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INTRODUCTION




Analytical pyrolysids a powerful technique for rapid analysis of ctempand heterogeneous
organic materials, based on controlled thermal atggion of the sample in inert atmosphere.
The organic material is either degraded to ligiewtral molecules or flash vaporized when
thermally stable and volatile. Identification ofrplysis products is obtained by retention
times and mass spectra after coupling pyrolysish wgas chromatography and mass
spectrometry (Py-GC-MS). Even though this is ardesive method, a single analysis with a
minute amount of sample (less than 1 mg), withaetipinary pre-treatment, is capable to
provide information on a wide range of organic miate difficult to be analyzed by other
methods. Py-GC-MS is extensively applied in thédfief cultural heritage, environmental
science, forensics and others.

The present PhD thesis was focused on the develdpared application of chemical
methodology and data-processing method, both bgsicial univariate statistics and by
multivariate data analysis (chemometrics). The elatographic and mass spectrometric data
obtained with this technique are particularly dvigato be interpreted by chemometric
techniques such gwincipal component analys{®CA), and classification techniques.

As a first approach, some issues related to the diecultural heritage were discussed with a
particular attention to the differentiation of berd used in pictorial field. In particular, it was
possible to determine as a marker of egg temperplilosphoric acid esterified, a pyrolysis
product of lecithin. The analyses were carried lmath on phospholipids standards either on
painting standard layers prepared by the OpifialedPietre Dure (Florence, Italy).

The best results were obtained using as a deringtizceagent the HMDS
(hexamethyldisilazane) rather than the TMAH (tetegmglammonium hydroxide).

Recently, the interest in the use of analyticalopgis to study biological samples greatly
increased. The validity of analytical pyrolysis tasl to characterize and classify different
types of bacteria was verified.

Fatty acids represent the main organic compoundsept in the structure of the wall
bacterial cell; their chemistry is extremely vat@albecause of the differences in chains
length, the presence or absence of unsaturateghgend branched chains and hydroxylated
groups. The fatty-acids chromatographic profilggresent an important tool for the bacterial
identification.

Because of the complexity of the chromatogramsjag possible to characterize the bacteria

only according to their genus, while the differatibn at the species level has been achieved



by means of chemometric analysis. To perform ttudys normalized areas peaks relevant to
fatty acids were taken into account. Chemometricthows such as PCA (Principal
Component Analysis) and SIMCA (soft independent el®of class analogy) were applied to
experimental datasets. The obtained results demad@sthe effectiveness of analytical
pyrolysis and chemometric analysis for the rapidrabterization of bacterial species.
Application to a samples of bacter{®lseudomonas Mendocindungal Pleorotus ostreatys
and mixed-biofilms was also performed. A comparisath the chromatographic profiles
obtained from different biofilms was carried outlahwas verified the possibility to:

« Differentiate the sample according to the fattydgmiofile
» Characterize théungal biofilmby means the typical pattern of pyrolytic fragnsent

derived from saccharides present in the fungatstire

Individuate themarkersof bacterial and fungal biofilm in the same mixadfitm sample
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CHAPTERAL ANALYTICAL
PYROLYSIS




Al-1 Introduction to analytical pyrolysis
Pyrolysisis defined as ahemical degradation reactiocaused by thermal energy alone and
carried out in an inert atmosphere [1, 2]. The terhemical degradation refers to the
decompositions and eliminations that occur in pysisl with formation of primary fragments,
molecules of lower mass arising from the direciakieg of bonds of the analyte molecules,
and secondary fragments of higher mass, resultiogp fintermolecular reactions between
substrate and the primary products not yet degrablesl pyrolytic fragmentation is analogous
to the processes that occur during the productioa mass spectrum: the energy supplied
determines the breaking of the molecules into stdldgments. The pyrolytic reactions
usually take place at temperatures between 50@rid3800° C; the chemical transformations
taking place under the influence of heat at a teatpee between 100°C and 300° C are called
thermal degradations and not pyrolysis.
Analytical pyrolysis[3, 4] is by definition thecharacterizationof a material by chemical
degradation reactions induced by thermal energylewthe pyrolysis itself is just a process
that allows the transformation of the sample intlleo compounds. The pyrolytic process is
carried out in a pyrolysis unit (pyrolyzer) intecéad with the analytical instrumentation. It is
also possible to perform "off line" pyrolysis (narett interface analytical instruments),
followed by the analytical measurement. The pyretgzhave a source of heat where the
sample is pyrolyzed and the products are usualbpswy a gas flow from the pyrolyzer to
the analytical instrument. Pyrolysis can be perfnin different modes: flash pyrolysis
(pulse mode), slow gradient heating pyrolysis (owdus mode), step pyrolysis, etc. Usually,
the pyrolysis for analytical purposes is carried iou“pulse mode”, that consists in a very
rapid heating of the sample from ambient tempeeattargeting isothermal conditions at a
temperature where the sample is completely pyrdlyZehere is a fairly wide array of
commercially available instruments for performingrglysis; most of them are designed
primarily for the use with gas chromatographs. Miarnaces provide a constantly heated,
isothermal pyrolysis zone into which samples ateduced by a liquid syringe, solid plunger
syringe or in a little cup. Curie-point pyrolyzeapply the sample to a piece of ferromagnetic
metal which is inserted into the pyrolyzer whendgohen heated rapidly through induction of
current using a high frequency coil. Depending lo& metal alloy used, when it reaches a
characteristic temperature (the Curie-point of thatal) no more current can be induced, so

the temperature stops at that point. Filament qtyl®lyzers use a piece of resistive metal



(frequently platinum) with a wide temperature rarayel circuitry capable of heating the
filament up to a programmed temperature at controfée.

The production of smaller molecules from some largeored the use of pyrolysis as a
sample preparation technique, extending the agpligaof instrumentation designed for the
analysis of gaseous species to solids, especialjyreric materials. Polymers are not volatile
and some of them are hardly soluble in common stdvand some decompose easily during
heating.

The direct application of powerful analytical tooich as gas chromatography-mass
spectroscopy (GC-MS) to most polymers and many d¢exnpnaterials is not feasible.
Pyrolysis of these kinds of samples (polymers, caositp organic materials) generates, in
most cases, smaller molecules. The characterizafidhe pyrolytic fragments is performed
by coupling the pyrolyzer to analytical methods tswas gas chromatography, (Py-GC,
Pyrolysis-Gas Chromatography), mass spectrometyM$, Pyrolysis-Mass Spectrometry),
or more sophisticated integrated Py-GC-MS (Pyrei&as Chromatography-Mass
Spectrometry). In these systems, the sample ieti¢ata temperature causing the rupture of
the bonds and fragments are separated and recdrglemh analyzer that provides the
characteristic pyrolysis profile. This profile, e pyrogram under suitable and controlled
experimental conditions, can be considered a dofinger-print of the substrate, both as
regards the appearance of characteristic fragmentptoducts and for the distribution and
relative concentration of these. It is an indir@ttaracterization as it determines the
composition of the substrate from the analysisefftagments.

The advantages encountered by the applicationeafetthnique are numerous:

* Reduced time analysis
¢ No sample pre-treatment
* Small sample amount (lower than mg)

* Analysis of complex matrices

The major disadvantage is that the pyrolysis isesatrdctive technique, but this negative
aspect is mitigated by the fact that only small ams of sample are necessary: 0.1 mg for

standard samples and 0.5 mg for others.
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Analytical pyrolysis is frequently considered spiecfor polymers analysis, which may at
first seem fairly limited. In fact, many compoundsdng to this class, such as that proteins,
polysaccharides, plastics, adhesives, paints, attural and synthetic polymers, in the forms
of textile fibers, wood products, foods, leathein{s varnishes, plastic bottles and bags, and
paper and cardboard, are materials that are paibf life. Consequently, the study of these
materials by pyrolysis has become a very broad,fiaelluding diverse topics such as soill
nutrients, plastic recycling, criminal evidencectasia and fungi, fuel sources, oil paintings,

and computer circuit boards.

Al-2 Degradation mechanisms
The pyrolysis products reflect the molecular suuet stability, free radicals, substitution and
internal rearrangements of the polymers constigutite original sample. Identical molecules
that undergo the same pyrolysis conditions degiadthe same characteristic way. The
thermal degradation that a polymeric material ugdes when subjected to pyrolysis is
characterized by breaking of chemical bonds anahdtion of free radicals. The way in which
a molecule degrades depends on the type of bowvdsvad and on the stability of smaller
fragments that are formed. These products, idedtiliy GC-MS, can provide a fingerprint of
the original polymer composition and microstructtmad may help to determine the
mechanisms of degradation.
The three main mechanisms inclutendom scissionside-group scissignand monomer
reversion
Random scission involves the random breaking ofpthigmer's C-C bonded backbone as all
the bonds are of equal strength, resulting in thven&tion of products including, alkanes,
alkenes and alkadienes of smaller sizes. The pefipsl are good examples of materials that
behave in this manner (Figure Al-1).

11



. /\(M/ d i H
* k/ e |
Beta scission * M «
' 1. H
B e e W Y Saturated
hydrocarbon

Radical Unsaturated
hydrecarbon

Figure A1-1 Random scission mechanism (frorRef. [3])

Chain scission produces hydrocarbons with ternfne& radicals which may be stabilized in
several ways. If the free radical extracts a hydmgtom from a neighboring molecule, it
becomes a saturated end and creates another dlieal ia the neighboring molecule which
may be stabilized in a number of ways. The mosbgote way is beta scission, which
accounts for most of the polymer backbone degrandty producing an unsaturated end and
a new terminal free radicalhis process continues producing hydrocarbon midedhat are
saturated and have one terminal double bond oubledond at each end. When analyzed by
gas chromatography, the resulting pyrolytic profdeesents a series of triplet of peaks
corresponding to the diene, alkene, and alkaneasong a specific number of carbons and
eluting in that order.

Side-group scission occurs when the side groupshat to the backbone are broken away
resulting in the backbone becoming polyunsaturatsad. example of a polymer which
undergoes this type of degradation is poly (vinglodde) (PVC). A two-step degradation
mechanism begins with the elimination of HCI frorhet polymer chain leaving a
polyunsaturated backbone thapon further heating, produces the characteristicnatics

which can be individuated in the pyrogram (Figure 3.
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Figure Al1-2 Side-group scission mechanism (fromRef. [3])

Monomer reversion results in unzipping and revgrtirack of the polymer to its original
monomeric version. Polymers which are known to wgalethis mechanism include
polymethylmethacrylate polytetrafluoroethylene, yatmethylstyrene and
polyoxymethyleneThis proceeds in copolymers as well, with productd both monomers

in roughly the original polymerization ratio (FiguA1-3).
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Figure A1-3 Monomer reversion mechanism (fronRef. [3])

Predicting the degradation mechanism of a polymenat always immediate but is very

useful. It can be achieved by three simple rules:

* Pyrolysis degradation mechanisms are free-radicatgsses and are initiated by
breaking the weakest bonds

* The composition of the pyrolysate will be basedtloa stability of the free radicals
involved and on the stabilities of the products.

* Free radical stability follows the usual ordeooder 3°>2°>1°>CHhl

Al-3 The integrated system Py-GC-MS
To perform an analysis by pyrolytic techniquesystam is required capable of heating small
samples to pyrolysis temperatures in a reproducildg, interfaced to an instrument able to
analyze the pyrolysis fragments produced. Pyrolgas chromatography/ mass spectrometry
is the integrated system mostly used to perforntydioal pyrolysis.
In Figure Al-4 the integrated system Py-GC-MS ugsdllis work is reported:
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Figure Al-4 the integrated system Py-GC-MS

The pyrolyzer, a heated filament pyrolyzer, cando@sidered as a sample introduction

device; it's directly connected to the injectionrpof a gas chromatograph and the pyrolysis

fragments are sent with the flowing gas to the eotatmgraphic column. Indeed, a flow of

inert gas (helium) crosses the whole system engwaminert atmosphere in the pyrolyzer

interface and acting as a carrier gas for the dmentatographic separation of pyrolysis

fragments (Figure A1-5).

Heating housing of the pyrolyzer

Probeinsert

N I

TAY i WA !
LN N
¥
Heating coil

Inlet of the gas
carrier

Sample holder

Outlet to GC
injector

Figure Al1-5 the simplified scheme of a pyrolyzer  CDS Inc.)
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The pyrolyzer is constituted by a control unit cected to a cylindrical metal probe, to whose
end a platinum coil resistance is mounted; insigedoil a capillary of quartz containing the
sample is introduced, closed at the ends by queotd. The so obtained probe is inserted
within the metal interface, which is mounted dikgcon the injector of the gas

chromatograph, which is kept heated to an apprigptenperature (Figure A1-6).

Quartz tube with sample
inseried into the Pt coil

Figure A1-6 Description of pyrolyzer

The parameters used in the pyrolyzer must be skingainto account both the
chromatographic performance and the proper sanggeadation.

The control unit of the pyrolyzer is able to prawid strong electric pulse to the platinum
resistance, which thus reaches the programmed tatape pyrolysis (TPY, Pyrolysis
Temperature). The filament temperature may be m@uitosing the resistance of the material
itself or some external measure, such as a thempdéeoThe time taken by the pyrolyzer to
reach the TPY set (TRT, Temperature Rise Time) roastxtremely fast, with respect to the
degradation temperature of the sampli@sh pyrolysi¥ If the temperature raises too slowly
the sample may pyrolyzes before reaching the pnograd TPY and the primary fragments

formed can, subjected to heating, recombine inrareproducible way (Figure A1-7).
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Figure A1-7 TRT, temperature rise time a) Ideal codition; b) Poor condition for
instrumental performance

As for gas chromatographic conditions, the pyrdlyssss through the injector when already
volatilized; if the sample is heated slowly, orademperature at which degradation is slow,
the volatiles will travel to the column over a faniime, which may produce peaks too broad
to achieve the needed chromatographic resolution.

Pyrolysis temperature is maintained for a prograbieahort time interval (usually 10 s). Its
value must be maintained between 400 ° C and 900sice, above this range of values,
fragments could be formed which are too small astdsignificant enough to characterize the
original sample. The final distribution of pyrolgsiragments, ofinger-print, is strongly
influenced by pyrolysis temperature, which stronigiffuences the fragmentation reactions.
The parameters TPY and TTP are that the ones mafétigting reproducibility, together with
the interface temperature;f]). This temperature is kept high and constant (a@860 °C) to
limit as much as possible any phenomena of contiensaf pyrolytic fragments and to
maintain the latter in the gaseous state to allmvttansport by the mobile phase gas (carrier
gas) through the gas chromatographic column. Ttexfate should have a small internal
volume to avoid fragments spending too much timth@ézones not covered by gas flow, to
reduce the contact between analytes and hot saréaxkto transfer pyrolytic fragments away
from the high temperature zone (where secondarglysis could take place) and into the
column efficiently. The thermal fragmentation, ohsithe interface, takes place in an inert
atmosphere (helium) to avoid the presence of oxygéith would cause secondary reactions

of oxidation and / or combustion.
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It is appropriate to use a reasonable carrier l8®ml miri): the greater the time past in the
high temperature zone, the greater the possilifit secondary pyrolysis reactions take
place.

The transfer zone between pyrolyzer and the GCtije port should be kept hot to prevent
condensation, and as short as possible to redulzEswarea and volume.

The sample should be very small to prevent phenanseith as the overloading of the
pyrolyzer and analytical device, causing contanmmaand carryover into the next analysis.
Small amounts of sample are degraded more rapiatiycampletely, ensuring good resolution
and reproducibility. When it is not possible to ilinthe amount of sample, the use of an
injection port with a splitter and a relatively higplit ratio are suggested.

Sample preparation must be carefully performedjntpknto account size and shape,
homogeneity and contaminatioif. a sample material is soluble, a few microlitefsthe
solution may be injected directly into the quartbolvinserted in the capillary, using a
syringe. Usually, analytical pyrolysis is used diimect analysis of solid samples: this is surely
its strength. But a very important issue that emenghen solid samples of a few micrograms
are analyzed is how they are representative ofmaterial from which they were taken. It is
very common to handle non-homogeneous materialgjralaor synthetic, and some
precautions have to be taken not to compromisesihr@ducibility of the analysis:

e reducing the sample to a fine powder, and takelsamabunts of this
» dissolving the sample when its components are &olub

* analyzing an amount of sample as great as possible

In the last case, the use of a splitter with adagglit ratio it's suggested to limit the amount of
the pyrolysate entering the analytical device. €he® several ways to obtain a representative
sample and ensure the reproducibility of the pyrolgnalysis.

In GC-MS, the gas flow-rate is commonly set betw@dnto 3.0 mL/min (at near atmospheric
pressure). Because the mass spectrometer opetal&s @ 10’ mbar, it is equipped with
efficient pumps, which maintain high vacuum inside.

The mass spectrometric analysis starts with arz&bioin process that takes place in the ion
source of the MS instrument, where the analytenioduced as gas phase. The ionization
procedure used in this work is the electron iomat(El) that consists of an electron

18



bombardment, which is commonly done with electdoaging energy of 70 eV. The electrons
are usually generated by thermoionic effect frorheated filament and accelerated to the
required energy. When the molecular ion obtaimshigh energy during the electron impact,
there are fragments that are generated in theoiorcs.

The mass spectrometer used is equipped with atrapnwhere the ion separation based on
their mass to charge ration(2 takes places. After separation, ions are detegsatlg an
electron multiplier which detects the arrival of imns sequentially at one point. The signal
from the detector is amplified and interpreted hyeectronic data system.

The nature and abundance of fragments is charstitefior a given compound; the fragment
abundance represented versngk (mass/charge) generates a mass spectrum. Ustlaly,
abundance is normalized to the most abundant iase(lpeak expressed as 100%), and the
mass peaks are shown as bar graphs (the real peakgnass spectrum have ideally a
Gaussian shape). The mass spectrum can be usdohgsrprint, leading to the identification
of the molecular species that generated it. Thgnientation (when done in standard MS
conditions) generates typical patterns that allber ilentification of each compound, either
based on interpretation rules or by matching ihvgiiandard spectra in mass spectral libraries
such NIST (National Institute of Standards and hedbgy).

When the mass spectrometer is used as a deteciog dloe chromatographic process in scan
mode, the chromatogram can be displayed as aitotathromatogram (TIC) or in a single
ion chromatogram (SIM). A total ion chromatogranaiglot of the total ion count (detected
and processed by the data system) as a functiimef The single ion chromatogram plots
the intensity of one ionnf/z value) as a function of time. These chromatogréwaee a
discrete structure being made from scans (the soamber is linearly dependent of time).
When the points of the chromatogram are close ¢b ether, this gives a continuous aspect
of the graph.

The information obtained is qualitative, thankghe retention times of the chromatographic
peaks and to the study of the relative mass speetnd quantitative thanks to the

proportionality between peak area and amount ottimepound.
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Al-4 Derivatization
In analytical pyrolysis, the use of derivatizatianreases the potential of the technique for the
characterization of complex matrices, consistingvefy polar and therefore low volatile
compounds. Derivatization determines an improveneérhe resolutionj.e. an increase of
the degree of separation of peaks in the pyrogriwanks to the best chromatographic
characteristics of derivatives. The use of a démiegy agent also allows to detect the
presence of compounds in a sample that otherwisddwme underestimated or completely
ignored. Following the derivatization, that detemes the replacement by chemical reactions
of the functional groups, the chemical structureaotompound changes as well as the

fragmentation pattern which is thus more significan

Direct Pyrolysis Palmitic acid

Pyrolysis with
derivatization Palmitic acid
Steari id
S
Azelalc acid
dimethyl ester
Suberic acid l
dimethyl ester
A | Ao k AA A, A l A A o | e

Figure A1-8 Pyrograms of a standard painting layer
In Figure Al1-8 the pyrograms obtained by the analyd a standard painting layer,

containing siccative oil, are reported. Direct gysts gives a poor chromatographic profile
and does not allow to detect the presence of twamitant compounds for the characterization
of a siccative oil, azelaic and suberic acid. Tke of derivatizing completely changes the
chromatographic profile: the resolution and therdegof separation are improved and the
peaks corresponding to the siccative oil markezsaall defined.

Performing the derivatization it's a simple opewatithe derivatizing reagent is directly added

to the sample to be analyzed, within the quartalleap (“in situ” ). In this way, all the
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preliminary steps of chemical treatment of the dangpe eliminated, with significant time
saving, reduced error margin and avoiding lossaoffde.

Some methods of derivatization are available:

ACYLATION: The acylation reaction reduces the polarity ofaheno groups, hydroxyl
and thiol; is used for highly polar compounds, sasltarbohydrates and amino acids.

METHYLATION: The most used derivatization reaction is methgtatif the carboxyl and
hydroxyl groups, with the formation of esters atitees [5]. The main methylating agent used
in the analytical pyrolysis is the TMAH (tetramef@aymonium hydroxide), that has long
been used in gas chromatography. Its first apphicain analytical pyrolysis is due to J. M.
Challinor which introduced theSimultaneous Pyrolysis and MethylatiofBPM), a
derivatization reaction, performea situ, in controlled heating conditions. This technidnzes
become one of the most important methods to edsilgrmine the chemical composition of
various types of condensation polymers and esteithout waste of time in long pre-
treatment.

The mechanism provides, simultaneously with theolygis, a direct methylation of the
fragments by heating the reagent. The reaction amesim suggested by Challinor includes a
first thermal hydrolysis of the ester bond or etb&the original molecule by highly basic
alkylating agent such as TMAH which leads to therfation of salts (STEP 1)n conditions

of high temperature (STEP 2), a nucleophilic atteckarboxylate and alcoholate anions by
the methyl groups of the tetramethylammonium cafiesds to the formation of methyl

derivatives:

STEP 1
[(CH3),N]*OH™ + RCOOR,; - RCOO~[(CH;),N]* + R;OH
STEP 2

A
RCOO~[(CH3),N]* > RCOOCH; + N(CH;)3

R,OH + [(CH3),N]*OH~ S R,0"[(CH3),N]* + H,0
A
Rlo_[(CH3)4N]+ i R10CH3 + N(CH3)3
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SILYLATION: The silylation reaction is a nucleophilic SN2 dithson reaction. Silylated
derivatives are formed when active hydrogen isaegd with an alkylsilyl group. The

reactivity of the functional group to the silylatiéollows the order:

Alcohols (1°>2°>3°)>Phenols> Carboxyl> Amines> Anasl
The mainly used silylating reagent in analyticatgysis is HMDS (hexamethyldisilazane [6-
8]. This reagent, long used as a scavenger indbelgromatographic derivatization reactions,
has been fairly recently used in analytical pyridy®yrolysis with HMDS leads to formation
of trimethyl-silyl-derivatives, through a mechanisyh simultaneous silylation to pyrolysis
which is not yet clarified. It is hypothesized thhe silylation of the sample takes place
thanks to the thermal fragmentation and simultaskgoto it. This technique is called SPS

(Simultaneous Pyrolysis and Silylatjon

There are several advantages in performing analypigrolysis in presence of a derivatizing
reagent:

* increase the volatility of pyrolytic fragmentthis leads to greater efficiency by gas
chromatography with increasing symmetry and pea&luéion of pyrogram

« pyrolysis and derivatization occur at the samet the addition of reagent is made directly
in the capillary just before pyrolyze, with an exd saving of time and analyte.

* Mass spectra result more significant; this adogasy recognition of the molecular ion

(usually protonated) and the characteristic peaks.
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CHAPTERAZ MULTIVARIATE
DATA ANALYSIS




A2-1 Introduction to chemometrics
Providing immediate responses to problems of hmyhplexity has become a requirement in
many fields, not only scientific but also politicahd sociological. The inherent difficulty in
dealing with a complex problem resides in the fdet it depends on many factors or
variablesthat must be observed, studied and simultaneonsfsured.
Chemometrics [9] arises from the need to solve dexproblems using tools from very
different fields of knowledge, such as statistaanputer science, mathematics, experimental
sciencesThe origin of this scientific discipline is due tioe joint initiative of Svante Wold,
Umea University (Sweden), and Bruce Kowalski, Ursity of Seattle (WA, USA), who in a
letter to the Journal Analytical Chemistry in Jur#/4 proposed@hemometricdo define an
area of science that would include all those matimal techniques aimed at treating,
processing and modeling of chemical data sets. Rh@rbeginning, chemometrics has tried
to collect all the mathematical and statisticalldanost appropriate to treat this type of data.
It is used in all the problems that have some efgrmé complexity, such as the analysis of
environmental matrices, the study of the pharmagoéd activity of a molecule, the processes
of industrial production and forensic investigation
For a complex problem it is almost impossible tvedep a well-defined theory allowing a
direct solution (hard model): it is necessary te asdifferent approach (soft model). The
variables are numerous, they may be not defineld gabd accuracy and their exact relevance
to the problem may be known. Also, the experimentake masks and confuses the true
effects of the considered variables.
Correlations between variables and the effects tduthe combined role of two or more
variables are difficult to define [10, 11]. In mangses the complexity of the problem can
cause non-linear effects that can't be predicepriori. It is therefore clear that system
complexity greatly influences the inherent comgigxif the system data that can be thought

as a sum of two parts: data structure and noiggI(EiA2-1).

Observations -——» Data siruciure «= Noise

Figure A2-1
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Data structureis the signal part correlated to the property rikliest while thenoise is
everything else; every observation is always a sfifboth of these parts, and the structure
part will be hidden in the raw data. It's not immegd to understand what should be kept and
what discarded.

Chemometric methodsim to extract useful information from data. Kinstis essential that
measured data contain meaningful information ablo@tinterested property. The amount of
information in a dataset depends on how well tlubl@m has been defined. Also, there must
be a quantitative relationship between the set e&sured variables and the property of
interest.

The study of information contained in experimewlaia may be achieved by:

« Data description (explorative data structure maugli
+ Discrimination and classification

* Regression and quantitative calibration

Assuming to have a data set consisting objects, each of them describedpyariables, a
data exploration can be performed to detect sorf@nmation about statistical parameters
relative to each variable, the correlations betwtenvariables, and the presence of outliers.
In particular, theprincipal component analysi@PCA) is one of the best methods for data
exploration in multivariate systems.

Discrimination deals with the separation of growsdata while classification requires
priori class description. In this case the aim of tha datalysis is to assign, to classify, new
objects to the defined classes. Here also PCA eauskd but in the experimental problem
here faced the most useful chemometric classifipaapproach is the Soft Independent
Modeling of Class Analogy (SIMCA).

The methods of regressiocalculate mathematical models allowing to predjeantitative
values of a variablerdsponsg from the values known far samples and taken from a set of
independent variablegredictorg. If it is considered that the model can assuroeasacter of
general validity, it becomes independent from tpecdic set of data used. The most used
regression methods are: Principal Component Ragre§8CR) and the Partial Least Square
Regression (PLS-R).
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A2-2 Multivariate structure data
Chemometric techniques normally apply to data stnes represented by a table of numbers
(data matriy consisting of a number abbservations each of which is represented by
variablesthat describe the observations (Figure A2T)e data matrix is indicated with the

symbolX and represented in this form:

DATA MATRIX

_COLUMNS = VARIABLES |
2 Xl 1 rereer e XU X”,
ﬁ Xop Xy e e )Cz i Xl 2
g . . . .
(]
é > 2
a |- 5 a5 %
= xnl xrr2 """ “nf L xnp

OBSERVATIONS |

Figure A2-2 Data matrix

Then rows ofX areobjectsand can beamples, experiments

Thep columns ofX are thevariablesand can beproperties

An element of X is writter; withi =1, ..nandj =1, ...,p.

The variables or descriptorsare the quantities used to study a given phenomanonto
describe the overall experimental observations eawdl be measured or calculated. The
variables may be: independent variableprdictorsand dependent variables @sponses

It is essential to highlight the possible existewné variables that, although having different
meanings, carry the same information or have theesability to quantitatively represent the
system under study. To highlight the roles of Valga, we rewrite the matrix data in the form
( Figure A2-3):

__pPREDICTORS r RESPONSES
Y Xy Yip Vi Yizo e Y,
i X, X ; 2p Y Vir  een e Vs
Xy Ky By o owem
Bi g o v By oo Ky Pop Vg e o Y,

Figure A2-3 Data matrix
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The objectsare examples or samples available to understandttitked phenomenon, to
construct mathematical models, to confirm the agtioms made.

An object can be described in full if, for all thariables selected to describe it, there are
values that apply to it. In other cases, as fretjydrappens, no data are available for all
variables selected and the object descriptiomésmplete: it is said that there argssing

values.

A2-3 Data pretreatment
Before performing any kind of processing a preliamn analysis of the data is always
necessary, aiming to control and prepare the adatsubsequent processing. In checking data,
it is suggested to ensure absence of transcripti@ns, occurrence of missing data and choice
of correct orders of magnitude.
The fundamental pretreatments argansformation of variables data scaling and
replacement of missing data
A preliminary check on the variables consists effiiilowing tests:
« there not should beonstant variableshey would have no variance
« there not should b@egenerateariables:they vary little with changes of objects and
give variance tending to zero
« there not should bdiscrete variablesthey require a particular statistical
We proceed to the transformation of variables tatrab abnormalities such as:
* lack of linearity
* lack of normality
* lack of additivity
« the variables have variances of very differedieos of magnitude
* the system is not very strong

The most common transformations are reported ineTAB-I.
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Table A2-|

LOGARITHMIC TRANSFORMATION Xij = log(1 + ;)
POWER TRANSFORMATION xj; = x{}
INVERSE TRANSFORMATION xij = xi;

SQUARE ROOT TRANSFORMATION xj; = x;®

When searching for information about relationshifggween variables, it is important to
maximize the comparability between the variablés.difference of several orders of
magnitude on average values result in several ®rdérmagnitude of difference on the
variances and therefore a statistical comparisoigpossible. In these cases it is appropriate

to apply adata scalingdata can be performed in different ways. The mostraon are:

« Centering (CS)

* Maximum scaling (MS)
* Range scaling (RS)
 Autoscaling (AS)

Table A2-I
CENTERING, CS Xij = Xij — %,
MAXIMUM SCALING , MS xij = x;j/U;
RANGE SCALING, RS xi; = (xi; — L))/(Uj — L))
AUTOSCALING, AS xi; = (xij — X))/5;
U; = maximum valug-th column;L; =minimum valug-th column; 5 = standard deviation

In many cases it happens that no samples are bheaftar all the values for all variables that
describe them. This unpleasant aspect of the datad us to take some decisions, because
none of the common mathematical methods can dehl pvoblems where some values are

missing in the data matrix. To solve this probléwré are several possibilities:
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* Removal of samples
The simplest method uses the removal of samplewliich there is data missing. This is a
good solution only if the number of samples is hagid therefore the elimination of some
sample does not entail the loss of relevant infoiona

* Elimination of variables
An alternative to the previous case is the elimamabf one or more variables for which there
are a number of missing data, and then retainitg those variables for which all values are
available.

* Substitution with the average
If missing data are not too many, the missing valae be replaced with the mean value
calculated over all the remaining data relevanhé&involved variable.

* Replacement by a random value
The missing data are replaced by a random numiolrasi-999.

* Replacing using regression
The missing values for each variable are prediasdg a regression model derived from all
samples with no missing values.

* Replacing using local similarity
This method for the calculation of missing valuebased on the method of classification K-
NN (k-nearest neighbors).

* Replacing using the principal component analysis
The principal component analysis is performed usithghe known values and applying an

algorithm that allows to calculate the main compagaeven with incomplete matrices.
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A2-4 Principal component analysis
A2-4.1 Introduction
The principal component analysis (PCA) is one oé ttundamental techniques for
multivariate analysis. It was introduced by KaraPsn in 1901 and developed in its present
form in 1933 by Harold Hotelling. It is the mostportantexploration datatechnique and it
consists in transforming the original variable®inew variables, callggrincipal components
(or latent variable} obtained by linear combination of the originakriables and orthogonal
to each other.
The PCA allows to:

» evaluate correlations between variables and te&wvance

« display objects (identification of outliers, classetc.)

* summarize the data description (removal of noisgparious information)
* reduce the data dimensionality

e individuate major properties

« develop a model of data representation in an odhalgspace

A2-4.2 The principal components
The calculation of the principal components is d@d into several steps that lead to a
matrix A, matrix of eigenvectors,
Av = v A2-1

wherel is an eigenvalue and is related to éixplained variance

The first step consists in the calculation of tbherelation matrixC (p x p), defined as:

C = Xiskas A2-2
n-1
where:
» X is the data matrix1f x p)
. , ' _ XX o Yk Xy
* Xas is theautoscalatediata matrixig x p, x;;(AS) = =T
J
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Yic (xij—%;)?

5= -1

The correlation matrix compares variables with eather; the ternt;; quantifies the

correlation between variables i and j:

* ¢;; > 0 means there is a positive relationship betweewdhniables
* ¢;; < 0 means there is a negative relationship betweewnahables

* ¢;; = 0 means there is no correlation

Thediagonalizationof the correlation matrix C results in thiggenvaluesnatrix A (p x p

whose diagonal elements are #igenvalues,,, (m=1,....,p:

A =diag C A2-3

By the process called Single Value Decompositiodd{(Bwhich is based on the following

equation:

C=AAAT A2-4

the matrix of thesigenvectord\ is determined:

|—lll llm llp]

|... cee oo cee cee I

lpl lpm lpp
Am

The equation A2-4 corresponds to the operatiorot#tion that defines a new space, called
eigenspacewhose axes, the eigenvectors, are oriented iditeetion of maximum variance,
in descending orderEach eigenvalue is proportional to the varianceo@ated with the

corresponding principal component and the sum lothal eigenvalues is equal to the total
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variance of the data. Considering the ma#&iand assuming that the smallest eigenvalues are
associated with not relevant information, the eigémes are examined and the first M largest
eigenvalues retained.he matrix obtained with the first M eigenvectassdenoted by (p x
M) and is called thdoadings matrix,whose columns represent the PC and whose rows
represent original variables.
Loadings are standardized linear coefficiemss, the sum of squares of the loadings of an
eigenvector is equal to 1, or the eigenvectors lavevariance; consequently the relations:

—1<lpy <+1 Yilm=1 A2-5
A value ofl;, close to 1, in absolute value, indicates thatrtiid component is represented
mostly by thg-th original variable; vice versa, a valuelgfclose to zero indicates that the
th variable is not represented in theh component.
Multiplying together the data matriX and the loadings matrix L , a new matfixcalled
scores matrixs determined :

T = XL A2-6

Scores values are the result of a linear combinaiio which the variables are the original
variables (usually scaled) and the coefficientstlaeéoadingsof them-th component:
tim = Z] xUl]m A2-7

Thus:

tim = X1 . L, A2-8
wherex” and| are p-dimensional vectors being the number of original variables. Unlike
loadings, scores have mean value equal to zer@domutake any numerical values. The scores
represent the new coordinates of the objects isplaee of principal components.
Applying the inverse formula:

X =TL' A2-9
thedata reproducednatrix is obtained: if the number of principal qgoments is less than the

original variables, the new matrix is an approxioratof the original one, as spurious

information (i.e.the noise ) has been eliminated.
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A2-4.3 Loading and score plots

In each multivariate analysis is important to dagpkhe results obtained by simple and
intuitive plots allowing an immediate graphicalamntretation.

PCA provides an algebraic solution that determivmy effective graphical representations
both of objectsqcore plo} and of variablesgading plo).

Theloading plotallows analyzing the role of each variable in diféerent components, their

direct and inverse correlations, and their impangafiFigure A2-4).

Principal Components Loading Plot

055 -

045 -

o o o
s B &
— 1

005 -

second component

005 —
015 -
025 -

035 |

04 €3 02 01 0.0 01 02 03 04
first component

Figure A2-4 Example of aloading plot

Consider the simplest case and choose only twaipahcomponents, PC1 and PC2, which
are the two columns of the matrix of loadings(p x 2. This matrix hasm rows, which
correspond to the original variables or to the gola of the data matriX. The elements df

vary between -1 and 1. Each variable is charaeerdmy a pair of loadings; andlj,:

* ljpquantifies the relevance component of the varigbtePC1

* |jz quantifies the relevance of the variaklen component PC2.

The loading plot is constructed by representing, in the pldpevs. |, the points
corresponding to thp original variables. The interpretation of the lwmadplot is based on

some fundamental observations.

* Points near the origin correspond to variables@letvant to any principal components
choices.

* Points on the horizontal axis correspond to vagislhat are irrelevant for PC2.

« Points on the ordinate correspond to variablesatatrrelevant for PC1.

* Points with abscissa of absolute values are vepprtant for high PC1.
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» Points ordered with high absolute value are vepyartant for PC2.
* Points close to each other correspond to varidhbgscarry similar information.

* Points symmetrical to the origin correspond toyiray inversely related.

The score plotshows the behavior of the objects in the differeamponents and their

similarity (Figure A2-5).

Score Plot

agt

GlB-2 %1

PC2

Figure A2-5 Example of ascore plot

As in the previous example, only two principal caments PC1 and PC2, which are the first
two columns of the matrix of loadinds, have to be considered. The producXoandL
gives the matrixI (n x 9. This matrix has rows, which correspond to objects or to the rows
of the data matrixX. Each object is characterized by a pair of scdfeandt;, that are the
coordinates in the space of the components PCIP@# The most commonly used plot in
multivariate analysis is the score vector for PEBsus the score vector PC1. This is to due to

the fact that these are the two directions of Istrgaed second largest variances.

Thescore plotis constructed in the plamgvs. t; reporting then points corresponding to the
n objects of the problem. There are two rules ofrthiconcerning score plots:

* Always use the same couple of principal componerdlli score plots: this will help
getting the desired overview of the compound stmecdata.

e Choose as ordinate the principal component thattladargest “problem relevant”
variance. For many applications this will turn eaitbe PC2, but it is possible that, in
other cases, PC2 lies along a direction that fanes problem-specific is not

interesting.
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The score plot represents the objects in the space of componairsigal and is very
effective to search fooutliers and clustersgraphically. The comparison of score plots and
loading plots allows determining which variableg aelevant to then objects. There is a

"quadrants” correspondence between the two grgpsre A2-6):

A J

»
>

origin origin
Le— T8 & g

v

v

Loading plot Score plot

Figure A2-6 Comparison betweeroading plotand score plot

A2-4.4 Geometric interpretation of PCA

Geometrically, the PCA appears aotation from the original space to the space of principal
components; this process is performed in such a thal the first new axig,e. the first
principal componentPC1, is oriented in the direction wiaximum variancelata and all the
next axes arerthogonalto each other.

Consider for simplicity the case of a two-dimensilosystem; the variables space will have 2
axes:varl and var2. Each object is represented by a set of variabdasurement and

characterized by its coordinatg,(x) in the Cartesian coordinate system (Figure A2-7).
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Figure A2-7 Geometric interpretation of PCA

Each object can be plotted apaint, and the result is a swarm of points showing adtren
the objects to arrange in a particular directioncektral axis could be drawn through the
swarm: this line would describe the data almogfasiently as all the original variables. This
central axis is positioned along the directiomaximum variancand is calledirst Principal
Componenor PC1. The second principal component will lieng) a direction orthogonal to
first PC and in the direction of tlsecond largestariance.

One of the purposes of PCA is to reduce the dinoeasity of a multivariable system: a
transformation from two dimensions to only one rsagm trivial but it allows to understand
the true meaning of this method of explorationit ils assumed to be able to represent the
points with the only new coordinate PC1 is rightagsess the extent of this approximation.
This means verifying how much information is ldstFigure A2-7 a comparison between the
eigenvalues associated to the principal comporfe@isand PC2 is reported.

It's evident that A;> A, and since the variance (and therefore the infoampis related to
this parameter, a dimensions reduction performed projection of the objects on the axis
PC1 does not cause a significant loss of informmatio
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The example illustrated above can easily be gemedhlto a p-dimensional system,
determining the principal components PC1, PC2, [B€3 The first principal component
contains the highest percentage of variance, tbenskea smaller percentage and so on, until

the last components bring with them a negligiblean of variance.

A2-4.5 The number of significant components
One of the fundamental problems that the princig@inponent analysis presents is the
determination of the significant numbier of components (factors), witkl < p. The search
for the number of significant components is knowmamk analysis In fact, if data contains
an information structurei.¢., non random), separation between the variabiliye do
experimental noise or spurious information anduseful information is achieved through a
proper definition of the number of significant goipal components. Any selection procedure
of a reduced number of significant components assuthat the variability of useful
information is greater than the variability asstaibwith the experimental noise or secondary
information.
Generally two methods, a numerical and a graphé; are used.
The numerical method is based on the conceppeotentage explaineslariance by M
principal components, which represents an estimiatiee importance of information derived
from a certain principal component. Since eachreigkie represents the variance associated
with the corresponding principal component and shen of all the eigenvalues coincides
with the total variance, th@ercentage explainegariancefor them component compared to

the total variance is given by:
Am
Tin=14m

x 100 A2-10

EVin(%) =
Thecumulative explainedariancerelative to the firsM principal components is given by:

_ Sh=ilm

Cum. EVM(%) - Zp 1

m=1"m

X 100 A2-11

Theunexplainedesidual varianceelative to the firsM principal component is given by :
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_ Z%=M+1Am
RV (%) = =msieifm o100 A2-12

p
Zm:l )lm

The right number of PCs would be the one corresipgntb a cumulative variance greater
than a given threshold value; a common choice withis to consider as a threshold the 80%
of the total variancéWhat is important is to minimize the value of RVide sure not to lose
too much information.

The number of principal components to be considesedbe determined by the analysis of
the eigenvalues graphics plotted against the nuwildctors. In this type of graph, known as
scree plotthe number of components is reported on the sks@nd on the ordinate axis the

corresponding eigenvalues (Figure A2-8).

Scree plot

Eigenvalues

{ B
24631|0121416

Components

Figure A2-8 Example ofscree plot

It's evident that the first principal component® associated with a greater percentage of
explained variance, while the subsequent PCs aseci@ded with a smaller amount of
information @symptotic behavigr A proper criterion of choice is to maintain onthe firstn

PC for which a profound change in the slope oftptbtine is manifested.
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A2-5 SIMCA (Soft Independent Modeling of Class Analogy)
Classification is one of the fundamental aims oftariate data analysis:

« To identify and quantitatively characterize subgrewithin a given set of
samples.

* To assess whether a new sample is similar to sdraples, or to which group it
belongs,

* To identify samples that are dissimilar comparedame standard

The Soft Independent Modeling of Class Anald®MCA) represents one of most used
chemometric classification approach based on giitida and is able to determine whether
one or more new samples belong to an already egigtioup of similar samples.
The basis of this classical chemometric technigMeld, 1976) is that objects in one class, or
group, show similar rather than identical behawiod new objects are assigned to the class to
which they show the largest similarity.
The SIMCA classification distinguishes two cases:

« Classes are knowapriori i.e. the specific belonging of all the training sejealts

is known
* There is na priori class membership available

The SIMCA approach presents some powerful advastagenpared to methods likeg.
Linear Discriminant Analysis (LDA). Firstly SIMCA aks not require that the number of
objects is significantly larger than the numbervafiables as is invariably the case with
classical statistical techniques: the present ddglinmethods are effective regardless of the
value of the ratio objects/ variables, be it eitfvary) many objects with respect to variables -
or vice versa

A further reason that makes SIMCA a powerful tawl ¢lassification regards the possibility
of graphically representing the results with a graasight relatively to the specific data
structures behind the modeled patterns.

In the classification of a new set of data, SIMCHcalates extensive statistics that enable to
guantify “model envelopes”, or classification spgcsurroundingthe classes. By defining
the distancebetween the envelope and the model, it can be geimally assessed whether
new samples lienside or outsidea given model. It is thus possible to establish ittodel
distances almost entirely by graphical means, aihahe full numerical result complement

is of course also available in the background
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Many plots are available to interpret the objeagstmodel relationships such as the well-
known Coomans plotthat gives the information about the class menfiyerso any two
models simultaneouslyThe Unscrambler® is the software here applied licg kind of data

analysis.

A2-5.1 SIMCA Class-Models
SIMCA can be defined as a multi-application useP@A-modeling as classification
model; it usually consists of several PC-modelg fam each class recognized. The first
step is always &lass modelingi.e. to group the different object into homogeneous
classes or clusters. Then each class is centeral®dsand modeledeparately Finally
the new objects can be allocated to the estauliskasses - or they may fall outside all

“known” patterns.

In detail, the various steps of method are reported

1. A data pretreatment is suggested.

2. A projection model of all objects to start to id@ntthe individual classes is
performed.

3.  The pattern-specific classes and the discrimindietween classes are simultaneously
defined. All the relevant score plots have to healigd and all the problem specific
groups or clusters identified. It has to be detasdi which objects belong to each
subgroup in this training stage. There is alwagseat deal of interaction between the

general problem context and the initial data ansiyesults in this stage.

4. A separate model for each class is delineatedafirddiasses must be validated in the
exact same way, or the membership limits will nr@cbmparable.

5. It's necessary to remove outliers and to studyaiygropriate score plots to see if there

should be more classes present than what is “knanadvance .

6. The optimal number of PCs for each class isviddated.
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At this stage, the new data set can be classiffedigdata must of course be described by the
same set of variabless for the training class models. If the calilmatdata (used for creating
the class models) were in some way transformednéve data must also be transformed in
exactly the same way before classification. Afteoasing the class models to be used for the
pattern recognitionthe number of PCs to use in each model has ttefaeed (this is strongly
problem-depend). The appropriate humber of PCsrakpen the data set, the goal, and the
application.

Classifying a new object can result in severaledéht results:

1. The object isuniquely allocatedo one classi.e. it fits to a single model within the

given limits and is very far from the other classes

2. The object mayit several classes.e. it has a distance that is within the critical lisni
of several classes simultaneously. This behaviardspend on either the given data
are insufficient to distinguish between the diffarelasses or the object actually does
belong to several classes. It may be a borderlase ©r have properties of several
classes.

3.  The objecfits noneof the classes within the given limits. This ivery important
result in spite of its apparent negative charadtbis maymean that the object is of a
new typei.e. it belongs to a class that was unknown beforeabieast - to a class that

has not been used in the classification. Altermdyiit may simply be aoutlier.

An important and peculiar aspect which makes SIMCpowerful tool for the classification
is to consider “failed” pattern recognition as grtion of classification output. Clearly it is
important to be able to identify such potentialtypiortant “new objects” with some measure
of objectivity. It is therefore important to be alib specify the level ddtatistical significance

associated with SIMCA results.
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A2-5.2 Statistical Significance Level in SIMCA
Statistical significance tests are based onctireeern of making mistakels the setup used
in SIMCA-classification, the test quantifies thekriof saying that a particular object lies
outsidea specific model envelope. In The Unscraniblgassification results can be studied
with varying significance levels usually between 0.1% and 25% - whose value as&h

depending on the particular problem.

The “normal” statistical significance level used5%. i.e. there will be a 5% risk that a
particular object falls outside the class, evehtifuly belongs to it; 95% of the object which
truly belong will thus fall inside the class. At msite ends of the significance levels

typically used it is noted that:

* Choosing a high significance leved.§. 25%) means that only very “certain”
objects will belong to the class, and (many) mateubtful’ outside it. Fewer
objects that truly belong will fall inside the c$a@n this case,75%).

* Choosing a low significance levek.§. 1%) means that cases, which are
doubtful, will still be classified as be belongitgthe class. More objects will be
classified as memberse. almost all of the true member objedte.(99%) will

be members of the class.

A2-5.3 The Coomans Plot
This plot shows the orthogonal (transverse) digtarfoom all new objects to two selected
models (classes) at the same time. The criticdkoffuclass membership limits are also

indicated. These limitsrxaybe changed by editing the significance level.

B

Figure A2-9 Coomans plot scheme
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The two straight lines divide the space into fouadyants; the position of the straight lines is
linked to the chosen significance level (Figure §2The objects are assigned in this way:

1. In the first of the four quadrants the objects g®sd to none of the selected models

are placed
2. The zone 2 contains objects assigned to model B

In the zone 3 the objects assigned to both metamplaced
4. The objects placed in the last quadrant are assignsodel A

To make interpretation easier, the objects areramdoed in The Unscrambler® ( Figure

A2-10).

Coomans Plot

Figure A2-10 Example ofCoomans ploscheme
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CHAPTERB1 BEHAVIOUR OF
PHOSPHOLIPIDS IN
ANALYTICAL REACTIVE
PYROLYSIS®

*Manuscript of the following article:

D. Melucci, G. Chiavari, S. Montalbani, S. Prafilerm Anal Calorim (2011) 104:415-421
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B1-2 Summary

Checking for the presence of egg in a paintingriaf®ws to decide whether or not it is a

tempera.

Several already assessed analytical techniqguesbmarged to perform the chemical analysis
for the detection of egg in paintings.

As an advantageous, alternative methodology fod#termination of egg, a new application
of analytical pyrolysis, hyphenated with gas chrtogeaphy-mass spectrometry (GC-MS)
system, in presence of hexamethyldisilazane (HM&®) tetramethylammonium hydroxide

(TMAH), is here reported. The innovation lays mgimi the choice of new markers for the

presence of egg. It is here demonstrated that idi@gnostic Tris-TMS-ester and methyl-ester
of phosphoric acid, generated by the pyrolysis tahdards phospholipids and synthetic
painting layers containing egg as binding mediungynbe used as new markers for
identification of egg in tempera layers. The adaptof these new markers in analytical
pyrolysis allows to obtain higher analytical perfance with respect to classical markers
(fatty acids), especially in terms of yield and aasonsequence, in terms of limit of detection.

B1-3 Introduction

Egg is a very complex matrix consisting of two saped phases: egg-white and egg-yolk.
Egg-white is an aqueous colloidal solution of pirdemainly albumins, and low quantities of
fats, while egg-yolk can be considered as an ewomwlsihat is a colloidal dispersion of
phosphorated proteins and lipids. The lipidic fiatis the most consistent in egg-yolk, and is
made up of triglycerides (65%w/w), phospholipid9%2 w/w) and cholesterol (5.2% w/w)
[12-13]. The phospholipids are triglycerides in @hia phosphoric group esterifies one
hydroxyl group of glycerol. This gives rise to a moeglyceride of the tribasic phosphoric
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acid further combined with other compounds. Wheosphoric acid is esterified with coline,
the resulting groups of compounds are called legitimainly contained in egg-yolk, whose

general formula is reported in Figure B1-1.

Figure B1-1 Example of a phosphatidylcholine, a tyg of phospholipid in lecithin
(Rx refers to a hydrocarbon group)

The concentration of elementary phosphorus is edgmv to 0.9%w/w of dried whole egg
[12].

The presence of egg in a painting layer may beeeweld in analytical pyrolysis, as reported
in previous papers [14-17], using as markers thgh lwoncentration of palmitic acid and
stearic acid, the presence in low concentratiomdéle and methyl indole, and cholesteryl
compounds in widely variable concentrations.

Low concentration of azelaic acid allows distindnng egg from siccative oil painting layers,
where the intensity of the pyrographic peak of #u#&l is usually higher: this marker it is not
sometimes sufficiently reliable because the comaéinh of the dicarboxylic products may be
low, when the oil layer is fresh.

Other papers in literature deal with pyrolysis gfjgainting layers [18-20].

The detection of egg in painting layers is commomlgrformed by means of the
characterisation of the aminoacid content and somestof the total fatty acids composition
with GC-MS analysis [21-25].

Spectroscopic techniques, like for instance Miceom&n analysis [26], are also used for the
characterisation of the ligands.

Van den Brick et al. used matrix assisted laseombdi®n ionization - Fourier transform mass
spectrometry to detect the alteration products fralacylphosphatidylcholines and

triacylglycerols in egg tempera paintings for moririg indoor museum conditions [27].
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The determination of phospholipids is importanséveral fields: marine geochemistry [28],
pharmaceutical research [29-30], biology [31-32]¢d a&tudies concerning fat materials [33-
38].

The phospholipids content has been taken into dereion in some papers to study egg
painting layers, considering for instance the catregion of phosphorus [39], but the
elementary phosphorus can arise even from somegpiggm

The conventional method for the determination obgg@holipids is known as the acid
digest/arseno-molybdate Barlett method and it &®$n phosphorus analysis.

Several methods are available for the determinabbnphospholipids using thin-layer
chromatography [28, 32, 34, 38], Fourier-transfonfnared spectroscopy (FTIR) [33], high-
performance liquid chromatography [30] and gas#iquchromatography for the
characterisation of the fatty acids composition][&blorimetric methods for the analysis of
organic phosphorus complexed with a chromogenigaete[37].

In this paper, pyrolysis-methylation [5] and pyrab~silylation [40,7,41] are described as
useful techniques to identify the presence of phobpids by the methyl-ester and tris-TMS-
ester phosphoric acid that these analytes produbenwundergoing pyrolysis. The
identification of this product of pyrolysis has bemarried out and it has been stated that it can
be a useful marker for the detection of egg in fpagnlayers.

B1l-4 Materials and Methods

The derivatising reagents used, tetramethylammoninyaroxide (TMAH) 25%,, water
solution and Hexamethyldisilazane (HMDS), 9% were from Aldrich.

Standard phospholipids, 1, 2-Dipalmitoyl-sn-glyc8rphosphocholine and 1, 2-Dimyristoyl-
rac-glycero-3-phosphocholine, were obtained fromirih.

Samples of painting standard layers, which are rtiaae ten years old, were prepared by the
Opificio delle Pietre Dure (Florence, Italy) follavg ancient recipes.

Samples (0.5 mg) were scraped from the supporerted into a quartz capillary tube and
added with 5 pl of derivatising reagent prior toqlysis.

Pyrolysis was carried out at 600°C for 10 s atrtteximum heating rate using a CDS 1000
pyroprobe heated filament pyrolyser (Chemical D&wstem, Oxford, USA), directly
connected to the injection port of a Varian 3408-garomatograph coupled to a Saturn Il

ion-trap mass spectrometer (Varian Analytical mstents, Walnut Creek, USA). A Supelco
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SPB5 capillary column (30m, 0.25mm 1.D., 0.25 phmfithicknesses) was used with a
temperature programme from 50°C (held for 2 min10°C (held for 5 min) at 5°C min
with helium as carrier gas. Temperatures of splitisss injector (split mode) and Py-GC
interface were kept at 250°C. The Py-GC interfaes Wept at 250°C and the injection port at
250°C. Injection mode was split (1:50 split ratas)d gas carrier was helium at flow rate of
1.0 ml mir*. Mass spectra were recorded at 1 scanrsler electron impact at 70 eV, scan
range 45 to 650n/z Structural assignment of the pyrolytical fragnsewas based on match

with the NIST mass spectra library or literaturdagidhe principal products identified are
listed in Table B1- | and Table B1-II.

Table B1-I Products arising from pyrolysis-methylaion of the samples

Peak No. Fragment My, Characteristic ions m/z (relative abundance€)

1 Phosphoric acid, trimethyl ester 140 65 (7),43) (95 (30), 110 (1001,40(15)

2 Octanoic acid, methyl ester 158 74 (100), 87,(438% (23), 158 (2159 (12)

3 Nonanoic acid, methyl ester 172 74 (100), 87,(443 (16),172(5), 173 (14)

4 Octanedioic acid, dimethyl ester 202 129 (448 3®), 171 (77)202(8), 203 (100)
5 Dodecanoic acid, methyl ester 214 74 (100), 87, (%43 (16), 171 (13R14(13)

6 Nonanedioic acid, dimethyl ester 216 55 (77), (18ID), 185 (86)216 (10), 217 (67)
7 Tetradecanoic acid, methyl ester 242 74 (100)68Y, 143 (28), 199 (18242 (18)
8 9-Hexadecenoic acid, methyl ester 268 55 (10B)48), 96 (52), 236 (28268 (7)

9 Hexadecanoic acid, methyl ester 270 74 (100}68Y, 143 (25), 227 (15270(27)
10 9-Octadecenoic acid, methyl ester 296 55 (18®)63), 83 (55), 264 (17296 (5)
11 Octadecanoic acid, methyl ester 298 74 (100}§78Y, 143 (30), 155 (18298 (40)

2 The value in bold indicates the molecular ion
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Table B1-Il Products arising from pyrolysis-silylation of the samples

Peak N° Fragment Mw Characteristic ionsm/z (relative abundance)
1 Phosphoric acid, bisTMS monomethyl est 256 73 (18), 133 (16), 211 (14), 241 (102%K€ (15)
2 Phosphoric acid, triTMS ester 314 73 (60), 283 (8), 299 (100), 300 (23814 (16)
3 Octanedioic acid, bisTMS ester 318 75 (100), 169 (36), 187 (50), 303 (63LE (3)
4 Nonanedioic acid, bisTMS ester 332 73 (47), 201 (27), 317 (1032 (2), 333 (23)
5 Tetradecanoic acid, TMS ester 300 73 (68), 117 (100), 129 (39), 285 (59)C (8)
6 9-Hexadecenoic acid, TMS ester 326 73 (100), 117 (72), 129 (59), 311 (432€ (8)
7 Hexadecanoic acid, TMS ester 328 73 (49), 117 (100), 129 (38), 313 (4828(22)
8 9-Octadecenoic acid, TMS ester 354 73 (100), 117 (64), 129 (57), 339 (3854 (6)
9 Octadecanoic acid, TMS ester 356 73 (65), 117 (100), 129 (40), 341 ( 53%¢€ (22)

2 The value in bold indicates the molecular ion

1-5 Results and discussion

B1-5.1

Pyrolysis-methylation

B1-5.1.1 Analysis of standard phospholipids
The figures B1-2 and B1-3 show the pyrolytical eats related to pyrolysis-methylation of

standard phospholipids, 1, 2-Dipalmitoyl-sn-glye8rphosphocholine and 1, 2-Dimyristoyl-

rac-glycero-3-phosphocholine, and the chromatogcaphd mass spectrometric data of the

main peaks are reported in Table B1-1.
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Figure B1-2(a) Reconstructed ion chromatogram arising from pyrdysis-methylation of 1, 2-Dimyristoyl-
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Figure B1-3 a) Reconstructed ion chromatogram arisig from pyrolysis-methylation of 1, 2-
Dipalmitoyl-sn-glycero-3-phosphocholine (b) singléon monitoring for m/ z (110+ 140) the ions
deriving from phosphoric acid, trimethyl ester

Analytical pyrolysis in presence of tetramethylanmimon hydroxide is a powerful technique
to characterize different kinds of organic compajnblut it has been pointed out that its
strong alkalinity (pKb =0.9) [42] causes some seeoy reactions such as degradation or
isomerisation. It is likely that this behaviour disato a low yield in trimethyl phosphate, so
that it's advisable to use the Single lon Monitgr{®IM) relative to the characteristic ions of
the trimethyl phosphate to detect its presencesianaple.

In spite of this situation, the recognition of thbosphate is still possible thanks to a good
specifity of the mass spectrum. The mass spectriitmiroethylphosphate (Figure B1-4)
shows the peak at 116/zas the main peak derived from the molecular ionhgyloss of a

neutral formaldehyde molecule.
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B1-5.1.2 Analysis of standard painting layers
The result, obtained with the pyrolysis-methylataira standard painting layer prepared from
whole egg (Figure B1-5, Table B1-1 ), has confirnied trend highlighted for the standard
phospholipids: the presence of the peak correspgrtdi the phosphoric acid, trimethyl ester,
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Figure B1-4 Mass spectrum of phosphoric acid, trimiy| ester

is evident only in the Single lon Monitoring .
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Figure B1-5 (a) Reconstructed ion chromatogram asing from pyrolysis-methylation of standard
painting layer prepared from whole egg (b) singledn monitoring for m/z (110+ 140 ) the ions
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In Figure B1-6 the Single lon Monitoring fan/z (110+140) arising from pyrolysis-
methylation of standard painting layers preparedfihole egg with different pigments such
as malachite [CHCO3)(OH),], smalt blue [SIQK,0,Al,03,C00], azurite [Cy(COs)(OH),]

and cinnabar [HgS] are reported.
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Figure B1-6 Single ion monitoring for m / z (110+ 40) arising from pyrolysis-methylation of standardpainting
layers prepared from whole egg with different pigmats : malachite, smalt blue,azurite and cinnabar

The presence of a pigment changes the yield okethigh phosphate, in particular regarding
smalt blue and cinnabar. This behaviour can beagx@ll considering the fact that some
inorganic salts, like some painting pigments, céfiech the formation of some pyrolysis
products or lead to secondary pyrolysis reactid@44]: the ability of the powder pigment to
influence the pyrolitic behaviour could not be ext#d, and can justify the difficulty to detect
the presence of phosphate when this techniqueed ta recognition of egg in tempera

layers.
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B1-5.2

Pyrolysis-silylation

B1-5.2.1 Analysis of standard phospholipids
In Figures B1-7 and B1-8 (Table B1-1l ) the pyrad@l patterns related to the pyrolysis-
silylation of the standard phospholipids, 1,2 -Dipgoyl-sn-glycero-3-phosphocholine and
1,2-Dimyristoyl-rac-glycero-3-phosphocholine arpoded.
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Figure B1-7 reconstructed ion chromatogram arisingrom pyrolysis-silylation of

1, 2-Dimyristoyl-rac-glycero-3-phosphocholine
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Figure B1-8 Reconstructed ion chromatogram arisingrom pyrolysis-silylation of
1, 2-Dipalmitoyl-sn-glycero-3-phosphocholine
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The chromatographic profile obtained in both casksws that the use of a derivatising
reagent less aggressive than TMAH leads to anaseckyield of tri-TMS-phosphate, which
is clearly visible in the total ion chromatograrhetpeak 2 (Figures B1-9) has a molecular
peak corresponding at 31/z which is the molecular weight of tri-TMS-phosphatith
base peak 298 /zobtained from the loss of a methyl group.
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Figure B1-9 Mass spectrum of phosphoric acid, triTMs ester

B1-5.2.2 Analysis of standard painting layers
Figure B1-10 reports the reconstructed ion chrograto arising from pyrolysis-silylation of

a standard painting layer prepared from whole egg.
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Figure B1-10 Reconstructed ion chromatogram arisingrom pyrolysis-silylation of
standard painting layers prepared from whole egg

The result confirms the hypothesis expressed ircdéise of standard phospholipids: analytical
pyrolysis performed in the presence of HMDS leadthe formation of a greater amount of
phosphate. The corresponding peak (Figure B1-18k @& is the most intense and gives the
mass spectrum reported in Figure B1-12.
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Figure B1-11 Mass spectrum of compound correspondinto the peak 2
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The consistent peak at 387z may be attributed to an association ion M(TKS)ye have

found that the TMSgives such type of association with the molecatampound, working

with ion trap detector.

In Figure B1-12 the total ion-chromatograms arisfrmm pyrolysis-silylation of standard
painting layers prepared from whole egg with dgfr pigment — malachite
[Cux(COs)(OH),], smalt blue [SiQ K,0,Al,05,Co0], azurite [Cy(COs)2(OH),] and cinnabar
[HgS] - are reported.
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Figure B1-12 Reconstructed ion chromatogram arisingrom pyrolysis-silylation of standard painting
layers prepared from whole egg with different pigmats: malachite, smalt blue, azurite and cinnabar

As in the case of pyrolysis-methylation, the effettthe pigment on the formation of tris-
TMS-phosphate is evident; in particular, it is clézat the presence of smalt blue as that of

cinnabar is associated with the lowest intensitthefpeaks.

B1-6 Conclusions
The study here presented shows a new applicationaralytical pyrolysis in the
characterisation of complex organic compounds sigcthe egg yolk largely used in the old

painting technique as ligand.
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We have compared two of the reagents usually usguyrolysis for the speciation of high
polar compounds: tetramethylammonium-hydroxide (TH)JAas methylating reagent and
hexamethyldisilazane (HMDS) as silylating reagelBoth the reagents give a positive
recognition of phosphoric acid esters present mdic structures with the formation of
trimethyl phosphate and tris-TMS-phosphate, offgran further potential marker for the
analysis of painting ligands.

However, the silylation appears to be more uséfiainks to the higher yields obtained.
Considering the positive results obtained with OeBpera layers, the next objective is the
application to the real painting cases but, urdivhwe have obtained scarce results probably
because of the difficulties to find reliable andieg@mpera sample and the high degradability

that distinguishes this kind of compounds.
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CHAPTERBZ MULTIVARIATE
METHODS FOR EXPERIMBETAL -
DATA ANALYSIS APPLIED TO
IDENTIFICATION OF BACTERIA
BY MEANS OFPY-GC-MS
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B2-1 Summary
There is the need to identify bacteria by mean=lble but rapid analytical methodologies:
the already assessed current analytical methodsogiquire laborious preparative steps;
moreover, they are often very expensive. In ordesdive these problems, a more rapid and
less expensive analytical technique based on PYMSQias been here developed.

Analytical Pyrolysis (Py) allows for the charactation of a material by controlled thermal
chemical degradation in inert atmosphere; degradaproducts are characteristic of the
original sample and can be characterized using aMSG&ystem. When Py-GC-MS is applied
to bacteria, trivial visual examination glyrogramseasily allows discrimination between
different genera of bacteria. But in order to obtain discriminatiam terms of species,
chemometric data analysis is necessary.

Among chemometric methods fdata explorationPrincipal Components Analys(BCA) is
extensively used in Analytical Chemistry. As fdassification proceduresSoft Independent
Modeling of Class Analogy (SIMCA) is particularlyitable for analytical problems, since it
works even when the number of samples is very ldt vespect to the number of variables
characterizing samples.

The purpose of the present work was to developpal rRy-GC-MS methodology for the
analysis and identification of bacteria in termsgehusandspecies Methylated fatty acids
(FAMEs) were chosen as biomarkers of bacteria i@ gyrolysates.In situ Thermal
Hydrolysis and Methylation (THM) was applied. Pyraghic peak areas, and relevant
normalized or relative values, were chosen as blsafor chemometric data processing by
PCA and SIMCA.

Satisfactory results were obtained in classifyiagtbria in terms ajenusandspecies

B2-2 Keywords:
Gas chromatography-mass spectrometry
Pyrolysis
Bacteria
Principal Components Analysis (PCA)
Soft Independent Modeling of Class Analogy (SIMCA)
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2-3 Introduction

Bacteria are ubiquitous microorganisms whose pEsean be detected in water, soil, air and
in other more complex living organisms. Their cletgazation is essential to solve common
medical, biological, food, environmental, cultuhn&ritage and forensic problems.

Traditional microbiological identification of bacie is based on appearance under a
microscope (shape, size, presence of particulactsties), response to staining.d, the
classic Gram stain), or indirect characteristia®\igh under aerobic or anaerobic conditions,
generation of specific enzymes or biochemical prtgjuetc.) [1]. Molecular analysis is
another method based on identifying the geneticadieristics of the microorganism [45].

The study of morphological characteristics and obal culture allows to obtain information
in a relatively short time. However, the obtainesbults are generic and do not imply
differentiation at the level of bacterial specikglecular analysis leads to undeniable results
and, therefore, to uniquely identify a micro-organidown to the level of species, but this
analysis is very long and laborious and, moreawerrelevant costs are rather high [46].
Chromatographic techniques and coupled to massrepegtry offer a significant lowering of
costs and time of analysis, together with efficieegults as regards the determination of
markerscharacteristic such as methylated fatty acids (E&AM47,48].

On the other hand, for the sake of completenessshduld be noted that the gas
chromatographic analysis of microorganisms includestep of pretreatment of the sample
still relatively laborious. Chemical components rettderistic of specific microorganisms or
microbial groups are usually enclosed in part pblymeric cellular matrix. Such nonvolatile
and intractable biological samples determine sofffewties in direct characterization by
GC-MS. When analytical pyrolysis is applied to actedaa sample, depolymerization and
volatilization of components are accomplished standously. The volatile thermal products
may be detected directly by MS (Py-MS) [49-52] eparated on-line by capillary GC and
detected by MS (Py-GC-MS) [53-56]. In contrast &ridatization-based methods and like
other direct approaches, bacteria characterizdiyranalytical pyrolysis requires minimal
sample pretreatment and short total analysis times.

The purpose of the present work was to developpal rey-GC-MS methodology for the
analysis and identification of bacteria in termsgehusandspecies Two lines of research
have been developed: the first regards the anatysi#fferent bacterial species belonging to

the generaBacillus and Pseudomonagrown under the same culture conditions while the
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second concerns the study of the strairRbbdococcus Aetherovorans BCB#posed to
different sources of carbon during growth [57].

Methylated fatty acids (FAMESs), deriving from phbstipids forming the cell wall of the
microorganism, were chosen as biomarkers of bacterihe pyrolysate [58]n situ Thermal
Hydrolysis and Methylation (THM) was applied [5]yrBgraphic peak areas, and relevant
normalized or relative values, were chosen as bi@safor chemometric data processing by
PCA (Principal Component Analygisand SIMCA Goft Independent Models of Class

Analogy were performed on the experimental dataset [£9]9,

2-4 Materials and methods

B2-4.1 Bacteria samples
The bacterial samples (Table B2-11) were providgdPbof. Stefano Fedi of the Department of
Experimental Evolutionary Biology (BES).

Table B2-II Bacteria samples
Genus Species
Rhodococcus Aetherovorans BCP1
Subtilus
Bacillus Licheniformis
Firmus
Fluorescens
Putida
Stutzeri C12
Stutzeri C/IS A
Pseudoalcaligenes
Bif 7

Pseudomonas

B2-4.1.1 Preparation of Bacillus samples
Each species @acilluswas subjected to the same preparative procedatrétiolves:
* smear samples on Petri plates
» growing for 24-48 h in a growth chamber at 37°C
* removal of bacterial colonies using sterilized loop
* inoculum flasks containing LBL(ria-Bertani Brotl), the medium used for the
enrichment (Table B2-11)
» thermal agitation (T =30°C; t = all night; v =A%m)
» centrifugation (t = 10 min; v = 5000 rpm)
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» elimination of supernatant, resuspension in phggioal solution, centrifugation
* drying in an oven at 105 ° C overnight

» storage at -20 ° C until analysis

Table B2-Il Luria-Bertani Broth, LB

Luria-Bertani Broth, LB (pH 7)
Tryptone 10 g/l
Yeast Extract 59/l
NacCl 10g/
H,O to volume

B2-4.1.2 Preparation of Pseudomonas samples
Each species d?seudomonawas subjected to the same preparative procedatréntiolves:

* smear samples on Petri plates

e growing for 24-48 h in TSA medium, in a growth chamat 37°C. TSATryptic
SoyAgar), is the medium used for the culture plate (Tda#elll)

* removal of bacterial colonies using sterilized loop

* inoculum flasks containing TSBT(yptic Soy Broth)the medium used for the
enrichment (Table B2-1V)

* thermal agitation (T = 30°C; t = all night; v = 188m)

» centrifugation (T=4°C; t = 10 min; v = 8000 rpm)

» elimination of supernatant, resuspension in phggioal solution, centrifugation

* drying in an oven at 105 ° C overnight

» storage at -20 ° C until analysis

Table B2-IIl Tryptic Soy Agar, TSA Table B2-1V Tryptic Soy Broth, TSB
T_rypt|c Soy Agar, TSApH 7.2) Tryptic Soy Broth, TSBpH 7.2)
Casein Peptone 17 o/l — -
Pancreatic digest of casein 17 dl
Soya Peptone 3.0 ¢l —
: Enzymatic digest of soybean meal 3 ¢l
Glucose 25l
: NacCl 5 g/l
K2HPO, 2.5 dl : -
NaCl Dipotassium Phosphate 2.5 ¢
5.0 dl Dextrose 25 ¢l
Agar 15 dl H,O to volume
H,O to volume
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B2-4.1.3 Preparation of Rhodococcus samples

The BCP1 strain was isolated from chloroform contaminatedugdwater. The procedure

used for the culture of this strain was perfornredaveral stages:

* smear samples on Petri plates

e growing for 24-48 h in LB medium , in a growth chaen at 37°C

« removal of bacterial colonies using sterilized loop

» resuspension in physiological solution

* inoculum flasks containing Mivinginimal mediury Table B2-V

» addition of a different carbon source (C12, C1BQCl-pentanol, toluene, succinate,
and hexane) in each flask

» thermal agitation (T = 30°C; t = all night; v = 188m)

» centrifugation (T = 4°C; t = 10 min; v = 8000 rpm)

e elimination of supernatant, resuspension in phggioal solution, centrifugation ( 3
times)

e drying in an oven at 105 ° C overnight

* storage at -20 ° C until analysis

Table B2-V Minimal medium, MM

Minimal medium, MM (pH 7.2)

MM (pH 7.2) (100X) — in BD water:

KoHPO, 155 g/l
NaH,POyeH,0 73.9 g/l
(NH4),S0O, 10.52 g/l
NaNG; 76.5 g/l
MgSQ stock solution (1000X) — in BD water:

MgSQ,7H,0 | 60.2 g/l
CacCl, stock solution (1000X) — in BD water:

CaCl, \ 14.7 g/l
Microelements stock solution (1000X) — in BD water:

FeSQ¢7H,0O 6.283 g/l
MnCl,*4H,0O 0.3 g/l
ZnSQye7H,0 0.147 g/l
H3;BO; 0.061 g/l
Na,MoO4*H,0O 0.109 g/l
NiCl,*2H,0 0.024 g/l
CuChbe2H,0 0.017 g/l
CoChe6H,0 0.024 g/l
Yeast extract stock solution (10000X) — in BD water 5gr/l
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B2-4.2 Experimental conditions

The derivatising reagents used, tetramethylammoniyaroxide (TMAH) 25%,, water
solution, was from Aldrich.

Samples (0.5 mg) were inserted into a quartz eapiltube and added with 5 pl of
derivatising reagent prior to pyrolysis.

Pyrolysis was carried out at 600°C for 10 s atrtteximum heating rate using a CDS 1000
pyroprobe heated filament pyrolyser (Chemical D&ygstem, Oxford, USA), directly
connected to the injection port of a Varian 3408-garomatograph coupled to a Saturn Il
ion-trap mass spectrometer (Varian Analytical mstents, Walnut Creek, USA). A Supelco
SPB5 capillary column (30m, 0.25mm 1.D., 0.25 phmfithicknesses) was used with a
temperature programme from 50°C (held for 5 min)L89°C at 5°C mit}, from 130°C to
170° C at 2,5°C mih, from 170° C to 300°C at 5°C mtwith helium as carrier gas.
Temperatures of split/splitless injector (split md@nd Py-GC interface were kept at 250°C.
The Py-GC interface was kept at 250°C and the tigiegort at 250°C. Injection mode was
split (1:50 split ratio) and gas carrier was heliatrflow rate of 1.0 ml mih. Mass spectra
were recorded at 1 scaf sinder electron impact at 70 eV, scan range 4550 ré/z
Structural assignment of the pyrolytical fragmewtss based on match with the NIST mass

spectra library or literature data; the principadqucts identified are listed in Table B2- |
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Table B2-I Products arising from pyrolysis-methylaton of the samples

Peak No Fragments My Characteristic ions m/z (relative abundance)
1 Dodecanoic acid, methyl ester 214 74 (100), 87 (62), 143 (22), 171 (1814(12)
2 Tridecanoic acid, methyl ester 228 74 (100), 87 (66), 143 (27), 185 (1828(15)
3 Tridecanoic acid, 12-methyl-, methyl ester 242 74 (100), 87 (70), 143 (23), 199 (5242(11)
4 Tetradecanoic acid, methyl ester 242 74 (100), 87 (67), 143 (33), 199 (2G%2(22)
5 Tetradecanoic acid, 13-methyl-, methyl ester 256 74 (100), 87 (71), 143 (24), 213 (2256 (17)
6 Tetradecanoic acid, 12-methyl-, methyl ester 256 74 (100), 143 (27), 199 (57), 213 (1356(13)
7 Pentadecanoic acid, methyl ester 256 74 (100), 87 ( 64), 157 (14), 213 (1856 (28)
8 Pentadecanoic acid, 14-methyl-, methyl ester 270 74 (100), 87 ( 70), 143 (25), 227 (22),0(24)
9 9-hexadecenoic acid, methyl ester 268 55 (100), 152 (26), 194 (20), 236 (2858 (8)
10 Isomer peak 9 268 55 (100), 152 (15), 194 (10), 236 (1858 (5)
11 Hexadecanoic acid, methyl ester 270 74 (100), 87 ( 65), 143 (34), 227 (18Y,0(52)
12 11-hexadecenoic acid, 15-methyl-, methyl est@82 55 (100), 96 (67), 213 (25282 (4), 283 (6)
13 Hexadecanoic acid, 15-methyl-, methyl ester 284 74 (100), 87 (77), 143 (25), 241 (2284 (6)
14 Hexadecanoic acid, 14-methyl-, methyl ester 284 74 (100), 143 (28), 185 (20), 199 (20284 (15)
15 Isomer peak 12 282 55 (100), 96 (38), 208 (13), 250 (2A82(7)
16 Isomer peak 15 282 55 (100), 166 (11), 250 (21282 (4), 283 (11)
17 Heptadecanoic acid, methyl ester 284 74 (100), 87 (68), 143 (30), 241 (1884 (37)
18 Heptadecanoic acid, 16-methyl-, methyl ester298 74 (100), 143 (56), 199 (30), 255 (2298(31)
19 9-octadecenoic acid, methyl ester 296 55 (100), 180 (12), 222 (12), 264 (28)96(8)
20 Octadecanoic acid, methyl ester 298 74 (100), 143 (36), 199 (20), 255 (2288(62)

2 The value in bold indicates the molecular ion

The mass spectrum relevant to a methylated fatty @esents a peak base witiiz=74 that

derives from a particular fragmentation reactione McLafferty rearrangementSince

FAMEs were chosen amarkersfor the bacteria characterization, it is apprderi@ consider

the chromatographic profiles obtained in Single Monitoring (SIM) atm/z=74; in this way

the background is minimized allowing a more acaudstermination of peak areas.
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B2-5 Results and discussion

B2-5.1 Identification of pyrolysis compounds
In Figures B2-1, B2-2 and B2-3, pyrograms (SIMiy/z=74) arising from pyrolysis-
methylation of bacteria sampleRHodococcus, Bacillus e Pseudomgnage reported (Table

B2-I).
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Figure B2-1 Single ion monitoring (/z = 74) arising from pyrolysis-methylation of a samfe
of Rhodococcus Aetherovorans BCP1 (Source of carboh-pentanol)
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Figure B2-2 Single ion monitoring (W/z = 74) arising from pyrolysis-methylation of a samje of
Bacillus Firmus
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Figure B2-3 Single ion monitoring (M/z = 74) arising from pyrolysis-methylation of a samfe of
Bacillus Firmus

Pyrolysis of bacterial sample leads to the formrmatid a great variety of FAMES, branched
and linear, saturated and unsaturated fatty aditleir identification required a thorough

study of the relevant mass spectra, especiallyegards the distinction of various isomers,
linear and branched. By way of example, the masstsprelevant to tetradecanoic acid, 13-
methyl-, methyl ester (peak 5), tetradecanoic atkimethyl-, methyl ester (peak 6) and
pentadecanoic acid, methyl ester (peak 7) are teghar Figures B2-4, B2-5 and B2-6.

100%] “
’oé‘ 75%- 87
>
‘®
c
2
c
‘o 50%-
2 55
k)
[}
e 143 213 M*]
25%- 256
101 157
129 199
11 171185 ‘ ‘
0% uly I.|.|| | LU, .I T T T ‘u .. Lol | ul . 1l
50 100 150 200 250 m/z

Figure B2-4 Mass spectrum of tetradecanoic acid, 1®ethyl-, methyl ester (peak 5)
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Figure B2-5 Mass spectrum of tetradecanoic acid, 1ethyl-, methyl ester (peak 6)
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Figure B2-6 Mass spectrum of pentadecanoic acid, eyl ester (peak 7)
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B2-5.2  Reproducibility
Reproducibility in an analytical method is essdrttavalidate the results obtained. In Figure
B2-7 a comparison between the pyrograms (SiMz=74) for three repeated analysis

performed on the sample Bf AetherovoranBCPL1 is reported.
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Figure B2-7 Comparison between pyrograms (SIMm/z=74) for three repeated analysis
performed on the sample of RAetherovorandBCP1 grown in the presence of hexane

The chromatographic profiles show a high reprodttitof the analyses performed by the
integrated system Py-GC-MS.
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B2-5.3 Distinction between bacterial genera

In Figure B2-8 a comparison between pyrograms (StMz=74) for the bacteria samples

(Bacillus RhodococcusPseudomonas$ reported.
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Figure B2-8 Comparison between pyrograms (SIMm/z=74) for the samples of
a) Bacillus; b) Rhodococcusc) Pseudomonas

The three bacterial samples from three differemtege show very different chromatographic
profiles.

The genus Bacillus is characterized by the presehbeanched isomers of fatty acids.

The bacteria of the genus Pseudomonas have mostlr land unsaturated fatty acids; the
hallmark of genus is the high relative intensitytied peak corresponding to dodecanoic acid.
Finally, the bacterial samples belonging to theugeRhodococcus have a fatty acid profile
characterized by different unsaturated compoundsliaear isomers with very high relative

intensity.
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B2-5.4 Distinction between bacterial species of Bacillus

Three bacterial speciesSibtilus, Licheniformis, Firmjisbelonging to the genus Bacillus
were analyzed by the system Py-GC-MS (Figure BRa@ile B2-1).
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Figure B2-9 Comparison between pyrograms (SIMm/z=74) for three species oBacillus
a) B. Subtilus b) B. Licheniformis; ¢) B. Firmus

It is evident that the fatty acids pattern is tame for each bacterial species of Bacillus.

The differences between the pyrograms are relatdlet relative intensity of the peaks, but
are not so obvious as to allow a visual distincbetween three different samples.

In this case it will be necessary to use a diffesgproach to be able to differentiate between

samples at the species level.

B2-5.4.1 Chemometric analysis
Multivariate data analysigroved to be the best tool to highlight differemdmetween the
bacterial species here analyzed. The starting elatasnprises 23 objects, divided into 3
classes which were knowan priori: Table B2-Il shows the typical setting of the ihplata
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matrix. The variablesvér) that are exploited for the chemometric analysésratios between
the most significant chromatographic peak areas pbgrvalues of normalized areas.

Table B2-lI

VARIABLES
Sample Varl Var2 . VarA VarB . Class
ND1

GLA

GLC

ND2

OBJECTS

GLB

ND3

N3

W W W[ W[N] NN PP P PP

B2-5.4.1.1Principal Components Analysis
The principal component analysis was performedgie software SCAR'
After carrying out an analysis of the PC considgrall the variables, only some of the

original variables were selected (Table B2-VII).

Table B2-VII
VARIABLES
a Peak 20 / Peak 13 e Peak 7 / Peak 5
b Peak 13/ Peak 8 f Peak 7 / Peak 6
d Peak 6 / Peak 5 n Peak 19 / Peak 17
&) Normalized to the sum of the peaks considered

The loading plotobtained by carrying out the PCA with these vdeabs shown in Figure
B2-10. The variables are arranged in three grothges:first group consists of {d, e}, the
second by {a, f, n}, {b} be the third. All the seled variables have a significant relevance in

the principal components plotted.
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Principal Components Loading Plot
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Figure B2-10Loading plotrelevant to Table B2-VII

In figure B2-11 the correspondisgore plotis reported.
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Figure B2-11Score plotrelevant to Table B2-VII

It's evident that objects belonging to clas&esd3 (SubtilusandFirmus) form very compact
groups and well separated from each other: theesiesrof group 1 are located in the fourth
quadrant, while the objects of the gra@ifall in the lower left. The elements belonginghe
class2 (Licheniformig, however, show great variability and are not lese& as to constitute a
well-defined group: two objects of this class aleser to groupl. To improve the results

other variables were chosen (Table B2-VIII)
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Table B2-VIII

VARIABLES
a Peak 20 / Peak 13 d Peak 6 / Peak 5
Peak 13/ Peak 8 f Peak 7 / Peak 6
c Peak 8 / Peak 5 13 Area Peak 13*
(*) Normalized to the sum of the peaks considered

In the Figures B2-12 and B2-13 tliading plotand thescore plotare reported.
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Figure B2-12Loading plotrelevant to Table B2-VIII
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Figure B2-13Score plotrelevant to Table B2-VIII
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The score plotshows a good distinction, already significant ie firevious analysis, among
the objects of classand3 and the large variability of the objects of class

B2-5.4.1.2SIMCA classification

The SIMCA classification was performed by the comuis software The Unscrambiét

Variables are those reported in Table B2-VIII.
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Figure B2-14Coomans plotModel ‘class2’vs.Model ‘classl’
Blue: Bacillus Subtilus Red: Bacillus Licheniformis, Green: Bacillus Firmus

The Coomans ploin Figure B2-14 shows the classification resulisamed using the models
built on the elements of classésand?2; objects belonging to clads(blue in the figure) are
placed in thesecond quadrant of the graph and are then recabbizmodel 1, the elements
of class2 (red in figure) are assigned to thdel 2 and are therefore subject to the fourth
quadrant. On the contrary, the objects of claggreen in the figure), that are not assigned to

any of the two models, fall in the first quadrahgoaph.
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Figure B2-15Coomans plotModel ‘class3’ vs.Model ‘class2’
Blue: Bacillus Subtilus Red: Bacillus Licheniformis, Green: Bacillus Firmus

The Coomans ploin Figure B2-15 shows the classification resulisamed by considering
the models built on the objects belonging to clagsend3; in this case, the elements of the
classe<? (blue) and3 (red) are recognized by theodels 2and 3, respectively, while the
objects of clas4 (green) are positioned in the first quadrant, arel not assigned to any
group.

The above discusse@oomansplots confirm that the examined bacteria are correctly
classified. This is a very important result, beeaisndicates that proper original variables
were chosen, and the multivariate classificationbatteria based on these variables is

validated.
B2-5.5 Distinction between bacterial species of Pseudormona

Six different species of gen®seudomonawere analyzed (Table B2-1X).

Table B2-IX
Genus Species Sample

Pseudomonas Fluorescens BPSF
Pseudomonas Putida BPSPT
Pseudomonas| Pseudoalcaligenes BPSPS
Pseudomonas Stutzeri BPSS
Pseudomonas| Stutzeri CIS/10A BPSSA
Pseudomonas sppBif 7 BPS7
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The chromatographic profiles shown in Figure B2ptéve the inability to distinguish the
two considered species on the basis of a compabistoveen the FAMES patterns.
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Figure B2-16 Comparison between pyrograms (SIMm/z=74) for two species of
Pseudomonas: ap. Putida b) P. Fluorescens

As in the previously examined case, it is necessagpply multivariate data analysisind
check if it is possible to obtain an accurate digton even in the case of a greater number of

species.

B2-5.5.1 Chemometric analysis
A dataset consisting of 60 objects, divided intol&ses knowm priori has been used the
chemometric analysis of data obtained by Py-GC-M&8y&is, relevant to various species of
Pseudomonas (Table B2-X)
As variables, the ratios between peak areas caesidrost significant and normalized areas

values were used.
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Table B2-X

VARIABLES
Sample Varl Var2 . VarA VarB - Class
BPSF

BPSPT

BPSPS

BPSS

OBJECTS

BPSSA

BPS7

OO O O M| B| W] W NN PP

B2-5.5.1.1 Principal Components Analysis
The principal component analysis was performedgie software SCAR'
After carrying out an analysis of the PC considgrall the variables, only some of the

original variables were selected (Table B2-VII).

Table B2-XI

VARIABLES
cl Peak 16 / Peak 13 g2 Peak 7 / Peak 3 Cl3iso| Area Peak 5*
d2 Peak 17 / Peak 8 [ Peak 14 / Peak 13 C171so | Area Peak 13*
e2 Peak 8 / Peak 7 12 Peak 13/ Peak 1 C17ins | Area Peak 16*
f Peak 6 / Peak 5 C12| Area Peak 1*
&) Normalized to the sum of the peaks considered

In Figures B2-17 and B2-18 the correspondoagling plotandscore plotare shown.
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Principal Components Loading Plot
g2
03 @ |
04 CITINS \
03 ¢l k! v | "
~ N \ | C12
2 02 ~ e )
; . Cl17B01
& 0.1 o ,f"_]
& oo _, g
E -
E 01 b e |
) i |
02 f- l‘
|
03 | Cl5 501
T T T T
04 02 00 02 04
First Component
Figure B2-17Loading plot
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In the score plotsome clusters of bacteria are highlighted: theabjbelonging to class&s
(Pseudoalcaligengsand 4 (Stutzen are well separated from each other and fromatiner

Figure B2-18Score plot

samples, falling in two different quadrants.

As the groupings relative to the other speciesselulomonas, it's clear that the objects of the

classe2 (putida), 5 (stutzeri CIS/10pand6 (Bif 7) form quite compact groups but not well

separated from each other.

Objects of clasg (fluoresceny finally, show a great variability.
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B2-5.5.1.2 SIMCA classification

The SIMCA classification was performed by the comuis software The Unscrambiér
The Figure B2-19 shows tl@@omans plotelating to PCA models constructed on theess 3
andclass 4
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Figure B2-19Coomans plotModel ‘class4’ vs.Model ‘class3’

The more evident result is the fact that most efdbjects are not recognized by any model,
and are then positioned in the first quadrant. f#seilt of classification of objects of cla3s

and4 can be better evidenced only considetimg shaded area (Figure B2-20).

v p
Cooman s Plot
0 Sample Distance to Model class4
o8 I |
i - BPSTS © BesPTa
| - Besr2
[ . Besra
o . BPs7a ’
J— - DPSSAS . e
. BPSPRRLC o . DRSPS0 . BPSIE
" I BeSIS
04 - . BPSPSDH e
- BPST90
BPSPS 3
BPSPS 2
- BPSS7
|
| - BPSSS
B iad
- DPsS3
. BPSSS
°7 i o o Sample Distance 1o Model class3
0 02 04 1] 08 10 12 14

Figure B2-20 Coomansplot. Model ‘class4’vs.Model ‘class3’
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It's evident that the objects of cla8qblue) fall in the second quadrant of the grapt are
then recognized bgnodel 3 the objects of the clagls(red) are assigned taodel 4and fall
within the fourth quadrant. The other objects (gje@as already mentioned above, are not
recognized by any of the two models and then fiaihe first quadrant.

The obtained results confirm that the chemometnacedure validated in the caseB#cillus

works forPseudomonagoo.

B2-5.6 Effect of culture conditions: analysis of Rhodoamcéetherovorans BCP1

Once validated the chemometric procedure for madiate classification, an application to
the study of the effect of culture conditions owcteaa characteristics was tried.

Seven samples of Rhodococcistherovorans BCP@irown in presence of various carbon
sources were analyzed to check for possible differe in the fatty acids profile derived from
the cell wall (Table B2-XIll).

Table B2-XII
NAME GENUS SPECIES STRAIN CARBON SOURCE

BR1C12 Rhodococcus Aetherovorans BCP1 C12
BR1C16 Rhodococcus Aetherovorans BCP1 Cl6
BR1C20 Rhodococcus Aetherovorans BCP1 C20
BR1PEN Rhodococcus Aetherovorans BCP1 1-Pentanol
BR1TOL Rhodococcus Aetherovorans BCP1 Toluene
BR1SUC Rhodococcus Aetherovorans BCP1 Succinate
BR1ESA Rhodococcus Aetherovorans BCP1 Hexane

In Figure B2-21, a comparison between pyrogramd(Si/z=74) for the samples of
R.Aetherovoran8CP1 grown with different source of carbon (hexaoéuene and C20) is
reported (Table B2-1). The chromatographic profites not show substantial differences to
allow any differentiation of the samples analyz#dis therefore appropriate to apply the
validatedmultivariate data analysiso check for differences between the bacterialpdas

analyzed.
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Figure B2-21 Comparison between pyrograms (SIMm/z=74) for the samples of
R.Aetherovorans BCP#jrown with different source of carbon: a) hexane, p= toluene c) C20

B2-5.6.1 Chemometric analysis
The dataset includes 51 objects that are divided74rgroups (Table B2-XIlll).
The chosen variables consist of specific ratidsveen the areas of chromatographic peaks
corresponding to the most characteristic FAME areh asalues relating to the same peaks
(each area value is normalized to the sum totdiefreas).
Table B2-XIllI

VARIABLES
Sample Varl Var2 e VarA VarB - Class
BR1C12

BR1C16

BR1C20

BR1ESA

OBJECTS

BR1PEN

BR1SUC

BR1TOL

~N| N O o O g B B W W N N P P
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B2-5.6.1.1 Principal Components Analysis

The principal component analysis was performedgie software SCAR:

After carrying out an analysis of the PC considgrall the variables, only some of the
original variables were selected (Table B2-XIV).

Table B2-XIV
VARIABLES
a2 Peak 20 / Peak 15 n2 Peak 19 / Peak 17
f Peak 7 / Peak 6 ol Peak 9/ Peak 17
g4 Peak 10 / Peak 19 p Peak 1/ Peak 2

Theloading plotobtained with these variables is shown in Figu2e2R.

Second Component

The selected variables show information and relesatifferent in theprincipal components

considered: variablesandp are most relevant for the first principal companevhile the
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Figure B2-22 Loading plot

variablesg4, o1 andn2 for the second principal component.

The correspondingcore plotis shown in Figure B2-23.
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Figure B2-23 Score plot

In thescore plot,a very compact group of points near to the axigmnois present. Moreover,
it's evident a series of objects (indicated by thek color), distant from the origin and
characterized by a great variabiMsthin the belonging group.

Further information that can be easily obtainednfrihis graph is the presence of @utlier,

an object considerably far from all others.

The next step was to perform the PCA using, asakbes, both the ratios of the peak areas

and the values of the normalized areas.

Table B2-XV
VARIABLES
03 Peak 9 / Peak 19 C17 Area Peak 17*
n2 Peak 19 / Peak 17 C18 Area Peak 20*
ol Peak 9/ Peak 17

&) Normalized to the sum of the peaks considered

The loading plotand thescore plotobtained with these new variables are shown inirEg
B2-24 and B2-25.

85



Principal Components Loading Plot
a7
i 7
05 7
i J
g ol a\\“a,\\ 7
3 i S e g
g B 4
g 7 ral
] 3 %
§ /"//
O
« ¢ \ c1s
05 n2
I I i
06 1 04
First Component
Figure B2-24 Loading plot
Score Plot
&
BRIC.‘.M-QB
5
Z 1
2
8 1 3
- 4
0 5
6
A4 7
<2
| |
-10 5
PC1

Figure B2-25 Score plot

The results obtained from this second PCA are sterdi with the previous and reveal greater
the topics discussed first before: the characteyutiier of the samples belonging to claas
(marked green) is enhanced and the separation &etiie samples of claS9pink colored)
and all other objects is increased.
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B2-5.6.1.2  SIMCA classification

The SIMCA classification was performed by the comuiz software The Unscrambi&t

The Figure B2-26 shows tli@oomans plotelating to PCA models constructed on the class,
knowna priori, Hexaneand classloluene.For the PCA modeling the variables described in
Table B2-XV were used.

15 — Sample Distance to Model esano Cooman'’s Plot
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+  BRIPEN3B
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05 — - BRITQL-Bpisuc
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© BRISUG B

+  BIIESAB

Figure B2-26 Coomans plot. Modelhexane’ vs Modeltoluene’

It's evident that almost all objects correspondiogthe bacterial samples grown in the
presence of 1-pentanol are not assigned to anlyeofwo classes chosen and fall in the first
guadrant; on the contrary, all other objects awgd in the third quadrant and are then
described by both models selected.

The results validate the observation that all thetdrial samples do not show a structural
difference dependent on the medium used for graoviith the exception of those cultivated in

the presence of 1-pentanol. A further test can lii@imed by selecting as one of the two
models PCA the class of bacteria grown in the presef 1-pentanol, the class., showing

a behavior distant from the others (Figure B2-27).

87



Cooman s Plot

Sample Di. 1o Model 1-p
25 + . BRIC162B

DRISUG

BRITOL-B
BRIGIREHEIE16 2A

g RIPEN 38
oreipin o DEIDRAPEN 28

BRIPEN-

BRIPEN 3A

BRIPIN G

¢ “ Sample Distance to Model C20
0 1 2 3 4 5 [} { 4 8 a9

Figure B2-27 Coomans plot. Modell-pentanol’ vs Model' C20’

The objects related to the bacteria grown in thes@mce of 1-pentanol are correctly
recognized by the corresponding model while alldtieer samples fall in the third quadrant
of the graph and, therefore, are still recognizecedyy both models.

B2-6 Conclusions
In this work two lines of investigation were folled, both on the analysis of bacterial
samples by using the analytical integrated systgpGE-MS and on multivariate data
analysis.
In the first part the issue of bacterial identifioa was tackled; choosing appropriate markers
it was possible to implement the differentiationbaicteria at the genus level, performing a
simple comparison between the chromatographic |psofobtained. The application of
chemometric tools such @&incipal Component Analysi@CA) and theSoft Independent
Modeling of ClasgSIMCA) allowed a further differentiation at thevel of bacterial species.
The results obtained showed that the analyticadlggis, coupled to gas chromatography and
mass spectrometry, is a suitable technique foatiaysis of bacterial samples as regards the
identification and differentiation, significantlyeducing the pre-treatment of samples
requested by the recognition techniques commordg.us
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In the second part the study was directed on sarg@nging to the same bacterial strain,
but subjected to different growth conditions. Tretadobtained by the Py-GC-MS analysis
and their exploration performed by chemometric wsialled to the conclusion that the fatty
acid composition of bacterial cell wall is the samealmost all samples analyzed, with the
exception of the case of the samples grown in tlesgmce of 1l-pentanol, which show a
behavior significantly different with respect td alher bacteria analyzed.
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CHAPTERBS3
CHARACTERIZATION OF A
MIXED -BIOFILM BY MEANS PY -

GC-MS




B3-1 Summary

Biofilms are communities of microorganisms adherioga surface and embedded in an
extracellular polymeric matrix. Biofilms are frequkgn associated with disease and
contamination, but they are also important for eagring applications, such as biocatalysis
and bioremediation.

In the natural environment most of the biofilms a@nstituted by both eukaryotic and
prokaryotic microbial species. In this context, xed biofilm formed by bacteria and fungi
may provide an optimal habitat for addressing ammated areas and at the same time heavy
metal and organic pollutants. To exploit the patnof natural microbial communities
consisting of bacteria and fungi, it is essentalhderstand and control their formation.

In this work a characterization of a mixed-biofionsisting of a bacteriurfPseudomans
Mendocind and a fungusRleorotus ostreatysby means Py-GC-MS is reported. In situ
Thermal Hydrolysis and Methylation (THM) was applid he results were exhaustive for the
characterization and differentiation of biofiimsh& methylated fatty acids (FAMES) were
used asmarkersfor bacterium identification. A characteristic pgraphic pattern deriving
from the pyrolysis of polysaccharidgsesent in great amount in wall cell was used as a

markerfor fungus.

B3-2 Keywords
Mixed-Biofilm

Bacteria

Fungi

Pyrolysis

Gas-Chromatography-Mass Spectrometry

B3-3 Introduction
Biofilms are differentiated groups of microorganisms (e.g. ba@atand fungi) arranged as

aggregated structures whicbnstitute a unique mode of growth that allows sa@hin hostile
environments [60]. Their formation is an orderedgasss, complex and not fully understood,
that is dependent on the response of the cell wra@mimental cues, which in turn regulates
specific genes. Stages of biofilm formation includetility to the surface, attachment,
formation of clusters, development of differentéhtgructures, and dispersal. It consists of

water, microbial cells and a wide range of selfagated extracellular polymeric substances
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(EPS) referred to as the matrix [6Bliofilms are important contributors to the statdnoman
disease, considering most of bacterial chronic nmite@tory and infectious diseases involve
biofilms [62-64]. They are frequently associatedhwiiiofouling and biocorrosion [65].
However, due to their ability to hold out the cheatiand physical stresses, they are exploited
for many beneficial applications of biotechnology.

Biofilms have been important for wastewater treatnj@é-67], for decreasing biocorrosion
[68], as well as for other applications, such axaialysis [69], which includes the production
of biofuels, specialty/bulk chemicals, biologicedafood additives for the important process
of bioremediation. In bioremediation applicatiomgjcroorganisms are used to remove,
detoxify, or immobilize pollutants, without harmfcthemicals [70-73].

To take advantage of the potential of biofilms, tfi@mation must be studied and controlled.
Most studies on biofilm examine monospecies culiureshereas nearly all biofilm
communities in nature comprise a variety of micgamisms. The species that constitute a
mixed-biofilm and the interactions between theseraarganisms critically influence the
development and shape of the community [74].

Interactions among species within a biofilm canam¢agonistic, such as competition over
nutrients and growth inhibition, or synergisticdamay occur both among different bacterial
species and between bacteria and fungi. The letterresult in the development of several
beneficial phenotypes such as biofilm formation dmyaggregation, metabolic cooperation
where one species utilizes a metabolite producea Imgighboring species, and increased
resistance to antibiotics or host immune respogsespared to the mono-species biofilms.
These beneficial interactions in mixed-biofilms damportant environmental, industrial and
clinical implications.

The purpose of this work was to verify the posgipibf characterizing a mixed-biofilm,
consisting of a bacteriunP§éeudomans Mendocinand a fungusRleorotus ostreatys by
means of the integrated system pyrolysis-gas chagrephy/mass spectrometry
[75,76,56,58,77]. Bacterium and fungus have beewwgras microbial biofilms using the
MBEC Assay™. Pyrolysis-methylation was applied twee different biofilms: the first
deriving from bacterium, the second from fungus #mel third consisting of bacterium and
fungus grown together. The chromatographic profiese found to be exhaustive for the
characterization and differentiation of biofilmshd characterization of the bacterium is

carried out according to the profile of the metksthfatty acids (FAMES) [5]; as regards
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fungus, the relevant presence of polysaccharidethenwall cell produces, under these
experimental conditions, a characteristic pyrogragattern. The biofilms samples were
provided by Dr. Stefano Fedi (Department of Expental Evolutionary Biology (BES),
University of Bologna (Italy)), who studied the &ipgation of biofilm in bioremediation for a

long time.

B3-4 Materials and methods

B3-4.1 Preparation of microorganisms for the growth infdims

For the bacterial biofilm the following proceduraswerformed:

» first smear of bacterial strain on agar plates witledium LB [uria-Bertani Brotl)
(Table B3-I)

» second smear of bacterial strain on agar platés vwnedium LB Luria-Bertani
Broth) (Table B3-1)

» a part of biomass was recovered by a cotton swdblsesuspended in LB liquid until
reaching an optical density at 600 nm equal t0.0.78

» from this solution a dilution (1:30) was performied.B liquid medium to obtain the
suspension of inoculum.

» the suspension was used to inoculate a plate "M&§5ay"

* 150 ml of bacterial suspension were inoculatecathevell

« the plate was closed with the lid and set to agigatl50 rpm for 48 hours at 30 ° C.

e after 48 hours, a number of pins was removed withils forceps for subsequent

analysis
Table B3-I
Luria-Bertani Broth, LB (pH 7)
Tryptone 10 g/l
Yeast Extract 5 g/l
NacCl 10 g/l
H,O to volume

For the fungal biofilm was performed the followipgocedure:
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A plate of fungus was inoculated and grown on alg&iG with the following

composition: glucose 10 g malt extract 5g't

» the fungus was collected and inoculated for abouneek into 100 ml of liquid MEG
and grown for about 4 days at 150 rpm and 30 ° C.

e At the end of growth, the fungal biomass was reggg homogenized in a potter

« At the end of homogenization, the solution was useidoculate a plate MBEC assay
in liquid medium LB Luria-Bertani Broth) (Table B3-)

*  The biofilm fungus was grown in agitation at 3onrpnd 30 ° C for 4 days

* Subsequently a number of pins have been removidsierile forceps according to

the procedure followed for the growth of bactehbiaifilm,

» the pins were washed, dried and then stored &t €0

To prepare the mixed-biofilm, the rest of the uppart of the plate containing the individual
fungal biofilm was transferred into a new 96-wdktp inoculated with a bacterial solution
prepared as described above. The plate was suthjecid0 rpm and 30 ° C for 48 hours, and
then additional pins were taken for the analysimofed-biofilms following a scheme similar

to that previously described.

B3-4.2 Experimental conditions
The derivatising reagents used, tetramethylammoninyaroxide (TMAH) 25%, water
solution, and the monosaccharides standard (glucos@nose, galactose and glucuronic
acid) were from Aldrich.
Samples (0.5 mg) were inserted into a quartz @apiltube and added with 5 pl of
derivatising reagent prior to pyrolysis.
Pyrolysis was carried out at 600°C for 10 s atrtteximum heating rate using a CDS 1000
pyroprobe heated filament pyrolyser (Chemical D&ygstem, Oxford, USA), directly
connected to the injection port of a Varian 3408-garomatograph coupled to a Saturn Il
ion-trap mass spectrometer (Varian Analytical mstents, Walnut Creek, USA). A Supelco
SPB5 capillary column (30m, 0.25mm 1.D., 0.25 phmfithicknesses) was used with a
temperature programme from 50°C (held for 5 min)L&9°C at 5°C mit,from 130°C to
170° C at 2,5°C mih, from 170° C to 300°C at 5°C mtwith helium as carrier gas.
Temperatures of split/splitless injector (split md@nd Py-GC interface were kept at 250°C.
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The Py-GC interface was kept at 250°C and the tigiegort at 250°C. Injection mode was

split (1:50 split ratio) and gas carrier was heliatrflow rate of 1.0 ml min. Mass spectra

were recorded at 1 scaf sinder electron impact at 70 eV, scan range 4550 ré/z

Structural assignment of the pyrolytical fragmewtss based on match with the NIST mass

spectra library or literature data; the principadqucts identified are listed in Table B3- I.

Table B3-1 Products arising from pyrolysis-methylaion of the samples

Peak No Fragments My Characteristic ionsm/z (relative abundance
1 Dodecanoic acid, methyl ester 21474 (100), 87 (62), 143 (22), 171 (18)L4(12)
2 Tetradecanoic acid, methyl ester 24274 (100), 87 (67), 143 (33), 199 (2a%12(22)
3 Pentadecanoic acid, methyl ester 2564 (100), 87 ( 64), 157 (14), 213 (1856 (28)
4 9-hexadecenoic acid, methyl ester 2685 (100), 152 (26), 194 (20), 236 (2858 (8)
5 Isomer peak 9 268 55 (100), 152 (15), 194 (10), 236 (1858 (5)
6 Hexadecanoic acid , methyl ester 2704 (100), 87 ( 65), 143 (34), 227 (18Y0(52)
7 11-hexadecenoic acid, 15-methyl-, methyl estei82 2 gg (100), 96 (67), 213 (25382 (4), 283 (6)

8 Heptadecanoic acid, methyl ester 28474 (100), 87 (68), 143 (30), 241 (1884 (37)
9 9-octadecenoic acid, methyl ester 29655 (100), 180 (12), 222 (12), 264 (2896 (8)
10 Octadecanoic acid, methyl ester 29874 (100), 143 (36), 199 (20), 255 (2298(62)

2 The value in bold indicates the molecular ion
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B3-5 Results and discussion

B3-5.1 Analysis of bacterial and fungal biofilms
Since FAMEs were chosen asarkers for the bacterial biofilm characterization, it was
appropriate to consider the chromatographic prefiletained in Single lon Monitoring (SIM)
at m/z74. In Figure B3-1 a comparison between the pwogr (SIM;m/z=74) arising from
pyrolysis-methylation of bacterial and fungal biwfs is shown.
In these pyrolytic conditions, the bacterial biwfil mainly determines saturated and
unsaturated linear fatty acids; another distinctaature is the high relative intensity of the
peak corresponding to dodecanoic aditie profile of the methylated fatty acids (FAMES)
determined from the analysis of the sample of fubgsilm is clearly different: the intensity
of the peak corresponding dodecanoic acid is mogerl and are almost totally absent

unsaturated fatty acids .
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Figure B3-1 Comparison between pyrograms (SIMm/z=74) for the samples of
a) bacterial and b) fungal biofilms

As it is well known, the wall cell of fungi is mdyncomposed of polysaccharides, glucose-
based; hence, a search of their charactenmstickerswas performed. There is an extensive
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literature relating to the behavior of sacchariaterial in these experimental conditions [78-
79].

The pyrolysis-methylation of these compounds preduz pair of permethylated saccharinic
acids isomers of the main product, all charactdrizg a mass spectra with a base peak/at
129. This result is closely related to the behawiothe carbohydrates in a basic environment
and at high temperature; these factors favor tla¢kaline degradation”.

In Figure B3-2 (b) a Single lon Monitoring ai/z 129 arising from pyrolysis-methylation of

fungal biofilm is reported.
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Figure B3-2 (a) Reconstructed ion chromatogram an¢b) Single lon Monitoring at m/z 129 arising from
pyrolysis-methylation of fungal biofilm

The characteristic pattern, formed in the preseotesaccharidic derivatives, has been

highlighted. To determine the nature of these camposome standard monosaccharides

(glucose, mannose, galactose and glucuronic a@dg been analyzed (Figure B3-3; table

B3-111).
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Figure B3-3 Comparison between pyrograms (SIMm/z=129) for the samples of a) fungal biofilm
and standard monosaccharides: b) glucose, ¢) manregl) galactose , €) glucuronic acid

Table B3-llI

Peak No Fragments Mw  Characteristic ionsm/z (relative abundance§

1 TetraO-methyl-3-deoxy-Dribo-hexonic acid 250 75 (34), 101 (32), 129 (100), 159 (15), X8}
methyl ester

2 TetraO-methyl-3-deoxy-Dxilo-hexonic acid 250 75 (37), 101 (36), 129 (100), 159 (12), 19}
methyl ester ’ ’ ' ’

3 Partially methylated compound from 1 or 3 220 59 (32), 75 (7), 101 (79), 129 (10@R0(9)

4 TetraO-methyl-3-deoxy-Darabino-hexonic 250 75 (35), 101 (33), 129 (100), 159 (1250(2)
acid methyl ester ' ' '

5 TetraO-methyl-3-deoxy-Dlyxo-hexonic acid 250 75 (40), 101 (37), 129 (100), 159 (1250(2)
methyl ester

6 Dodecanoic acid, methyl ester 214 74 (100), 87 (62), 143 (22), 171 (181L4(12)

7 Tri-O-methyl-3-deoxy-glucaric acid methyl 264 75 (58), 101 (36), 129 (100), 141 (40), 173 (39)
ester

9 Isomer of 7 264 75 (51), 101 (31), 129 (100), 141 (34), 173 (31)

% The value in bold indicates the molecular ion
Comparing retention times and mass spectra, a sgmnelence between fungal biofilm and the
glucose/mannose chromatographic profiles is evidentthese experimental conditions, the two

monosaccharides lead to the formation of the saoraeérs being the starting products epimers in C2.
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Figure B3-4 Proposed mechanism of the formation gfermethylated saccharinic acids from
pyrolysis- methylation of glucose (fronRef. [79])
The reaction includes a rapid isomerization, faslation, and a subsequent elimination of a
molecule of water which results in the loss of $iereogenic center at C3. In a strong basic
environment, the intermediatedicarbonylic compound undergoes a rearrangemenmtasi
to the benzylic transposition, leading to deoxyaldoacids, epimers in C2. The TMAH

determines a methylation of all the hydroxyl groparboxylic and alcohol) forming two

permethylated saccharinic acids epimers.

B3-5.2 Analysis of mixed-biofilm
In Figure B3-5 the reconstructed ion chromatogram$ingle lon Monitoring an/z129 (b)

and (c) Single lon Monitoring a/z74 arising from pyrolysis-methylation of mixed-bim

are reported.
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Figure B3-5 (a) Reconstructed ion chromatogram (byingle lon Monitoring at m/z 129
(c) Single lon Monitoring at m/z74 and arising from pyrolysis-methylation of mixedbiofilm

The analysis of the chromatographic profiles dertratess the possibility of determining, at
once, the presence of bacterium and fungus in tked¥biofilm as the characteristimarkers
of the bacterial and fungal biofilms are readilgntifiable.

B3-6 Conclusions
The application of analytical pyrolysis coupledgis chromatography and mass spectrometry
to samples of bacteri@Pseudomonas Mendocindungal Pleorotus ostreatysand mixed-
biofiilms led to exhaustive results concerning thelraracterization and differentiation.
Bacterial and fungal biofilm can be simply distimghed comparing the methylated fatty acids
(FAMEs) profiles which are different in the two eas Pyrolysis-methylation of fungal
biofilms produces some characteristic compoundwei@ifrom the cell wall polysaccharides,
a pair of deoxyaldonic permethylated acids epim&heir identification was performed by
comparing the retention times and the correspondiags spectra with those obtained from
standard monosaccharides. As mixed-biofilm theuBneous presence of the bacterium and
the fungus has been identified; the correspondingrkers are in fact very well

distinguishable.
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The Py-GC-MS is then a suitable technique for &rapalysis of microbial biofilms showing
a concrete possibility to distinguish the thrededdnt samples on the basis of the respective

chromatographic profiles (retention times, massspe
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