vzijomne suvisiacich
premennych. V diskriminacnej analyze je ex-
istencia skupin znama. Predpoklada sa, ze
skiimana jednotka patri k jednej (a iba jednej)
skupine.
Diskrimina¢néa analyza je Siroko pouZzivana
aj v oblasti rozpoznavania vzorov / profilov
[27][28]. Existuje niekol'ko ucelov diskrimi-
nacnej analyzy (Obr. 3):
= Zatriedenie dat do skupin pomocou diskri-
minacnej predikcnej rovnice.
= Testovanie tedrie tak, ze analyzujete, ¢i st
data klasifikované ta ako boli predpove-
dané.

= Preskumanie rozdielov medzi skupinami
alebo v ramci nich.

= Urcenie najrelevantnejSicho spdsobu urce-
nia rozdielov medzi skupinami.

= Zhodnotenie relativnej dolezitosti nezavis-
lych premennych pri klasifikacii zavislej
premennej.

= Qdstranenie premennych, ktoré maju maly
vztah k skupinovym rozdielom [29].
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Premennad y
Gene y

Premenna x
Gene x

Fig. 3 Axis that maximize the distance among the means for the three categories
Obr. 3 Osi ktoré maximalizuji vzdialenosti medzi stredmi troch skupin

Discriminant analysis has basic two steps:
(1) an F test (Wilks' lambda) is used to test
if the discriminant model as a whole is signi-
ficant, and (2) if the F test shows significance,
then the individual independent variables are as-
sessed to see which differ significantly in mean
by group and these are used to classify the
dependent variable.

7 Conclusion

The paper deals with a brief description of mul-
tivariate statistical analysis and specify chemo-
metric approach to a data set.

Aplication of chemometrics to fire debris seems
to be a promising tool in data interpretation and
determination of ignitable liquid residues, as it
is more objective and accurate.
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