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Abstract

Mid-Infrared (IR) spectroscopy allows for non-destructive and label free analysis providing
molecular specific information. This technique can thus be successfully applied in
microbiological and" biomedical research. IR spectroscopic imaging is an advantageous
complimentary tool to established histological analysis. However, IR spectroscopy has
certain limitations: the spatial resolution of IR microscopic imaging cannot be better than a
few micrometers due to the diffraction limit in far-field microscopy and IR spectroscopy
cannot provide information on an elemental level.

The first limitation can be solved through the application of recently developed near-field
imaging techniques such as phothermal induced resonance (PTIR). The second limitation can
be overcome when an additional technique complementary to IR spectroscopy is used too
and the combined data-sets are jointly analysed.

The first experimental part of this thesis is devoted to the characterization of a custom made
PTIR system and its application to the measurements of various biological samples. The
second experimental part is devoted to the combined image analysis of histological samples
using commercially available techniques such as Fourier transform Infrared (FTIR)
spectroscopy and laser ablation inductively coupled mass spectrometry (LA-ICP-MS).

In the first part of the work time-resolved PTIR spectroscopic measurements are reported
for the first time on the example of a biopolymer (poly-L-lysine, PLL) 200 nm thick film. PLL
films can adopt different secondary structures depending on its water content, which can be
adjusted through temperature in an atmosphere of controlled humidity. A controlled
temperature ramp of the sample caused changes in the amide | band of the PLL. Those
changes were detected using PTIR time resolved measurements. The achieved acquisition
time of one PTIR spectrum is 15 s. Control analysis using a commercial FTIR microscope
corroborated the spectroscopic results.

Further, the PTIR performance was characterized regarding AFM tip aging during prolonged
measurements of the polymer polystyrene (PS) and biological samples (cells and tissues). It
was shown, that after the prolonged measurements of PS have no notable affect on the PTIR
performance. However, a notable decrease in PTIR sensitivity was observed after several
measurements of biological samples. A method for in-situ controlling aging if the AFM tip
was proposed. The AFM tip aging was judged by following the signal intensity of a band &(Si-
CHs) associated with stable impurities of the gold coated tip. The proposed method was
successfully employed during the measurements of biological samples (cells and tissues).
PTIR spectroscopic and imaging measurements of individual E. Coli bacteria consisting of
aggregated proteins (horseradish peroxidase) as inclusion bodies (IBs) were performed. The
average secondary structure of the IBs found to be different from the host bacteria. A
method for the quantitative analysis of the present IBs was proposed.

PTIR and FTIR spectra of dead (apoptotic) and viable regions in a histological tumor section
were acquired and analysed. The results of the near-field analysis agree with the far-field
micro-spectroscopic measurements. In particular, changes in protein secondary structure



and nonlinear properties in the absorption of IR radiation by condensed nucleic acids were
observed.

Further, using: the  PTIR technique individual dead (apoptotic) and viable mammalian cells
were characterized. Two types of apoptotic cells were discriminated. For some cells protein
secondary. structure at nuclei and cytoplasm regions appeared to be different. Other cells
had no notable differences in the overall protein conformation. In both kinds of apoptotic
cells the decay of the band related to nucleic acids (C-N-C stretch of ribose-phosphate
skeletal vibrations in nucleic acids) was observed. Viable (control) cells demonstrated no
significant alterations in the overall protein secondary structure at nuclei and cytoplasm
regions. Additionally, the overall protein conformation in nuclei region for apoptotic and
control cells were found to be different.

In the second part of the work combined image analysis for discrimination and
characterization of biological tissues (tumor and ischemic brain) was performed. Combined
analysis of the tumor demonstrated statistical correlations between elemental and
molecular chemical maps. Additionally, the combination of data from the two techniques
(FTIR and LA-ICP-MS) facilitated an improved cluster analysis and allowed discrimination of
different stages of apoptosis within a tumor tissue. Besides, the combined (multi-sensor)
analysis helped to characterize different degrees of cellular death within different tumor
samples.

During the multi-sensor analysis of thin cuts of ischemic rat brain partial least squares
discriminant analysis (PLS-DA) and random decision forest (RDF) classification algorithms
were applied and their performance was compared. As a result, different tissue types were
distinguished. The performance of classification models built on the combined dataset was
compared with the classification results based on the individual datasets. Multi-sensor
analysis again improved classification. Here different tissue types such as white and gray
matter, as well as stroke region and its surroundings could be differentiated more efficiently.
Furthermore RDF classification appeared to me more precise than PLS-DA.

The results, presented in this thesis demonstrate the capabilities and advances of near- and
far-field IR spectroscopy and spectroscopic imaging applied to analysis of biological samples.
Further, the results demonstrate that the multi-sensor combined analysis incorporating FTIR
and LA-ICP-MS imaging facilitates an improved multivariate analysis and thus deeper
understanding of biochemical processes.



Kurzfassung

Die ‘Spektroskopie im mittleren Infrarot (IR) ist eine markierungs- und zerstérungsfreie
Technik um molekilspezifische Information zu erhalten. Diese Technik kann auch in der
mikrobiologischen-und biomedizinischen Forschung angewendet werden. Insbesondere im
Bereich der bildgebenden Analyse mittels IR Mikroskopie kénnen zur klassischen
histologischen Untersuchung komplementdre sowie erganzende Informationen gewonnen
werden. Allerdings weist die IR Mikrospektroskopie eigene Limitierungen auf: erstens kann
bei Verwendung von klassischen Fernfeldmikroskopie Systemen die raumliche Auflésung
nicht besser als einige Mikrometer sein, zweitens kann die IR Spektroskopie keine
Information beziglich der Elementzusammensetzung der Probe liefern.

Die erste Beschrankung kann durch die Anwendung einer neuen, im Nahfeld arbeitenden,
bildgebenden Methode basierend auf der photothermisch induzierten Resonanz (PTIR)
gelost werden. Die zweite Beschrankung kann durch Anwendung einer zweiten,
komplementaren, Messtechnik und anschlieRender gemeinsamer Analyse der vereinten
Datensatze aufgehoben werden.

Der erste experimentelle Teil dieser Dissertation beschreibt die Charakterisierung eines
selbstgebauten PTIR Systems und dessen Anwendung zur Analyse von verschiedenen
biologischen Proben. Die Arbeit beinhaltet die weltweit erste zeitaufgeloste PTIR
Untersuchung am Beispiel einer induzierten Sekundarstrukturanderung einer 200 nm
diinnen Schicht aus poly-L-lysine (PLL). PLL liegt in Abhangigkeit seines Wassergehaltes in
verschiedenen Sekundarstrukturen vor. Der Wassergehalt des PLL Films und somit dessen
angenommene Sekundarstruktur kann bei konstanter Luftfeuchtigkeit (iber die Temperatur
eingestellt werden. Ein kontrollierter Temperaturanstieg der Probe fiihrt somit zu
Anderungen in der Amide | Bande von PLL. Diese Verdnderung konnte mit zeitaufgeldster
PTIR verfolgt werden. Die erreichte PTIR Aufnahmezeit war 15 s. Kontrollanalysen mit einem
kommerziellen FTIR Mikroskope bestatigten die spektroskopischen Erkenntnisse.

Des Weiteren wurde die Alterung der AFM Spitze des PTIR Systems wahrend fortlaufender
Messungen eines Polymeres (Polystyrol, PS) und biologischer Proben (Zellen und Gewebe)
untersucht. Es wurde gezeigt, dass lang andauernde Messungen von PS keinen Einfluss auf
die Leistungsfahigkeit des PTIR Systems haben. Allerdings lieR die PTIR Empfindlichkeit
bereits nach nur einigen Messungen von biologischen Proben merkbar nach. Eine Methode
zur in-situ Kontrolle der Alterung und damit der Einsatzfiahigkeit der AFM-Spitze wurde
vorgeschlagen. Die AFM-Spitzenalterung wurde Uber die Signalintensitdt der 6&(Si-CHs)
Bande beurteilt, welche einer stabile Verunreinigung der goldbeschichteten Spitze
zugeordnet wird. Die vorgeschlagene Technik wurde erfolgreich wahrend der Messung von
biologischen Proben (Zellen und Gewebe) angewandt.

PTIR spektroskopische und bildgebende Messungen von einzelnen E.coli Bakterien, welche
das Protein Meerrettichperoxidase in Form von ,inclusion bodies” (IBs) enthielten, wurden
durchgefihrt. Es wurde festgestellt, dass die durchschnittliche Sekundarstruktur der IBs sich
von der des restlichen Bakterium unterscheidet. Eine Methode zur quantitativen Analyse der
vorhandenen IB wurde gezeigt.



PTIR und FTIR Spektren wurden von abgestorbenen (apoptotischen) und lebensfahigen
Zellen nach einem histologischer Schnitt aufgenomment und analysiert. Die Ergebnisse der
Nahfeldanalyse "stimmen mit den mikroskopischen Messungen im Fernfeld Uberein.
inbésondere Anderungen der Sekundidrstruktur von Proteinen und nichtlineare
Eigenschaften der IR Absorption durch kondensierte Nukleinsduren wurden festgestellt.

Des Weiteren wurden einzelne apoptotische sowie lebensfahige Zellen mittels der PTIR
Technik charakterisiert. Zwei Arten von apoptotische Zellen konnten unterschieden werden.
Einige Zellen zeigen Unterschiede in der Proteinsekundarstruktur zwischen Zellkern und
Cytoplasma. Andere Zellen weisen keinen Unterschied in der Proteinsekundardtruktur auf.
Die beide Arten von apoptotische Zellen zeigen einen Riickgang der Absorptionsbande fiir
Nukleinsduren (C-N-C Streckschwingung von Ribose-Phosphat). Lebensfiahige (Kontrol) Zellen
zeigen keine signifikante Anderungen in der Proteinsekundarstruktur zwischen Zellkern und
Cytoplasma. Es wurde festgestellt, dass die allgemeine Proteinkonformation im Zellkern der
apoptotischen und Kontrollzellen unterschiedlich ist.

Der zweite experimentelle Teil beschaftigt sich mit der kombinierten (Multisensor)
Bildanalyse von histologischen Proben unter Zuhilfenahme der molekiilspezifischen Fourier-
Transformation Infrarot (FTIR) Spektroskopie und der elementspezifischen Laserablation
induktiv gekoppelte Plasma Massenspektrometrie (LA-ICP-MS).

Die kombinierte Analyse von FTIR und LA-ICP-MS Bildern von Tumorproben zeigte eine
statistische Korrelation zwischen elementarer und molekularer Information. Zudem wurde
durch die Kombination und gemeinsame Auswertung von Messdaten dieser beiden
Methoden eine Verbesserung der Clusteranalyse ermoglicht. Dadurch gelang auch eine
verbesserte Unterscheidung der verschiedenen Stufen der Apoptose.

Wahrend der Multisensor Analyse von Diinnschnitten einer ischamischer Hirnldsion eines
Rattenhirns wurden die Klassifikationsverfahren Partial Least Squares Diskriminanzanalyse
(PLS-DA) und Random Decision Forest (RDF) angewendet und deren Leistungsfahigkeit bzgl.
der Klassifizierung von verschiedenen Bereichen der Diinnschnitte verglichen. Beide
Verfahren erlaubten zwischen unterschiedliche Gewebetypen unterscheiden zu kdnnen. Die
Leistungsfahigkeit der Klassifikationsmodelle fir den kombinierten (FTIR und LA-ICP-MS
Daten) Datensatz wurde mit den Klassifikationsergebnissen basierend auf Daten der
einzelnen Techniken verglichen. Die Multisensor Analyse war auch hier vorteilhaft.
Unterschiedliche Gewebetypen wie weiRe und graue Substanz, sowie Ldsion und deren
Umgebung konnten dadurch noch effektiver unterschieden werden. Des Weiteren zeigte die
RDF genauere Klassifizierungsergebnisse als die PLS-DA.

Die dargestellten Ergebnisse dieser Arbeit zeigen die Fahigkeiten und Fortschritte der Nah-
und Fern-Feld IR Mikrospektroskopie und der spektroskopischen bildgebenden Analyse von
biologischen Proben. Im Zuge dieser Arbeit konnten auch die Vorteile einer bildgebenden
Multisensoranalyse zur verbesserten Analyse von biologischen Proben gezeigt werden.


https://de.wikipedia.org/wiki/Klassifikationsverfahren
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Introduction and motivation

Relevance of the work

Infrared (IR) spectroscopy allows non-destructive and label free detection of molecules and
can be applied in biomedical research™. In particular, IR spectroscopic imaging can be used
as a complementary to histological analysis tool for histological or microbiological studies.
However, IR spectroscopy has certain limitations.

Firstly, due to the diffraction-limited spatial resolution of FTIR spectroscopy, features

in the IR images can only be resolved at the scale of several micrometers. In contrast, near-
field scanning probe techniques such as phothermal induced resonance (PTIR) or scattering
scanning near-field optical microscopy (sSNOM) overcome this limitation and allow IR
chemical imaging and spectroscopic measurements at the nanometer scale. Those
techniques make use of the sensitivity and the high resolution of atomic force microscopy
(AFM) with a spatial resolution that is only limited by the radius of curvature of the AFM tip
(30 nm or less). The spectral properties of the sample are defined according to the local tip-
sample interaction. Dynamic systems (evolving in time) were not studied yet by the near-
field techniques.
In our group at TU Wien, a custom-made PTIR system was built and characterised. However,
the influence of the AFM tip degradation on the system performance was not studied so far.
Regarding analysis of biological samples, few near-field IR studies demonstrated the
capability of imaging individual bacteria with protein inclusion bodies®, but those studies
provided no spectral analysis that would allow quantitative characterization of the protein
content. Certain near-field studies demonstrated IR imaging of individual mammalian cells®*,
however, so far only spectral regions related to protein content (amide | and Il bands) were
analysed.

Secondly, IR spectroscopy cannot provide elemental analysis. For gaining access to
this information, complementary techniques, such as laser ablation inductively coupled
plasma mass spectrometry (LA-ICP-MS) are needed. Combined statistical analysis of the data
acquired with two or more techniques appeared to be more efficient than the conventional
side by side analysis®. In our group, the combined (multisensor) image analysis was
successfully applied to aerosol particlesG. However, the capabilities of the combined
application of these techniques regarding histological samples have not been evaluated so
far.

Goals and objectives of this thesis

According to the relevant challenges of IR spectroscopy and gaps in practical knowledge, the
main goal of this work is to advance the state-of-the-art of PTIR spectroscopy and PTIR
imaging with regard to biological samples.

This goal was tackled through the analysis of various biological samples, such as mouse
tumor and rat brain thin sections, individual bacteria and mammalian cells as well as a bio-
polymer thin film.

11



Thefollowing points provide an overview about the performed work and their objectives:

e Time resolved PTIR spectroscopy. Implementing and performing time-resolved IR
spectroscopic.measurements of a bio-polymer thin film using the custom-made PTIR
system.

e PTIR system characterization. Investigating the aging of AFM tips during prolonged
measurements and studying its influence on the performance of the PTIR system.

e PTIR spectroscopy and chemical imaging of individual bacteria. Performing
spectroscopic and image analysis of individual bacteria containing aggregated proteins.

e PTIR and FTIR spectroscopy of a tumor tissue. Comparing the results of near- and far-
field spectroscopic analysis of apoptotic (dead) and viable tumors.

e PTIR spectroscopy and chemical imaging of individual mammalian cells. Characterizing
intracellular morphology of apoptotic cells and viable cells.

e Combination of FTIR and LA-ICP-MS image analysis for characterization of tumor thin
sections. Performing multivariate image analysis for discrimination and characterization
of tumor tissues with different degree of viability. Finding statistical correlation between
elemental and molecular chemical maps.

e Combination of FTIR and LA-ICP-MS image analysis for improved multivariate image
analysis. Implementing different classification approaches to distinguish different brain
tissue types and compare the performance of classification models built on the
combined dataset with the classification results based on the individual datasets.

Methods of the study

In this work, primarily IR spectroscopy was used, in particular, FTIR and PTIR techniques. For
the combined analysis, samples were additionally imaged using the LA-ICP-MS technique.
Scanning electron microscopy (SEM) and energy dispersive X-ray (EDX) spectroscopy were
used to support the results of the PTIR system characterization. Standard methods of
histology such as staining Hematoxylin and Eosin (HE) and terminal deoxynucleotidyl
transferase dUTP nick end labeling (TUNEL) staining were used to support the results of the
combined image analysis. For data processing of imaging results, two analysis methods were
utilized: univariate and multivariate. For the combined image analysis multivariate methods,
such as k-means clustering, hierarchical cluster analysis (HCA) of principal component
loadings, partial least squares discriminant analysis (PLS-DA), random decision forest (RDF)
were utilized. The reproducibility of the acquired spectra was characterized by a standard
deviation approach.

Scientific and practical novelty of the work

In this work for the first time the following achievements were accomplished:

e Implementation and performing of time-resolved PTIR spectroscopic measurements of a
bio-polymer thin film. The temporally-resolved measurements monitored the changes in

12



secondary structure of a poly-L-lysine by means of changes in the shape of the amide |
bandinthe PTIR spectra.

o J'Performance  characterization of the custom-made PTIR system and its capabilities
regarding practical aspects such as AFM tip aging.

e...Proposition.of.a-method for monitoring the PTIR performance of the AFM tip and its
application to the measurements of the biological samples.

e Differentiation of the secondary structure of a recombinated protein within individual
bacteria by PTIR spectroscopy.

e Proposing a method for the qualitative estimation of aggregated proteins.

e Discrimination of individual mammalian cells (dead and viable) by PTIR spectroscopy.
Spectra and chemical images related to the nucleic acids were obtained.

e Application of combined image analysis of FTIR and LA-ICP-MS to tumor thin sections.
The advantages of this method compared to a single technique analysis were
demonstrated. In particular, improved cluster analysis and statistical correlation of the
spatial distribution of elements and molecules were obtained.

e Application of combined image analysis of FTIR and LA-ICP-MS to post-stroke rat brain
tissue thin sections. Combined analysis was found to improve the classification of
different tissue types. Different classification approaches were implemented and their
classification performance was evaluated.

Presentation of the results of the dissertation

The author has presented the results of this work at six international and two national
conferences through two oral talks and 6 poster presentations. One poster presentation was
awarded with a poster prize.

Publication of the results of this thesis
The results of this work were published in three papers in peer-reviewed journals.

Structure of the dissertation
This dissertation consists of three main chapters (“theoretical background and state-of-the-

art”, “materials and methods” and “results and discussion”), conclusion, bibliography,
abstracts of the related publications and appendix.
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Chapter.1

i Theoretical background and state-of-the-art

In this chapter we discuss fundamentals of far-field mid-infrared (IR) spectroscopy, atomic
force microscopy (AFM), near-field imaging techniques, such as ptotothemal induced
resonance (PTIR). Then we give a basic introduction to biological processes undergoing in
living systems and their analysis using IR spectroscopy. Further we provide a short
introduction into the data analysis methods related to this thesis. Finally we provide the
state-of-the-art developments and methods related to IR spectroscopic imaging of biological
samples.

1.1. Infrared spectroscopy
This sub-chapter is guided by Griffiths et al.”, Stuart et al.®2 and Kubitscheck®.

Basic principles

Mid-IR spectroscopy is a powerful analytical technique based on the detection of vibrations
and rotations of atoms or molecules at mid-IR frequencies (2.5-25 um wavelengths) and
allows for the chemical identification of a broad range of samples (gases, liquids, solids). A
typical IR spectrum is acquired when IR radiation is passed through a sample and a fraction
of the incident radiation absorbed at a particular energy is determined. Any peak appearing
in this spectrum corresponds to the frequency of a molecular vibration or rotation. A
collection of such peaks can be used to uniquely identify the chemical identity of the studied
material.

We treat the IR radiation as a plane wave characterized by wavelength A and frequency v:

c
A= > (1.1)
where c¢ is the speed of light in vacuum. Wavenumber v is common unit used in IR
spectroscopy. Typically wavenumber is defined as the number of wave periods in a length of

one centimetre:

P=-=- (1.2)
7 is expressed in the inverse centimetres ( cm™).
IR spectroscopy can be explained in terms of quantum mechanics. According to the quantum
theory, EM radiation can be represented as a stream of photons — light particles with the
energy defied as:

E = hv (1.3)
where h denotes the Planck constant and v — a vibrational frequency. A matter consisting of
atoms and molecules can be described by quantized (discrete) energy levels (Eo, E1, E;, etc).
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Molecules can interact with EM waves by means of absorption of photons. A molecule can
absorb only photons with the energy that fits to the difference between the energy levels E;
~EyorEy~E;, etc. When a photon is absorbed, a molecule is transferred to a higher energy
fevel‘and then relaxes back to the original state or the lower energy levels in a matter of
nanoseconds..

Vibrating molecule can be represented as a quantum harmonic oscillator in which atoms,
linked via chemical bonds, periodically oscillate or vibrate. In such a quantum system, atoms
oscillate with particular discrete frequencies v. The energy states of a harmonic oscillator can
be described as follows:

E,=hv(n+3) (1.4)
where n is the number of energy level. A harmonic potential energy diagram of a two-atom
molecule is depicted in Figure 1.1.1 by the dashed curve. In reality potential energy
(interatomic distance versa energy level) is not harmonic but becoming more asymmetric
when the molecule is excited to a higher vibrational state (Figure 1.1.1, solid curve).

—

#— Harmonic potential

[}
]
[
I

Anharmonic potential

Potential energy, V

Atomic displacement, r

Figure 1.1.1. Potential energy diagram of an asymmetric two-atom molecule for a harmonic
oscillator and an anharmonic oscillator. Adapted from Griffiths et. al ’.

The energy levels in this case can be written as follows:

E, =hv(n+ %) + hvy(n + %)2 (1.5)
where y is the anharmonicity constant. Vibrational frequencies define the transition
energies and highly characteristic for different bonds, i.e. one could identify functional
groups according to them.’

A molecule can be considered as a system of masses that are connected by chemical bonds.
Those bonds act as springs and are characterized by different stiffness constants k. For such
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a model the frequency of vibration can be related to the bond stiffness as in the Hooke’s
law:

v=— |£ (1.6)

2l my’

mm . .
where m,. = ﬁ is the reduced mass for a system of (two) atoms with masses m; and
1 2

m, . Thus, every lo9calized vibration has a specific oscillation frequency that depends on the
atom masses and the strength of the chemical bond.

A molecule absorbs only radiation with the same frequency as the frequency of molecular
vibrations. IR radiation cannot always be absorbed even though the photon energy matches
the difference between two levels. In order to absorb a photon, a molecule should have a
change in its electric dipole moment occurring during the vibration.

Atoms in molecules can oscillate in the different ways that are defined by their degrees of
freedom. In general, each atom has three translational and three rotational degrees of
freedom. Since the atoms are bonded in the molecule they perform a collective motion,
thus, degrees of freedom are reduced. A molecule consisting of N atoms would have 3N-6
degrees of freedom.

According to different possibilities of a molecule to change its configuration in space,
different kinds of vibrations exist. In molecules bonds either change in length (stretching or
valence vibration) or in the angle between two bonds (bending). The stretching vibration can
be symmetric (in-phase) or asymmetric (out-of-phase). Bending vibration can be either in
plane or out of plane. Among the bending vibrations different types are exist (e.g.
deformation, rocking, wagging or twisting).8

Experimentally, absorption of IR radiation by a homogeneous sample leads to the decay in
the intensity of the light passing though (or reflecting from) the sample comparing to the
intensity of the incoming light (Figure 1.1.2).

Sample ¥

lo
lo
é@—»
P

Figure 1.1.2. A schematic illustration to the Beer-Lambert law.

Absorbance of the sample A(V) at a wavenumber ¥ is given by a Beer-Lambert law:

AV) = —logllo((—?) = e(P)dc (1.7)
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where I,(V) and I(V) are intensities of incoming and transmitted light, respectively; (V) is
molar absorptivity or molar absorption coefficient that shows the ability of the sample to
absorb the'light at a particular wavelength (measured in m? mol'l); d is the path length that
fight'traverses through the sample (measured in m), c is the molar concentration (mol m?).

Instrumentation

Fourier transform Infrared spectroscopy

Fourier transform Infrared (FTIR) spectroscopy is the most common technique that allows
for acquisition of IR spectra. This technique uses a Michelson interferometer that consists of
a beam splitter, two mirrors (fixed and movable) and a detector (Figure 1.1.3).

Fixed Mirror
¥ ;
' ‘ ‘
> 10 > -
IR source
: —
Beamsplitter L
A ; ;
Moving mirror

Detector

Figure 1.1.3. Optical scheme of Michelson interferometer used in FTIR spectrometer.
Adapted from Griffiths et al. ’.

FTIR spectrometers use typically a thermal source (e.g. silicon carbide rod), that emits an IR
radiation in the whole IR frequency range (broadband radiation). The working principle of an
FTIR spectrometer is as follows: the beamsplitter (marked as O in Figure 1.1.3) separates the
incoming light beam into two beams. One beam is reflected from a fixed mirror and is
passed back through the beamsplitter to the photodetector. The second beam is reflected
from another, movable mirror and is also redirected to the photodetector by the beam
splitter (Figure 1.1.3). The movable mirror is linearly translated and the IR intensity as a
function of the mirror position (interferogram) is recorded at the photodetector. The Mirror
translation changes the optical path difference (OPD) between these two beams. Waves of
different wavelength experience constructive or destructive interference depending on the
OPD. Thus, the interferogram encodes information about all wavelengths. The IR spectrum
representing the intensity as function of wavenumber (frequencies) is derived from the
interferogram by means of a Fourier transformation.’

The absorption of a sample can be calculated according to the formula (1.7). The sample
spectrum I;(V) represents the intensity of the light recorded by the interferometer when
the sample is placed into the optical path. It is also referred as single channel or single beam
spectrum. The background spectrum or background channel I,(V) represents the signal
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intensity without the sample. Thus, the FTIR spectrum would represent the absorbance of
the sampleas a function of wavelength.

FTIR spectroscopy has three main advantages compared to the former established dispersive
[R"spectroscopy. The first one — “Jacquinot advantage” (no losses in signal intensity of
incoming IR light due to the absence of apertures (slits). The second advantage — “Fellget
advantage” (all wavelengths are measured simultaneously). This leads to fast spectra
acquisition (few seconds per scan). As a result, signal-to-noise ratio is improved by a factor
of VN (N — the number of the sampled spectral wavelengths or repeated measurements).
The third advantage — “Connes advantage”. FTIR spectrometers use a Helium—Neon laser as
an internal reference to derive the wavenumber scale by means of determining the mirror
position. It is a stable and accurate method for wavenumber calibration comparing to the
calibration methods used in dispersive spectrometers.’

Recently quantum cascade laser (QCL)-based IR spectroscopy has been developed. The
related techniques use the advantages of QCL as a mid-IR light source that has high intensity
and can be tuned across a broad wavelength region. Additionally, those spectrometers
might provide an improved spectra acquisition speed comparing to FTIR spectroscopy. QCL-
based IR spectrometers find many applications for the analysis of biomedical samples.*

By now FTIR spectroscopy is considered as a standard method for IR spectroscopy. Currently
extensive reference databases based on FTIR spectra exist. Those spectra are collected from
a number of various samples and can be used for material identification.

FTIR microscopy

The combination of a FTIR spectrometer with an IR microscope allows for investigation of
small (few microns) or heterogeneous samples. IR spectroscopy can be used for microscopic
imaging and is referred to as FTIR microscopy or microspectroscopy. IR microscopes are
designed in a confocal configuration where the IR beam is directed and focused onto the
sample by a focusing optical element (typically Cassegrain objective). The sample is placed
on an x-y stage that can be moved in a raster-scanning manner. The area of the
measurement at each point can be confined by a moving aperture. The light beam is passed
through the sample (in the case of a transmission mode), collected by another Cassegrain
objective and focused on a detector (typically mercury cadmium telluride, MCT). 9

FTIR microscope can also operate in a reflection mode. In this case the same objective is
used to focus the incoming IR beam to the sample and to collect the reflected light from it.
Figure 1.1.4 shows a scheme of a typical FTIR microspectrometer.
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Figure 1.1.4. A scheme of a FTIR microspectrometer. Adapted from Stuart et al.®

Using FTIR microscpectroscopy, the sample can be raster-scanned, recording the spectra at
single points in a user defined rectangular pattern. In FTIR microscopy also simultaneous
measurements of several points can be achieved. For the latter, a focal plane array (FPA,
2.65 um pixel size) or linear array detectors are utilized. The usage of FPA detectors in FTIR
microscopy notably shortens the measurement time.’

An acquired FTIR microscopy image represents a hyperspectral dataset where to each
measured point (pixel) a FTIR spectrum corresponds. From this dataset chemical maps that
plot intensity values at an arbitrary wavelength can be generated. Those maps allow
visualisation of the distribution of different molecules within the sample (see chapter 1.3).
Also multivariate techniques can be used to created images.

Spatial resolution

Similarly to optical far-field microscopes, IR microscopes have a limited spatial resolution on
the scale of ~A which for mid-IR frequencies corresponds to 1.25-12.5 um. The spatial
resolution is the smallest distance at which two point-like objects can be differentiated. The
fundamental diffraction-limited spatial resolution of the far-field microscopy is defined by
the wavelength of the light and numerical aperture of the microscope. The numerical
aperture is a product of the refractive index of the medium in which the objective is placed
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and the sin of the half aperture angle of the objective. In case of an IR microscope spatial
resolution-is approximately equal to the wavelength of the IR radiation.’

Fundamental limitation of the optical resolution can be demonstrated from an example of a
rectangular grating imaged by a microscope that consists of two lenses (Figure 1.1.5). The
grating has a period. d, which is close to a wavelength Aq of the light (in vacuum) that is used
for illumination.

Lens 1 Lens 2
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Figure 1.1.5. Imaging of a grating structure by a microscope. Adapted from Kubitscheck®.

The incoming light is diffracted by the grating elements and propagates further at different
angles a, and interfere. Constructive interference occurs only for rays at particular angles a,
according to the Bragg condition:

2dsina, = NA, (1.7)
where N is the diffraction order. The related diffraction pattern is imaged in the back focal
plane of the tube lens (image plane).

If d is reduced, one needs to increase a, in order to image all features of the object (grating
elements). However, a lens has a finite aperture (which cannot be infinitely increased
because of practical reasons), therefore, not all diffracted rays can be captured by the lens. If

Ao
2 sin ay

the grating period d < , then even the first diffraction pattern (N=1) would be

incomplete. Thus, all the information regarding the structure of the imaged object at the
scale smaller than d would be lost. If the light propagates in a medium with a refractive
index n then the wavelength of the light would be reduced:

A

2nsinan,

Now we consider a single point-like object imaged by a microscope (Figurel.1.6). The object

d < (1.8)

diffracts the incoming light into a spherical wave wy. The lens 1 transfers this wave into a
plane wave wj.
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Figure 1.1.6. Image formation of a point-like object by an optical microscope.
Front. Adapted from Kubitscheck®.

Following the Huygens principle, every point of the wavefront w; can be considered as a so-
called Huygens wavelet. All wavelets are coherent and interfere with each other. The
resulting diffraction pattern is projected by second lens 2 into the image plane.

The constructive interference occurs at the focus of the lens (Figure 1.1.6, bright region) and
represents the image of the point object. The image appears as a disc with a finite size
because only a finite number of wavelets have been interfered upon a limited lens aperture.
The region of the constructive interference follows a ring related to a destructive
interference (Figure 1.1.6, dark region). Further the second “constructive” ring follows and
then another “destructive” ring and so forth. The intensity distribution of such a diffraction
pattern is known as Airy pattern and represents a point spread function (PSF). The PSF
defines the degree of smearing the point object by an optical system.9

Rayleigh suggested a criterion according to that the two imaged objects with the related
PSFs can be resolved: when the center of one PSF coincides with the first minimum of the
second PSF. According to that criterion the resolution limit is equal to the first minimum of
the Airy function and is defined as follows:

Ax ~ 28224 (1.9)

nsina
Ax is derived by Kubitscheck et. al ° from the zero of the first order of the Bessel function J;

that describes the Intensity of the Airy function:

1(r) = I
where [,- light intensity in the focus of the lens, the first zero of the Bessel function is at

2w Axnsina

; 2
J1(2m Ax n sin a/l)] 10)

2w Axn sina/A

Thus, if with two PSFs spaced from each other at a distance smaller than Ax, the related
objects cannot be resolved (Figure 1.1.7 A).
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Figure 1.1.7. Spatial resolution criteria. Two resolved PSFs according to the Rayleigh (A) and
Sparrow (B) criteria; two unresolved PSF (C).

Sparrow criterion is another criterion that defines the resolution limit. According the
Sparrow criterion, two PSFs can be resolved until the dip between them is detectable (Figure
1.1.7 B). When the PSFs are too close, they overlap and no dip is observed (Figure 1.1.7 C).?

An increase of the acceptance angle of an objective might improve the spatial resolution but
leaving it limited (finite lens aperture). On the other side, the spatial resolution can be
improved when the refractive index of the surrounding medium is increased. In optical
microscopy for that purpose objectives are immersed into water or oil. In IR
microscpectroscopy the refractive index is increased when an attenuated total reflection
(ATR) element is applied. ATR microscopy uses typically germanium crystals (n = 4) that are
placed (,immersed”) into close proximity to the sample. However, even with the increased
spatial resolution by a factor of 4, it is still challenging to resolve sample features below 1 um
with an ATR microscope. This prohibits the subcellular analysis of many biological samples.

Near-field Infrared imaging techniques

Near-field techniques avoid the diffraction limit while registering IR signal at the distances
comparable or smaller than the wavelength of the incoming radiation. Those techniques
allow spectroscopic and chemical image analysis at the nanoscale. The common nanoscopic
imaging methods are scattering scanning near-field optical microscopy (sSNOM) and
photothermal induced resonance (PTIR). The latter is also referred to as atomic force
microscopy — infrared spectroscopy (AFM-IR). Both techniques make use of the sensitivity
and the high resolution of the AFM to sense a special interaction between a sharp atomic
force microscope (AFM) tip (dimensions 30 nm or less) and the sample. Spectral properties
of the sample are determined according to the local tip-sample interaction. By raster
scanning the sample, which is illuminated with a wavelength of interest, and collecting the
signal from every point of measurement chemical maps can be generated.

Photohermal induced resonance
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In PTIR nanoscopy an AFM is used to detect IR absorption of a sample by means of sensing
its photothermal expansion upon repeated excitation. In this technique an IR laser beam is
focused on'the 'sample. While the laser spot size cannot be reduced beyond the diffraction
fimit,"the sample thermal expansion may vary at the nanoscale and local absorption can thus
be detected by the AFM tip which is brought in contact with the sample. Absorption of the
incoming IR photons follows local increase in temperature and thermal expansion of the
sample. Upon absorption the sample expands and pushes an AFM tip leading to a cantilever
deflection. Thus, the magnitude of an AFM cantilever deflection is directly related to the
photoexpansion which in turn is proportional to the absorption of the sample. A
photoexpansion spectrum is generated by means of recording the cantilever deflection
when the tip is kept at the same position and the laser is swept across a range of
wavelengths. A photoexpansion image, that carries information regarding the spatial
distribution of an analyte (molecule), is produced when the laser is tuned to a single
wavelength of interest (usually where the analyte has absorption) and the sample is raster
scanned while recordering the cantilever deflection™.

Scattering scanning near-field optical microscopy

s-SNOM allows for spectroscopic and chemical image measurements with the spatial
resolution on the scale of ten nanometers***3. In s-SNOM a sharp AFM tip (typically metal
coated) is brought close to a sample and illuminated by a focused IR light beam. The
intensity of the backscattered light from the tip is then detected in the far-field by a
photodetector. The illuminating light creates a hot-spot at the AFM tip apex (lightning rod
effect). The AFM tip interacts with the sample within this hot spot causing near-field
interaction. This near-field interaction affects the backscattered light, while the small size of
the hotspot localizes the interaction to the nanoscopic volume just below the tip. The
scattered signal depends on the optical/dielectric properties of the sample und thus carries
information on the sample’s local optical properties. In particular, the scattered electric field
depends on the polarizability of the sample-tip dipole, which is in turns depends on the
dielectric constants. The polarizability is a complex value that carries information regarding a
relative amplitude and a phase shift between the incident and the scattered light. The local
absorption can be derived as an imaginary part of the polarizability™*.
In order to separate the near-field signal from the parasitic background the tip is oscillated at
a small frequency Q. The near-field signal is demodulated by a multiple of the tip vibration
frequencies (n=2, 3). This signal modulation allows simultaneous measurements of optical
amplitude and an optical phase. Thus, by scanning the AFM tip across the sample and
detecting the scattered signal amplitude and phase maps are generated. In sSSNOM one can
detect the near-field signal by means of homodyne, heterodyne or pseudo-heterodyne
interferometric techniques. SSNOM spectra can be acquired for wavelengths ranging from
visible light to terahertz depending on the light source. The spatial resolution is determined
by the radius of curvature of the AFM tip apex.
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1.2. Basic principles of AFM
In"this sub-chapter we discuss basic principles of atomic force microscopy (AFM) which are
15-17

guided by

Brief introduction

Atomic force microscopy (AFM) was invented by G. Binnig, C. Quate and C. Gerber more
than thirty years ago.18 AFM is one of the scanning probe (SPM) techniques that measures
various interaction forces (repulsive, attractive, van der Waals, electrostatic, magnetic)
occurring when a sharp tip is placed in a close proximity to the sample. AFM imaging is
achieved by means of the detection of the deflections of an elastic AFM cantilever (fixed to
the tip) raster-scanned over the sample surface (Figure 1.3 A). The deflections are caused by
the interaction forces between the tip and the sample surface. Among the existing
interaction forces, the most dominant are inter-atomic repulsive forces that occur at short-
range distances (Figure 1.2.1 B). Besides that on the cantilever act long-range forces (coulmb
or dipole-dipole interactions, polarization, van der Waals or capillary forces) that can be
either repulsive or attractive.
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Figure 1.2.1. (A) The schematic illustration of the AFM principle. (B) The scheme of forces
acting between the tip atoms (white circles) and the sample atoms (gray circles) (C).
Detection bending and torsion deformations by PSD. Adapted from Friedbacher and Bubert
1> and from Mironov et al..*®

When the tip is scanned across the sample interaction forces act on it and that leads to
cantilever deflection. Depending on the deflection degree one can estimate the magnitude
of the interaction forces. Cantilever deflection is measured by a change in the position of the
laser beam reflected from the back side of cantilever to the position-sensitive photo
detector (PSD) (Figure 1.2.1C). PSD consists of four detectors that allow detection of
different cantilever deformations. Bending deformation (vertical deflection) is detected
through the difference in voltages of the upper and lower part of the PSD. Torsional
deformation (horizontal deflection) is detected through the difference in voltages of the left
and right part of the PSD (Figure 1.2.1C). During scanning over the sample, the deflection
signal changes are detected by the PSD giving topographical information of the surface. For a
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better reflection of the laser beam and therefore a better detection of the cantilever
deflection,the back side of the cantilever is coated with a thin layer of gold or aluminium.
Spatial ‘resolution® and performance of AFM is determined by the tip radius and the
sensitivity of the PSD. The spatial resolution of AFM is defined by the tip radius of curvature
and can be less than a nanometer. Currently AFM cantilevers are fabricated from silicon or
silicon nitride by microfabrication techniques. The most common geometries of cantilevers
are beam shaped (rectangular) and triangular.

As was outlined before, when the cantilever is brought close to the surface a force acts on it
and the cantilever deflects. Thus, a cantilever can be treated as a spring that obeys Hooks
law:

F = —kx (1.11)
where F — force acting on a cantilever k — force constant or spring constant (has orders of
magnitude 0.0005 — 40 N/m depending on cantilever type), x — cantilever deflection.
According to the Hooks law the force acting on the cantilever is directly proportional to its
deflection.

Qualitatively the interaction of the AFM cantilever with the surface can be described by the
Lennard Jones potential:

Upp(r) = U {—2 (ﬁ)6 + (r—")lz} (1.12)

r

where Ujp — Lennard Jones potential, Up — minimum energy, r — distance between the atoms
of the cantilever and the surface, r,— distance between the atoms of the cantilever and the
surface when they are in equilibrium.

The first part in the formula (1.12) describes long rage attractions (e.g. van der Waals
forces). The second part describes repulsion at short ranges due to overlapping electron
orbitals. The illustration of the Lennard Jones potential is given in Figure 1.2.2.

Uy
Figure 1.2.2. Lennard-Jones potential curve. Adapted from Mironov 19
Thus, the AFM cantilever feels attraction from the sample at long distances and repulsion at

short distances. In AFM the interaction between the tip and the sample is characterized by
so called force-distance curves (Figure 1.2.2).
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Figure 1.2.3. Force distance curve and different bending of canteliver. Adapted from
Friedbacher and Bubert .

A force-distance curve describes changes in the force acting between the cantilever and the
sample when the distance between them varies. At a large distance the tip does not interact
with the sample and the acting force is equal to zero (Figure 1.2.3, the region between 1 and
2). When the tip is approached closer the sample (Figure 1.2.3, point 2), it feels the
attraction from the sample (due to van der Waals forces) and jumps into contact. When the
tip is moved further towards the sample, it feels the repulsive force. When the tip is
retracted again (Figure 1.2.3, the region between 3 and 4) the interaction force is reduced.
Below the zero line the tip feels the attractive force (due to adhesion to the sample). A
further tip retraction leads to the separation of tip from the sample.

An AFM can be operated in different modes the most common of them are contact mode
and tapping mode.

In the contact mode AFM imaging is usually performed within the repulsion mode and the
tip stays in touch with the sample (Figure 1.2.3, the region between 3 and 4).Y A setpoint is
a user defined force value that is kept constant during the measurements. The values of the
setpoint should be optimized to achieve high quality images. Reducing setpoint values
means reducing the force acting between the cantilever and the sample. High setpoints
frequently lead to tip or sample damages.

In contact mode the distance between the cantilever and the sample is kept constant while
the cantilever position is constantly adjusted. The feedback loop adjusts the position of the
cantilever by reading out its deflection. In AFM commonly a P-l (proportional-integral)
feedback is used. The difference between the setpoint and the force is used to change the
height position of the cantilever. The height position can be updated by varying two
parameters: a time constant for the integrator and a value for the proportional gain. P and |
describe how quickly the system (feedback) responds to changes in sample topography.
Those values should be optimized depending on the imaging conditions, sample topography
and scan speed. Typically large P and | coefficients would lead to a quicker reaction to
changes in the topography.

The direct contact between the tip and the sample in the contact mode is considered as a
main disadvantage since it may lead to damage of the tip or the sample. Therefore, contact

mode is not recommended for the analysis of soft samples, such as biological samples.
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In tapping (dynamic) mode the cantilever oscillates (usually with a sinusoidal motion) near
its' resonance frequency. This oscillation is driven by a piezo element. By applying several
frequencies to the cantilever and detecting the deflection values a frequency spectrum can
be obtained. The frequency value corresponding to the maximum in this spectrum is called
resonance frequency of the cantilever. Typical values of the resonance frequencies are in the
kHz region. Unlike to contact mode, intermittent contact between the tip and the sample
occurs during in tapping mode. The cantilever typically behaves similarly to a single
harmonic oscillator. When the vibrating cantilever approaches the surface, its amplitude is
reduced and also phase and the frequency of the cantilever oscillations undergo changes.
Those changes are due to tip-sample interactions and related to the sample material
properties. The response time of the cantilever damping depends on the so called quality
factor. The quality factor of a cantilever is defined as a ratio between the bandwidth of the
resonance peak and the resonance frequency. High quality factors are favourable in AFM
measurements since they provide a better signal-to-noise ratio. The values of the quality
factor for a freely oscillating cantilever in vacuum are high, but reduced in case of air or
liquids (less than 100 and 10 respectively). However, the quality factor can be compensated
electronically (so called Q-control).

Since the oscillating tip contacts the sample not constantly but periodically, the tapping
mode is less damaging than the contact mode. It is suggested to be used for imaging soft
materials, such as biological samples.

An AFM can be operated in either in constant force (amplitude) mode or in constant height
mode. In constant force mode the deflection of the cantilever is constant while the sample is
adjusted in a vertical direction. In case of rough samples, the scan speed should be lowered
in order not to damage the tip or the sample. An AFM operated in the constant height mode
keeps the vertical position of the sample constant. At the same time the cantilever
deflection is varied and detected. This mode allows high scan rates but is appropriate only
for relatively flat samples.”

AFM can be operated in several different modes. The most common of them are friction
force microscopy (FFM), Young’s Modulus Microscopy (YMM), phase imaging and force-
distance curve measurements. Those AFM modes attempt to deliver, besides topographic
information, also additional information regarding the material-specific properties of the
sample.”®

FFM measures cantilever torsional deformations of the cantilever. This brings information on
lateral forces and friction. YMM measures indentation of the tip into the sample. According
to the measured values one can estimate elastic properties of the sample. Phase imaging
detects the damping of the oscillation during the tapping mode while recording the phase
difference between the initial piezo oscillation and the measured responding oscillation of
the cantilever. Phase imaging allows visualization of material-specific contrast related to
elastic or adhesive properties of the sample. Force-distance curve measurements provide
information regarding interactions between the AFM tip and the sample.?
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AFM cantilever bending modes

In this sub-=chapter we consider a beam shaped AFM cantilever with length L, width w and
thickness t (Figure 1.2.4 A). An AFM cantilever has several bending possibilities or vibration
modes (Figure 1.2.4 B). Different bending modes are excited when the cantilever is driven to
oscillate-with-a-particular resonance frequency.

A B

1st mode 2nd mode 3rd mode

AN NN

Figure 1.2.4. (A) A sketch of a beam cantilever. (B) The first three resonant mode frequencies
of a beam cantilever. Adapted from Eaton'’ and Reifenberger et al.’.

Oscillations of a cantilever obey fundamental mechanic principles. For a homogeneous
rectangular (beam) shaped cantilever the equation of motion for flexural vibrations is
defined by the Euler-Bernoulli differential equation®®%:

E12% = —pal” (1.13)
where z - is the vertical deflection from the rest position; E — the Young’s modulus of the
cantilever, | — moment of intertia (Wt3/12), p — density of the cantilever material, A — cross
section (wt).

Equation (1.13) can be solved analytically:
z(x,t) = (a,e"* + aye ™ + aze™* + q e F¥)e vt (1.14)
where k — wavenumber (k = 27”), w - angular frequency (w = 2rf) and a; (i=1,2,3,4) are

constants.
The boundary conditions are resulting from clamping the cantilever on one side as follows:

(z(0) =0, no motion at the clamped side
0z(0) .
F 0, no slope at the clamped side
§ 0%z(L) .
=0, no moment at the free side
dx?
03z(L) _
\ =0, no shear force at the free side
0x3

After solving the system of equations the following equation can be obtained:

cos k,Lcoshk,L+1=0 (1.15)
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where ksl-solutions of the equation exist, k, — wavenumber of a flexural vibration mode , n —
the mode number (n=1,2,...). This equation can be solved numerically (e.g. using software
Mathematica) and the first three solutions would be related to the first three vibrational

modes.
k;L = 1.8751
koL = 4.6941
k;L = 7.8548
By plugging (1.5) and (1.4) in (1.3), the resonance frequency for the ™" mode would be:
2
fo=Crt \/% (1.16)

Thus, the position of the resonance frequency depends on geometric and material
properties of the cantilever as well as on the number of the vibration mode.
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1.3. Basic principles of PTIR
Here we discuss the key aspects of PTIR together with the currently existing PTIR methods.
11,21,22

This sub-chapter is.guided by

Photoexpansion force

When a molecule absorbs a mid-IR photon a vibrational mode is excited and the molecule is
transferred to a higher energy level. The excited molecule releases the gained energy
through a non-radiative transition to its lower energetic level and contaminant energy
transfer to surrounding molecules. This causes a heating of the sample where absorption
took place. The resulting increase in volume is referred to as thermal expansion of the
sample. As a result, a photoexpansion force acts from the sample on an AFM tip when
placed in contact with the sample. The photoexpansion force can be explained from the
force - distance curve graph (Figure 1.3.1).

v

Figure 1.3.1. Scheme of AFM cantilever deflection during sample photoexpansion. Adapted
from Lu and Belkin .

The solid curve (Figure 1.3.1) is related to the tip-sample interaction before the laser
excitation. zg is the distance between the AFM tip and the sample in contact mode. Upon
excitation by a laser pulse the sample expands. The sample photoexpansion develops almost
instantaneous compared to the response time of the AFM, which is 5 s, assuming cantilever
resonance frequency of 200 kHz. Therefore, even though the position of the tip has not been
changed right away, the force distance curve is shifted (Figure 1.3.1, dashed curve). The
value of this shift corresponds to the sample expansion Ad. From those force distance curves
one can find the value of the photoexpansion force Fr that acts on the AFM tip from the
expanded sample.?

Lu et al. estimated values of the photoexpansion force using the Derjaguin-Muller-Toporov
(DMT) model. 2 This model evaluates the sample — tip interaction by means of calculation
the force that acts between an elastic plane (sample) and a rigid sphere (tip) (Figure 1.3.2).
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Figure 1.3.2. Graphic illustration of the sample indentation 6 caused by the AFM tip brought
in contact with the sample. F — repulsive force acting between the tip and the sample. R —
radius curvature of the tip. & — indentation depth. Adapted from Kontomaris et al **.

When an AFM tip is in contact with the sample, two forces act on it. The first is repulsive due
to the elastic sample deformation. This force acts in the area of contact between the tip and
the sample. The second is attractive due to van der Waals forces. This force acts on the part
of the tip that is not in contact with the surface. The resulting force with which tip and the

sample interact was defined Lu et al.”:

F = ZE*RY26%2 — 2mRw (1.17)
where E*- the reduced Young’s modulus; 2nRw — the pull off force due to sample adhesion.

In case of the tip-sample distance change (sample expansion) A6 much smaller than §, the
photoexpansion force Frwill be defined as:

Fr ~ 2E*RY/26/%8 (1.18)
By plugging the following values for a CH3(CH,):7SH monolayer: E* =5 GPa, R=25nm; 6 =
0.7 nm; A6 =3.2 pminto (1.18), Fris estimated about 0.13 nN. 23

Thermal diffusion length
Spatial resolution of PTIR imaging is connected with the thermal diffusion length. The

thermal diffusion length depends on the thermal diffusivity @ and the light pulse width t
25,26,

Ly = I (1.19)
Thermal diffusivity is defines as follows:
k
= (1.20)

where k —heat conductivity, p — density, C — heat capacity.

Lu and Belkin 2! estimated thermal diffusion length L; = 100 nm for chem/bio polymers
with typical values k= 0.5 W m™ K*, pC=2Jcm3K" , for a light pulse T = 40 ns .

Photoexpansion signal
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The main concept of the PTIR technique is based on the assumption that the detected
photoexpansion signal is proportional to the absorption (imaginary part of the complex
refractive index) of the sample. Theoretical calculations showed that the amplitude of the
PTIRis indeed related to the absorption.22 Dazzi et al. considered an absorbing spherical
particle with _a constant complex refractive index and constant mechanical properties.
Furthermore, they assumed measurement in the ATR configuration and using a rectangular
AFM cantilever. The authors assumed that the cantilever obeys Euler-Bernoulli mechanics. It
was supposed that a single laser pulse causes photoexpansion. Different pulse durations
ranging from nanoseconds to several microseconds were discussed.

The calculations showed that the amplitude of the PTIR signal of mode n can be expressed as
a product of five contributions:

Im(n())
y!

gn(wn'/l) = HmHAFMHopthh (1.21)
where w, — frequency; Im(n(4) - imaginary part of the refractive index of the sample; 4 -
wavelength of the incoming radiation. In the following these contributions will be discussed
separately.

Mechanical contribution:
Hpy = k,asna (1.22)

where k, - the spring constant of the force between the tip and the sample, as,, - thermal
expansion coefficient of the sample, a — the radius of the spherical sample.
H,, describes the mechanical contribution of the expanding spherical sample.

Cantilever contribution:

Hypy = F_;n (6xcosa + H sin a)ﬁ[

dgn(x)
ox

2
sz] (1.23)

where I' - the damping of the cantilever; w,, - the resonance frequency of n mode; a — the
angle between the cantilever and the sample surface; éx - the distance from the tip to the
end of the cantilever; H — the tip height; D - the diameter of the deflected laser spot on the

cantilever; p —the density of the cantilever material, A — the cross section of the cantilever; L
0gn(x)

0x  lyx=r
Harm describes the properties of the AFM cantilever.

— length of the cantilever; - the slope of the cantilever at its end.

Optical contribution:
Re(n)

(Re(n)2+2) 2 céolEinc |2 (1.24)

Hopt =

where Re(n) — the real part of the refractive index; ¢ — the speed of the light; £, — the

dielectric constant in vacuum; |E;,.|? - incident laser power.
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Hope describes the influence of the refractive index and the incident laser power on the
signal.

Thermal contribution:

61 tp
PsphCsph tp (_ + Trelax) , tp K Trelax
ch = ana? ((sin ( wnt p) (125)
T w—n ) tp >> Trelax

where pg,p,- density of the sample; c,,p, - the thermal capacity of the sample; t, — pulse
length; 7,014, — the relaxation time of the sample; a - the radius of the spherical sample; k -
the effective heat conductivity. H;, describes the influence of the pulse duration and
material properties of the sample. Here two extreme cases can be distinguished where the
excitation pulse is either much shorter or much longer compared to the sample relaxation
time.

In the complex expression (1.21) most of the parameters besides the last fifth contribution
Im[n(d)]
i
a microscopic scale the absorbance spectrum of a layer with thickness z is described by the

are constant or do not change during the measurement. Taking into account that at

by the Beer—-Lambert formula:

4Ttz

Qaps (D) = 22 Im[n(2)] o LD (1.26)

where A denotes wavelength of the light; n is the complex refractive index of the material.

. . . . . . A
For a given layer with the thickness z, the absorbance is proportional to the ratio Imin@)] .

Thus, comparing formulas (1.21) and (1.26) we conclude that the amplitude of the signal
recorded is directly proportional to the absorption of the sample. In the first approximation,
the AFM cantilever deflection is linearly proportional to the absorbed optical energy. Thus,
molecular absorption a,,s can be obtained after normalization of the AFM cantilever
deflection to the laser intensity:

S'n(wn'/l)
1(2)

where S,,(w,,, 1)- AFM cantilever deflection, I (1) - incident laser intensity.

X gps (1.27)

Detection methods of the photothermal signal
There are currently two methods which are used to extract the photothermal signal: ring
down and resonance excitation.
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Ring down
The ring down detection of phothermal expansion signal was demonstrated by Dazzi et al.?.
The 'technique "is" frequently referred as atomic force microscopy — infrared (AFM-IR)

spoectroscopy. AFM-IR 27,28

was performed using a CO, laser with an optical parametric
oscillator (OPO) or a free-electron laser (FEL). The OPO source was operated with 10 ns pulse
length with laser (50 mW) at repetition rate 10 kHz. The FEL was operated with 8 us long
train of ps pulses (50 mW) at repetition rate 25 Hz. Later Dazzi et al.”’ estimated the
temperature increase upon photothermal expansion of a dry bacterium by FEL with 9 us
pulse length, consisting of 600 micropulses each separated by 16 ns to be 10 K.

In the ring down experiments each laser pulse forces an AFM cantilever to oscillate around
its equilibrium, the amplitude of those oscillations fades with time (Figure 1.3.5, left).
Considering pulse length and repetition frequency the cantilever had enough time to return

to the equilibrium state prior to the next laser pulse.
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Figure 1.3.3. lllustration of the ring down PTIR scheme. The IR laser beam illuminates a
sample deposited on a ZnSe prism through ATR. Photoexpansion signal sensed through the
deflection of the AFM tip placed in contact with the sample is recorded by an oscilloscope.
Adapted from Dazzi et al.***°

The Fourier transformed time-dependent deflection signal results in a frequency spectrum
that consists of a few peaks centered at the frequencies of the cantilever contact resonances
(bending modes). From this frequency spectrum the amplitude at a chosen resonance is
recorded. The IR spectrum is constructed as a function of those signal intensities recorded
for different wavelengths.

The ring down excitation method allowed the detection of polymer films with a minimum
thickness of about 15 nm>'. A further increase in sensitivity would only possible by increasing
the power of the laser, which however would lead to the damage of the sample.

Resonance excitation

As the name suggests, in this PTIR technique resonance excitation is used to detect the
photothermal signal. Resonance excitation improves the sensitivity of the photothermal
spectroscopy compared to ring-down detection. In the resonance excitation method the
repetition frequency of the laser is matched to one of the resonance frequencies of the
cantilever. In the resonance excitation the deflection of the cantilever builds up from short
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laser pulses. As a result the response of the cantilever is significantly increased, therefore,
improving the sensitivity (Figure 1.3.4).

Time

i
.‘|1|| U._'m—b
. Time

Deflection amplitude

Deflection amplitude

Figure 1.3.4. lllustration of different modes of excitation the deflection of the AFM
cantilever. (left) Ring mode, (right) resonance mode.

Figure 1.3.4 depicts the comparison of the amplitudes of cantilever deflection generated by
ring down method and the resonant method. Black lines depict laser pulses.

The first experimental implementation of the resonant PTIR method was demonstrated by
Lu and Belkin (Figure 1.3.5)*'. In this setup a lock-in amplifier was used to record the
amplitude of the vertical cantilever oscillations at the pulse frequency of the employed QCL.
The vertical cantilever deflection signal (detected from the PSD) was transferred into a lock-
in amplifier referenced by a QCL trigger signal. The pulse rate of the QCL was used as
reference for the lock-in amplifier thus making pulses of the lock-in amplifier and the QCL
synchronized. In resonance excitation experiments typically pulses with a length of 40 ns and
repetition rate in the order of 130 kHz are used. The QCL laser power is about 100 mW. Lu
and Belkin % estimated the temperature increase for a 300 nm thick polymer sample SU-8 to
be 10 mK.

PSPD

Sample
\\\\\\\‘ AFM cantilever

Si substrate

Lens

Lock-in amplifier

QCL Ref. Signal in

Figure 1.3.5. lllustration of the resonant PTIR scheme. Adapted from Lu and Belkin **.

In PTIR imaging the absorption signal is recorded from the deflection signal of the AFM tip.
During the raster scan of the sample however additional deflections can be induced due to
changes in topography. Thus, the deflection signals caused by IR absorption and topography
need to be separated. Fortunately, those deflections are located in different frequency
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ranges and thus can be separately extracted from the recorded cantilever deflections. The
frequencies of IR absorption deflections are related to the frequencies of the contact
resonance (from-10-to 300 kHz), the frequencies of the deflections caused by topographical
changes are around 1 KHz.

For the resonant excitation a laser with high repetition frequency (around 200 kHz) is
required. In this regard EC-QCLs are particularly interesting sources. First of all they can be
operated at repetition rates up to several hundreds of kHz. Furthermore, they are small in
size, room operated and most importantly they cover the whole mid-IR spectral range.

Further the sensitivity of the PTIR method can be improved by so called tip enhanced PTIR
method? which uses the local enhancement of the incoming laser radiation in the gap
between the gold surfaces of an AFM probe and a gold substrate. Due to the increased
amplitude of this enhanced electric field the PTIR signal gradually enhances as well, thus
increasing the sensitivity of the PTIR method. The degree of the enhancement is associated
with the so called lightning rod effect (the enhanced signal is primary localized around the
metal surface and fast decays fast with the distance*?). Tip enhanced PTIR demonstrated the
ability to detect even monolayers.?®> Analogously to the principle utilized in tip enhanced
Raman scattering (TERS)* the enhancement strongly depends on the tip sharpness and is
highly sensitive to its contamination.

Resonance tracking. In case there is a drift of the contact resonance during measurement,
the recorded amplitude will be affected as well. The contact resonance frequency might be
shifted due to changes in mechanical properties within the sample or changes in ambient
parameters during the measurements (e.g. temperature). If not corrected, such drifts will
lead to erroneous results. In order to avoid these errors the laser repetition rate has to be
automatically readjusted to the contact resonance during the measurement. In the first
experimental implementations of resonant PTIR the laser repetition rate was adjusted
manually once prior to the measurement. Recently a practical realization of the resonance

tracking method was demonstrated®***.

36



1.4. Biochemical processes in cells and their characterization by mid-IR
spectroscopy

IR spectroscopy can be applied for characterization of various biological systems. In this sub-
chapter we discuss those biochemical processes undergoing in cellular living systems which
were investigated in this thesis. Further, we highlight the capabilities of IR spectroscopy for
characterization of those systems and the respective biochemical processes. We provide
information on spectral features which can be used in the characterization of dead and
viable cells or tissues, ischemic brain and inclusion bodies (proteins) in bacteria.

Cell death

Investigation of cell death mechanisms is an important issue in molecular biology and
medical research®®. For example, understanding of the death mechanisms allows to follow
the interaction of cells with introduced stimuli, such as a drug treatment, which is of
particular importance in drug transfer research®’.

Cell death can be conducted by two mechanisms — apoptosis and necrosis. During apoptosis
the death of the cell is programmed (genetically determined) and triggered by the cell itself.
Usually apoptosis occurs during cell aging or as a defence mechanism>®. Apoptosis includes
several stages, such as cell shrinkage, cell blebbing, phosphatidylserine exposure, nuclear
condensation and DNA fragmentation39. Afterwards apoptotic cells are phagocytosed by
macrophages or adjacent normal cells. Normally no inflammation occurs during apoptosis®.

Necrosis is a death that occurrs due to external stress, such as thermal shock, chemical
stimuli or toxic agents. During necrosis a cell undergoes certain morphological changes: cell
swelling; formation of cytoplasmic vacuoles; formation of cytoplasmic blebs; disruption of
the cell organelles and loss of cell membrane integrity. All those processes result in the
release of the cytoplasmic contents into the surrounding tissue and are accompanied by
inflammation®.

In biomedical research discrimination between apoptosis and necrosis is of importance since
it can help to elucidate the biological processes occurring within the cell towards an
inducing stimuli. It is also a challenge to distinguish apoptosis from necrosis as both
processes can occur independently, sequentially, or simultaneously. Sometimes even the
type or the degree of stimuli inducing cell death determines how cells die. Thus, at low
doses, stimuli such as heat, radiation, hypoxia and cytotoxic anticancer drugs can induce
apoptosis but at higher doses the same stimuli can facilitate necrosis>®.

There are many techniques which are now routinely used to identify viable and dead dells,
such as light microscopy, electron microscopy, gel electrophoresis and flow cytometry
among others*’. While most of the modern methods need tedious sample preparation and
are time consuming, it is still challenging for them to discriminate different cell death modes.
IR spectroscopy provides access to the main biomolecules (Figure 1.4.1). It was shown that

methods of vibrational spectroscopy are highly promissing for this task 443
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Figure 1.4.1. FTIR spectra of biological samples related to this thesis.

It was shown by a number of studies that IR spectroscopy can discriminate between viable
and dead cells, besides it is capable of discriminating of apoptotic and necrotic cell lines and

; 41,42,44-48
tissues.

Due to the strong mid-IR absorption of water, detection of cells in aqueous
solution becomes difficult. Therefore, for mid-IR spectroscopic investigation of cells these
are usually dried prior to analysis. It is worth to mention that it is still possible to
discriminate dried cells in terms of viability.

Concerning IR spectroscopic analysis of various cell lines common features especially with
respect to cell death can be identified. In general, dead cells are discriminated from viable
ones by global changes in the secondary structure of proteins (Table 1.4.1). This is possible

by analysing the shape of the amide | band®.

Table 1.4.1. FTIR band assignment related to the peptide bond (proteins) and signatures of

protein secondary structure. Adapted from Bukowska et al. >0,

Vibrational mode Wavenumber, | Proteins secondary structure
cm™ assignment

amide I: 1695-1670 anti-parallel B-sheet, B-turns

C=0 stretching 1670-1660 310-helix structure

N-H bending 1660-1648 a-helix structure

C-N stretching 1637-1623 B-sheet structure

amide | 1580-1480

N-H bending

C-N stretching

The amide | band is mostly comprised of protein backbone signal and is commonly used in
the analysis of protein secondary structure. This band is composed of sub-bands assigned to
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different secondary structure elements of proteins (a-helical, B-sheet, random, turn). Second
derivative-spectroscopy of the amide | band region is commonly used for quantification of
the protein’'secondary structures by following the local intensity minima.

For all cell death. modes the most significant alterations are found for a-helix (1654 cm) and
parallel B-sheet (1627 cm™). In particular, increased amount of B-sheet and decreased
amount of a-helical structures in dead cells was reported®. This is attributed to an increased
amount of aggregated proteins in dead cells as opposed to viable ones.

Further, an increased amount of lipids (CH, and CHs stretches, for example at 2852 cm'l) at
all cell death modes comparing to viable cells was detected, too*’. The band with a
maximum around 1740 cm™ is assigned to the lipid ester group. This band characterizes
plasma membrane lipids. Alterations in phospholipids composition have been suggested as a
possible sign of apoptosis® and explained by increased cellular surface area to volume ratio
occurring during cell shrinkage and leading to a relative increase in phospholipid signal in the
plasma membrane. Additionally, an increased peak intensity around 1743 emtin apoptotic
cells there was considered as a marker for apoptosis by other studies*.

The changes which cellular nuclei undergo during cell death can be followed also by the
absorption bands with the maximum at 1080 cm™ and at 1240 cm™ assigned to symmetric
and asymmetric phosphate stretching, respectively. The decay of the intensity of the
phosphate bands has been considered as a sign of apoptosis by several FTIR studies****. This
phenomenon is related to the changes in the cell nuclei, in particular, nuclei condensation,
which is an essential event in cellular apoptosis. Nuclei condensation accompanies an
enormously increased concentration of DNA molecules causing a rise in its optical density of
DNA related wavenumbers®. The decrease in the intensity of the nucleic acid band is
explained by nonlinear IR light absorption or opaqueness of nuclei to IR light. Other studies
also suggest that the degree of apoptosis can be quantified by the intensity of DNA related
absorptions®. Contrary, the intensities of these DNA related absorption bands increase in
case of necrotic cells. This fact is explained by the unwinding of DNA molecules. Since in
necrotic cell death the DNA is unwound and not compact anymore, one might assume that

the DNA is not opaque and thus “visible” to IR at this stage41'54.

Among others few studies reported conflicting IR results on apoptotic cells, i.e. Zhou et al.”
observed no significant changes in lipid content and an increase in the detected DNA signal.
This can be explained by heterogeneous cell populations (cells were at different stages of

apoptosis).

Brain research and ischemic stroke

Brain stroke is a leading disorder affecting people over the world®®. The most frequent
stroke type, brain ischemia, occurs when blood vesicles are blocked and the blood flow to
the brain is reduced. This disorder might bring lethal consequences or cause various
disabilities in walking and talking. Often patients who suffered from cerebral ischemia
demonstrate recovery and improvements at some level. The property of the brain to recover

and regain lost functions is called brain plasticity.
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Currently, factors that cause brain ischemia and methods for its prevention are known but
the response of brain tissue after injury is still a topic of research. Knowing the mechanism
of'the stroke one could suggest treatment solutions after the stroke, which are not available
today:

Neural pathways consist of neuron cells connected with each other. The neuronal cell
consists of a cell body and an axon which is an elongated part of the neuron cell. Axons are
connected to other neuronal cells. This allows signal transition from a cell body to another
neural cell. Some axons contain a myelin sheath. This is a modified insulating plasma
membrane which facilitates a faster signal transfer via the action potential57.

In brain tissue, depending on the amount of myelin in neurons different types of tissues can
be differentiated such as white and gray matter. White matter contains more myelinated
axons than gray matter. As myelin mainly consist of proteins and lipids white matter also
contains more of these substances than gray matter. This difference can easily be seen in IR
spectroscopy.

One of the possible schemes of functional brain repair after stroke is associated with
neuronal modifications such as strengthening of existing neural pathways and formation of
new neuronal pathways®®. The basic concept of neuronal modification is myelination of
nerve cells.

Nowadays the main methods used in stroke brain research are (functional) magnetic

2962 They are powerful tools allowing non-

resonance imaging and diffusive tensor imaging
invasive imaging. Sometimes imaging methods providing molecular specific information at a
higher lateral resolution are needed. For example, by using MRI it has been demonstrated

that neuronal networks reorganize and regain their lost functions.®

This technigue can
perform imaging with a spatial resolution of about 250 um, however, to prove the neuronal
reorganisation a higher resolution is required. For that purpose histological staining methods
are used in brain research ®*®>. The drawback of histological staining is that it is a time
consuming procedure which gives information only for specific molecules. IR spectroscopic
imaging does neither require special sample preparation nor any staining, besides it brings
along simultaneous information about the presence of different molecules. Thus this
technique is advantageous, although only few studies were conducted to characterize
ischemic brain®°.

FTIR microscopy also allows visualization of molecules (markers) related to
neurodegeneration. This process is characterized by alterations in levels of lipids and
proteins, as well as changes in protein secondary structure. The analysis might be performed
by means of univariate analysis when the related band areas are integrated and plotted for
each pixel of the hyperspectral image. The images of the distribution of lipid acyl groups
(vs(CH,, 2865-2845 cm™%)’°, lipid esters (v(CO), 1755-1715 cmY)’?, protein amide | band
(1700-1600cm )’ and aggregated proteins (second-derivative intensity at 1625 cm™*)”® can
be successfully used to identify changes within the injured tissue, its surroundings and
unaffected tissue. Remodeling of the neuronal pathways can be monitored by markers

related to total lipid and protein content, since they are characteristic for myelination.
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Bacterija. inclusion bodies

Inclusion bodies (IBs) are submicron insoluble protein aggregates produced in recombinant
bacteria. |Bs are formed upon the induction of gene expression through the aggregation of
polypeptide chains. The most common organism for the production of recombinant proteins
is=-the--gram=negative bacterium Escherichia coli™. Using biotechnological routes of
production recombinant proteins can be produced as IBs.

IBs can be isolated from bacterial cells through mechanical cell disruption’. Bacterial IBs are
widely used in material sciences (scaffolds in tissue engineering) and in medicine (models for
amyloidosis and prion propagation; functional materials in tissue engineering; targeted and
non-targeted drug delivery systems; implantable depots of therapeutic proteins)76.

IBs formation is explained by two mechanisms: IBs might either grow from single molecules
acting as nucleation sites, or smaller aggregates assemble forming larger aggregates76. The
exact mechanism of formation of IBs is still topic of ongoing research. Bacterial IBs can be
imaged with fluorescent microscopy and scanning electron microscopy (Figure 1.4.2).

500 nm

Figure 1.4.2. (A) Distribution of fluorescent IBs in E.coli (green). Scale bar — 5 um.75 (B)
Transmission electron microscopy a bacterium with IBs (dark grey) areas, N — the nuclear
region. Adapted from Rueda et al.”®.

Figure 1.4.2 A shows fluorescent IBs formed by a green fluorescent protein in E. coli (green),
upon recombinant gene expression75. Figure 1.4.1 B shows a TEM image of an individual E.
Coli cell with polar IBs. Dark gray color corresponds to the electrodense material.

IBs are mainly located in the polar regions of E. coli cells. IBs can be in both or in one pole
(Figure 1.4.2). Such location of IBs is explained by macromolecular crowding in the central
part of the cell where DNA is located. In other words, the middle part of the cell is too dense
leaving no space for the accumulated proteins’®.

The common methods for monitoring IBs accumulation consist of IBs extraction through cell
breakage and electrophoretic separation of the IBs. Those methods are time consuming and
expensive.

It was demonstrated that spectroscopic techniques can be successfully applied to
characterize and control the production of IBs in bacteria non-invasively’’. In particular, FTIR
spectroscopy can be successfully used for characterization of bacteria IBs’®.

Since the considered IBs consist of proteins, IR spectroscopic analysis is usually aimed to
study protein content.
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FTIR adds knowledge about protein folding state, but due to the limited spatial resolution
individual-lbacteria cannot be imaged with FTIR microscopy. Characterization of IBs shape,
size andestructure is important for the optimization of the biotechnology processes. This
motivated the analysis of bacteria containing IBs using (see section 3.3) our nanoscopic
imaging.technique PTIR.
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1.5. Data analysis strategies

In this sub-chapter.we discuss main strategies in the analysis of hyperspectral data. In
general there are two approaches: univariate and multivariate. We discuss the methods that
were employed in the scope of this work. Additionally, we discuss basic concepts of
combined-(multisensor) image analysis.

Univariate analysis

For univariate analysis a hyperspectral image that consists of a spectrum at each pixel is
visualized in a form of a false color map. This map shows the intensity at a selected
wavelength. Not only single wavelengths can be visualized but also their combination, such
as integrated band, bands ratio etc. Univariate analysis is also commonly used for side by
side analysis, when the spatial distribution of different analytes (molecules) is compared.
Univariate analysis can be easily interpreted, but it also may discard useful spectral
information. To extract the useful information from the whole spectrum multivariate
methods are employed.

Multivariate analysis

Unlike univariate analysis, multivariate analysis derives information from the entire
spectrum, thus, delivering extended information about sample properties. However, the
analysis of a set of multidimentional spectra, such as mid-IR spectra, might be challenging
since every spectrum consists of a number of variables (wavenumbers). Some variables carry
unrelated information (e.g. noise, where sample has no absorption). Besides, frequently the
change in values of one variable (absorbance) correlates with the change in others (e.g. a
functional group having two IR-active bonds such as v(C=0) and 6(N-H) in the amide biond).
Multivariate analysis uses statistical methods to enable a more thorough interpretation of
the complex data by means of extracting the useful information and leaving out less relevant
information. For that a number of strategies exist. Depending on the analytical task different
methods can be employed. In this subchapter we discuss the multivariate methods relevant
to this thesis.

Principal component analysis

Principal component analysis (PCA) is a common statistical technique that rearranges
complex datasets for an easier interpretation and extraction of important information.
Multidimentional datasets, in particular IR spectra, frequently have variables which depend
on each other, thus carry redundant information. PCA reduces the dimensionality of a
dataset and eliminates correlated variables by projecting dataset onto a new space with a
lower number of dimensions.

In the PCA data is represented as an array in a m-dimentional variable coordinate system.
First, the center of this cloud is to be found. This center will be the origin of a new system of
coordinates. Then, the direction of the largest variations is chosen. This direction is called
the first principal component (PC1). Then a new direction which accounts for the maximum
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of the remaining variation orthogonal to the previous PC is calculated. This direction will be
the second principal component PC2. The process of the choosing the PCs proceeds until all
variatiorrin'the'dataset is described. As the relevant information is concentrated in the first
PCs'it'is common practice in PCA to neglect PCs of higher order in further data analysis. In
other words, PCA performs rotation of the axes of the original variable coordinate system to
a new orthogonal coordinate system whose axes (PCs) match with directions of maximum
variation in the original coordinate system.

This new orthogonal coordinate system is constructed of new uncorrelated variables (PCs).
As a result, multidimensional spectral data is represented in a new dataset with a reduced
number of variables (PCs).

Assume that we have a dataset which is a matrix X with n rows (number of samples or
spectra) and m columns (number of variables or wavenumbers). In PCA X will be
decomposed into a scores matrix T and a loadings matrix V and an error matrix E, which
contains the unexplained variance:

X=TV'+E (1.28)
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Figure 1.5.1. Demonstration of the PCA principle. X is the data matrix, which is decomposed
into a matrix of scores (T) and a matrix of loadings (V). E is an error matrix which contains
unexplained variance (E).

Matrix V contains the so called loading vectors. These have dimension of the original spatra
and describe the location (direction) of the new coordinate axis (PC) in the space of the
original data matrix X. Matrix T contains the so called score values. These values indicate the
relevance (importance) a given loading vector has in the reproduction of a given original
spectrum. In V the loading vectors (v) are sorted by their importance, expressed as their
eigenvalue. The number of PCs to be calculated is defined according to the “Kaiser” criterion
7980 According to this method only PCs exhibiting eigenvalues larger than one can be
included into the analysis.

Unsupervised classification

K-means clustering

Clustering algorithms classify spectra into groups by minimizing differences within groups
and maximizing differences between groups. This classification can be used for
segmentation of hyperspectral imagesgl.

44



The iterative k-means clustering algorithm performs unsupervised sorting of spectra with
similar spectral features. Spectra assigned to different clusters express different spectral
signatures “whereas: spectra of one cluster are similar to each other. In this method an
individual spectrum is represented as a point in an m-dimensional space, where m is equal to
the number of variables (data points in a spectrum). In this space k points corresponding to
the origin of the related clusters are selected. Before the k-means clustering is performed
the number of clusters (k) should be selected. K is jointly defined according to a particular
sample (e.g. the number of tissue types of interest) and supported with the “Kaiser”
criterion’®®® and the “Elbow” method®®. The “Kaiser” criterion suggests to define the
number of clusters according to the number of principal components (PCs) possessing
eigenvalues larger than one. In the “Elbow” method the error sum of squares is plotted
against various k. The number after which the curve starts flatten is related to the correct
value of k. Further, distances between the selected k points and the spectra are calculated.
The spectra nearest to a cluster (distance between them and a k point is minimum) are
assigned to the related cluster. Then, for each cluster a centroid (centre of a cluster) is
calculated, then the distance between centroids and samples are recalculated. If a sample is
not the closest to the associated centroid, the sample will be assigned to the cluster with the
nearest centroid. The locations of centroids are recalculated every time when a sample was
assigned to a new cluster. The procedure repeats until the samples do not change their
cluster membership84.

In other words, k-means clustering algorithm sorts spectra in such a way that the intra-
cluster variance minimal and inter-cluster variance is maximal. It is a rigid method which
assigns an individual spetrum only to one class. Other methods such as fuzzy clustering are
less crisp and might assign a spectrum to more than one cluster.

In cluster image analysis a distinct color is assigned to all samples of one cluster. Since every
sample has its own spatial coordinate in the hyperspectral map, those colored samples
provide a false color cluster image of the sample. Mean spectra corresponding to each
cluster can be calculated and used to interpret the spectral differences between the clusters.

Supervised classification

Multivariate analysis includes methods that allow supervised learning. Such methods are
usually classification techniques. Using classification models unkown samples can be
characterized. Typically, prior to the classification a training dataset containing data (spectra)
is generated. Afterwards a classification model (classifier) on a basis of the training dataset is
calculated. The performance of the classifier is checked on a validation dataset. Further this
model can be applied to a new sample. The models can be calculated with different
methods. In this chapter we discuss the most common approaches for classification of
hyperspectral images — partial least squares discriminant analysis (PLS-DA) and random
decision forest (RDF).

The performance of a classification model can be described by a confusion matrix (Figure
1.5.2). The matrix consists of number of true-positives (green dots, in the upper left corner);
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false-positives (red crosses in the upper right corner); false-negatives (red crosses in the
lower left corner); and true-negatives (gray dots in the lower right corner).
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Figure 1.5.2. lllustration of a typical result of a classification model — a classification matrix
with the number of true positive, false negative, false positive and false negative samples.

Partial least squares discriminant analysis

Partial least squares-discriminant analysis (PLS-DA) is a supervised method for classification
of samples in a dataset. If a sample consists of two groups (classes A and B), PLS-DA can be
considered as a linear two-class classifier. In this case the method tries to find a straight line
that divides the sample space in two parts. PLS-DA searches this discriminator (separator)
function. For many groups this separator function represents a hyperplane in
multidimensional space *

PLS finds relation between two matrices: so called X data matrix, consisting of n samples
containing m experimental measurements (e.g. number of wavenumbers in a spectrum) and
a c vector consisting of n elements. Each element has a numerical label for each sample
according to its group membership. PLS-DA derives a regression model between X and ¢ ®
PLS-DA represents X and ¢ with the following equations:

{X =TP+E
c=Tq+f
where T — score matrix; P — loading matrix and g — loadings vector; E — residual matrix and f

(1.29)

— residual vector. When a PLS algorithm is applied to the X and c a prediction (classification)
model is built. Here we consider a classification of a dataset containing only two classes (A
and B), the related algorithm for that is referred to as PLS1. This algorithm can be extended
in case of classification of more than two groups in a sample and is then referred to as PLS2.
Typically PLS1 algorithm calculates PLS weight vector w, PLS scores T, X loadings p, ¢ loading
g and residual data matrices and vector for X and ¢, respectively. %

A built PLS-DA model can predict the values of c in the original data and in a new dataset
containing unknown samples. X will be related with c as follows:

c=Xb+f=Tq+f (1.30)
where b is a regression coefficient vector.
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Unknown sample value of ¢ would be defined as:

c=xb (1.31)
The'Value of b is defined by:

b=WwW(PW) 1q (1.32)
where W is a matrix containing weight vectors of the PLS components.
The € value determines to which particular class belongs a sample. In the simplest case a
dataset containing only two classes, if € is above 0, then the sample is assigned to class A;
otherwise - to class B.
The performance of PLS model is usually estimated by cross-validation (CV). For that the
dataset is split into two subsets: a training set and a validation set. The calculated model
based on the training dataset is used to predict ¢ values in the validation set. By averaging
over several splits the model performance is estimated. The performance of PLS-DA
classification model can also be characterized by calculating the root mean square error of
prediction (RMSEP).

Random decision forest

Random decision forest (RDF) or random forest is a machine learning technique that
combines a number of decision trees and forms a forest for classification analysis. RDF uses a
decision tree as a predictive model. Each decision tree is built on a unique sub-set of the
training data. Those sub-sets are picked randomly from the training dataset. Thus, all trees in
the forest are independent and do not correlate A decision tree depicts in a way of a
diagram the possible outcomes from a series of decisions (Figure 1.5.3)%.
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Figure 1.5.3. A basic scheme of a decision tree.

A decision tree receives an input vector (e.g. a spectrum) and splits it into attributes
(features). Each decision tree represents a structure consisting of nodes and branches. Each
leaf node represents a decision which was made after computing all attributes. To each tree
a model that describes the characteristics of an input feature is related. When a new object
is classified the input vector is applied to each decision tree in the forest. The forest chooses
the classification that has the most votes among the classifications that are suggested by
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each tree. Such analysis of independent decisions significantly reduces the risk of over-
fitting®

Theperformance-of a RDF model is usually characterized by the average of the training and
the out-of-bag (OOB) error estimates or by the average classification error (AvCE). During the
construction of a RDF, the percentage of variables used to build the individual trees can be
chosen. The number of trees can be set as well. Classification results can be analyzed
regarding the importance of the variables introduced to the models®®.

Multisensor image analysis

With the current development of modern analytical imaging techniques, the combined
image analysis becomes desirable, since it is often difficult to characterize a chemical
composition using a single imaging technique. For that purpose several multimodal
analytical approaches were introduced.?’®° However, those techniques primarily combine
different modalities of one technique (eg. different modalities of vibrational spectroscopy
889 It could be of interest to perform a combined analysis of data from different
techniques such as SEM, EDX, FTIR, Raman, MS spectrometries. The combination of two or
more complimentary techniques can be performed in terms of multisensor (combined)
image analysis®. This method allows combination of complementary chemical imaging
techniques applied to one and the same sample. This technique offers information for
sample characterization that is not accessible by a single technique or a side-by-side analysis.
The implementation of multisensor image analysis in the software package Imagelab (Epina,
Austria) allows a user friendly execution of this new way of data analysis. It allows import,
data fusion and chemometric analysis of arbitrary hyperspectral datasets.

To analyze the different spectral images of the same sample, the corresponding single
datacubes have to be fused to an overall multisensor hyperspectral dataset. This procedure

is discussed elsewhere in detail. ®%8

First, individual datasets should be separately aligned to
the same reference image (visible light microscopic image). Then common (anchor) points
are defined on the distinct areas of a reference image and a voxel image. Precisely defined
anchor points facilitate an accurate alignment of data sets. Using the defined anchor points a
dataset is aligned via a linear affine transformation (automatically performed in the
Imagelab software package). Secondly, the aligned datasets have to be merged. Finally, a

new hyperspectral cube is created which consists of appended voxels of different data sets.

Spectral descriptors concept

Multisensor image analysis allows the multivariate interpretation of the data. The raw data
is replaced with so called spectral descriptors (SPDCs) % that extract meaningful information
from the data. SPDCs solve the problem of the curse of dimensionality in multidimentional
datasets and structure the data. Analysis by means of SPDCs facilitates an improved
statistical analysis and faster calculations.

Depending on the type of spectral data different types of SPDCs can be introduced. For FTIR

spectroscopic image analysis of biological samples commonly used SPDCs related to peak
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intensities, peak areas; peak or bands ratios. These can also be calculated from first or
second derivatives of the original data. Figure 1.5.4 illustrates the definition of the types of
SPDCsused for the multivariate analysis of IR-spectra in this thesis.
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Figure 1.5.4. The types SPDCs used for the analysis in this thesis. A — band area with
subtracted baseline, B — band ratios, C — peak ratios, D — peak intensity. Adapted from the
Imagelab software.

SPDCs describing changes in band intensities, band ratios (Figure 1.5.4 A-C) and are used to
describe changes FTIR spectra of biological samples. SPDCs describing changes in MS spectra
are rather simple — peak intensity (Figure 1.5.4D). The choice of the analysed bands and the
set of SPDCs are defined according to the spectral properties of a particular sample (for
examples see publications Il and Ill).

SPDCs can be used both for univariate und multivariate analysis. For univatiate analysis a
SPDC is applied to the dataset and a false color chemical image is generated. In multivariate
analysis several SPDCs are used for data analysis. In case of multisensor analysis the number
of variables will be equal to the sum of SPDCs selected from the combined techniques.

Hierarchical cluster analysis of PCA loadings

Hierarchical cluster analysis of PCA loadings (HCA of the PCA loadings) is a method that
allows visualizing and determination of the correlated variables. HCA of the selected
eigenvector loadings of the PCA can be calculated in defined m-dimensional space, where m
is the number of the selected PCs. Figure 1.5.5 illustrates the principle of HCA of the PCA
loadings.
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Figure 1.5.5. Hierarchical cluster analysis of the PCA loadings. Reproduced from permission
Balbekova et al.*

The correlation of variables is demonstrated by the related dendrogram. Horizontal lines on
the dendrogram show the similarity between the SPDCs expressed in the Euclidian distance
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between them in the loadings of the PCs space. Small values of Euclidian distance are related
to high correlation between SPDCs and vice versa.

This'method'is ‘useful when applied to the multisensor image analysis for identification of
chemical compounds and correlation in spatial distribution of the different components.
This approach was applied for the combined analysis when different datasets were merged

and analysed (Publication Il).
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1.6. State of the art biomedical applications and challenges of mid-IR
spectroscopic imaging

In this.sub-chapter we discuss current trends and achievements in far- and near- field mid-IR
spectroscopicimaging in the context of biological samples.

FTIR spectroscopic imaging

Since decades FTIR spectroscopic imaging has been applied to discriminate biochemically
different regions in thin tissue sections and has demonstrated its potential in
histopathological diagnosis. Results of FTIR imaging of histological tissue sections have been
compared with standard imaging approaches based on Hematoxylin and Erosin (HE)
histological staining.gl'gl_93

FTIR imaging found applications in identification and characterization of various biochemical
processes, related to biomedical research, such as pathological changes in brain tissues™,

99 35 well as identification of tumor and non-tumor tissues’”°. In the

tumor malignancy
following relevant work in the field of brain imaging and imaging involved in tumor research
are given.

Changes in brains occurred during the development of glioma tumors were studied by
Ambharref et al.” Tumors were successfully discriminated from healthy tissues with the help
of multivariate statistical analysis. The results demonstrated good agreement with
histological staining results and additionally it was shown that FTIR imaging allowed early
detection of pathological changes in tissue. Further, FTIR imaging was used to study changes
in brain after implantation and development of glioma tumor. The study suggested using
FTIR imaging for differentiation and classification of tumors based on collagen content.
Various tissue types (healthy brain, solid and diffuse tumor) were classified according to the
collagen content and protein secondary structure profile by means of multivariate statistical

analysis. 100

Petibois et al. demonstrated accurate discrimination between healthy and
cerebral tumor areas by means of FTIR spectral imaging. FTIR spectroscopy identified
several cancer markers based on molecules (carbohydrates, lipids, proteins) and molecular
structure information of protein secondary structure and fatty acyl chain peroxidation
level.**

D'inca et al.'®

used FTIR microspectroscopy to study tumor viability for evaluation of
anticancer therapy of a model organism (rabbit). The treated liver tumors were
automatically characterized and quantified by means of k-means clustering followed by
principal component analysis (PCA) and linear discriminant analysis (LDA). Using the k-means
clustering of control or treated tumors a database of different tissue FTIR spectra was
created. Using this reference library, the PCA-LDA predictive models were built. Using those
models tumor viability on unknown tissue sections could be identified and quantified
automatically. The results of this quantification agreed well with the related results of

histological staining.
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A similar approach was performed Gazi et al..’® The authors assessed the grade and stage of
prostate cancer histological samples by FTIR microspectroscopy combined with LDA. The
performance of the developed diagnostic classifier demonstrated 80% agreement of FTIR-
LDA"grade to histology. Those authors also adopted Time-of-Flight Secondary lon Mass
Spectrometry. (TOF-SIMS) imaging of prostate cancer cells, however no combined
(multisensor) analysis was performed.

Wald et al. investigated histological samples of patients with the non-metastatic and
metastatic melanoma cells. The samples were imaged with FTIR spectroscopy and analysed
using multivariate analysis. According to the results different cell types were discriminated
by IR spectral features that are unique for every type of the cells. Automated identification
of the cells was obtained using a supervised PLS-DA model. The results of this analysis
proofed to be similar in sensitivity and specificity as immunohistochemistry.'%?

PTIR spectroscopic imaging
Baldassarre et al. demonstrated a linear dependence of the PTIR signal on the sample
thickness using a polymer as a model sample. This dependence correlates with the
theoretical model that describes thermal expansion of the sample below the scanning probe.
The authors also demonstrated protein distribution in single mammalian cells via mapping of
the PTIR signal at 1660 cm™ related to the amide | band. Further, in this study they
investigated E. coli bacteria containing expressed proteins as inclusion bodies (IBs). In E. Coli
bacteria with IBs topographical changes were observed and those changes correlated well
with the strength of the amide I signal.?
Amenabar et al. presented work where mapping of individual protein complexes with 30 nm
lateral resolution was performed by the sSSNOM technique. This work demonstrated spectra
of a virus, ferritin complexes, purple membranes and insulin aggregates in the spectral range
of the amide | and Il bands. Those samples were interpreted in terms of their protein
secondary structure.'®
Giliberti et al. used the PTIR technique to map the spatial distribution of proteins in Hela
cells which were exposed to oxidative stress. The results indicated that due to stress protein
clustering occurred within cytoplasm, as the nuclei region provided a weaker amide | signal
than the cytoplasm.
Statistical analysis of the protein distribution showed that the probability to find protein
clusters in the cytoplasm of the stressed cells is higher than in the control cells.*
Ruggeri et al. characterized aggregation of individual Josephin amyloids (insoluble protein
fibril aggregates) at the nanoscale. Through the conformational changes in proteins the
oligomeric and fibrillar species produced during the amyloid aggregation were
differentiated. The results suggested that the mechanism of aggregation starts with the
monomer leading native structured spheroidal intermediates. These intermediates evolved
into misfolded aggregates and into the final fibrils. >
Recently Jin et al. applied the PTIR technique to image a PMMA polymer immersed in heavy
water. The authors reported that the employed technique preserves sensitivity and spatial
resolution. The suggested method overcomes challenges caused by water absorption and
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scattering, as well as mechanical damping of cantilever vibrations. The authors
demonstrated spectroscopy and imaging of a 20 to 50 nm thick polymer with a 25-nm spatial
resolution in‘theamide | and Il spectral regions.107

Berweger et al. performed spectral imaging of a dried purple membrane (a part of
cytoplasmic membrane in microorganisms) with infrared sSSNOM nanoscoscopy. Imaging was
performed using near-field spectral phase contrast based on the Amide | band. According to
the results the protein distribution was imaged with 20 nm spatial resolution.*®®

Kennedy et al. quantified biochemical heterogeneity in human epithelial cancer cells using
the PTIR technique. The PTIR chemical and topographic images were combined to enhance
the image clarity thus localizing the nucleus. Further, the combined topographic analysis
gave insight into chemical heterogeneity of mammalian cancer cells at the nanoscale.'®
Amenabar et al. for the first time demonstrated hyperspectral infrared nanoimaging with a
tunable bandwidth-limited laser continuum by means of sSSNOM. Hyperspectral IR mages
consisting of around 5,000 pixel, each pixel containing a spectrum in the range from 1,000 to
1,900 cm® were registered in less than 8 hours. A polymer blend and a melanin granule in a
human hair cross-section were imaged with a spatial resolution around 30 nm and
multivariate data analysis was applied.*°

It was previously reported in literature that IR spectroscopy is capable of discrimination
between viable and apoptotic cells, but imaging of individual apoptotic cells was not
performed so far. By producing high-resolution images of biological systems PTIR technique
could potentially facilitate a deeper understanding of the different processes occuring during
cellular death.

Combined image analysis

Combined data analysis can be carried out in different ways. Often data from a given
technique is analysed and then only the obtained images are compared. In multimodal or
multisensor analysis attempts are made to merge the data from the different techniques
prior to chemometrical (multivariate) analysis. Often the wording multimodal analysis is
used in this respect. As very often such analysis concerns the use of different modalities of a
given technique (IR and Raman as modalities of vibrational spectroscopy) the concept of
multisensory imaging was introduced, too. Multisensor imaging refers to the use of imaging
techniques providing different information (elemental vs molecular).

Perez-Guaita et al. merged FTIR and Raman imaging data by adjusting the same spatial
resolution. The authors investigated red blood cells and a desmid microalgal species. The
combination of the two techniques provided complementary information not evident in the
analysis of the individual images. The assignment of some FTIR bands was only possible by
correlating with the Raman spectra. Additionally, the correlation of the Raman and FTIR
spectra was defined by statistical heterospectroscopy. This method allowed the assignment
of overlapping lipid and carbohydrate bands. ***

Lasch et al. introduced two-dimensional correlation spectroscopy for joint analysis of

hyperspectral data acquired from hamster brain tissue using FTIR microspectroscopy, Raman
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microspectroscopy and matrix-assisted laser desorption ionization time-of-flight mass
spectrometry. Such hyperspectral image analysis also allowed additional spectral band

. 2
a55|gnments.ll

1.1 The authors also

Combined multivariate analysis was demonstrated by Ofner et a
analysed tumor cells via different imaging methods (Raman spectroscopy, secondary ion
mass spectrometry and energy dispersive X-ray spectroscopy) and found statistical
correlation between spatial distribution of chemical elements and molecules. Such
multisensor (combined) analysis is a universal approach as it is possible to combine different
imaging techniques. The combined multivariate analysis using FTIR and LA-ICP-MS imaging

data was however not shown before.
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Chapter.2

1. Materials and methods

This chapter describes sample preparation, provides details and parameters of the
measurements as well as information on data processing steps that were performed
throughout the work.

2.1. Sample preparation

The analysed substances (samples) were deposited either on CaF, (Sigma Aldrich), silicon
wafers (CrysTec GmbH, Germany) (for FTIR measurements), or glass slides coated with a few
micrometrs gold layer (for PTIR measurements). Prior to sample deposition, substrates were
cleaned through successive rinsing in acetone, ethanol and ultrapure Milli-Q water.

Poly-L-lysine thin film

Poly-L-lysine (PLL) hydrobromide Molecular weight 15.000-30.000 (Sigma Aldrich) films were
prepared using spin-coating. An aqueous solution of PLL with concentration 4.6 % (w/v) was
casted (3 pl) at the spinning CaF, substrate with a rotation speed of 1500 rpm. The rotation
time was set to 1 minute. Afterwards, the sample film was dried under ambient conditions
for several hours.

Polystyrene thin films

Polystyrene (PS) purity ~280kDa, Molecular weight ~280,000 was purchased from Sigma
Aldrich. PS thin films were prepared by spin-coating. One drop (3ul) of a PS solution in
toluene (0.4 % w/v) was casted at a spinning substrate (CaF, or gold) with a rotation speed
of 1500 rpm. The rotation time was set to 1 minute. Eventually the substrate was dried
under ambient conditions. The thickness of the film was characterized by AFM after a part of
the polymer film was removed from the substrate by a slight scratch of a toothpick stick.

Bacteria with inclusion bodies
Recombinant protein (horseradish peroxidase, HRP) was produced in a host organism -
Escherichia coli (E. coli) in the group of Prof. Herwig (TU Wien, Institute for biotechnology). In

114 Further, control

this process, HRP is produced in cytoplasmic inclusion bodies (IBs)
samples (E. coli bacteria without IBs) were cultivated. Prior to analysis, the bacteria were
washed in 0.9% NaCl aqueous solution and the culture medium was removed by
centrifugation at 1000 revolutions per minute. Afterwards, the obtained bacteria pellets of
IB-samples and control) were spotted on CaF, and gold substrates and dried over three

hours under ambient conditions.

HAP1 cell lines
HAP1 cell cultures (kindly provided by Prof. Rothender, Max F. Perutz Laboratories, Vienna)

were harvested on gold and CaF, substrates, washed with 0.9% NaCl solution in ultrapure
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Milli-Q water and dried under ambient conditions. Two groups of cells were produced: cells
incubated-with Puromycin during 24 hours and control cells, which were not treated with
the drug. Fluorescence-activated cell sorting (FACS) flow cytometry confirmed that in the
driig'treated cells apoptosis was induced.

Tumor thin sections

A group of 8-week-old female Balb/C mice (National Oncology Institute, Budapest) were
injected subcutaneously with the tumor cells (C26 mouse colon adenocarcinoma
(Eppelheim, Germany)). The mice were treated with Sunitinib (LC Laboratories, USA) for 7
days after tumor cell injection. The treatment was performed orally with a feeding tube once
daily (during 11 and 17 days) at a dose of 80 mg/kg. With the last dosage of Sunitinib, the
mice received also cisplatin (Accord Healthcare, GB) intraperitoneally at a dose of 10 mg/kg.
Three hours after the last treatment, the mice were sacrificed. Tumors were extracted from
the animals and snap frozen by submerging the tissues into dry-ice cooled isopentane.
Cryo-cut sections of tumor tissue with thicknesses of 10 um were deposited on silicon wafers
(CrysTec GmbH, Germany). Silicon substrates were surface modified with (3-aminopropyl)-
triethoxysilane in order to optimize adhesion of the tissue section.

Ischemic rat brains thin sections

Photothrombotic stroke was induced in 11-week old male adult Sprague Dawley rats

115 The stroke was located in

(Charles River, Germany) according to the common protocols.
the right sensorimotor cortex. One week after the stroke, the rats were sacrificed. Their
brains were extracted, embedded in paraffin and sectioned with a microtome. The
investigated samples — coronal thin sections (thickness: 5 um) — were taken at different
regions (distances from bregma): bregma-0.2 mm (sample 1) and bregma -0.8 mm (sample
2). The samples were deposited on IR-reflecting glass substrates (Kevley Technologies, USA).

The tissue sections were deparaffinized using xylene and isopropanol (95%)*™>.

2.2. FTIR spectroscopy and spectroscopic imaging

FTIR measurements were performed using a Bruker Hyperion 3000 microscope equipped
with a liquid nitrogen cooled single-point MCT and MCT-FPA detector (64x64 pixels) which is
connected to a Bruker Tensor 37 FTIR spectrometer. For FTIR microscopy measurements in
transmission and reflection, a 15x Cassegrain objective with a numerical aperture of 0.4 was
used. Details of spectroscopic imaging of tumor samples are given in Publication Il. Spectra
were recorded in transmission mode in the range of 3850 to 900 cm™ (2.6 to 11 um) with 4
cm spectral resolution. Depending on the sample characteristics, 64 or 128 scans were
averaged to obtain one single beam spectrum. The influence of atmospheric water vapor on
the spectra was minimized by purging the system with dry air. Background spectra were
acquired of the pure substrate by coadding 128 scans. For data analysis the software
package OPUS 7.2 (Bruker, Ettlingen, Germany) was used.
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2.3. PTIR spectroscopy and spectroscopic imaging

Experimental setup.1

The working principle of the setup based on the resonance enhanced PTIR technique is
similar to the one described in chapter 1.1. As depicted in Figure 2.1, a Daylight Solutions EC-
QCL-with-a-peak-power of approx. 800 mW and a tuning range of 1720 — 1565 cm™ was
employed as a light source. As a scanning probe microscope, an Agilent 5400 AFM was
employed. Through an optical system consisting of multiple gold mirrors, the laser beam was
directed from the laser to the AFM sample stage below the AFM cantilever at an incident
angle of approx. 77°. A beam expander was inserted into the optical system to reduce the
divergence of the beam upon the oblique incidence. The beam expander was built of two
different parabolic mirrors (2" and 6" reflected focal length). Finally, the IR beam was
focused on the sample using an off-axis parabolic mirror. Three linear translation stages
were used to change the position of the focused laser spot on the sample in three
dimensions independently. The sketch of the setup is displayed in Figure 2.1.

Beam Expander
3D Stage

EC-QCL

Figure 2.1. Sketch of the optical setup used PTIR measurements. The IR laser beam is shown
in red. Reproduced from permission Ramer et al. **°.

The instrument was set up in a housing consisting of polyethylene foil which was flushed
with dry air to reduce the influence of water vapor on the laser intensity. Further, the setup
was placed onto a vibration isolation table to reduce the mechanical noise during the
measurements.

In this work, AFM cantilevers with overall gold coating (Budget sensors, ContGB-G,
resonance frequency 13 kHz and force constant 0.2 N/m) were used. Gold coating excludes
absorption of laser light in the AFM cantilever and facilitates enhancement of the localized
electric field.

The PTIR signal was split from the detected AFM deflection signal (caused by changes in
topography) by means of the lock-in amplifier that is incorporated in the AFM electronics. To
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achieve that, a sophisticated electronics setup (consisting of the AFM-MAC Ill box and an

analog digital’converter)'®

was developed. These electronics allowed triggering the EC-QCL
emission at’ a particular frequency corresponding to the frequency of the lock-in amplifier.
Thus, the PTIR signal encoded at a particular frequency was filtered from the AFM lock-in
signal.

In order to achieve the highest signal in resonance enhanced PTIR spectroscopy, the laser
repetition rate has to be repeatedly readjusted to the contact resonance (mechanical
resonance) of the cantilever. In the experimental setup 1, this readjustment was performed
as follows. First, the amplitude of the cantilever deflection was recorded for a range of
frequencies (repetition rates) close to the expected position of the contact resonance. Then,
the repetition rate was defined according to the maximum amplitude and was used for the
subsequent measurements.

The time-resolved measurements were performed using the experimental setup 1. In this
experiment, the frequency of the contact resonance was very unstable due to the
temperature changes; the repetition rate was defined prior to recording of each spectrum.

For more detailed description of the setup see Publication I*°.

Experimental setup 2

In the experimental setup 2, the light source was replaced with another EC-QCL (MIRcat,
Daylight Solutions). The MIRcat contains four laser chips that emit at tuning ranges of 889—
1766 cm™ and 27702932 cm™. The laser power spectrum is given in Figure 2.2.
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Figure 2.2. EC-QCL MIRcat laser power spectrum.

In the PTIR setup 2, the same AFM was used as in the experimental setup 1. The optical
setup was slightly modified. The focusing parabolic mirror was replaced and the beam
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expander was removed. Furthermore, the angle of the incident light was set to 65°.
Additionally, there was implemented an electronic controller that allows resonance tracking
by means of ‘automated adjustment of the laser repetition rate according to the position of
the 'mechanical resonance of the cantilever. This adjustment can be achieved during the
measurement, which was not possible in the setup 1.

The realized resonance tracking system works as follows. First, the repetition rate of the
laser is swept close to the resonance frequency (across several tens of kilohertz).
Throughout this frequency sweep, the cantilever deflection amplitude related to each
frequency is recorded. Finally, the maximum amplitude is sent to the controller. Thus, for
each frequency sweep the maximum amplitude is recorded and exported via a digital analog
converter.

For the resonance frequency tracking routine, the following input settings are required:
frequency step size, frequency starting point, sweep speed, sweep direction. The detailed

description of the working principle of controller electronics is given in refs>**>.

Experimental parameters

For PTIR measurements with experimental setup 2, the following experimental parameters
were used. The PTIR measurements were performed after that the AFM tip was set in
contact with a sample. | and P gain parameters that determine how quickly the feedback
system reacts to changes in deflection were both set to 2%. PTIR chemical imaging was
performed at a resolution of 128 points per line with a speed of 0.1-0.5 lines per second
(In/s), depending on the size of the scanned area. In order to adjust to the resonance
frequency, the following command was used in the custom made controller system:

120E6/start_sweep(fstarts fenda> T t)

where fgqrr and f ¢ng are denoted in Hz, n is the number of the steps and t describes the time
between steps. fsor and fons were adjusted according to the position of the contact
resonance; n was varying from 100 to 250 depending on the frequency range; t was varied
from 4 to 12 depending on the type of measurement: fast (spectroscopic measurements)
and slow (chemical mapping). For fast measurements, t was set to low values, and vice
versa.

A series of PTIR spectra (five subsequent spectra) were recorded at each position. The
acquired spectra were averaged and the standard deviation was calculated. Calculations
were performed in Matlab (2013b) using a custom-written code.

2.4. LA-ICP-MS imaging

Laser ablation-inductively coupled plasma-mass spectrometry (LA-ICP-MS) is an analytical
technique that allows detection of trace elements in a sample through the decomposition of
molecules into respective atoms and detection of their masses. LA-ICP-MS uses a pulsed
laser that is focused on the sample. The sample material vaporizes upon laser ablation. The
resultant vapour (transferred through a gas stream) is ionized by means of high temperature

plasma. The ionized atoms of the sample are detected by a mass spectrometer. The high
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sensitivity (below pg g’ level for metallic analytes) of LA-ICP-MS allows investigations of
trace elementsin biological tissues.

Insthis-work, LAICP=MS was used for microscopic imaging of tumor and ischemic brain thin
sections. For LA-ICP-MS measurements, a laser ablation system (New Wave 213, ESI,
Fremont, CA) equipped with a frequency quintupled Nd:YAG laser and a fast-washout
ablation cell was used. The laser ablation system was connected to a quadrupole ICP-MS
system (iCAPQc, ThermoFisher Scientific, Germany) through a polytetrafluoroethylene
tubing. Helium was used as ablation gas. The following isotopes were monitored: **C, > Na,
24Mg, stg’ 31P, 345’ 39K, SSMn, 56Fe’ 57Fe, 58Ni' GONi, 63Cu' 64Zn’ 65Cu' 662n' 194Pt, 195Pt, 1970,
Prior to measurements, a thin gold layer (few nm) was sputtered on the samples, which is
used as a pseudo-internal standard. The whole sample tissue was scanned in a rectangular
pattern. The laser power was set accordingly to ablate the complete tissue material in order
to quantify the elemental concentrations accurately. The concentrations of trace elements
were defined from the gold-normalized signal intensities that were calibrated using an
external standard (dried droplet) as reported earlier.'”” Further details of the LA-ICP-MS
measurements are given in publications Il and III.

2.5. Data processing

FTIR spectra

The FTIR microscopic spectra of E. Coli bacteria were normalized to the symmetric
phosphate band area (1080 cm™) in order to account for possible differences in thickness of
the samples, assuming that in every bacterium the same amount of nucleic acids is present.
The spectra of individual cells and tumor thin sections were normalized to the amide Il band
(1530 cm™) to account for possible differences in sample thickness, assuming that in every
cell there is the same amount of proteins. If necessary, FTIR spectra were baseline corrected
(linear baseline). For each sample at least five FTIR spectra were recorded. The acquired
spectra were averaged and the standard deviation was calculated. Calculations were
performed in Matlab (2013b) using custom-written code.

PTIR spectra

For every measurement a consequent five spectra were taken and averaged. Analogously
For every PTIR measurement, a sequence of five spectra were taken and averaged.
Analogously, five spectra were acquired at a substrate region where no absorbing sample is
present i.e. clean gold surface as a reference. Since gold does not have absorption in mid-IR
region, the PTIR spectrum of gold is expected to be similar to the incident laser power
spectrum. Then, as was outlined before, according to equation 1.27, in order to obtain the
PTIR spectrum, the recorded PTIR signal at the sample position is normalized (divided) to the
background signal. The normalization scheme is depicted in figure 2.3.
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Figure 2.3. PTIR spectra background correction (normalization) workflow.

The standard deviation was calculated from the acquired spectra. Calculations were
performed in Matlab (2013b) using a custom-written code.

The normalized PTIR spectra and their standard deviations were imported in the OriginPro
software and processed. In particular, PTIR spectra were smoothed using Savitzky-Golay
filtering (polynomial degree 2, 150 points window) or with FFT (150 points). For the spectral
analysis of the amide | band, PTIR and FTIR spectra were normalized to the maximum.

For evaluation of the changes in spectral band intensities (mid-term stability of the AFM tips;
bacteria IBs), bands of interest were integrated in Matlab (2013b) using custom-written
code.

The percentage of proteins (IBs) in bacteria was determined as follows. In the FTIR spectra,
the ratios between the integrated amide | band for IBs bacteria and control bacteria were
calculated. In the PTIR spectra, the related ratio was obtained from the normalized
absorption PTIR signal at 1657 cm™ and the corresponding topography value.

AFM topographic and PTIR chemical maps were further processed in the Gwyddion software
package. Typical slopes of topographical images were corrected using the “three point level”
tool. Small spikes (pixel-sized) in PTIR images were masked manually using the “interpolation
of small defects” tool.

The final graphical design of the figures was performed in the GIMP software.
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Chapter.3

Hl: Results and discussion

In this chapter we demonstrate and discuss the major results achieved in the scope of this
doctoral project.

3.1. Time resolved PTIR spectroscopy

Introduction to the publication |
Method for time-resolved monitoring of a solid state biological film using photothermal
infrared nanoscopy on the example of poly-L-lysine

Georg Ramer, Anna Balbekova, Andreas Schwaighofer, Bernhard LendlI.
Analytical Chemistry, 2015, 87(8): 4415-4420. DOI: 10.1021/acs.analchem.5b00241

In this paper we demonstrate the feasibility of the PTIR technique for time-resolved
measurements across a range of more than 100 wavenumbers. We demonstrate that by
detecting conformational changes in polypeptide (PLL) thin film. In particular, we follow the
amide | band maximum that shifts depending on the secondary structure (e.g. a-helix, B-
sheet) of the polypeptide. We induce those structural transformations by changing the
degree of hydration of the polymer film.

Samples were prepared by spin-coating. A drop of an aqueous solution of PLL was casted on
a spinning CaF, substrate. The chosen substrate allowed, firstly, to change the temperature
of the sample (due to its high thermal conductivity), and secondly, to record the reference
far-field (FTIR) spectra from the very same sample in transmission mode using a FTIR
microscope. The transfer from B-sheet to a-helix was triggered by changing the degree of
the sample hydration. The degree of hydration was adjusted by slowly changing the
temperature of the sample.

During the measurements the sample was constantly purged with a stream of dry air
enriched with D,0 vapor. We used D,0 vapor instead of H,O since the absorption of the
DOD deformation band (1280 cm'l) does not interfere with the spectrum of the Amide |
band in contrast to the H,O molecule (1640 cm™).

The setup was constructed as described previously (see Chapter 2).

The cantilever was placed at the sample and then the QCL was tuned across its wavelength
range while the temperature was changed. Before acquisition of a spectrum the lock-in
amplifier has to be re-tuned to the current resonance frequency because the temperature
changes caused alterations in the mechanical properties of the sample leading to a shift of
the contact resonance frequency. For that prior to each measurement a resonance curve
was recorded, the value of the resonance frequency corresponding to the maximum of this
curve was set to the laser repetition rate.
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The acquired PTIR spectra are in good agreement with the related FTIR spectra. The
acquisitionspeed is 15 s per spectrum. Most of the time (13.5 s) is required for retuning the
lock=irr amplifier: By improving the tuning procedure it would be possible to achieve faster

scantling rates.
3.2. PTIR system characterization

PTIR system performance

We follow the performance of the custom made PTIR system while measuring a polystyrene
(PS) thin film. We use FTIR spectroscopy as a reference technique for evaluation of the
performance of the PTIR system. The sample was formed by spin coating on gold and CaF,
substrates (see Chapter 2). PTIR spectra were acquired with a new AFM tip. Figure 3.2.1
display spectra of the PS film.
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Figure 3.2.1. PTIR and FTIR spectra of 60 nm PS film recorded at different spectral regions by
different QCL chips in Mircat laser: QCL 1 (A), QCL 2 (B), QCL 3(C) and QCL 4 (D).

We divide the recorded PTIR spectra from PS to the PTIR signal acquired at a clean gold
surface (see Chapter 2). Such normalization to the laser power allows us to correct PTIR
spectra for the laser power. Since the laser source consists of four lasers, an acquired PTIR
spectrum consists also of four spectra that cover a wide spectral range. Each laser has a
different laser power spectrum and emits laser pulses with different intensity. Due to the
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difference in the laser power the signal to noise ratio in the related PTIR spectra is different.
In particular, 2 PTIR spectrum is recorded using the QCL with a lower intensity would be
noisier; then'the one recorded with a higher laser power (compare Figure 2.2 and 3.2.1). The
best'signal to noise ratio is observed for QCL 2 and 3 (Figures 3.2.1 B and 3.2.1 C).

From the one side, PTIR spectra of PS demonstrate a good agreement with the related FTIR
spectra when the laser intensity is decent (Figure 3.2.1). From the other side, we observe a
mismatch with FTIR spectra in the spectral regions with the lowest laser power, i.e. 2940-
2880 cm™ (Figure 3.2.1 A, QCL 1) and 1200-1045 cm™ (Figure 3.2.1 D, QCL 4). In the spectral
region of the QCL2 (Figure 3.2.1 B) we observe a strong band with a maximum around 1260
cm™. In this spectral region PS does not have absorption bands. We relate this band to the
symmetrical deformation J4(Si-CH3) in Polydimethylsiloxane (PDMS). Contamination of

commercial AFM tips with PDMS was reported previously**®

and explained by the usage of
this polymer in packaging materials used for shipping AFM probes. Another reason for this
band could be the presence of a thin layer of silicon oxide between the tip material and the
gold coating. If the thickness of the gold layer (in our experiment around 70 nm) is not large
enough, then the enhanced EM field around the tip will penetrate through the gold material
and will be absorbed by the tip material. Typically the distance over that the EM field totally
decays in a metal is about three skin depths'*® (around 90 nm). If the EM is not shielded by
the metal and absorption occurs, then the AFM tip material itself can be detected by PTIR.
However, the related phonon absorption120 band of Silicon oxide is expected to appear much
broader*?! than is observed in our experiments. Based on these considerations we conclude
that the band is related to PDMS. In the further investigations we call this band as “silicon

band” since it is attributed to silicon.

AFM tip stability
The PTIR technique is capable of qualitative and quantitative material characterization'?.
For that the PTIR system needs to deliver reliable and reproducible results. The stability of
the system depends mainly on the stability of its key elements: mid-IR laser (power stability
and pointing stability), AFM and an AFM probe (tip). Additionally, the performance of the
system strongly depends on the method of the PTIR signal detection (see chapter 1.3).
Besides that, the stability of measurements is influenced by the external factors such as
mechanical vibrations and atmospheric factors (e.g. water vapor).
The performance of the mid-IR laser, used in this work, was characterized previously.35 We
used a resonance tracking method that allows automatic adjustment to changes in the
contact resonance. This facilitated an improved performance of the system35. However, so
far the aging of AFM probes during the measurements was not considered. In this project we
investigate for the first time the influence of the AFM probe stability on the performance of
the PTIR system.
A degraded (aged or contaminated) AFM tip might significantly reduce the sensitivity of the
PTIR measurements. Since the reduced or vanished PTIR signal leads to false quantitative
analysis or poor quality chemical images. It is important to define when the probe starts
degrading. When it comes to an investigation of an unknown sample it is difficult to
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distinguish whether the PTIR signal is small due to the low absorption in the sample (low
concentration of an analyte) or due to the degraded tip.

We investigated-the tip performance while measuring a standard polymer sample with
Known properties. In addition we studied AFM tip degradation while measuring biological
samples. We support our findings by characterizing “new” and “used” tips with SEM and EDX
spectroscopy.

Stability of AFM probe during prolonged PTIR measurements

We investigate the AFM tip performance while measuring the standard polymer sample with
known properties. The standard is a flat homogeneous polystyrene (PS) thin film (60 nm)
prepared on a gold substrate via spin coating. While keeping the parameters of the PTIR
measurement (e.g. gain, setpoint, amplification, etc.) constant, we follow the integrated
band intensities over time (number of measurements). From these measurements we
conclude on the tip stability. We follow the most prominent bands in IR spectrum of PS
related to: v(C=C) vibration (with maximum around 1600 cm™) and &(CH) vibration (with
maximum around 1452 cm™). A “working” (not degraded) AFM tip is expected to provide
bands with constant intensities.

We evaluate the degradation of the AFM tip during eight hours of non-stop (prolonged)
measurements while acquiring PTIR spectra of the PS film always at the same point. During
the prolonged measurement about 50 spectra and three chemical images (5 umz, 218 points
per line) were recorded every hour. We observe no significant differences in all band
intensities. The plotted values of integrated band areas (baseline subtracted) vs the number
of acquired measurements are given at the Figure 3.1.2.

65



~[]- Silicon band at gold

—[]- silicon band at PS
= —[]- Polstyrene band 1600 cm'
Polystyrene band at 1495 cm”

0.00657

|
0.00GOT n T\Il]

0.0055 | |

- 0.14

- 0.12

it
J

Integrated band intensity, a.u.

0.00507] . 0.10

0.00457] |

| 0.08
0.00407

Integrated band intensity, a.u.

0.00357 g; J] . 0.06
1 1 ———
0.0030 | | ! l\\g\-——‘é
1 . 0.04
0.0025-; ?‘“‘—“%—*‘ {\%‘
o 100 300 300 w0

number of measurements

Figure 3.2.2. Integrated band intensities PTIR spectra of a PS thin film recorded with the
same AFM probe at different number of measurements. Error bars — two standard
deviations.

The PTIR band intensities of PS and the silicon band intensity (at the PS sample and at a
clean gold substrate) acquired after the prolonged measurements possess alike intensities
(Figure 3.2.2). Thus, we suppose that after the prolonged measurement of a polymer film
using a single AFM tip a stable PTIR signal can be expected.

Performance of AFM tips after measuring biological samples

We evaluate the performance of AFM tips that were used for PTIR measurements of a
biological sample. We acquire PTIR spectra of the PS thin film after several PTIR
measurements of a single E. Coli (about 100 spectra and 10 chemical images). Figure 3.2.3
shows the plotted PTIR spectra that were acquired using the same AFM tip after the
prolonged measurements of the PS film after several measurements of the bacteria.
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Figure 3.2.3. PTIR spectra of a PS thin film using a new AFM tip, a tip after the prolonged
measurements of PS, a tip after several measurements of biological sample; of different
spectral regions: a spectral region with the PS related bands (A) and a spectral region with
the Silicon band (B).

The PTIR spectra were normalized to the PTIR spectrum recorded on a clean gold substrate.
The band intensities of the PS standard acquired after measurements of a single bacterium
are notably decreased compared with those acquired after the prolonged measurements of
the PS film. The band with maximum around 1600 cm™ almost disappeared and other bands
are notably faded (Figure 3.2.3 A). The intensity of the silicon band decreased as well (Figure
3.2.3 B).

We explain the decrease in PTIR signal intensities by contamination of the tip during bacteria
measurement. During AFM measurements of soft samples (such as biological samples) in
contact mode a part of the sample could easily stick to the AFM tip. That could lead to a
decrease of the lightning rod effect and a loss in the enhancement of the electromagnetic
field. Decreased enhancement leads to a lower field intensity, therefore less absorption of
the material is detected. The contamination of the AFM tip explains the decrease in the
silicon band intensity in PTIR spectra recorded on the gold substrate after bacteria
measurement as well (Figure 3.2.4).
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Figure 3.2.4. PTIR spectra of a clean gold substrate before and after measurements of an E.
Coli bacterium.

The intensity of the silicon band recorded at the gold substrate is lower than the intensity of
this band in PTIR spectra of a PS film. We explain this effect by the different thermal
conductivity of the materials (metal and polymer). We observe the qualitative correlation
between the AFM tip aging and changes in PTIR band intensities of PS and the silicon band.
Thus, the intensity of those bands can be used in determination of the AFM tip aging. The
performance of an AFM tip and its aging can be estimated by evaluating the band intensities
of the standard sample (PS) or can be directly monitored on the gold surface (the area out of
the sample).

Characterization of AFM tips with scanning electron microscopy and energy dispersive X-
ray spectroscopy

In order to characterize morphological changes in AFM tips occurring after PTIR
measurements new AFM probes as well as probes utilized in the measurements were
investigated with scanning electron microscopy (SEM) and energy dispersive X-ray (EDX)
spectroscopy. SEM images and EDX spectra were obtained using Quanta 200 (FEI, USA)
scanning electron microscope coupled to Genesis (EDAX, USA) energy dispersive
spectrometer. In figure 3.2.5 SEM images of a new AFM tip are given.
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Figure 3.2.5. SEM image of the new AFM tip (A) and its magnified part (B) utilized in PTIR
measurements.

The SEM image shows that the AFM tip has a pyramidal shape which is in line with the
specifications (Figure 3.2.5). SEM images of a new tip were compared to the SEM images of
the probes which had been used in PTIR measurements (Figures 3.2.6).
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sion of this thesis is

Figure 3.2.6. SEM images of a new AFM tip (A), after PS measurements (B), after mammalian
cells measurement (C) and after bacteria measurement (D).

SEM images of the new AFM tip (Figure 3.2.6 A) and the tip used in PTIR measurements of
the PS thin film (Figure 3.2.6 B) do not differ visually. It is in line with the PTIR results, where
no distinguishable degradation of the signal was observed during prolonged measurements
of PS. Unlike the “PS probe”, on the top of the probes utilized in PTIR measurements of
biological samples small contaminations can be observed (a larger contamination is
observed after measurements of mammalian cells). This contamination might occur after
contact of an AFM probe with a soft sample. A contaminated tip might be a reason for the
decreased sensitivity of the system, as was previously demonstrated by PTIR spectroscopic
measurements.

EDX spectra taken at the top of the AFM tips (new and contaminated after measurement of
a bacterium) are given at the Figures 3.2.7-8.
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Figure 3.2.7. EDX spectra of a new tip.
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Figure 3.2.8. EDX spectra of a tip used in PTIR measurements of bacteria.

In the EDX spectra of the both “new” and “used” AFM tips several elements are primarily
present. They are Si (associated with the material from which probe is made), Au (associated
with the metal coating material) and Al (might be an additive used also for metal coating).
The presence of the metals at the tip of the used tip suggests that the overall gold coating
was not disturbed during measurements.
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3.3. PTIR spectroscopy and chemical imaging of biomedical samples

In" this sub-chapter. we provide the results of the PTIR analysis of different biomedical
samples, such as single bacteria E. coli with inclusion bodies; apoptotic and viable tumors
and-individual-apoptotic (dead) and control (viable) mammalian cells. While performing the
PTIR measurements of the biological samples, we employed a method of monitoring AFM tip
performance (see chapter 3.2). An AFM tip was replaced always when the silicon band in the
PTIR spectra had disappeared. The quality control spectra that represent the PTIR spectra
acquired on a clean gold substrate before and after each chemical mapping are given in the
Appendix.

Bacteria Inclusion Bodies (IBs)

It was shown by numerous studies that FTIR spectroscopy is capable of characterization of
bacteria with IBs (protein clusters accumulated in recombinant bacteria)’”’. Most of the
studies were performed on the bulk material; therefore only average spectra from an
assembly of bacteria were obtained. Using synchrotron-based microscopic techniques single
bacterium can be imagedm, but due to the optical diffraction limit it is still a challenge to
image a bacterium at the intracellular level. Here we attempt to access the spatial
distribution of IBs and their properties using the PTIR technique. The spectral properties of
the bulk bacteria with IB and control bacteria were initially defined by FTIR spectroscopy
(Figure 3.3.1).
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Figure 3.3.1. FTIR spectroscopy of bulk bacteria E. Coli with IBs and a control sample. Spectra
normalized to the symmetric phosphate band (A) and the normalized amide | band (B).
Dashed lines depict two standard deviations.

The intensity of the amide bands in spectra of bacteria with IBs is almost two times larger
than for the control bacteria (Figure 3.3.1 A). To account the possible differences in the
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number of bacteria in a bulk sample, commonly spectral normalization is done using the
amide | oramide |l bands as references'*. In this work, due to the pre-known fact that the
amount of proteins in bacterial cells is different, we normalize the spectra to the intensity of
the symmetric phosphate stretching band, assuming the same amount of nucleic acids in
both kinds of bacteria. The difference in intensity of the amide bands in IBs containing
bacteria and in control bacteria confirms the presence of protein IB in bacteria with IBs. The
different shape of the amide | band (Figure 3.3.1 B) suggests a different conformation of
proteins in bacteria with IB and control bacteria.

Further, we performed PTIR analysis of individual bacteria (Figure 3.3.2).
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Figure 3.3.2. AFM topographic images (A, C); PTIR chemical maps of proteins (1657 cm™) (B,
D); FTIR (E) and PTIR (F) spectra; FTIR (G) and PTIR (H) second derivative spectra of E. Coli
with IBs and E. Coli control respectively. Dashed lines depict two standard deviations.
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The topographies of E. Coli with IBs and control are different (Figures 3.3.2 A and C). The
topography of ‘the bacterium with IBs is not flat (Figure 3.3.2 A) a fact that might be
explained by the presence of IBs. The topography of the control bacterium is more even
(Figtire 3.3.2 C). Chemical maps of proteins (1657 cm™) agree with the related topographies.
The regions with elevated protein signal are found in IBs bacteria (Figure 3.3.2 B), whereas
the chemical maps of control bacteria are rather homogeneous (Figure 3.3.2 D). Analogous
results were reported recently?.

According to FTIR analysis, bacteria with IBs have about two times (50%) more proteins than
the control bacteria. This value we obtained from the ratio between the integrated amide Il
bands in the spectra of control and IBs bacteria which were normalized to the symmetric
phosphate band. According to the PTIR analysis bacteria with IBs have about one third (27%)
more proteins than the control bacteria. To access the relative amount of proteins in IBs we
normalized the maximum PTIR signal of proteins to the related topographic value (the
height). The maximum normalized signal (0.0029 V/nm) is nearly 27% larger than the signal
obtained from the control cells (0.0021 V/nm). The difference between the FTIR and PTIR
results can be explained by the fact that the FTIR spectra were taken from the bulk material,
thus, giving an average amount of proteins, whereas the amount of proteins in every
individual bacterium with IBs might be different. Thus, in the investigated E.Coli with IBs we
found less IBs than in the average bacteria.

We compared the shape of amide | band in the PTIR spectra of the bacteria at the regions of
IB and outside them with the spectra of the control sample (Figure 3.3.2F). Similarly to the
FTIR results (Figure 3.3.2 E), we observe a band broadening at 1640 cm™ meaning that the
relative amount of beta sheets in IBs bacteria is larger compared to the control samples. The
PTIR spectra measured at different IBs are similar to each other but differ from the spectra
collected at the region outside of IBs. The PTIR spectra of the control bacterium are similar
to those acquired from IBs bacterium outside of the IBs regions. Second derivative spectra of
amide | band in FTIR spectra (Figure 3.3.2 G) showed an increased peak in the region of 1635
cm’ related to parallel B-sheets for E. Coli with IBs. Second derivative spectra of the amide |
band in the FTIR spectra (Figure 3.3.2 H) showed periodic peaks related to the water vapor
absorption. Those peaks in the spectra make it difficult to evaluate changes in protein
secondary structure.

Further, we analyzed PTIR spectra of E. Coli in the spectral region related to nucleic acids
(Figure 3.3.3).
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Figure 3.3.3. PTIR spectroscopy of bacteria E. coli in the nucleic acids spectral region.

Figure 3.3.3 demonstrates PTIR spectra of E. coli normalized to the gold background (see
chapter 2). The PTIR spectra appeared as two weak bands. The first band we relate to the
phosphate symmetric stretch (can be distinctly seen in the FTIR spectra). Although this band
is broad and centered around 1080 cm™ in the FTIR spectra, it appeared narrow and shifted
with a maximum around 1040 cm™ in PTIR spectra. We suppose that the band appeared
partially in PTIR spectra due to the low laser power in the spectral region 1200-1040 cm™.
Additionally, the weak PTIR signal might be due to the low concentration of the nucleic acids
(nucleic acids are not localized but spread across a bacterium). In the spectral region where
the laser power profile has its maximum (around 960 cm™) we observe another weak band
related to the C-N-C stretch of ribose-phosphate skeletal vibrations in nucleic acids.

Tumor tissue

In this sub-chapter we investigate a tumor (C26 mouse colon adenocarcinoma) thin section
with apoptotic and viable tissue regions. During the extensive study of this sample with FTIR
spectroscopy (see chapter 3.4.) we defined IR spectroscopic properties of this sample. The
aim of this project was to find whether the sample properties revealed by FTIR spectroscopy
agree with the results of PTIR spectroscopic analysis (Figure 3.3.4).
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Figure 3.3.4. PTIR and FTIR spectra of a position from the tumor histological sample at
different spectral regions: protein related (A), nucleic acids related (B).

Acquired at the tumor sample PTIR spectra we normalized to the PTIR background spectrum.
The background spectrum at a clean silicon substrate was acquired. The PTIR spectrum of
the sample in the amide | band region (Figure 3.3.4 A) appears broader compared to the
related FTIR spectrum. Analogously to the PTIR spectra of E. Coli (mentioned above in this
chapter), the band related to the nucleic acids (symmetrical phosphate stretch) can be
partially seen in the PTIR spectra (Figure 3.3.4 B). Nearly half of the band (1200-1050 cm™) is
absent due to the low laser power in this spectral region. Another band related to the C-N-C
stretch of ribose-phosphate skeletal vibrations in nucleic acids (centered around 960 cm™)
can be resolved in the PTIR spectra.

Further, we acquired PTIR spectra at apoptotic and viable regions and compared them with
FTIR spectra (Figure 3.3.5).

77



A B —— FTIR apoptotic tissue

—— FTIR apoptotic tissue —FTIR viable tissue

—— FTIR viable tissue —— PTIR apoptotic tissue g ggs

—— PTIR apoptotic tissue g6 —— PTIR viable tissue
—— PTIR viable tissue
3 ‘ . 0.05 |
(1] D -
= 3 E
[ © 004 ©
7] 'n__c 4
E =
= L 0,03 o
[ =
D
k= 0.02-
[0]
N
‘©
g 0.01 -
(=]
Z |
T % T T T T T T T T T 0.065
1750 1700 1650 1600 1150 1100 1050 1000 950 900
Wavenumbers, cm’” Wavenumbers, cm’”

Figure 3.3.5. PTIR and FTIR spectra of the apoptotic and viable histological samples at
different spectral regions: protein related (A), nucleic acids related (B). Dashed lines depict
two standard deviations.

The amide | band in PTIR spectra (Figure 3.3.5 A) of apoptotic tissue region appeared to be
broader in the spectral region of 1640 cm™ compared to the spectrum related to viable
tissue. Such change in protein secondary structure is a common marker for cell death.*
Similarly to the PTIR spectral analysis, broadening of the amide | band in the range of parallel
B-sheets has been observed for apoptotic tissue in FTIR spectra (Figure 3.3.5 A). The
intensity of the phosphate band in the PTIR spectrum of the viable tissue region is larger
than of the apoptotic region (Figure 3.3.5 B). Those results agree with the results of FTIR
spectral analysis. The phenomena of the decay in the nucleic acids related bands in IR

spectrum is explained by nuclei condensation®"*2,

Individual apoptotic cells

In this sub-chapter we study individual HAP1 EAP cells. The cell lines were cultivated on gold
and CaF, substrates. Some cells were incubated with Puromycin, thus, apoptosis
(programmed cell death) in those cells was induced. Other cells were not treated with the
drug (control sample). For more details see chapter 2.

Figure 3.3.6 shows PTIR chemical imaging and spectroscopy of a control HAP1 EAP cell. We
use FTIR spectra of bulk material (many cells) as a reference for PTIR spectra acquired from
individual cells.
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Figure 3.3.6. AFM topographic image of a control HAP1 EAP cell (A). PTIR map of the cell at
frequency 1650 cm™ (amide | signal intensity) (B). PTIR map of the same cell at 965 cm™
(nucleic acids signal intensity) (C). PTIR spectra acquired at nuclei (blue) and cytoplasm (red)
regions; FTIR spectra of a bulk HAP1 EAP control sample (black) in amide | (D) and nucleic
acids (E) spectral regions. Dashed lines depict two standard deviations.

The PTIR image related to the maximum of the amide | band at 1650 cm™ (Figure 3.3.6 B)
indicates the strongest absorption in the nuclei region. This agrees well with the topography
map (Figure 3.3.6 A). The chemical map related to a band centered at 965 cm™ (Figure 3.3.6
C) correlates with the topographic image as well. This band is related to C-N-C stretch of
ribose-phosphate skeletal vibrations in nucleic acids.”® Those molecules are present in
nucleic acids and therefore the signal obtained from this band is directly related to DNA. No
distinct differences in spatial distribution of proteins (Figures 3.3.6 B) and nucleic acids
(Figure 3.3.6 C) were observed.

The position of the amide | band in the PTIR spectrum (Figure 3.3.6 D) correlates well with
the FTIR spectrum. No notable differences in the amide | band shape within nuclei and
cytoplasm were observed.

The strong absorption of the band centered at 1080 cm™ can be observed in the FTIR
spectrum (Figure 3.3.6 E). This band is assigned to the phosphate symmetric stretch and
related to nucleic acids. This band cannot be detected by the PTIR technique due to the low
laser power in this region (1150-1050 cm™). However, another band centered at 965 cm™,
which is also related to nucleic acids, was possible to detect. The position of this band agrees
well with the corresponding FTIR spectrum.
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Figure 3.3.7 shows FTIR spectroscopy of apoptotic (dead) and control (viable) HAP1 EAP cells
(bulk material).
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Figure 3.3.7. FTIR spectra of HAP1 EAP apoptotic and control cells (A). Inset: normalized
amide | band (B); normalized phosphate band (C); normalized ribose-phosphate band (D).
Dashed lines depict two standard deviations.

To account for possible differences FTIR spectra were normalized to the amide Il band area.
To analyze the change in band shape of the amide | band, it was normalized to its maximum.
We observe almost no changes in the shape of the amide | band among apoptotic and viable
cells (Figure 3.3.7 B). Further, we observe a decrease in the intensity of the phosphate
(Figure 3.3.7 C) and ribose-phosphate (Figure 3.3.7 D) bands in apoptotic cells (comparing to
control cells). Those spectral differences in apoptotic and viable cells were reported

previously42.

The following results demonstrate PTIR analysis of two types of HAP1 EAP apoptotic cells.
The first one is shown in Figure 3.3.8.
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Figure 3.3.8. AFM topographic image of an apoptotic HAP1 EAP cell (A). PTIR map of the cell
at frequency 1650 cm™ (amide | signal intensity) (B). PTIR map of the same cell at 965 cm™
(nucleic acids signal intensity) (C). PTIR spectra of the amide | (D) and nucleic acids (E) bands
acquired at different nuclei (black, blue) and cytoplasm (red, pink) regions. Dashed lines
depict two standard deviations.

Apoptotic HAP1 EAP cells attributed to this type demonstrate a smooth topography (Figure
3.3.8 A) with the well defined nuclei region (a region with the largest topography signal).
PTIR chemical imaging of proteins demonstrates an elevated signal in the nuclei region
(Figure 3.3.8 B). The PITR map related to nucleic acids demonstrates a faded signal in a part
of the nuclei region (Figure 3.3.8 C). We suppose that the decreased signal intensity of the
nucleic acids band is caused by the local conformational changes in the nuclei (DNA
condensation). Such conformational changes occur during apoptosis. The condensed nuclei
has enormously increased concentration of nucleic acids, as a result, the nuclei becomes
opaque to IR radiation. Thus, DNA condensation appears as a decrease in nucleic acids bands
in IR spectra.”* The band related to nucleic acids in the PTIR spectrum acquired at the region
related to the presumed condensed nuclei (Figure 3.3.8 D, nuclei region 1) has almost
disappeared. In the other nuclei region we observe a small nucleic acids band (Figure 3.3.9
D, nuclei region 2). We observe no notable differences in the position and the shape of the
amide | band among PTIR spectra taken at different nuclei regions as well at the cytoplasm
region (a region with the lower topography signal) (Figure 3.3.8 E).

Another type of apoptotic HAP1 EAP cells was found during the PTIR analysis (Figure 3.3.9).

81



0.422 V
M| nuclei region;l 0.350 8.
0.300
0.250
0.200
0.150

M, huclei region 2
w ccytoplasm region

0.056

D E
nuclei region 1 nuclei region 1
15 nuclei region 2 —— nuclei region 2
o cytoplasm region —— cytoplasm region

= . 3.0
© =
s ©
© —
c o
=] 5
g =
- (2]
o] o
N o
(—é, N

o
5 £
c o
@ =
= o
5 =

o

1750 1725 1700 1675 1650 1625 1600 1150 ‘ 1100 1050 1000 950 900
Wavenumbers, cm’’ Wavenumbers, cm’’

Figure 3.3.9. AFM topographic image of apoptotic HAP1 EAP cells (A). PTIR map of the cells
at frequency 1650 cm™ (amide | signal intensity) (B). PTIR map of the same cells at 1530 cm™
(amide 1l signal intensity) (C). PTIR spectra of nuclei (black, red) and cytoplasm (blue) in
amide | (D) and nucleic acids (E) spectral regions. Dashed lines depict two standard
deviations.

Topographic image of the second type of apoptotic cells (Figure 3.3.9 A) shows distinct
nucleic and cytoplasm regions. Inhomogeneous distribution within the nuclei region suggests
that cells underwent alterations due to a later stage of apoptosis compared to the first type
of cells. At a later stage of apoptosis generation of apoptotic bodies occurs®®*?>.

Chemical images depicting protein distribution (Figures 3.3.9 B-C) demonstrate elevated
PTIR signals in the cytoplasm region. PTIR spectra of the amide | band region were acquired
at different cellular positions (Figure 3.3.9 E). Differences in the shape of the amide | band
were observed primarily at the nuclei region and cytoplasm, suggesting different overall
protein secondary structures within those regions. The intensity of the nucleic acid band
appeared to be different within the different nuclei regions (Figure 3.3.9 D).

Further, we compare the amide | bands in PTIR spectra obtained for apoptotic and control
cells (Figure 3.3.10).
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Figure 3.3.10. PTIR spectra of the amide | band of apoptotic and viable HAP1 EAP cells at
cytoplasm and at nuclei regions. Dashed lines depict two standard deviations.

The position of the amide | band recorded in the nuclei region for apoptotic and control cells
appeared to be different (1658 ecm™? and 1653 cm™ respectively) suggesting that during
apoptosis protein conformational changes primarily occur in the nuclei region.

So far publication of this work was not undertaken, as more and extended studies are
required to confirm the observed results and drawn conclusions.
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3.4. Combined multisensor imaging

Introduction to the publication Il

FTIR-spectroscopic..and LA-ICP-MS imaging for combined hyperspectral image analysis of
tumor models

Anna Balbekova, Maximilian Bonta, Szilvia Torok, Johannes Ofner, Balazs Dome, Andreas
Limbeck, Bernhard Lend|
Analytical Methods, 2017, DOI: 10.1039/C7AY01369H

In this paper we show that combination of chemical imaging techniques (FTIR and LA-ICP-
MS) provides additional information which cannot be obtained by a single technique. The
aim of this study is to show principles of combined (multisensor) analysis and to
demonstrate that this analysis could deepen understanding of processes occuring in tumor
samples. We analyze tumor thin sections with viable and dead tissue regions. The tumors
were treated with anti-cancer agents (Cisplatin and Sunitinib). The efficacy of such a
combined therapy normally investigated using routine methods (e.g. histological staining)
that are time consuming and often not sensitive for discrimination of different stages of
cellular death.

We measure each sample first by FTIR microscpectroscopy then by LA-ICP-MS. Using the
software package Imagelab (Epina, Austria) we merge recorded datasets into one and
perform multivariate analysis of the fused data. In particular, we implement the HCA of PCA
method to find correlations in lateral distribution between analytes of interest. For each
analyte we define a characteristic SPDC (e.g. peak intensity, peak are, peak ratio, etc). Then
we replace the raw dataset with a set of SPDCs in order to simplify the multivariate dataset
and minimize correlated variables®.

We found two major correlations: the first is between protein secondary structure and
platinum distribution (drug active element); and the second between a decay of
physiologically relevant trace elements and changes in nuclear morphology. We found also
that the degree of this correlation is related to a degree of tumor viability: strong
correlations of IR and MS multisensor descriptors are related to a later apoptosis, whereas
weak correlations indicated presence of both early and late apoptosis. According to this
result the sample subjected to a longer drug therapy showed only late apoptotic regions,
whereas the sample subjected to a shorter drug treatment delivered both early and late
apoptotic regions. The results of the additionally performed univariate analysis (chemical
imaging) and k-means clustering supported the results of combined analysis.

The results of the combined analysis point out different stages of cellular death occurring
within the samples. Those results would not be possible to obtain using a single technique
analysis.

Multisensor cluster analysis of tumor cross sections
The results of the Publication Il showed that the combined analysis facilitate a deeper

understanding of the processes undergoing within the drug treated tumors. In this sub-
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chapter we provide cluster analysis of one of the samples analyzed previously (Publication I1)
to show that 'multivariate analysis of the combined datasets improves clustering of sample
areas. In-particufar, we compare the performance of k-means clustering of the combined
data’ (IR and MS) with clustering of the dataset containing only IR data.

We use optical microscopy and fluorescent staining to define apoptotic regions. Figure 3.4.1
shows a light microscopic image of the tumor cross section prepared for IR and MS
measurements. Dead tissue appears as inhomogeneous dark structures. The fluorescent
image of the adjacent thin section of the tumor stained for apoptotic cells is given in Figure
3.4.18B.

1 mm

Figure 3.4.1. Optical microscopy image of the tumor tissue sections: (A) Image of the sample
prepared for IR and MS measurements with a scale bar. (B) Terminal deoxynucleotidyl
transferase dUTP Nick End Labelling (TUNEL) stained image of the adjacent section.

Apoptotic cells (green) shown by TUNEL staining, counterstained with Hoechst 33342 (blue).

Adapted from®*%.

Staining revealed apoptotic areas (Figure 3.4.1 B, light green). They partially correlated with
dark grey areas in the light microscopic image made from the thin-cut used for multisensor
measurements (Figure 3.4.1 A). Differences in shape between those two specimens can be
explained by shrinking of the tissue during the staining procedure.

In the combined cluster analysis we use the same list of SPDCs as defined in Publication II,
thus, we apply the k-means algorithm to discriminate different tissue types within the tumor
(viable and dead tissue). We perform k-means clustering of the fused and the IR data sets
separately and compare the resulted images.

We use the Kaiser’s criterion’® to define the number of clusters that should be retained for
analysis. For both datasets discrimination into three groups (clusters) was preformed, due to
the fact that PCA revealed that the first three PCs showed eigenvalues larger than one. The
clustered images are displayed as false-color maps and the color code was chosen to
facilitate comparison of the two cluster images (Figure 3.4. 2A-B).

The red cluster appeared in both peripheral and central areas in the IR image (Figure 3.4.2
B), whereas in the combined image (Figure 3.4.2 A) the red cluster appeared mostly in the
peripheral apoptotic areas and the green one predominantly in the central region. The blue
cluster is assigned to the remaining tissue area in both images.
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We attribute red and green clusters to apoptotic and the blue cluster to viable tissue. In the
image of the fused data set one could observe a separation of the clusters allowing to
distinguish’between central and peripheral apoptotic tissue clusters (Figure 3.4.2 A). On the
contrary, in the image deriving only from the IR data (Figure 3.4.2 B). The red cluster is
present.in both the central and the peripheral sample areas.

Average IR spectra assigned to each cluster in the fused and IR data sets are given in Figure
3.4.2 C-D. Figure 3.4.2 E-H demonstrate spectral fragments for each cluster related to the
SPDCs 3 and 5.

The results of numerical evaluation of the descriptor for the phosphate ions (SPDC 5) are
depicted in Figure 3.4.2 I-J. Here we analyzed the statistic significance of the spectral
differences between the clusters.
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Figure 3.4.2. K-means clustered images resulting from fused IR and MS data (A) and IR data
only (B). (C, D) Mean spectra of the clustered pixels. (E, G) Mean second derivative spectra of
Amide | band. (F, H) Mean symmetric stretching phosphate band. (1, J) Integrated absorption
of symmetric stretching phosphate band with its doubled standard deviation error bars. The
colors of the graph bars, spectra and the clusters are correlating.

As an example, integrated band intensities of SPDC 5 (symmetrical stretch vibrations of
phosphate) obtained from the mean spectra of the clusters in the combined dataset were
compared with analogous ones in IR data set (Figure 3.4.21-)). The degree of apoptosis can
be quantified by the intensity of DNA related absorptions53 which is reflected by this
descriptor. The peripheral apoptotic area showed the lowest absorption for both data sets.
The difference between viable and central apoptotic areas became pronounced in the
cluster analysis performed on the combined data set, whereas clustering based on IR data
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showed similar absorbance in viable (blue) and apoptotic (green central areas) tissues. We
conclude that combined analysis facilitates more effective tumor viability discrimination. IR
characterization of different stages of the apoptotic process in a tissue is difficult, since both
the 'migration of phosphate ions at the later stages and the nuclear condensation at the
earlier_ones lead. to. decreased intensity in the phosphate band. This variation could be
visualized using LA-ICP-MS as nuclear condensation does not produce a reduced
concentration of phosphorus whereas migration of phosphate ions does.

According to the intensities of two apoptotic clusters obtained during classification of the
combined dataset (Figure 3.4.2J)), we attribute the peripheral cluster to a later stage of
apoptosis as compared to the central cluster. This finding corresponds well with the above
described interpretation of the LA-ICP-MS data. While IR imaging was able to detect all
apoptotic areas, MS imaging detected only a part of it. We suggest that only the IR
technique was sensitive to an earlier stage of apoptosis; changes to molecular structures can
occur very fast while diffusion and active transport of metals are slower processes. A later
stage of apoptosis was accessible by both IR and MS techniques.
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Introduction to the publication Il

Fourier transform infrared and laser ablation inductively coupled plasma-mass spectrometry
imaging of cerebral ischemia: Combined analysis of rat brain thin cuts towards improved
tissté’classification

Anna Balbekova, Hans Lohninger, Geralda A. F. van Tilborg, Rick M. Dijkhuizen, Maximilian
Bonta, Andreas Limbeck, Bernhard Lendl, Khalid A. Al-Saad, Mohamed Ali, Minja Celikic and
Johannes Ofner

Applied Spectroscopy, 2017, DOI: 10.1177/0003702817734618.

Publication Ill demonstrates that combined analysis facilitates an improved classification of
post-stroke rat brain tissues. In this study we investigate rat brains which were recovered
one week after induction of a photothrombotic stroke. Ischemic stroke is one of the leading
disorders affecting people56. It is caused by reduction in blood flow to the brain.

The purpose of this study is to classify brain tissue types which are in close proximity to the
stroke affected region. The consequences of post-stroke are primarily dependent on changes
occurring in infarct zone (1Z) and peri-infarct zones (P1Z). The PIZ is initially not affected by
127,128 It is

important to identify and understand biochemical mechanisms occurring in the PIZ because

stroke but can be subsequently altered and this can worsen recovery after stroke.

it would help to create treatment solutions. Investigation of white matter (WM) and gray
matter (GM) tissues allows following brain plasticity (the ability to reorganize after the
injury).

First, we image adjacent rat brains thin cuts with FTIR micro-spectroscopy and LA-ICP-MS.
Then we fuse the acquired hyperspectral datacubes and perform multivariate classification
analysis. We classify 1Z, PIZ, WM and GM brain regions using a model based on either partial
least squares discriminant analysis (PLS-DA) or random decision forest (RDF) algorithms.
PLS-DA and RDF classification results based on the combined dataset (IR+MS) demonstrated
better predictions comparing to ones based on the individual datasets (IR or MS). RDF
classification is more effective in predicting compared to PLS-DA classification.

Additionally, we calculate the importance and correlations of the variables (SPDCs).
Correlations of the SPDCs describing both IR and MS data explained improved performance
of the RDF model based on the combined dataset.

Further, we perform univariate chemical analysis of the variables that explain the underlying
biological processes that facilitate an improved classification.

Finally, we apply the best classification models (among PLS-DA and RDF) to a new sample
and compare classification results with the HE stained images. RDF model based on the
combined datasets classifies more precisely compared to the models based on individual
datasets (IR or MS). We conclude that multisensor hyperspectral imaging with subsequent
RDF-based analysis improves analysis and therefore can deepen the understanding of
biochemical processes occurring in ischemic brains.
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Conclusions and outlook

Summary

During this doctoral project we employed near-field and far-field IR spectroscopic and

imaging techniques to advance the existing state-of-the-art and to investigate the

capabilities of those techniques when applied to biological samples.

In the first part of this dissertation, we suggested a method for time-resolved monitoring of

changes in a bio-polymer thin film using a custom made PTIR system (see publication I).

we demonstrated that the system is capable of fast time resolved measurements;

for the first time the temporally-resolved near-field IR spectroscopic measurements were
implemented and performed;

we followed changes in secondary structure of a poly-L-lysine thin film by means of
changes in band shape of the amide | band;

we achieved an acquisition time about 15 s and suggested ways to shorten it
significantly;

our results demonstrate that the PTIR technique can be applied in a variety of
applications in polymer and material science.

In the second part of this dissertation, we characterized and investigated the performance

of the PTIR system regarding AFM tip stability during prolonged measurements of polymer

and biological samples. This is of practical importance and has not been discussed in

literature so far.

We observed a “silicon band” related to the AFM tip in the PTIR spectra. We attribute
this band to the tip contamination with PDMS (present in packaging materials).

for the first time we performed prolonged measurements of a polymer and concluded
that no significant tip degradation does occur during extensive measurements;

we found that the AFM tip performance might get worse after several measurements of
biological samples and proposed a method for AFM tip quality control;

we suggested to use the &4(Si-CH3) band (silicon band) at 1260 cm™ to monitor the aging
of a tip. With this method tip degradation can be evaluated in situ while measuring the
PTIR spectra at the gold surface. A tip would be considered contaminated when the
signal intensity of the silicon band is significantly reduced;

we supported our findings with SEM and EDX spectroscopy. SEM visualized the
contaminations at the AFM tips that showed the reduced PTIR sensitivity (reduced
signal). EDX spectroscopy detected gold coating overall the tip, even at the very tip
where contamination was observed.
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In_the third part of this dissertation, we studied various biological samples by PTIR

spectroscopy'and chemical imaging and discussed the advances which can be achieved using
the' PTiR system!

we employed the quality control method which was proposed previously to follow the
AEM. tip.degradation;

we imaged individual E. Coli bacteria containing recombinant inclusion proteins (IBs) and
analysed their secondary structure;

we proposed a method for the quantitative analysis of the present IBs;

we concluded that it is difficult to characterize the nucleic acids content in individual
bacteria by our PTIR technique due to the low concentration of nucleic acids and the low
laser power in the related spectral region;

we studied a histological tumor section with dead and viable regions and found that the
obtained results agreed well with the results of far-field IR microspectroscopy;

we observed changes in protein secondary structure and reported nonlinear properties
in the absorption of IR radiation by condensed nucleic acids;

we characterized dead and viable individual mammalian cells. Two types of apoptotic
cells were discriminated. Some cells have inhomogeneous morphology and different
protein secondary structure at nuclei and cytoplasm regions. Other cells have
homogeneous morphology and no notable difference in protein conformation. In both
kinds of apoptotic cells the decay of the band related to the nucleic acids was observed.
Viable (control) cells demonstrated homogeneous morphology. The protein secondary
structure does not differ in nuclei and cytoplasm regions of those cells. The protein
conformation in nuclei region for apoptotic and control cells were found to be different.

In the fourth part of this dissertation, we employed the multisensor approach to advance

multivariate analysis of histological samples imaged with FTIR and LA-ICP-MS (see

publications Il and Ill).

we characterized apoptotic regions in tumor thin sections;

we found that the combined analysis improved the k-means clustering and found
statistical correlations of the spatial distribution of chemical maps acquired using
complementary techniques;

we demonstrated that the combined analysis of tumor tissue allowed discrimination of
different stages of apoptosis within a tumor tissue. Besides, combined analysis facilitated
characterization of the different degrees of cellular death within different tumor thin
sections. Those outcomes were not achieved during the analysis with single techniques;
while studying a post-stroke brain tissues we demonstrated that combined image
analysis improves the classification of different tissue types (white and gray matter,
stroke region and its surroundings). We implemented different classification approaches
and evaluated their classification performance. RDF classification appeared to me more
precise than PLS-DA;
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e we calculated the importance and correlations of the variables describing the combined
dataset. Those correlations explained the improved performance of the RDF model on
the'combinéd-dataset.

Outlook

In this work we have presented the capabilities and advances of IR spectroscopic imaging
techniques employed to characterize biological samples. In this sub-chapter we point out the
further developments which could be done, as well as possible practical limitations and
challenges.

e In this work we used only beam-shaped AFM cantilevers, although triangular shaped
AFM tips potentially would provide less torsional deflections. Thus, they might facilitate
more stable PTIR measurements. The comparison of PTIR performance using rectangular
and triangular AFM cantilevers was, to our knowledge, not reported so far.

e Although the proposed method of monitoring the AFM tip performance during the PTIR
measurements worked for most of the tested AFM cantilevers, the initial intensity signal
of 8(Si-CH;) band at 1260 cm™ might vary from cantilever to cantilever. Since the
method basically detects a contamination that appears during the packaging and the
amount of this contamination is not fixed. Furthermore, an experiment that verifies
unambiguously that the observed “silicon band” can indeed be attributed to PDMS is still
missing.

e As it was outlined in this work, AFM tips can be easily contaminated during the
measurements of biological samples. Since the gold coating is not removed during the
measurement (according to EDX spectroscopic analysis), contaminated (“not working”)
AFM tips can be cleaned and utilized for a second time. For that UV plasma cleaning or
soaking in a solvent can be used to remove the contaminant. This option should be
tested.

e When analyzing the PTIR chemical images, one could decide to divide (normalize)
different chemical maps on each other (for example, protein map over the nucleic acids
map). This procedure could become challenging if a small sample is being imaged for a
long time (e.g. a bacterium), then chemical maps might be shifted. Thus, the
straightforward division of the images would lead to an imprecise map. Thus, prior to the
image division an image registration would be needed, in case images based on band
ratios are calculated.

e Although FTIR microspectroscopy allows relatively fast imaging, to image histological
samples (size 1-2 cm?), it takes some time (8 hours). Frequently, the desired maximum
spatial resolution would lead to a generation of a bulky data set (over 1 GB). Such large
datasets often cannot be acquired due to limitations in the instruments software. The
spectral pre-processing and analysis is also memory and time demanding. An interesting
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option here are ne IR laser based imaging systems which are faster and can be operated
to record images only at the desired SPDCs, thus also reducing the size of the recorded
data.

Another problem is that IR spectra of biological samples are frequently affected by Mie
scattering °Y and.resonance Mie-Scattering 129 1t often appears as a dip in the amide |
region and leads to a shift of the protein band, thus suggesting wrong interpretation of
the sample. However, frequently such spectra can be observed at the border between
the tissue and the substrate and can be masked. Few approaches correcting Mie
scattering and resonance Mie scattering were suggested. While Mie scattering can be
reduced by Multiplicative Scatter Correction or Extended Multiplicative Scatter
Correction algorithms available in chemometrical tools such as PLS toolbox (Mathworks),
the correction of Resonant Mie scattering is rather complicated. The proposed method
of spectra correction™® uses a reference spectrum without scattering effects and works
quite fine. However, it is worth to mention that this method has to be optimized when
applied to the correction of hyperspectral datasets since it takes too long (weeks) when
one wants to correct a standard dataset (around 183000 spectra) on a computer with 16
GB RAM, 64-bit operating system and a processor frequency of 3.4 GHz.
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G. Ramer, A. Balbekova, A. Schwaighofer, B. Lendl.

Analytical Chemistry 87.8 (2015), pp. 4415-4420. DOI: 10.1021/acs.analchem.5b00241.

ABSTRACT: We report time-resolved photothermal infrared nanoscopy measurements
across a spectral range of more than 100 cm™ (1565 cm ™ to 1729 cm™) at nanoscale spatial
resolution. This is achieved through a custom-built system using broadly tunable external
cavity quantum cascade lasers in combination with a commercially available atomic force
microscope. The new system is applied to the analysis of conformational changes of a
polypeptide (poly-L-lysine) film upon temperature-induced changes of the humidity in the
film. Changes of the secondary structure from B-sheet to a-helix could be monitored at a
time resolution of 15 s per spectrum. The time-resolved spectra are well comparable to
reference measurements acquired with conventional Fourier transform infrared microscopy.

Publication Il

“FTIR-spectroscopic and LA-ICP-MS Imaging for Combined Hyperspectral Image Analysis of
Tumor Models”

A. Balbekova, M. Bonta, S. Torok, J. Ofner, B. Dome, A. Limbeck and B. LendlI.

Analytical Methods 9 (2017), pp. 5464-5471. DOI: 10.1039/C7AY01369H

ABSTRACT: Modern chemical imaging techniques provide spatially resolved information on
the molecular and elemental composition of samples with both high spatial and spectral
resolution. Over the past few decades these techniques, in particular, Fourier transform
infrared (FTIR) spectroscopy and laser ablation inductively coupled plasma mass
spectrometry (LA-ICP-MS) have been successfully applied in histopathological research. This
work demonstrates that the multivariate analysis of combined FTIR and LA-ICP-MS
microscopy hyperspectral images can bring additional knowledge to biomedical research.
The concept of such analysis was demonstrated while investigating two different tumor
samples subjected to anticancer therapy. Combined analysis has revealed a correlation
between the lateral distribution of analytes and sample properties within the different
techniques. Correlations between alterations in the average protein secondary structure and
platinum distribution were found, as well as between changes in the cell nuclear
morphology and a reduction of physiologically relevant trace elements. The results of
combined analysis suggested different degrees of tumor viability. Univariate analysis and k-
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means clustering successfully discriminated dead tumor regions and supported the results of
combined-analysis.

Publication iii

“Fourier Transform Infrared and Laser Ablation Inductively Coupled Plasma Mass
Spectrometry Imaging of Cerebral Ischemia: Combined Analysis of Rat Brain Thin Cuts
Towards Improved Tissue Classification”

A. Balbekova, H. Lohninger, G. Tilborg, R. Dijkhuizen, M. Bonta, A. Limbeck, B. LendI, K. Al-
Saad, M. Ali, M. Celikic, J. Ofner

Applied spectroscopy (2017). DOI:10.1177/0003702817734618

ABSTRACT: Microspectroscopic techniques are widely used to complement histological
studies. Due to recent developments in the field of chemical imaging, combined chemical
analysis has become attractive. This technique facilitates a deepened analysis compared to
single techniques or side-by-side analysis. In this study, rat brains harvested one week after
induction of photothrombotic stroke were investigated. Adjacent thin cuts from rats’ brains
were imaged using Fourier transform infrared (FT-IR) microspectroscopy and laser ablation
inductively coupled plasma mass spectrometry (LA-ICP-MS). The LA-ICP-MS datawere
normalized using an internal standard (a thin gold layer). The acquired hyperspectral data
cubes were fused and subjected to multivariate analysis. Brain regions affected by stroke as
well as unaffected gray and white matter were identified and classified using a model based
on either partial least squares discriminant analysis (PLS-DA) or random decision forest (RDF)
algorithms. The RDF algorithm demonstrated the best results for classification. Improved
classifi- cation was observed in the case of fused data in comparison to individual data sets
(either FT-IR or LA-ICP-MS). Variable importance analysis demonstrated that both molecular
and elemental content contribute to the improved RDF classifi- cation. Univariate spectral
analysis identified biochemical properties of the assigned tissue types. Classification of multi-
sensor hyperspectral data sets using an RDF algorithm allows access to a novel and in-depth
understanding of biochemical processes and solid chemical allocation of different brain
regions.
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Appendix

Herewe provide the results of the quality control spectra acquired at a clean gold substrate

before and after each chemical mapping.
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Figure Al. PTIR spectra of a clean gold substrate recorded before and after PTIR
measurements of E. Coli bacterium control (A) and with IBs (B).
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Figure A2. PTIR spectra of a clean gold substrate recorded before and after PTIR
measurements of a control HAP1 EAP cell.
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Figure A3. PTIR spectra of a clean gold substrate recorded before and after PTIR
measurements of an apoptotic HAP1 EAP cell.
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Figure A4. PTIR spectra of a clean gold substrate recorded before and after PTIR
measurements of an apoptotic HAP1 EAP cell.
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