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Abstract
Ahlinder, L. 2015. Raman Spectroscopy and Hyperspectral Analysis of Living Cells Exposed
to Nanoparticles. Digital Comprehensive Summaries of Uppsala Dissertations from the
Faculty of Science and Technology 1257. 72 pp. Uppsala: Acta Universitatis Upsaliensis.
ISBN 978-91-554-9250-2.

Nanoparticles, i.e. particles with at least one dimension smaller than 100 nm, are present in
large quantities in ambient air and can also be found in an increasing amount of consumer
products. It is known that many nanomaterials have physicochemical properties that differ
from physicochemical properties of the same material in bulk size. It is therefore important
to characterize nanoparticles and to evaluate their toxicity. To understand mechanisms behind
nanotoxicity, it is important to study the uptake of nanoparticles, and how they are accumulated.
For these purposes model studies of cellular uptake are useful. In this thesis metal oxide and
carbon-based nanoparticles have been studied in living cells using Raman spectroscopy. Raman
spectroscopy is a method that facilitates a non-destructive analysis without using any fluorescent
labels, or any other specific sample preparation. It is possible to collect Raman images, i.e.
images where each pixel corresponds to a Raman spectrum, and to use the spectral information
to detect nanoparticles, and to identify organelles in cells. In this thesis the question whether
or not nanoparticles can enter the cell nucleus of lung epithelial cells has been addressed
using hyperspectral analysis. It is shown that titanium dioxide nanoparticles and iron oxide
nanoparticles are taken up by cells, and also in the cell nucleus. In contrast, graphene oxide
nanoparticles are mainly found attached on the outside of the cell membrane and very few
nanoparticles are found in the cell, and none have been detected in the nucleus. It is concluded
that graphene oxide nanoparticles are not cytotoxic. However, a comparison of Raman spectra
of biomolecules in cells exposed to graphene oxide, unexposed cells and apoptotic cells, shows
that the graphene oxide nanoparticles do affect lipid and protein structures. In this thesis, several
multivariate data analysis methods have been used to analyze Raman spectra and Raman images.
In addition, super-resolution algorithms, which originally have been developed to improve
the resolution in photographic images, were optimized and applied to Raman images of cells
exposed to submicron polystyrene particles in living cells.
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Raman, är det en kollega 
till dig eller? 
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Summary in Swedish: Ramanspektroskopi och 
hyperspektral analys av 
nanopartikelexponerade celler 

Nanopartiklar definieras vanligen som partiklar som är mindre än 100 nm i 
minst en dimension. De finns i stora mängder i luften omkring oss. De kan 
komma från naturliga källor, som bränder eller vulkanutbrott, eller från 
mänskliga aktiviteter, som trafik eller förbränningsprocesser. De kan också 
vara så kallade tillverkade nanopartiklar som är medvetet tillverkade för att 
vara små. Nanoteknologin är ett växande forskningsfält och det kan därför 
förväntas att tillverkade nanopartiklar, vilka redan nu finns i produkter som 
t.ex. solkrämer, kläder, ytbeläggningar och mikroelektronik, kommer att 
användas i allt fler produkter framöver. Nanomaterial har inte nödvändigtvis 
samma egenskaper som samma material i bulkstorlek. Storlek, förmågan att 
framkalla reaktiva syreradikaler, specifik yta och morfologi är några 
egenskaper som har visat sig vara särskilt viktiga för att förklara toxiska 
effekter hos dessa material.  Att karaktärisera nanopartiklar och utreda små 
partiklars eventuella toxicitet är därför mycket viktigt. 

En grundläggande del för att förstå mekanismerna bakom nanotoxicitet är 
kunskap om hur och i vilken utsträckning nanomaterial tas upp av celler. 
Detta är något som vanligen studeras i transmissionselektronmikroskop, där 
tunna snitt av nanopartikelexponerade celler studeras i hög förstoring. En 
annan vanlig metod är att märka in organeller och nanopartiklar med 
fluorescerande markörer för att sedan studera proverna i mikroskop. I den 
här avhandlingen har Ramanspektroskopi, använts för att analysera levande 
celler exponerade för metalloxidnanopartiklar och kolbaserade nanopartiklar. 
Det är en förhållandevis ny metod som inte tillämpats i så stor utsträckning 
inom biologiska vetenskaper. Ett mål med projektet har varit att studera 
nanopartikelupptaget i celler och att undersöka om celler kan nå in i 
cellkärnan. Kunskap om huruvida nanopartiklar kan komma in i cellkärnan 
kan också ge mer kunskap om vilka mekanismer som är involverade i 
eventuella genotoxiska effekter. Det är också viktig kunskap vid design av 
läkemedelstransportörer. 

Till skillnad från transmissionselektronmikroskopi kräver 
Ramanspektroskopi ingen speciell provberedning och cellerna behöver inte 
snittas före avbildning. Det krävs heller inga fluorescerande markörer eller 

 



infärgningar. En annan fördel, särskilt för studier av biologiska prover, är att 
vatten endast ger en svag Ramansignal. 

Ramanspektra innehåller information från Ramanaktiva vibrationsmoder i 
molekyler eller fasta kroppar. Ramanspektroskopi kan således användas för 
att detektera och analysera en lång rad substanser och prover. 
Ramanavbildning, det vill säga insamlandet av bilder där varje pixel 
motsvaras av ett Ramanspektrum, är en särskilt användbart för att studera 
komplexa och heterogena prover.  

Vid sidan av detektion av nanopartiklar i levande celler är det möjligt att 
analysera den spektrala informationen från biomolekyler i cellen. 
Ramanspektra av biomolekyler kan användas för klassificering av mätningar 
inuti celler och kan därmed användas för att urskilja cellkärnan eller andra 
organeller. Med den informationen är det möjligt att dra slutsatser om och 
var nanopartiklar finns i cellen. Det är också möjligt att jämföra 
Ramanspektra från biomolekyler uppmätta inuti nanopartikelexponerade 
celler och kontrollceller, d.v.s. icke exponerade celler, och på så sätt 
analysera biokemiska förändringar orsakade av nanopartiklar. Båda 
metoderna har testats i det här arbetet.  

En nackdel med Ramanspektroskopi är dock att den spatiala upplösningen 
är låg jämfört med många andra metoder, särskilt 
transmissionselektronmikroskopi.  I det här arbetet har upplösningen 
förbättrats genom att applicera superupplösningsalgoritmer. Dessa 
algoritmer har ursprungligen utvecklats för analys av fotografier. I den här 
avhandlingen har ett antal algoritmer istället använts för att förbättra 
Ramanbilder. Innan de testade superupplösningsalgoritmerna kan tillämpas 
är det nödvändigt att reducera den spektrala informationen i Ramanspektra 
till ett fåtal variabler som karaktäriserar provet. Detta eftersom 
superupplösningsalgoritmerna endast kan hantera en eller ett fåtal 
parametrar, medan Ramanspektra kan innehålla hundratals eller tusentals 
parametrar (d.v.s. olika vågtal). Olika tillvägagångssätt för att minska antalet 
variabler, såsom principalkomponentanalys och multivariat kurvupplösning 
med alternerande minstakvadratanpassning, har testats i det här arbetet.  

Klassificering av pixlar, jämförelse mellan spektra som samlats in från 
olika grupper av celler, såväl som variabelselektion är alla exempel på 
multivariata dataanalysmetoder. Multivariat dataanalys är viktiga verktyg för 
att utvinna information ur Ramanspektra och i det här arbetet har dessa 
metoder använts för att studera hur nanomaterial växelverkar och tas upp i 
levande celler, vilket bl.a. kan ge en större förståelse för risker med 
nanomaterial, men också möjligheter, t.ex. för medicinsk diagnostik eller 
läkemedelsutveckling. Ramanspektroskopi föreslås här som ett intressant 
komplement till etablerade metoder för att avbilda nanopartikelexponerade 
celler och också som en intressant metod för att studera biokemiska 
förändringar i celler. 
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Introduction  

Raman spectroscopy and Raman imaging, i.e. collection of spatially resolved 
images where each pixel corresponds to a Raman spectrum, are very useful 
methods when studying complex and heterogeneous samples1–24. Some key 
advantages are that Raman spectroscopy is nondestructive and usually 
requires very little sample preparation1. Another advantage, especially for 
biological samples, is that water gives only a weak Raman signal1. 

Raman spectra contain information from Raman active vibrational modes 
in molecules and Raman active phonon modes in crystalline materials and it 
can thus be used for detection and analysis of a broad range of substances 
and samples25.  

In this thesis, Raman spectroscopy and Raman imaging have been used to 
analyze living cells exposed to metal oxide nanoparticles and carbon based 
nanoparticles. One goal of the project has been to study the uptake of 
nanoparticles in cells and to investigate if nanoparticles can enter the cell 
nucleus. Nanoparticles present in the cell nucleus can give more insights in 
mechanisms involved in possible genotoxicity26,27.  

Besides detection of nanoparticles in living cells, it is possible to analyze 
the spectral information from biomolecules2–13,21–23. Raman spectra of 
biomolecules can be used for classification on a subcellular level10,11 and it is 
thus possible to draw conclusions if nanoparticles are inside the cell nucleus. 
It is also possible to compare Raman spectra of biomolecules in cells 
exposed to nanoparticles and Raman spectra of biomolecules in control cells 
and thus analyze biochemical modifications induced by the particles2–9. Both 
approaches have been used in this thesis. 

Drawbacks with Raman spectroscopy are possible laser-induced 
damaging effects28 and the spatial resolution, which is low compared to 
many other imaging methods, especially transmission electron microscopy 
(TEM)29. In this thesis, the resolution has been improved by application of 
super-resolution algorithms30–33. These algorithms, which originally have 
been developed for analysis of photographs, have here been optimized and 
applied to Raman images. Before employing super-resolution, it is necessary 
to reduce the number of variables, i.e. wavenumbers, since these super-
resolution algorithms are developed to only handle one, or a few, 
wavenumbers, while Raman spectra contain hundreds or thousands of 
wavenumbers34. Approaches for variable selection, such as principal 
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component analysis (PCA)35–37 and multivariate curve resolution alternating 
least squares (MCR-ALS)24,38,39 have all been tested in this thesis.  

Classification of pixels, comparison of spectra acquired from control cells 
or cells exposed to nanoparticles as variable selection are all examples of 
multivariate data analysis (MVDA) methods. MVDA is very advantageous 
to extract information from Raman spectra and in this thesis, these methods 
are applied to Raman images for a rather new application, i.e. 
nanotoxicology and with potential use in medical technology, diagnostics, 
and drug delivery2–23. Raman spectroscopy is here proposed as a non-
destructive, label-free method which gives complementary information to 
established methods for imaging of cells exposed to nanoparticles, such as 
TEM, which requires a vast sample preparation29,40, and fluorescence 
microscopy, which requires fluorescent labels and dyes29. 

Hyperspectral imaging 
A hyperspectral image is an image where each pixel corresponds to spectral 
data1,24. An illustration is in Figure 1, which shows a video image and a 
Raman image of a cell exposed to nanoparticles. In contrast to photos, where 
each pixel contains information of the levels of red, blue and green, i.e. three 
wavenumbers, each pixel in hyperspectral images can contain hundreds or 
thousands of wavenumbers1,24. The spectral data can be used for detection of 
substances as well as for classification and prediction2–24 The spatial 
information gives additional information and facilitates analysis of the 
composition of the sample and the spatial distribution of different 
components in the sample14–19,24.  

 
Figure 1. A hyperspectral Raman image of a A549 cell and corresponding video 
image with mapping positions marked by +. The pseudo-color map shows the 
intensity for the strongest Raman band from goethite nanoparticles, marked by an 
arrow. 
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Raman images are usually collected by mapping, which means that pixels 
are collected sequentially by moving the sample in pre-defined steps1. 
Imaging, on the other hand, refers to the case when all pixels of the image 
are collected simultaneously, usually one wavenumber at a time 1.  

Raman mapping, the spatial resolution of Raman images and how to 
visualize and analyze spectral data in Raman images are discussed in more 
detail in this thesis. 

Nanotoxicology 
Nanoparticles are defined as all particles with at least one dimension smaller 
than 100 nm27,41–46. Sometimes they are, incorrectly, also defined as particles 
less than 1 µm in diameter in the literature47,48.  

Nanoparticles can be particles in ambient air, originating from natural 
sources, such as fires or volcanic eruptions, or originate from anthropogenic 
sources, such as traffic or combustion processes48. They can also be in form 
of so called engineered nanoparticles that are intentionally designed to be 
small48. Nanoparticles are often used in products such as food, sun screens, 
clothes, microelectronics and many more49.Nanotechnology is a growing 
field of research and engineered nanoparticles can therefore be expected to 
be used in an increasing number of products and processes50. It is therefore 
important to evaluate the toxicity of these materials50.  

The size is one of the key characteristics behind nanotoxicity27,42,48,51–54. 
Nanoparticles are small enough to be transported in the body through other 
routes than larger particles, and they are also small enough to enter 
cells48,51,52. Nanoparticles can therefore interact with cells and organelles, 
which larger particles are not able to access48,51,52 and they can also act like a 
“Trojan horse” and deliver toxic substances into cells or dissolve and form 
toxic ions41,43,44,51,53,55. Besides the size of the primary particles, particle 
agglomeration is important48. Macrophages are able to clear large particles 
more effectively than small ones and agglomerated particles may, thus, be 
less toxic48. 

An important mechanism behind nanotoxicity is the formation of reactive 
oxygen species (ROS)26,43,48,51, such as free radicals that contain oxygen or 
electrophilic molecules such as hydrogen peroxides42. Nanoparticles which 
contain transition metals, such as iron nanoparticles, are especially reactive 
and can induce ROS41. There are also several observations on toxic effects of 
nanoparticles contaminated with transition metals41. One example of that is 
manganese, which often is used in the synthesis of graphene oxide56. 
Graphene oxide contaminated with manganese is reported to be cytotoxic, to 
reduce the metabolic activity and to cause membrane injury56, while 
chemically pure graphene oxide is biocompatible57. Many nanoparticles 
form ROS directly on the surfaces via Fenton-type reactions48 or by 
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reactions where nanoparticles act as a catalyst43,48,51,53. ROS can also be 
induced if nanoparticles interact with cell structures such as 
mitochondria26,43,48,51. The effects of ROS, if they are not neutralized by 
antioxidants, is an imbalance, i.e. oxidative stress, and an ensuing 
inflammatory response, where cytokines are released48,51. Eventually, 
oxidative stress may lead to cell death, which is something that generally 
occurs after exposure to quite high doses26,51. At lower doses, oxidative 
stress may lead to more subtle, but still harmful, effects, such as DNA 
damage26,48, protein denaturation43,48, effects on signaling functions48 and 
gene transcription48. Other examples of complications are membrane 
damage43 and inflammation that may lead to fibrosis and cancer47.  

Another key characteristic of nanoparticles is the surface area27,42–44,48,54. 
Nanoparticles have large specific surface area compared to larger particles, 
and they have therefore many possible sites for chemical reactions27,48,49,51 
and many atoms and molecules adhered to the surfaces41,48,50,51,54. Proteins 
bound to the surfaces, referred to as the protein corona, have been reported 
to play a key role in the uptake and toxicity of nanomaterials and something 
that can alter many properties, such as the surface properties, the dissolution 
and the agglomeration behavior43,44,53. The protein corona can also contain 
toxic molecules41,43. A large surface area can thus both give toxic effects via 
the characteristics of the surfaces themselves and via toxic surface-bound 
molecules41,43. Adverse effects can also arise if reactive nanoparticles bind to 
proteins and unfold them53. 

It is reported that particle morphology plays an important role in the 
toxicity of nanoparticles41,44,48,51,53,54,58. One example is asbestos fibers, 
especially the crocidolite form of asbestos, which have rod-like shape and 
cannot be engulfed completely by phagocytic cells48,51,54. The asbestos fibers 
persist in the lung and release toxic substances in the so called frustrated 
phagocytosis process48,51,54.    

Even though it is questioned if nano-specific toxicity exists41, it is obvious 
that small particles can have physicochemical properties which the same 
material in bulk size does not have and it is therefore relevant to evaluate the 
toxicity of nanoparticles43,51. Raman spectroscopy facilitates studies of 
nanoparticles in cells, with very little sample preparation14–19. For example, 
staining, using fluorescent labelling techniques, or embedding the cells for 
sectioning, become redundant14–19. More importantly, Raman spectroscopy 
does not introduce potential artefacts due to sample preparation14–19. 
Moreover, living cells can be monitored1–24. Raman spectroscopy is  thus a 
good complement to other, established, methods for in vitro nanoparticle-cell 
interaction studies14–19.  
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Nanoparticle uptake and genotoxicity 
Cellular uptake mechanisms can be divided into energy-dependent uptake 
mechanisms, such as endocytosis, and passive uptake48. The most common 
uptake mechanism is endocytosis43, where vesicle-enclosed nanoparticles are 
delivered to the cytosol59. Nanoparticles which are able to disrupt the 
vesicles by adsorption of protons may also appear free in the cytosol after 
endocytosis59. Only particles which are smaller than ca 100 nm can be taken 
up via the most common types of endocytosis43,59. 

The nanoparticle uptake is dependent on cell type43 and cell cycle phase60. 
An obvious example on cell type dependence is phagocytic cells, which are 
the only cells that can engulf nanoparticles via phagocytosis, a specific form 
of endocytosis43. Red blood cells are another example of cell type 
dependency43. They are not able to take up nanoparticles via endocytosis, but 
have, on the other hand, been shown to take up nanoparticles via passive 
diffusion43.  

It is suggested that positively charged particles are taken up more easily 
by cells because of the negatively charged cell surfaces53,56. Particles in 
biological systems are, however, surrounded by the protein corona, which 
usually gives a negative zeta potential53, i.e. a measure of the surface 
charge42. There are however reports on protein-coated particles, i.e. 
nanoparticles dispersed in serum, that are taken up to a larger extent 
compared to particles dispersed in serum-free medium42. It is probable that 
the protein corona affects the uptake by changing the dispersion properties of 
the particles42,61 and/or by interaction with receptors at the cell surface42,48.  

Cells are able to excrete particles from their interior to the exterior59. This 
is a slow process, especially for large particles59, and considered to be of 
minor importance60. The amount of nanoparticles inside cells is, however, 
varying dependent on the cell cycle phase60. This is because nanoparticles 
are split between daughter cells when the cell divides60. Rather than being 
transported out of the cells, nanoparticles are diluted as an effect of cell 
division60.  

Transport of nanoparticles to the cell nucleus is considered unlikely26, 
even though there are several reports on nanoparticles in the cell nucleus62–66. 
The transport route for nanoparticles to the cell nucleus is via nuclear pore 
complexes (NPC)67. The transport can be either passive diffusion, or active 
transport67. Passive diffusion is limited to very small particles because NPCs 
are only 8-9 nm in diameter26,63. Particles up to 39 nm in diameter can be 
transported through NPCs through a signal-mediated pathway63. There are 
also reports on nanoparticles in the cell nucleus after exposure to particle 
agglomerates with a diameter of 285 nm62 and 70 nm66. The mechanism 
behind the uptake of that large particle agglomerates is unknown. One 
suggested explanation is that nanoparticles enter the cell nucleus during 
mitosis68. 
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Genotoxicity can be divided into primary and secondary genotoxicity42. 
Secondary genotoxicity, which is regarded as the main mode of action, refers 
to the case when DNA damage is caused by oxidative stress26,27,42,48,69. DNA 
damage can also occur as a consequence of a direct interaction between 
nanoparticles and DNA26,27,42,69. This requires however that nanoparticles 
gain access to DNA, either during mitosis or by transport of particles to the 
cell nucleus26,27.  

The spatial distribution of nanoparticles in cells is partly determined by 
uptake mechanisms, i.e. if particles are enclosed in vesicles, which is the 
case in endocytosis43,48,70, nanoparticles will be membrane bound and 
therefore not able to interact directly with proteins, organelles or DNA43,48,70. 
Even though it is known that most particles are taken up by endocytosis, 
there are, however, also examples of nanoparticles taken up by diffusion or 
adhesive interactions70, and also several reports on nanoparticles in the cell 
nucleus62–66.  

Studies of the nanoparticle uptake and the spatial distribution in cells are 
important to get more information about mechanisms involved in possible 
toxicity, but knowledge about nanoparticle uptake is also of interest for 
studies of particles which are designed to interact with cells40, e.g. 
nanoparticles used for drug delivery65,71.  

As demonstrated in this thesis, Raman spectroscopy and hyperspectral 
data analysis are useful methods to follow chemical modifications in cells 
and to detect nanoparticles inside cells. In the Materials and methods section, 
the theory and basic principles behind Raman spectroscopy, and especially 
confocal Raman spectroscopy, are presented. Also, the nanoparticles studied 
in this thesis are described and an overview of relevant particle 
characteristics and analytical methods for nanoparticle characterization are 
given. The Materials and Methods section also gives an introduction to 
nanotoxicity testing in vitro. The section Multivariate data analysis gives an 
overview of multivariate methods which have been used for variable 
selection, classification and optimization in this thesis and gives a short 
presentation of other applications where these methods can be of special 
interest. Finally, in the Results and discussion section, the main findings in 
Paper I-V are summarized. 
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Materials and methods 

Raman spectroscopy - fundamentals 
Light scattering from a material in which the energy of the scattered light is 
preserved is called elastic light scattering or Rayleigh scattering, but in 1928, 
Raman and Krishnan discovered that light also can scatter with a shorter or 
longer wavelength than the incident light, i.e. inelastic light scattering72. The 
discovery had previously been theoretically predicted by Smekal and was 
independently confirmed by Landsberg and Mandelstam shortly after the 
discovery by Raman and Krishnan72.  

Inelastic light scattering, called Raman scattering or the Raman effect, is a 
rare phenomenon that is observed when a photon is scattered after excitation 
of an electron from a vibrational energy state to a so-called virtual energy 
state25. The special case when the photon is excited to an electronic state is 
referred to as resonance Raman scattering and it can sometimes result in a 
strong signal enhancement73. Resonance Raman requires that the incident 
light is close to an electronic transition73.  

Only about 1 photon out of 106 - 108 is scattered inelastically25. The 
excitation can either be from a vibrational state or an excited vibrational 
state25. The first-mentioned results in a photon that is scattered with a lower 

 
Figure 2. a: Rayleigh scattering. b: Stokes scattering. c: Anti-Stokes scattering. e: 
Resonance Raman  scattering. 
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energy than the incident photon, referred to as Stokes scattering, and the 
latter results in a photon that is scattered with a higher energy than the 
incident photon, referred to as anti-Stokes scattering25. The final vibrational 
state is hence either higher (Stokes) or lower (anti-Stokes) than the initial 
vibrational state25. Anti-Stokes scattering is much weaker than Stokes 
scattering because fewer electrons are in an excited vibrational state than in a 
ground vibrational state25. Figure 2 depicts schematically Rayleigh 
scattering, Stokes scattering, anti-Stokes scattering and Resonance Raman 
scattering. 

Molecules can vibrate in many different ways, i.e. for a molecule with N 
atoms there are 3N-6 normal vibrational modes, except for linear molecules, 
which have 3N-5 vibrational modes74. Vibrational modes consists of 
molecular bonds that stretch, bend, rock, wag or atoms that are subject to 
out-of-plane vibrations74. Combinations of normal modes completely 
describe all vibrational modes of a molecule74. These can be analyzed by 
vibrational spectroscopy, e.g. Raman spectroscopy or infrared (IR) 
spectroscopy, which are by far the most used techniques to probe vibrational 
modes25. All vibrations are, however, not Raman active or IR active25. The 
selection rule for Raman is that the polarizability must change when the 
molecule vibrates, i.e. the charge distribution of the atoms projected onto the 
vibrational mode (or formally the normal modes which describe the 
vibration) must change as the molecule vibrates25. For IR, on the other hand, 
the selection rule is that the electric dipole moment must change as the 
molecule vibrates25. The two methods are often complementary, e.g. all 
Raman active vibrational modes in molecules with a center of symmetry are 
silent in IR25. Many vibrational modes that are weak in IR are strong in 
Raman 1. One example is water, which is a weak Raman scatterer1. Figure 3 
shows examples of Raman active and IR active vibrational modes. 

Raman scattering can also be observed in crystals25. In that case, lattice 
vibrations with quantized energy, i.e. phonons, are inelastically excited 
(absorption process) or de-excited (emission process) by photons (see Figure 
4)25. These modes have low energy and are found in the far infrared region25. 
Many molecular vibrations from molecules in cells are, on the other hand, in 

 
Figure 3. Raman and IR active vibrational modes for a linear three-atom molecule. 
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the spectral region 800 cm-1 – 1800 cm-1, which is commonly called the  
fingerprint region5,75. It is thus possible to both detect metal-based 
nanoparticles and biomolecules simultaneously by using Raman 
spectroscopy. 

Raman spectra show the shift between the incident light and the Raman 
scattered light25. Intensity, expressed in counts per second or arbitrary units, 
is usually plotted against wavenumber, expressed in reciprocal centimeters 
(cm-1)25. Peaks in Raman spectra correspond to the vibrational modes in the 
measured material, which give an unique fingerprint of the material25. 
Spectra can thus be used for detection of a wide range of materials, and these 
spectra are also very suitable for MVDA24. Examples of applications of 
Raman spectroscopy are cancer diagnostics76, forensic analysis77, detection 
of explosives78, material characterization79, analysis of pharmaceuticals 80 
and toxicology studies2,3,7,8.  

The experimental setup for Raman spectroscopy includes an excitation 
laser, optics and a detector, which usually is a charge coupled device 
(CCD)1,81. Before reaching the detector, Rayleigh scattering, i.e. the 
excitation wavelength, is suppressed by notch filters, which facilitates 
measurements of both anti-Stokes and Stokes shifts, or edge filters, which 
suppress all signal below a certain threshold and therefore only facilitates 
measurements of Stokes shifts1.  

The excitation wavelength, i.e. the laser wavelength, which is used to 
excite vibrations in a molecule or a material,  does in general not change the 
resulting Raman spectrum82. The excitation wavelength does, however, 
affect the intensity of the Raman signal82,83. The intensity of the Raman 
signal is proportional to λ-4, where λ denotes the excitation wavelength, i.e. a 
short wavelength gives spectra with better signal-to-noise ratio (SNR)82,83. 
The excitation wavelength also significantly affects how much fluorescence 
that is generated due to electronic excitations from constituent compounds or 
defects in a material83. Fluorescence gives a non-specific broad background 
to Raman spectra and can saturate the detector and even completely obscure 
Raman bands83. An excitation wavelength in the near infrared (NIR) region 

 
Figure 4. Lattice vibrations. 
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can be advantageous if the sample is fluorescent, since excitation 
wavelengths in NIR are too weak to electronically excite molecules83. 
Limitations with excitation wavelengths in NIR and IR are, however, that 
CCD:s are silicon-based and not always compatible with these wavelengths 1 
and also that long wavelengths give weaker Raman signal due to the λ-4 
scattering dependence 82,83. 

Raman spectroscopy exists in numerous variants, ranging from 
microscope setups for spatially resolved analysis2–23 to setups for stand-off 
measurements84. Small, handheld instruments are available85, as well as 
specialized setups such as coherent anti-Stokes Raman spectroscopy 
(CARS), which take advantage of non-linear processes that give strong 
signal enhancement86, or surface enhanced Raman spectroscopy (SERS), 
which exploits electric field enhancement in the vicinity of nanostructured 
noble metals for signal enhancement87. There are setups where fiber-optic 
probes are used to collect Raman signal76, and there are special setups for 
medical applications, such as in vivo measurements of skin88. Confocal 
Raman spectroscopy, or Raman microspectroscopy, was used in Paper I-V. 
This method is sometimes (erroneously) called Raman imaging, even though 
the complete image is not generated at one time. We discuss the distinction 
in the next section. We can however conclude that confocal Raman 
spectroscopy is a setup which allows measurements of small measurement 
spots inside samples and facilitates collection of Raman images81,89.  

Confocal Raman spectroscopy and spatial resolution 
In confocal Raman spectroscopy, the laser light is focused on a small spot in 
the sample by an objective lens and the scattered light is collected through 
the same objective, usually in a in a back-scattered geometry1. Before the 
light reaches the detector, the light passes through a confocal hole (a 
pinhole), which filters light scattered out-of-focus from light scattered from 
the focal plane1,81. Figure 5 shows a schematic picture over the principle of 
confocality.  

Confocal Raman spectroscopy is a very promising method for 
measurements of biological samples1–24. The confocal setup facilitates 
measurements of small measurement volumes focused inside transparent 
samples, such as cells, i.e. there is no need to embed and section cells to 
study their interior75. Since confocal Raman spectroscopy is non-destructive, 
it is even possible to measure living cells, provided that the system is not 
photo-sensitive or that the laser flux can be adjusted to be sufficiently 
small75. Examples of applications where confocal Raman spectroscopy has 
been used for analysis of cells are toxicity analysis2–9, visualization of 
organelles10,11, interaction of cells and drugs12,13, uptake studies14–19, 
measurements of cells on 3D matrices20, cancer cell identification21 and 
determination of cell cycle phase22,23. 
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Confocal Raman spectroscopy facilitates the collection of Raman images, 
i.e. images where each pixel corresponds to a Raman spectrum1. With 
confocal Raman spectroscopy it is, thus, possible to both collect spectral and 
spatial information, which is very advantageous for analysis of 
heterogeneous samples1. Raman images are usually collected by mapping, 
which means that pixels are collected sequentially by moving the sample in 
pre-defined steps, either using a motorized table, which typically allows step 
sizes down to 0.1 μm, or by a piezoelectric controlled table, which allows 
step sizes down to a few nm75. There is also an implementation where the 
laser beam, instead of the sample stage, is moved by using piezo-controlled 
mirrors81. This implementation, called the DuoScan configuration in the 
Horiba JobinYvon instrument, was employed in Paper II.  With confocal 
Raman spectroscopy, it is also possible to collect three-dimensional images 
by moving the focus, i.e. moving the objective up or down1,83,90,91. The 
procedure to sequentially collect pixels, each of them corresponding to a 
Raman spectrum, is referred to as mapping, while imaging refers to the case 
when all pixels are collected by an array detector, one wavenumber at a 
time1. The latter is not compatible with a confocal setup, since the whole 
sample area is illuminated1,81.  

 
Figure 5. Schematic of confocality. 

 19 



The spatial resolution, i.e. the level of details that can be distinguished in an 
image, is related to the separation between the pixels, here referred to as the 
step size, and the measurement volume, which in turn is related to the laser 
illuminated spot1,81,92 In 1873, Ernst Abbe described the diffraction limit for 
a microscope as: 

d = λ
2NA

    (1), 

where λ is the wavelength, and d is the radius of the focused light94. NA is 
the numerical aperture: 

𝑁𝑁𝑁𝑁 = 𝑛𝑛 sin 𝜃𝜃    (2), 

where n is the refractive index of the medium and θ is the half angle of the 
maximum cone of light that can enter or exit the objective81,93. In a confocal 
setup the diameter of the focused light can be described by the Airy disc 
diameter: 

dAiry disc = 1.22λ
NA

   (3), 

where λ is the excitation wavelength81,93. According to the Rayleigh 
criterion, two objects can be resolved laterally if they are separated by the 
radius of an Airy disc90. The Rayleigh criterion is however not an accurate 
description of the true resolution in a Raman image because it does not take 
into account that spectra from sample spots separated by the Airy disc radius 
have spectral profiles contaminated with spectral information from its 
neighbors95. Furthermore, in reality, and especially for transparent samples, 
light is also collected from areas out-of-focus1,83,90,93. An apparent example is 
CaF2, which is a commonly used sample substrate and which is a much 
stronger Raman scatterer than e.g. cells75. The characteristic Raman band 
from CaF2, at 322 cm-1, is often evident in the spectra of cells on CaF2 even 
if focus is several μm above the CaF2 surface. The real measurement 
volume, especially in the axial direction in the microscope, is thus difficult 
to quantify and is sample specific90. The collection of light from areas out-
of-focus can, to some extent, be minimized by the use of objectives with 
high NA90. Simple approximations are also not appropriate for the axial 
direction since spherical aberration can introduce severe artifacts90,93. If the 
objective does not match the refractive index of the sample, the focus is 
shifted deeper into the sample and the depth is thus incorrectly depicted90,93. 

To minimize these problems, objectives with NA 0.9 were used in Paper 
I-V. Moreover, all measurements of cells were performed with a water 
immersion objective, which matches the refractive index much better than 
objectives which are designed to be used in air90. Still, CaF2 is apparent in all 
measurements from cells. This is difficult to avoid, since CaF2 is a much 
stronger Raman scatterer compared to cells, and covers the whole surface 

 20 



under the cell. It is not likely that nanoparticles outside the cell give the same 
spectral contribution as CaF2, partly because the cells were thoroughly rinsed 
before analysis so that there are negligible amounts of free particles in the 
suspension and partly because the particle agglomerates are comparatively 
small and few, especially at the low concentration used in Paper I-V, and 
give very little out-of-focus contribution to spectra, if any. In Paper V, 
mappings in the axial direction of cells showed that the contribution from 
titanium dioxide nanoparticles outside the cells were negligible. However, in 
paper IV, an unusual large fraction of the spectra acquired from cells 
exposed to graphene oxide nanoparticles showed Raman bands from 
nanoparticles. It was suspected that a large fraction of the cell surfaces were 
covered with these particles. This was also confirmed in TEM. The same 
extensive particle adhesion seen for graphene oxide was not observed for 
any other of the particles which were studied in Paper I, III or V. 

Besides the laser illuminated spot, the spatial resolution is also dependent 
on the step size1,81,92. When a small sample is mapped, the options are to 
either avoid large overlaps in the laser-illuminated areas, i.e. to make sure 
that each pixel only contains information from a specific measurement 
volume, or by measuring with smaller step sizes1,81,92. The latter method 
gives Raman images with higher resolution1,81,92. Small step sizes will, 
however, lead to a long measurement time. For photosensitive samples, such 
as cells28, it may therefore be difficult to collect enough pixels to achieve a 
good spatial resolution. An alternative which was tested in Paper II, is to use 
super-resolution, i.e. image processing algorithms that finds a super-
resolution image from one, or a sequence of, low resolution image(s) and a 
blur function30–34.  

Spectral pretreatment 
Raman spectra can contain noise and artefacts, originating from the 
instrument as well as the sample83. Examples of instrument effects are 
detector effects, such as defective pixels, cosmic rays or frequency shifts83. 
Many of them can easily be corrected, e.g. by subtracting the shift, 
calculated from a known, well-defined peak in the spectrum, or by replacing 
anomalous pixels with interpolated values24. 

An example of a sample effect is sample heating, which can introduce 
severe artefacts, such as sample degradation83. To not damage living cells 
during Raman measurements, it is critical to optimize the excitation 
wavelength, laser power and measurement time28. Examples of signs of 
photo-damage are blebs or cells that are detaching from the substrate96. Cells 
in Paper I-V were inspected for such signs before and after measurements 
and they had most often normal shape after measurement times around 1 h 
and employing a laser with excitation wavelength 514 nm  and 10-13 mW on 
the sample. 

 21 



Another sample effect is fluorescence, which often contribute with a 
complicated background, especially in biological samples and especially for 
excitation lasers in the visible wavelength region83,97,98. Several instrumental 
setups allow for suppression of the fluorescence. One method is to use time-
gating83. Raman scattering happens instantly since vibrational coupling is 
very efficient, while fluorescence takes several nanoseconds, and sometimes 
even longer, and is determined by the life-time of electronic states83. This 
approach requires pulsed lasers and specialized optics and is therefore not 
straightforward to apply83. Fluorescence can instead in many cases be 
removed with background-correction algorithms24,83,97–99. Popular 
background correction algorithms use polynomial fitting to calculate the 
fluorescence background, which has a much slower intensity variation than 
the Raman spectrum24,83,98,100. Other methods use the wavelet transform97 or 
derivatives97 to correct the background. Another option is to use wavelets for 
peak detection and width estimation before fitting a background97. Care must 
be taken so that the amplitude of the Raman peaks is not decreased when 
employing background-correction algorithms99. Figure 6 shows a Raman 
spectrum before and after background-correction. As depicted in Figure 6, 
the amplitude of the Raman band at 1005 cm-1 (due to the phenylalanine ring 
breathing mode5), which is a well-defined and sharp Raman band from cells, 
has approximately the same amplitude before and after background 
correction97. 

Noise originates from many sources. One of them is the readout noise of 
the CCD detector1. By using an electron multiplying CCD, the number of 
electrons is multiplied before the readout noise is added and weak signals are 
thus enhanced in relation to the readout noise1. Other noise is related to 
sample characteristics1. A low SNR is common for biological samples, 
which often have a weak Raman signal and at the same time are sensitive for 

 
Figure 6. Raman spectra of a A549 cell a) before and b) after background-correction 
with an algorithm that uses wavelets for peak detection and width estimation and 
thereafter fit a background with penalized least squares. The Raman band is the ring 
breathing mode of phenylalanine, which usually is strong and well-defined in 
Raman spectra from cells. 
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photo damage and allow for a limited measurement time28. Poor spectral 
quality can sometimes be reduced by application of noise reduction 
algorithms such as Savitzky-Golay filters, which finds smoothed values by 
fitting neighboring data points to a polynomial24. This approach was used in 
Paper II to improve the spectral quality prior background correction in a 
Raman image of polystyrene submicron particles. This image had unusual 
poor spectral quality due to a short measurement time. For other data 
analyses in this thesis it was considered unnecessary to employ smoothing 
prior data analysis.  

The intensity of Raman bands can change over time, depending on 
fluctuations of laser power101 or ambient temperature101. If data is collected 
over long time, for example a measurement series that spans over several 
measurement days, it may be necessary to normalize data101. A simple 
normalization method is normalization against the Euclidean norm, i.e. 
vector normalization98 . Figure 7 shows a Raman spectrum of a cell before 
and after application of background correction, frequency calibration and 
vector normalization. 

 
Figure 7. Mean spectrum from A549 cells. a) raw data b) after background-
correction, frequency calibration and normalization. 
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Transmission electron microscopy and other methods to 
study nanoparticles in cells 
TEM, which allows studies of nanoparticles at high magnification, has 
hitherto been the most commonly used analytical tool for visualization of 
nanoparticles in cells29,102. With TEM, images are generated by transmitting  
a beam of electrons with high energy, typically around 100 kV, through 
ultrathin (typically < 100 nm) sections of the sample102. Depending on 
sample thickness and cross section for electrons in the sample atoms, which 
in turn depends on atomic number of the element, regions of the sample will 
be depicted dark or light in the images in so called bright field imaging 
mode102. For high resolution TEM, it is possible to resolve individual 
particles102. Visualization of individual nanoparticles in cells may however 
be challenging, since the cell contribute to a complicated background102. The 
resolution is, moreover, dependent on particle characteristics102. It can be 
difficult to analyze materials with low electron-density, such as carbon based 
nanoparticles, with good resolution29,102,103. Even for electron dense particles, 
such as metal nanoparticles, it can be difficult to distinguish small particles 
from the background102,104. When employing TEM, electron-beam damaging 
may be an issue, and the method is not well-suited  for collection of large 
amount of data for statistical analysis29. Another drawback is the sample 
preparation, which is laborious and involves embedding and sectioning with 
a microtome, i.e. an instrument equipped with glass or diamond knives, used 
to cut the sample into ultrathin sections102. Toxic stains is also necessary in 
the sample preparation102. Contaminants can be introduced in many of the 
sample preparation steps102 and can sometimes be mistaken for 
nanoparticles104. TEM equipped with analytical accessories for elemental 
analysis is a good tool to chemically identify nanoparticles in TEM29. 
Energy-dispersive x-ray spectroscopy (EDS),  and electron energy loss 
spectroscopy (EELS) are examples of such techniques29,104. Even though 
TEM is difficult to use for quantitative analysis, it is still arguably the best, 
and most used, analytical tool for studies of nanoparticles in cells with 
respect to the spatial resolution102. TEM was used in Paper I, III-V for 
visualization of nanoparticles in cells. 

Other popular methods for visualization of nanoparticles in cells are based 
on fluorescence, e.g. confocal microscopy, where fluorescent labeled 
nanoparticles and cells are studied29,40,59,70. The method has most often low 
spatial resolution, compared to e.g. TEM,59 even though there have been 
recent advancement in super-resolution microscopy based on fluorescent 
molecular detection, such as super-resolved fluorescence microscopy 
(awarded Nobel prize in chemistry 2014)105. A limitation which is common 
for all methods that are based on fluorescence is that most particles do not 
have intrinsic fluorescence and therefore have to be labelled by elaborate 
synthetic methods to be detected 29. Further, added fluorescent markers will 
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change the physicochemical properties of the particles and may thus change 
important characteristics behind nanotoxicity29. Flow cytometry, such as 
fluorescence-activated cell sorting (FACS) is another fluorescence-based 
method used for studies of nanoparticle uptake29,106. FACS facilitates a rough 
estimation of the nanoparticle uptake by analysis of the scattered light and 
the fluorescence from cells in a flow chamber106.   

Confocal Raman spectroscopy, which facilitates a label-free and spatially 
resolved detection of nanoparticles14–19, is a good alternative for fluorescence 
microscopy and a good complement to TEM. Even though the spatial 
resolution is far from the one that is achieved for TEM, it is still useful for 
studies of nanoparticles in cells. With confocal Raman spectroscopy it is 
possible to identify organelles such as cell nucleus (Paper I) and 
mitochondria107 and it is possible to unambiguously detect metal-based 
nanoparticles (Paper I, III, V) as well as carbon-based nanoparticles (Paper 
II, IV). 

Particle characterization 
To be able to address toxicological effects of nanoparticles, it is of utmost 
importance to characterize primary particle size distribution, chemical 
composition, surface area, surface chemistry, surface charge and 
agglomeration size54. In addition, aspect ratio is important for non-spherical 
particles such as nano-fibers54. Solubility, stability in ultraviolet (UV) and 
thermal stability are important metrics to evaluate biopersistence54.  

Since the relationship between physicochemical characteristics and 
toxicity is complex, it is necessary to thoroughly characterize nanomaterials 
in relevant medium54. Parameters such as pH and ion strength, affect the ions 
and molecules associated with the particles and hence the agglomerate 
size108. To avoid particle agglomeration and particle aggregation, it is 
recommended to use a dispersion medium which contains proteins, for 
example bronchoalveolar lavage fluid or serum61,108. In Paper I-III and V, 
particle sizes were evaluated in cell medium supplemented with serum, 
which gives a much more relevant particle size distribution than particle size 
distributions received after measurements of particles in e.g. phosphate 
buffered saline. Key physicochemical properties which have been 
characterized in this thesis are primary particle size, particle size 
distribution, specific surface area, zeta potential (surface charge), 
composition and shape42,45,51–54.  

The size determines the reactivity as well as the number of surface-bound 
molecules27,42,48,51–54. Shape is connected to reactivity 41 and plays also a role 
in the ability of particles to dissolve44. There are numerous analytical 
methods available for size measurements45,46. The primary particle size of 
dry particles can for example be measured with electron microscopy45,46 
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(Paper I, III-V), either scanning electron microscopy (SEM) or TEM. In 
SEM, images are acquired by detection of the back scattered electrons that 
are received when performing raster-scans with a focused electron beam 
over the sample109. Particles can be studied in SEM after deposition of a low 
concentration of particles on a filter or similar, while particles must be 
deposited on conductive grids, such as copper grids or gold grids, for TEM 
analysis109. Particle sizes are obtained from the electron microscopy images 
by image analysis tools109. In addition to particle size, it is possible to 
determine the particle shape by employing these techniques46. 

Another option for primary particle size determination and shape 
determination is X-ray diffraction (XRD)46 (Paper I, V). In XRD, the particle 
sizes are calculated by an analysis of the intensity and angels of the 
diffracted beams which are scattered when x-rays hit the material110.  The 
thin graphene oxide nanosheets which were studied in Paper IV were also 
measured with atomic force microscopy (AFM), where the surface is 
analyzed by scanning the sample with a probe111. The force between the 
probe and the sample facilitates measurements of the topography of the 
sample111. In Paper IV, this method was used to determine the thickness of 
the particles. 

Nanoparticle suspensions are rarely stable and nanoparticles most often 
appear in agglomerates42,43,45,46. Sometimes, the particle shape is of minor 
significance because of the particle agglomeration53. The particle size 
distribution must therefore be considered for complete characterization of 
the nanoparticle size45,46. Agglomeration can be avoided with the use of 
surfactants, but they change “true” exposure conditions, and may also be 
cytotoxic, and should therefore be avoided for toxicity measurements43,54. It 
is instead common to use ultrasonication baths, or a ultrasonication probes to 
break apart agglomerates54.   

Examples of analytical methods for particle size distribution 
measurements in suspension are dynamic light scattering, (DLS), static light 
scattering (SLS) and photon cross correlation spectroscopy (PCCS)109,112. 
Analysis of the data  from these methods assume that the particles are 
spherical109,112, which may not always be the case; e.g. goethite nanoparticles 
(Figure 10 a, Paper I). Below, each method is described in more detail. 

SLS, also known as laser diffraction, was used in Paper V. In SLS,  
particle size  is determined from the diffraction pattern that is obtained when 
the particles are illuminated by a laser109. Models derived from Mie 
scattering theory  are used to calculate particle size109. These models cannot 
account for multiple scattering, i.e. light scattered more than once, and SLS 
can therefore not be used for opaque samples109.  

DLS was used in Paper V and PCCS was used in Paper I-III and V. DLS 
and PCCS measure the hydrodynamic diameter, sometimes referred to as 
Stokes diameter44,109,113. This is not equal to the diameter of particles in the 
suspension, but is the diameter of a sphere that has the same diffusion rate as 
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the measured particle109. That is, for particles in suspension, both the particle 
agglomerates as well as the molecules and ions associated to the surface 
(Figure 8)109.  More details of these methods are in the section 
Hydrodynamic diameter and photon cross correlation spectroscopy. 

The specific surface area is a reactivity measure of the number of surface 
sites and hence the number of surface-bound molecules27,42–44,48,54. A 
characterization is usually done with isothermal adsorption of N2 at 
cryogenic temperatures, using the Brunauer–Emmett–Teller theory114. This 
theory was used to calculate the specific surface area of particles in Paper V. 

Zeta potential is a measure on the surface charge, or, more correctly, the 
potential between the dispersion medium and the loosely bound ions 
surrounding the particle (Figure 8)115. The zeta potential is strongly 
dependent on pH since it affects the ions surrounding the particle115. A plot 
of the zeta potential as a function of pH gives the isoelectric point (IEP), i.e. 
the pH where the zeta potential is 0 115. At this point, the suspension is 
unstable115. Zeta potential and isoelectric point can be measured with 
electrophoretic light scattering, i.e. measurements of the velocity of particles 
in a suspension with an employed electric field115. 

It is important to determine the chemical composition of nanomaterials, 
especially since contaminants can introduce false positives in toxicity 
tests41,56. The chemical composition can be measured by elemental analysis 
methods such as EDS and EELS29,104, which often are used in combination 
with TEM, or combustion elemental analysis, where the organic samples are 

 
Figure 8. Illustration of the electrical double layer and the zeta potential. 
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combusted completely and quantitative analysis is made of the combustion 
products116. Combustion elemental analysis was employed in Paper IV for 
purity analysis of graphene oxide. The functional groups in the graphene 
oxide sample were also analyzed with IR spectroscopy and 13C-nuclear 
magnetic resonance spectroscopy (NMR)117.  13C-NMR exploits the 
interaction of 13C nuclei with a static magnetic field and gives information of 
chemical structure of organic molecules in the sample117. 

Hydrodynamic diameter and photon cross correlation 
spectroscopy 
PCCS is a special implementation of DLS112, which can be used to measure 
the hydrodynamic diameter, Dh

109. Both methods analyze the speckle 
patterns that are obtained when light scattered from particles in the 
measurement volume cause constructive and destructive interferences109. 
The Brownian motion, i.e. the random movements of small particles, affects 
the fine structure of the diffraction pattern109. These fluctuations can be 
analyzed in the time domain by a correlation function (DLS) or cross 
correlation function (PCCS)109,112. From the decay of these correlation curves 
it is possible to calculate the translational diffusion coefficient, Dt. Dt is in 
turn related to Dh via the Stokes-Einstein equation: 

Dh = kBT
3πηDt

    (4), 

where kB is the Boltzmann constant, T is the temperature and η is the 
viscosity109. A limitation with DLS is that it cannot account for multiple 
scattering, i.e. light scattered more than once112. This method is therefore 
only useful for diluted samples112. 

In PCCS, two speckle patterns of the same measurement volume is 
obtained by using two laser beams112. A schematic picture of the 
instrumental setup is shown in Figure 9. Contributions from multiple 
scattering are eliminated by using a crosscorrelation function instead of a 

 
Figure 9 Schematic picture of the PCCS setup. The speckle patterns are detected by 
separate detectors. The setup also contains two photomultipliers and a correlator. 
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correlation function112. It is hence possible to measure opaque samples with 
PCCS, as long as enough light reaches the detector112. 

PCCS was used to characterize nanoparticles in Paper I-III and V. 
Titanium dioxide nanoparticles as well as polystyrene nanoparticles are 
spherical and, hence, the Stokes-Einstein equation is valid. For the rod-
shapes goethite nanoparticles, on the other hand, the hydrodynamic 
diameters do probably not reflect the true size of the particle agglomerates. 

Particles 
Table 1. Physicochemical properties of particles studied in Paper I. 

Particle Surface area 
(m2 g-1) 

Primary particle 
size (nm) 

Hydrodynamic 
diameter (nm) 

Isoelectric 
point 

Goethite 100 8.1 × 31.8 a 

11 × 62 b 
110, 2200  
(28, 290) c 

9.4 

Titanium 
dioxide 

50 Diameter:  
21 a, 20-80 b 

110, 1800  
(18, 190) c 

6.3 

Polystyrene 
300 nm 

  328.3 c 
 

 

Polystyrene 
500 nm 

  525.2 c  

Graphene 
oxide 

 Lateral dimensions:  
200 – 3000 d 

Thickness: 0.9 e 

  

a Measured with XRD. b Measured with TEM. c Measured with PCCS. Most abundant 
mode in bold. Diameter after sonication with a ultrasonication probe in parentheses. d 
Measured with SEM. e Measured with AFM. 

Iron oxides 
Iron oxides are naturally occurring everywhere around us, in the soil and the 
atmosphere, and they are also manufactured for use as color pigments and in 
biomedical applications48,118. Large amounts are emitted from brake linings, 
combustion processes and traffic, which makes iron oxides one of the most 
common nanoparticles in urban air119. Iron oxide exists in several phases, 
such as goethite (α-FeOOH), magnetite (Fe3O4), hematite (α-Fe2O3) and 
maghemite (γ-Fe2O3)118.  
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Goethite nanoparticles in a mixture with titanium dioxide nanoparticles 
were studied in Paper I. Goethite nanoparticles are rod-shaped (see Figure 10 
b and Figure 11 c) and are naturally occurring in the environment118. It is one 
of the major products in many mineral transformations due to its 
thermodynamic stability118 and its reactivity makes them useful for catalysis 
applications120. The goethite nanoparticles in Paper I were synthesized in a 
synthesis process where iron nitrate was mixed with potassium 
hydroxide120,121. Some physicochemical characteristics120 are in Table 1. 

 
Figure 10. TEM image of a) goethite nanoparticles b) titanium dioxide 
nanoparticles, ca 80:20 antase:rutile. 

 
Figure 11. Crystal structures of a) anatase (titanium dioxide), b) rutile (titanium 
dioxide), c) goethite. 
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Titanium dioxide 
Titanium dioxide is manufactured in large quantities (several millions of 
tons122) and is mainly used as a color pigment  in products, such as paints, 
papers, cosmetics and toothpastes48,123. Two of the most common forms of 
titanium dioxide are anatase and rutile123. The latter has higher refractive 
index and lower light absorption, which make it the most used form for use 
as color pigment123. The anatase form, which is regarded as more reactive 
than the chemically inert rutile form58,122, is used in more specialized 
applications, such as photocatalysis and renewable energy applications58,123. 

For many years, titanium dioxide has been regarded as a low-toxic 
particle and it has been used as a negative control in many particle toxicity 
studies122. It is, however, recognized that small titanium dioxide particles 
have other physicochemical properties, such as larger specific surface area, 
than larger titanium dioxide particles122. In recent years, nano-sized titanium 
dioxide has been subject to a numerous nanotoxicology studies122. A 
majority of them concludes that the anatase form is cytotoxic and/or 
genotoxic122. 

Commercially available titanium dioxide nanoparticles were studied in 
Paper I, III and V. In Paper V, several forms of titanium dioxide were 
studied, but only a mixture of ca 80 % anatase and 20 % rutile (sometimes 
referred to as P25, which is its commercial name) was subject to the MVDA 
which is covered in this thesis. The titanium dioxide particles used in Paper I 
were also studied in mixture with goethite nanoparticles. 

Figure 10b shows a TEM image of titanium dioxide and some 
physicochemical properties58 are in Table 1. The crystal structure of anatase 
and rutile is depicted in Figure 11 a and b. 

Polystyrene 
Polystyrene particles are spherical particles made from polymerized 
styrene124. It is possible to manufacture them in well-defined and uniform 
diameters and they are therefore commonly used as size standards124.  

The purpose in Paper II was to compare super-resolution algorithms 
applied to Raman images and it was therefore necessary to measure a sample 
with a known pattern. A sample of commercially available polystyrene 
submicron particles with a known and uniform diameter was prepared for 
this purpose. In addition, cells were exposed to slightly lager submicron 
polystyrene particles and mapped with confocal Raman spectroscopy. Some 
physicochemical properties of these particles are in Table 1. 
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Graphene oxide 

Graphene consists of one atom-thick graphite layers125. This virtual two-
dimensional material has special properties, such as excellent electric 
conductivity, which makes it a promising material in many technical 
applications, such as microprocessors, batteries and sensors125. Graphene 
oxide is the oxidized form of graphene. In contrast to graphene, graphene 
oxide is water soluble. Graphene oxide is usually synthesized from graphite 
in a synthesis where sodium nitrate, sulfuric acid and potassium 
permanganate are mixed126. Graphene oxide has been evaluated in a number 
of nanotoxicity tests and a majority suggests that the chemical pure material 
is biocompatible103, but there are also reports on cytotoxicity of graphene 
oxide contaminated with manganese56.  

In Paper IV, graphene oxide nanoparticles were prepared by reduction of 
graphene, instead of graphite. This process requires comparatively small 
amounts of sulfuric acid and potassium permanganate. Combustion 
elemental analysis showed that the graphene oxide was pure after 
purification with dialysis. Some physicochemical properties are in Table 1. 

Cells and exposure conditions 
In vitro assays are important complements to in vivo studies of ethical and 
practical reasons29,127. Translation of in vitro studies to in vivo studies or, 
even more important, real exposure to human, is, however, difficult42,53,127. It 
is also difficult to translate doses for in vitro studies to doses for in vivo 
studies128. Efforts have been made by comparing the surface area of the 
proximal alveolar region, where particle are likely to deposit after inhalation, 
to the surface area of a culture dish128. It is also suggested that the surface 
area of particles is a better dose metric than mass43,48,54,128. An advantage of 
using surface area, rather than mass, is that both number and volume is 
possible to derive from the surface area and also that it is not influenced by 
the density43,54. Calculation of surface area is, however, not straightforward 
and mass is still the most common dose metric122. Other dose metrics are 
number per volume43, surface area per volume42,48,54, surface area per number 
of cells42 or surface area per surface area of culture dish42. In Paper I-V, 
doses are expressed in mass per volume. A typical particle dose employed in 
the Raman experiments in Paper I-V is 10 µg ml-1. This corresponds to the 
lowest, or one of the lowest, doses which are commonly used in toxicity 
tests122. 

The results from toxicity tests can differ dependent on cell type used in 
the study43,129. Differentiated cells seems to be more sensitive than stem 
cells43 and differences have also been observed between primary cells and 
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cell lines42,43. The main entry route for nanoparticles is inhalation51  and it is 
therefore relevant to use lung models when studying nanotoxicity in vitro. 
The lung epithelial cell line A549 was used in all Raman spectroscopy 
studies in Paper I-V. This is an adherent cell that was considered robust and 
suitable for the Raman experiments.  

All Raman measurements were performed on CaF2 substrates, which only 
have one Raman band that not interfere with Raman signals from cells or 
nanoparticles studied in Paper I-V. In addition, CaF2 is non-toxic and 
transparent75. Cells were measured without fixation and without sectioning 
or staining. Before and after measurements, it was studied if the cells had 
signs of blebs or if they were about to detach, i.e. signs of possible 
photodamage96. Normally, the cells were unaffected after about 1 h 
measurement with 514 nm excitation laser (10-13 mW on the sample).  

In vitro assays 
Numerous in vitro tests are available for toxicity testing. Roughly, they can 
be divided into viability tests, which test proliferation, necrosis or apoptosis, 
and mechanistic tests, which test DNA damage or oxidative stress29. It is also 
important to evaluate the ability of nanoparticles to induce inflammation42. It 
is not possible to measure inflammation directly in vitro since the 
inflammation is complex and involves several cell types42. It is however 
possible to perform in vitro measurements of markers for gene expression or 
proinflammatory signaling which are involved in the inflammation. 
Examples of markers are cytokines and chemokines such as interleukins and 
monocyte chemoattractant protein-1 (MCP-1), which can be measured in 
vitro by using enzyme linked immunosorbent assay (ELISA)42. Interleukins 
and chemokines were analyzed by ELISA in Paper V.  

Several popular viability tests use dyes, for example tetrazolium salts, 
which are reduced to formazan dyes by cells with normal metabolic 
activity29,42. A measure of the metabolic activity, and hence the viability, is 
obtained by measuring the absorbance29,42,47. Cell viability was tested with 
the nitroblue tetrazolium assay in Paper V. In Paper IV, cell viability was 
tested by exposing cells to resazurin, which is reduced to the fluorescent dye 
resorufin by viable cells29. Cell viability is measured by fluorescence 
measurements29. There are also assays where stained cultures are manually 
counted to give a direct measure on the number of viable cells42,47.  

Oxidative stress, induced by ROS, is one important mechanism behind 
nanotoxicity26,43,48,51. Examples of ROS are free radicals that contain oxygen 
atoms and electrophilic molecules such as hydrogen peroxide42. The ability 
of particles to induce ROS can be measured in cell-free assays as well as 
assays for cellular ROS by using fluorescent dyes or electroparamagnetic 
resonance with probes for ROS42.  
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It is recommended that a combination of several tests is used because it is 
known the nanoparticles can interact with dyes and give false positives and 
negatives, e.g. by adsorption of dyes42,43,54,69,130 or oxidation of dyes42,43. 
When using fluorescence based methods, it is also important to be careful 
because nanoparticles can disturb the results, e.g. by physically blocking the 
light, reflect the light or give fluorescence42,43.  

Fourier transform IR spectroscopy and Raman spectroscopy are pointed 
out as interesting methods to assess nanotoxicity, since they are able to 
measure biochemical changes without using dyes and fluorescent markers54. 
There is, however, an uncertainty which spectral marker to use for diagnostic 
purposes and a drawback with Raman spectroscopy is also that the signal is 
comparatively weak54. Paper IV and V present a comparison of spectral 
bands that differ between control cells and cells exposed to nanoparticles, as 
an initial test of the possibility to use Raman spectroscopy for nanotoxicity 
testing. In Paper IV, control cells were also compared to apoptotic cells. 

The comet assay 
The comet assay, or single-cell gel electrophoresis, is a popular method for 
measurements of DNA strand breaks26,42,47,69. With this method, cells are 
embedded in agarose gel, lysed and an electric field is applied42,47,69. DNA 
migrates in the electric field and after staining with fluorescent dyes, a 
comet-like “tail” is visible42,47,69. The length of the tails is compared to the 
ones from control cells42,47,69. Damaged DNA moves more rapidly in the gel 
than intact DNA and, hence, the “tail” for damaged DNA will be longer47,69. 
Image analysis is used to determine parameters related to the size of the tails, 
e.g. the percentage of DNA in the tail47,69. Originally, the comet assay was 
developed for neutral conditions, but later, a version for alkaline conditions 
was invented, which is more sensitive and can be used to both detect single 
and double DNA strand breaks as well as DNA cross-links and alkali-labile 
sites26,42,47,69. The alkaline version of the comet assay was used in Paper III to 
test the genotoxicity of titanium dioxide nanoparticles. 

Like most other in vitro methods, there are concerns that nanoparticles 
can disturb the assay, for example by quenching the fluorescent dye used to 
visualize the “tails”, by introducing DNA damage after lysis or by affecting 
the migration in the gel42,69. Moreover, there are concerns that nanoparticles 
with photocatalytic activity, such as titanium dioxide, can cause DNA 
damage if they come in contact with DNA69. In general, the comet assay 
gives similar results as other genotoxicity assays and it is considered that the 
comet assay is a toxicity test that is compatible with nanoparticles69. UV-
light must, however, be avoided when photocatalytic nanoparticles are 
tested69. In Paper III, care was taken to not expose the system for UV light. 
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Hyperspectral data analysis 

A hyperspectral image consists of pixels and each pixel corresponds to 
spectral data, which in turn can contain hundreds or thousands of 
wavenumbers24. With these huge amounts of data, powerful analysis tools, 
such as MVDA, are necessary39.  

This section gives a brief presentation of multivariate methods used in 
Paper I-V. All methods describe the analysis of an n × m matrix X. Each row 
in X is referred to as an observation and each column to a variable. An 
observation can for example be a spectrum, such as one individual pixel in a 
Raman image. Examples of a variable are a wavenumber in a spectrum or a 
factor that has been varied in an optimization. Some of the presented 
methods also involve a n × p matrix Y. The rows of Y are observations; 
analogous to the ones in the X matrix, and the columns can for example be 
responses that have been measured in an optimization or variables that 
describe class memberships of the observations, 1 for members and 0 for 
non-members. Figure 12 depicts the X and Y matrices. 

 
Figure 12. Visualization of the arrangement of X and Y data used in MVDA. 
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Methods 

Principal component analysis  
The idea of PCA is to find latent variables in X35–37. These latent variables, 
referred to as principal components, are orthogonal, i.e. independent, and the 
first one captures the largest variance in X35–37. Each principal component 
consists of a score vector, t, and a loading vector, p35–37. These constitute a n 
× q score matrix T, and a m × q loading matrix P:  

X = TPT     (5)35–37. 

A geometric interpretation (Figure 13) is that observations are projected onto 
the score vectors, i.e. from a high-dimensional to a lower-dimensional 
space36. Similar observations have similar score values and can thus easily 
be identified in score plots35–37. The score vectors are linear combinations of 
the original variables in X35–37. The loadings serve as a link between the 
original variables and the latent variables and are useful to identify original 
variables that are correlated to groups seen in the score plots35–37.  

There are several algorithms available to calculate the principal 
components36. The most common is to employ singular value decomposition 
(SVD) on the mean centered X matrix35–37. The decomposition gives a n × n 
matrix U with left-singular values, a n × m matrix D with singular values, 
and a m × m matrix V with right-singular values: 

X = UDVT    (6)35,37. 

The score matrix can be expressed as 
 

 
Figure 13. Geometric illustration of the two first principal components in data with 
three variables. 
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T = UD    (7), 

while V denotes the loadings35,37. 

Multiple linear regression 
Multiple linear regression (MLR) is a method used to solve linear regression 
problems with multiple variables131. A linear regression model can be 
expressed as: 

Y = XB + E    (8), 

where B is a m × p matrix of regression coefficients and E contains the 
residuals131. B can be estimated from X and Y with: 

𝐵𝐵 = (𝑋𝑋𝑇𝑇𝑋𝑋)−1𝑋𝑋𝑇𝑇𝑌𝑌   (9)35. 

MLR cannot be employed if data have a lot of missing data or correlated 
rows and it is not a useful method if X has more columns than rows, i.e. the 
problem is ill-posed35,132. It is therefore common to use the pseudoinverse X+ 
with the property 

𝑋𝑋𝑋𝑋+ = 1    (10)35. 

The pseudoinverse can be calculated by employing SVD35. This approach 
extends the applicability of MLR, but the method is still not very stable 
compared to e.g. PLS35.   

Projection to latent structures 
Projection to latent structures (PLS), sometimes referred to as partial least 
squares regression, is a good tool if data does not fulfil the requirements for 
applying MLR, e.g. if X contains missing data132. The method is used for 
classification, prediction and visualization of data36.  

PLS is used to find the relationship between Y and X35–37,131,132. Y can be 
any kind of response. Partial least squares-discriminant analysis (PLS-DA) 
refers to the case when Y contains binary data of group membership, i.e.1 
for members and 0 for non-members 36.  

PLS have similarities to PCA, but in this case, there are both a Y and a X 
matrix35–37,131,132. PLS finds separate models for X and Y: 
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X = TPT + E    (11) 

Y = UCT + F    (12), 

where T and U are n × q matrices with scores vectors, P and C are m × q 
matrices with loading vectors, also called weights, and E and F are 
residuals35–37,131,132. Besides fitting components that capture large variance in 
Y and X, the covariance between T and U is maximized, i.e. the correlation 
between X and Y is maximized35–37,131,132.  

The model is calculated iteratively, starting by projecting X to a weight 
vector, which is obtained by SVD of XTY35. The coordinates of the 
observations projected on the weight vector is the X scores. X and Y 
loadings are thereafter calculated by regressing X and Y with the X scores35. 
The products of the scores and loadings are successively removed from X 
and Y in the process35.  

Just as for PCA, groupings and trends can be visualized in the score plots, 
while the weights show how the score vectors are related to the original 
variables36. In contrast to PCA, PLS is a supervised method, i.e. while PCA 
just captures the maximum variance in data, PLS also captures the 
correlation between X and Y35. 

The predictive ability of a PLS model is often calculated by cross-
validation, i.e. a number of observations are left out from the model and their 
values are then predicted36. The result is summarized in the Q2 value, which 
describes the fraction of the variation that can be predicted by a model36. A 
high Q2 indicates a good predicative ability, but to evaluate the model, it is 
also necessary to use an external test set, i.e. to test the model on data that 
has not been included in the model36. 

Orthogonal projection to latent structures (OPLS) is an extension to PLS 
where the predictive information is separated from the uncorrelated, i.e. 
orthogonal, information: 

X = T𝑝𝑝P𝑝𝑝T + 𝑇𝑇𝑂𝑂𝑃𝑃𝑂𝑂𝑇𝑇 + E   (13)133. 

 
Figure 14. Illustration of the difference between the score plots in a) PLS(-DA) 
model and b) OPLS(-DA) model. 
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TP and PP are predictive scores and loadings and, respectively,  TO and PO are 
orthogonal scores and loadings, respectively133. The predictions are similar to 
the ones obtained in PLS, but the interpretation is simplified because it is 
possible to identify variables that are correlated to the separated groups 
directly in the loading plots (Figure 14)133. For PLS, on the other hand, 
several components may be necessary to obtain a separation and in that case, 
the loadings are more difficult to interpret because they probably also 
contain uncorrelated information133. 

Comparisons of classification models 
One method to compare OPLS models is to calculate the predictive loadings, 
p(corr), scaled as a correlation coefficient between the data matrix and the 
score vector: 

𝑝𝑝(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = 𝑡𝑡𝑇𝑇𝑋𝑋𝑖𝑖
||𝑡𝑡|| ||𝑋𝑋𝑖𝑖 ||

     (14)134. 

These show the effect of the original variables. Variables with the same 
effect in the models and variables that belong to the unique structures can be 
identified in shared and unique structures plot (SUS-plot), where p(corr) for 
the models are plotted134. Variables along the diagonal of the SUS-plot are 
variables that have the same effect in the two models, i.e. the shared 
structure134.  

Multivariate curve resolution alternating least squares 
MCR-ALS is developed for analysis of mixtures of substances with 
unknown spectral profiles, even though it also can be used for completely 
different types of data24,38,39. The method has similarities to PCA, but the X 
matrix is in this case decomposed to concentration profiles, C (n × c), and 
pure component spectra, S (c × m), instead of scores and loadings and the 
pure component spectra are not necessarily orthogonal24,38,39.  

In the first step of the algorithm, the number of pure spectra and initial 
estimations of either the concentration profiles or the pure spectra are 
determined24,38,39. Initial estimations can for example be the most dissimilar 
spectra, identified by PCA24,38,39. The number of pure components must be 
determined beforehand, since the whole model is recalculated if more 
components are added24,38,39. 

Alternating least squares (ALS) is used to find S and C from the 
estimations38,39. If an estimated C matrix is set as a starting point, pure 
spectra are calculated from the pseudoinverse of C, denoted C+, and from X: 
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ST = C+X    (15)24,35,38,39. 

Thereafter, a new concentration profile, C, is estimated from the 
pseudoinverse of the transposed new pure component spectra: 

C = X(ST)+    (16)24,38,39. 

S and C are repetitively recalculated until convergence, i.e. until S and C can 
successfully explain X38,39. 

 An advantage over e.g. PCA is that several constraints can be added in 
the ALS step, for example non-negative values in S and/or C, closure (mass 
balance) or unimodality24,38,39. It is even possible to add known concentration 
profiles or pure spectra24,39. If non-negativity constraints are added to the 
pure component spectra, the result is much more intuitively interpreted than 
loadings from a PCA. The latter have normally both positive and negative 
values and are, hence, not similar to e.g. real Raman spectra. 

Applications 

Variable selection and visualization 
Each pixel in Raman images corresponds to a Raman spectrum, which can 
contain hundreds or thousands of wavenumbers. To visualize them it is 
necessary to employ variable selection24. Usually, hyperspectral images are 
visualized with pseudo-color maps, where the colors represent intensities for 
a Raman band, score values or similar (Figure 1)24.  

In its simplest form, variable selection can be the selection of one Raman 
band assigned to a component in the sample24. Examples of bands that can 
be used to visualize cell structures are the C-H bands in the wavenumber 
region 2800-3100 cm-1 15,18,19, the 687-1074 cm-1 region (with Raman bands 
from e.g. DNA)23, the 788 cm-1 Raman band from O-P-O stretches in DNA6, 
the 1659 cm-1 Raman band from Amide I α helix in proteins and C=C 
stretches in lipids (used for visualization of the lipid distribution)6.  It is only 
possible to use this approach if the component has one well-defined Raman 
band that does not overlap with Raman bands from the background matrix24.  

MVDA, on the other hand, facilitates an analysis of the whole spectral 
region and can often be used for variable selection also in cases when spectra 
contain overlapping Raman bands24. PCA is an example of a MVDA method 
that can be used for variable selection11,23. This method was successfully 
used in Paper II to reduce the number of variables before performing super-
resolution analysis of a Raman image of cells exposed to submicron 
particles. In that case, 1006 wavenumbers were reduced to two principal 
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components which were used to identify pixels that contained polystyrene 
submicron particles and pixels that corresponded to the cell nucleus region 
or a lipid region. PCA was also used in Paper IV to analyze Raman spectra 
from cells exposed to graphene oxide nanoparticles. The first principal 
component could be used to identify the spectral signature from graphene 
oxide, which overlaps with Raman signal from the biomolecules inside the 
cell, and thus quantify the number of measurements acquired from positions 
where graphene oxide were present. 

MCR-ALS is another useful method for visualization of components in a 
Raman image34. As described in the previous section, pure spectra obtained 
from MCR-ALS have much more similarities to real Raman spectra than 
loadings obtained from PCA24,38,39. Some prior knowledge is, however, 
necessary to successfully apply MCR-ALS, because the result is dependent 
on the number of pure components, which is set before analysis24,38,39. MCR-
ALS was tested in Paper II. 

If the concentrations or class memberships are known for some pixels, it 
is possible to use PLS for visualization of Raman images24. In PLS, a 
calibration model is fitted to known data and the concentrations, or class 
memberships, are thereafter predicted for unknown pixels24. This approach 
was used in Paper I, where the aim was to identify pixels which correspond 
to the cell nucleus and the area outside the cell nucleus, respectively. For this 
purpose, it is advantageous to use a supervised method, such as PLS-DA, 
instead of unsupervised methods, such as PCA. PCA captures the maximum 
variance irrespective of known data classes, i.e. if there are variations that 
are uncorrelated to group membership, the differences between groups will 
be hidden24. PLS-DA, on the other hand, take also into account the 
correlation between spectral information and classes35–37,131,132. 

Examples of other approaches to visualize cell structures and organelles 
in cells are K-means cluster analysis10,11,16,20 and vertex component analysis 
(VCA)11,71. K-means cluster analysis is a method where data are divided into 
a pre-defined number of clusters10,11,16,20. Each observation is assigned to the 
cluster with nearest mean10,11,16,20. VCA is an unsupervised method 
developed for analysis of mixtures of unknown substances and it has in that 
sense similarities to MCR-ALS11,71,135. VCA assumes that there are pure 
pixels in the data set and finds the most dissimilar spectra in an iterative 
process135. 

Analysis of spectral differences 
MVDA can be employed to analyze differences between groups, e.g. analyze 
spectral alterations introduced after changing a parameter, or changing 
process conditions. One example is the comparison of Raman spectra of 
biomolecules in cells exposed to nanoparticles and Raman spectra of 
biomolecules in control cells. Cells exposed to nanoparticles and control 
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cells were compared with PLS-DA and OPLS-DA in Paper IV and V. The 
approach is similar to classification of cell nucleus (Paper I), but this time, 
the groups are classified according to e.g. “exposed to nanoparticles” or “not 
exposed to nanoparticles” rather than “nucleus” or “outside nucleus”. 
(O)PLS-DA facilitates discrimination between groups and also identification 
of Raman bands associated with them. In Paper IV, the effects of 
nanoparticle exposure were also compared to the effects of exposure to a 
surfactant, which induces apoptosis, by using SUS-plots, which facilitate an 
identification of similarities and dissimilarities of effects.  

Others have used support vector machines to evaluate the toxic effects 
from spectral data3,4, linear discriminant analysis  (LDA) to compare toxic 
effects induced by warfare agents8, PLS-LDA to discriminate between 
spectra from different cell lines21, PLS to investigate biochemical changes 
introduced by an anti-cancer drug13 as well as PCA and PLS to evaluate the 
toxicity of carbon nanotubes7.  

Design of experiments 
Design of experiments is a methodology for screening, optimization and 
robustness testing132. The idea is to use  models, such as PLS or MLR, to 
study how factors, varied in accordance with an experimental design, 
influence the responses under study132. The experimental design contains 
combinations of all factor settings, which is a much more efficient approach 
than changing one variable at a time132. 

In a full factorial design, all combinations of high and low factor settings 
are included along with center points, with intermediate factor settings. In 
three dimensions, this can be visualized with a cube, where the experiments 
are in the corners and in the center (Figure 15 a)132. If experiments are 
planned according to a full factorial design, it is possible to fit models that 
relate the responses to the main factors and interaction terms. To also add 

 
Figure 15. Illustration of a) a full factorial design in three dimensions b) a central 
composite face-centered design in three dimensions. The dots represent factor 
settings. 
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quadratic terms, the model have to be complemented with additional 
experiments to avoid confounding, i.e. to avoid cases when it is not possible 
to resolve the model terms from each other132. In Paper II, central composite 
face-centered (CCF) designs were used to optimize the factor settings for 
super-resolution algorithms (Figure 15 b)136. CCF is a design where axial 
points are added to the full factorial design136. For the three dimensional 
case, this can be visualized with a cube with experiments in all corners, in 
the center and also on the sides of the cube136. 

The number of experiments can be numerous if the design is large, i.e. 
contains many factors,132. An option is to use a subset of a design132. The 
subset is chosen so that the experiments still make up a balanced distribution 
of experiments132. For one of the optimized super-resolution algorithms it 
was necessary to use a balanced subset of a CCF since a full CCF design 
generated too many experiments.  MLR was used to analyze the experiments 
in the full CCF designs but for the subset, there were too few experiments to 
fit a MLR and therefore, PLS was employed to model the relationship 
between factors and responses. 

Super-resolution 
Super-resolution refers to methods where image processing algorithms are 
applied to improve the resolution in images. A general assumption is that 
low resolution images are blurry, noisy, warped and decimated versions of 
the super-resolution image30–33. For N low resolution images, {𝑌𝑌𝑖𝑖}𝑖𝑖=1𝑁𝑁 , the 
relationship can be expressed as: 

𝑌𝑌𝑖𝑖 =  𝐷𝐷𝑖𝑖𝑊𝑊𝑖𝑖𝐵𝐵𝑖𝑖𝑋𝑋 + 𝐸𝐸𝑖𝑖    (17), 

where Di denotes decimation, Wi denotes the warp operation, Bi corresponds 
to the blur function, X is the super-resolution image, and Ei is noise30–33. An 
illustration is in Figure 16. Warp operations and decimations are normally 
known in Raman images because the mapping positions, and thus the pixel 
positions, are set before image acquisition. A super-resolution Raman image 
can thus be estimated from (17) if the blur is known30–33. The blur in images 
can be described by the point spread function (PSF), which is the response of 
an imaging system to a point source30–33.  

The image restoration is most often an ill-posed problem and it is 
therefore necessary to use regularization, i.e. add constraints in order to get a 
stable solution 30–33. One example of a regularization method is Tikhonov 
regularization, which penalize solutions with high norms, and thus prevents 
the influence of possible extreme values to the solution30,31,137,138. Another 
example of a regularization method is total variation (TV) 
regularization31,137,138. TV regularization use the magnitude of the gradient in 
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the regularization term31,137,138. Comparisons of Tikhonov regularization and 
TV regularization indicates that TV regularization is more successful for 
super-resolution applications since TV better preserves edges in the image 
motif 30,31,138. 

In Paper II, three different super-resolution methods: Tikhonov, Blind 
deconvolution and Shift & add, were tested on a Raman image of 
nanoparticles. Before evaluation of the three methods, the parameter settings 
for each method were optimized by using design of experiments.  

With Tikhonov, a super-resolution image is reconstructed from a single 
image and a PSF approximated with a Gaussian function. In the first step of 
the algorithm, multiple images with low optical resolution and low pixel 
resolution are formed by picking out subsets of equidistant pixels from the 
original image. The number of pixels which is combined to form these 
images must be optimized before application. Other parameters that must be 
optimized are the size of the PSF and the regularization parameter, which is 
used to adjust the effect of the Tikhonov regularization.  

Blind deconvolution performs a simultaneous estimation of the PSF and 
the super-resolution image by iterative calculations 137. The algorithm 
alternates between image estimation and PSF estimation and there are thus 
two regularizations terms with associated parameters that have to be set  
before application 137. The PSF is estimated with a constrained minimization 
problem, while the image estimation is performed with TV regularization 137. 

Shift & add is a method that can be used if all shifts between the low 
resolution images are integer translations and if all images have the same, 
space-invariant blur. The image restoration is performed by merging low 
resolution images to one, blurred super-resolution image 31. A subsequent 
deblurring and interpolating step removes blur and possible undefined pixels 
31. In Paper II, Tikhonov regularization was used for the subsequent 
deblurring step and a Gaussian function was used as an approximation for 
the PSF. This algorithm requires multiple images as an input and these were 
formed from a single input image, as for the Tikhonov method. The number 
of pixels used to form the low resolution images, the regularization 
parameter as well as parameters related to the deblurring step must be 
optimized before application.    

 
Figure 16 Illustration of a super-resolution image, operations on the super-resolution 
image and the measured image. 
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Super-resolution is a concept that has been developed for photographs, but it 
is also possible to use the method on spectral data 30,34,139. The super-
resolution algorithms which have been tested in this thesis are constructed to 
handle only a few wavenumbers, while each Raman spectrum can contain 
hundreds or thousands of wavenumbers 34. It was therefore necessary to 
reduce the number of variables before employing the super-resolution 
algorithms. In Paper II, several variable selection methods were evaluated 
and thereafter super-resolution was applied to improve the spatial resolution 
in a Raman image of a cell exposed to submicron particles.  
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Results and discussion 

Nanoparticle uptake (Paper I, IV) 
Raman spectroscopy is a relatively new and promising technique to study 
nanoparticles in cells14–19. The method facilitates simultaneous detection of 
crystalline particles, carbon based nanoparticles and biomolecules inside 
cells14–19. The measurement volume in confocal Raman spectroscopy is hard 
to define for transparent samples, such as cells, but is generally regarded to 
be down to a few micrometers in diameter in the lateral directions 
(perpendicular to the optical axis) and slightly larger in the axial direction 
(along the optical axis)90. By measurements of small measurement spots 
inside cells, it is possible to get reliable proof of nanoparticle uptake since 
the presence of both Raman bands, acquired at the same time in the same 
measurement, from cells and nanoparticles show that nanoparticles are in 
close proximity to biomolecules14–19.  

Raman active phonon modes in crystalline materials, such as titanium 
dioxide (Paper I, III and V), iron oxides (Paper I) and graphene oxide 
nanoparticles (Paper IV), can favorably be measured with Raman 
spectroscopy. Similarly, many molecular materials such as polystyrene 
nanoparticles (Paper II) exhibit pronounced Raman bands. An advantage 
with Raman spectroscopy is that it facilitates discrimination of different 
phases of the same material, such as the anatase and rutile phases of titanium 
dioxide. Raman spectra of the particles studied in this thesis are shown in 
Figure 17. All papers included in this thesis employ Raman spectroscopy as 
the primary technique to measure nanoparticles in cells, but in Paper I and 
IV, special focus is on confocal Raman spectroscopy and hyperspectral data 
analysis as a tool for studies of nanoparticles in cells. 

Cells exposed to a mixture of goethite and titanium dioxide (rutile and 
anatase) were analyzed in Paper I. Raman bands from anatase and rutile can 
easily be identified and separated, but goethite and anatase can be more 
challenging to separate in mixture because the strongest Raman band for 
goethite, at 388 cm-1, partly overlaps with the anatase Raman band at 395 
cm-1. No distinction was therefore made between the two different particles 
in Paper I. It was, however, observed that both goethite and titanium dioxide 
were localized inside cells, which was also observed using TEM. The rod 
shape of goethite and the spherical shape of titanium dioxide made it 
possible to distinguish between the two particles (Figure 18).  
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Besides the shape, main differences between the two particles are the 
specific surface area, which is larger for goethite, and the isoelectric point 
which is higher for goethite. At the pH for the buffer solution (7.4), it can be 
expected that the goethite particles (pHIEP 9.4) are surrounded by positively 
charged molecules and proteins, while the titanium dioxide nanoparticles 
(pHIEP 6.3) are surrounded by more negative charged molecules and proteins.  

In Paper I the nanoparticles exhibit Raman bands which are well-
separated from the fingerprint area associated with the biomolecules, which 
made it possible also to analyze the spectral profile for the biomolecules. 
This allowed a multivariate classification of the pixels originating from the 
cell nucleus and the area outside the cell nucleus, respectively. More details 
of this part are found in the section Nanoparticles in the cell nucleus (Paper 
I, III). 

The uptake of graphene oxide nanoparticles was studied in Paper IV. The 
purpose of this study was to investigate further if there are any spectral 
differences between control cells and cells exposed to nanoparticles. The 

 
Figure 17 Raman spectra of a) titanium dioxide, anatase (the band at 322 cm-1 is 
from the CaF2 substrate). Due to the notch filter used to suppress Rayleigh scattering 
in this experiment, the strong anatase Raman band at 143 cm-1 due to the Eg mode is 
not shown. b) goethite (the band at 322 cm-1 is from the CaF2 substrate) c) 
polystyrene d) graphene oxide.  
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approach was to collect numerous data, rather than image whole cells. Cells 
and measurement spots inside them were picked randomly and measured 
with an experimental setup with slightly larger confocal hole than the 
mapping in Paper I, i.e. the measurement volumes can here be expected to be 
slightly larger. The comparison of control cells and cells exposed to 
graphene oxide is described in more detail in the section Comparison of 
control cells and cells exposed to nanoparticles (Paper IV, V). 

In contrast to the metal oxide nanoparticles studied in Paper I, III and V, 
graphene oxide is in form of thin sheets (single layer graphite with thickness 
∼ 0.9 nm). Graphene oxide is also different to the metal oxides because it has 
Raman bands in the finger print region, i.e. the same spectral region as the 
biomolecules. Cells were exposed for 15 µg ml-1, 10 µg ml-1 or 2 µg ml-1 
graphene oxide. Detection was straightforward for the two higher 
concentrations because the Raman bands from the graphene oxide dominated 
the spectra. For the lower concentration, comparatively few measurement 
spots showed clear contribution from graphene oxide Raman bands. PCA 
was therefore used to identify spectra with graphene oxide Raman bands 
overlapping with spectral information from biomolecules. The Raman bands 
from graphene oxide were identified in the loadings for the first principal 
component and spectra with contributions from graphene oxide was 
identified with guidance of the scores for the first principal component. 

A surprisingly large fraction (> 94 %) of the measurements from cells 
exposed to 10 µg ml-1 or 15 µg ml-1 had spectral contribution from graphene 
oxide. That led to the suspicion that nanoparticles adhered the cell surface 
contribute to the Raman signal and that a large fraction of the cells are 
covered with nanoparticles. TEM images, which showed cells with a lot of 
nanoparticles lying flat to the membrane, confirmed this theory. The fraction 

 
Figure 18 TEM of goethite nanoparticles (rod shaped) and titanium dioxide 
nanoparticles in an A549 cell.   
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of measurements with graphene oxide Raman bands from graphene oxide in 
cells exposed to 2 µg ml-1 graphene oxide, on the other hand, was only 35 %. 
For the lower concentration, nanoparticles were not visible in TEM. The 
reason that no graphene particles could be identified in TEM for the lowest 
concentration may be that these particles are present in small particle 
agglomerates and hence are difficult to discern. Graphene oxide is a weak 
electron scatterer compared to e.g. transition metal oxides and is therefore 
difficult to resolve from the background in bright field TEM. In Raman 
spectroscopy, on the other hand, spectra are acquired from relatively large 
measurement volumes, where all particles, also small particles, contribute to 
the collected signal. Raman spectroscopy is a more sensitive method for 
nanoparticle detection of graphene materials in cells than TEM. Figure 19 
shows a schematic picture of graphene layers attached to the cell membrane. 

In summary, Paper I and IV show that Raman spectroscopy can be used 
for 1) detection and discrimination of mixtures of nanoparticles inside cells, 
2) detection of carbon-based and metal oxide nanoparticles inside cells, 3) 
collection of Raman images as well as single measurements of nanoparticles 
inside cells, and 4) detection of nanoparticles with spectral profiles that 
overlaps with the spectral profile of the cell. 

 
Figure 19 Schematic picture of graphene layers attached to the cell membrane. 

Nanoparticles in the cell nucleus (Paper I, III) 
A few cells exposed to titanium dioxide and goethite in the TEM images in 
Paper I and III had nanoparticles in the cell nucleus. Without supplementing 
the TEM imaging with elemental analysis, it is, however, impossible to 
confirm that particles are real nanoparticles and not contaminants104. The 
sample preparation process consists of several steps: embedding, sectioning 
and staining102. A potential risk with TEM is that artefacts can be introduced 
in any of these steps102. Particles can probably also move during the 
sectioning and it is hence difficult to identify their original position in the 
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sample. Nanoparticle detection with elemental analysis accessories, such as 
EDS is intrinsically very difficult, or even impossible at the small 
concentrations employed in this study. Instead, Raman spectroscopy was 
used as a complement to TEM, to confirm if nanoparticles actually are 
present in the cell nucleus.  

To confirm that nanoparticles are inside the cell nucleus, it is necessary to 
identify the cell nucleus from the Raman measurement and/or the 
corresponding video image and it is also necessary that the measurement 
volume is limited so that it can be assured that it mainly covers the cell 
nucleus. The measurement volume is dependent on the size of the confocal 
hole and on characteristics of the objective, i.e. a good matching of the 
refractive index and a high NA90. In both Paper I and Paper III, a water 
immersion objective with NA = 0.9 was used. In Paper III, the confocal hole 
was limited to 100 µm and in Paper I, it was slightly larger, 150 µm. Even 
though the confocal hole is limited and a suitable objective is used, it is still 
a risk that light scattered from nanoparticles outside focus can reach the 
detector if it takes the same path as light scattered from focus90. It is thus 
very difficult to exactly define the measurement volume90. The cells were, 
however, rinsed thoroughly before measurements, and negligible amounts of 
nanoparticles are therefore free in the suspension. Moreover, TEM did not 
indicate that iron oxide nanoparticles or titanium dioxide nanoparticles are 
adhered to the cell membrane. Nanoparticles, outside the measurement 
volume, which scatter light in the same path as the molecules in focus can 
therefore be expected to be few. This was further investigated in Paper V by 
mappings along the axial direction of cells exposed to titanium dioxide 
nanoparticles. 

Cells in Paper III were selected randomly and the video image from the 
microscope was used to find the position of the cell nucleus. The cell 
nucleus is typically difficult to discern in unstained cells, but it is often 
possible to at least discern parts of the nucleus membrane. Spectra from 
these measurement spots acquired from the cell nucleus had typical Raman 
bands from cell nucleus structures, i.e. Raman bands assigned to nucleic 
acids, such as the 788 cm-1 O-P-O stretching band5. The number of cell 
nuclei with spectral evidence of nanoparticles was counted. With this 
approach, it turned out 11 out of 15 measured cell nuclei in cells exposed to 
nanoparticles for 4 h and 8 out of 21 measured cell nuclei in cells exposed to 
nanoparticles for 48 h had Raman spectra with typical Raman signature from 
titanium dioxide. The comet assay, which was used to study DNA 
fragmentation, showed that the titanium dioxide nanoparticles induce DNA 
fragmentation after 4 h exposure, which supports the results from Raman 
spectroscopy, which indicates that nanoparticles interact with the cell 
nucleus after 4 h exposure. 

The cells in Paper I were mapped and there were therefore both 
measurements from the cell nucleus and the area outside the cell nucleus 
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available. Measurements from the cell nucleus have to be identified before 
counting the number of measurements with spectral evidence of 
nanoparticles. The identification was obtained with PLS-DA. Guided by the 
video images, 42 pixels (measurements) from cell nuclei and 38 pixels 
(measurements) from the regions outside the cell nuclei were identified. The 
fingerprint region of these spectra was used as a training set in a PLS-DA. 
Four components were calculated, since weight plots for later components 
mostly describe noise. A relatively good separation was seen in the first 
component and corresponding weight plot showed that several Raman bands 
assigned to DNA were correlated to measurements from the cell nucleus, as 
expected since these spectra are acquired from the region where DNA is 
located. The group membership, i.e. “cell nucleus” or “outside the cell 
nucleus”, were thereafter predicted for the whole data set, which contained 
624 spectra.  

The Y matrix in PLS-DA consists of binary values, 0 or 1, that denote 
class membership, 0 for non-members and 1 for members. The predicted 
values are thus numbers in the range ca -0.5 – 1.5. Observations that had a 
predicted value in the range 0.65-1.35 for only one of the groups were 
considered as group members. Many observations were however not 
predicted to belong to any group. When their spatial location was compared 
to their location in the corresponding video image, it turned out that many of 
these unclassified observations were in regions where a large overlap of cell 
nucleus and the area outside the cell nucleus can be expected, i.e. the model 
seemed to successfully discriminate between observations acquired from the 
cell nuclei, i.e. classified as member to the cell nucleus group, and 
observations from the border between the cell nucleus and the area outside 
cell nucleus, i.e. unclassified observations. An example of a Raman image of 
a cell and the predicted class membership of the pixels is in Figure 20, which 
also shows the position of nanoparticles inside the cell. 

The spatial resolution in the images in Paper I was low. Still, MVDA 
enhanced the value of these images by identifying pixels that could be 

 
Figure 20 Video image and Raman image of a cell exposed to nanoparticles. 
Measurement spots inside the cell is marked by +. X in the Raman image shows 
positions where nanoparticles are located. 
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attributed to the cell nucleus. With this information it was shown that 37%, 
or 21 out of 57, pixels classified as cell nucleus in cells exposed to titanium 
dioxide; 32%, or 23 out of 73, pixels classified as cell nucleus in cells 
exposed to goethite; and 23%, or 11 out of 47, pixels classified as cell 
nucleus in the cells exposed to a mixture of nanoparticles had Raman spectra 
with characteristic Raman bands from nanoparticles.  

The same nanoparticle uptake was not seen in TEM, neither in Paper I nor 
Paper III, where nanoparticles could be seen inside cells, but only in a few 
cases had suspected nanoparticles in the cell nucleus. The discrepancy can 
probably be explained by the fact that Raman spectroscopy detects 
nanoparticles from a comparatively large measurement volume and that all 
particles, also small particles, contribute to the Raman signal. It is thus 
probable that Raman spectroscopy can be used to detect particles that are 
very small and therefore difficult to distinguish from the background in 
TEM. It is suggested that nanoparticles can enter the cell nucleus during 
mitosis 68. Another transport route is transport via NPCs 67. It is probable that 
possible nanoparticles inside the cell nucleus are very small because NPCs 
are reported to be able to transport nanoparticles up to ca 39 nm in diameter 
across the nucleus membrane 63. This is much smaller than the 
hydrodynamic diameter of the titanium dioxide particles and the goethite 
particles, in Paper I and Paper III, which have a small fraction of particles 
with a diameter about 110 nm and a larger fraction of particles with a 
diameter about 2000 nm (N.B. the hydrodynamic diameters were measured 
with PCCS, which assumes spherical nanoparticles, while goethite are rod-
shape). It is, however, known that the agglomeration is strongly dependent 
on the surroundings, such as pH, ionic strength and presence of proteins, and 
it is not possible to measure the agglomerate size inside cells 108. The particle 
size distribution of particles inside the cells is thus unknown, and, as 
suggested by the results in Paper I and III, it contains a fraction of particles 
which are smaller than nanoparticles that can easily be detected in TEM.  

In summary, Raman spectroscopy allows measurement of small 
measurement volumes and can therefore be used for measurements of e.g. 
cell nucleus. It is possible to either measure single measurement spots or to 
image whole cells. PLS-DA is a good tool to interpret Raman images and 
identify pixels which correspond to the cell nucleus. With this approach, it 
was observed that metal oxide nanoparticles can be found in the cell nucleus 
region of cells. In Paper III, nanoparticles were observed in the cell nucleus 
already after 4 h exposure and for the same exposure time it was observed an 
increased DNA fragmentation, which supports that nanoparticles interact 
with the cell nucleus. 
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Super-resolution (Paper II) 
In Paper II, several super-resolution algorithms were optimized and 
evaluated on a sample that was prepared by placing a droplet of polystyrene 
submicron particles, 300 nm in diameter, on a CaF2 substrate. The goal of 
the study was to apply super-resolution to a Raman image of a cell exposed 
to submicron polystyrene particles, but the methods were first tested on a 
sample with known composition.  

Application of these super-resolution algorithms requires that parameters, 
such as the regularization factor, size of the PSF and various parameters 
related to employed regularization methods, constraints or filters are 
optimized. The importance of this step is exemplified in Figure 21, which 
shows Raman images with optimized parameter settings (Figure 21 b) and 
parameter settings that corresponds to a center point in one of the employed 
experimental designs (Figure 21 a). The Raman image can be expected to 
depict two polystyrene submicron particles. The image that corresponds to 
the center point in the experimental design shows, however, a distorted 
image motif with several false positives (Figure 21 b).  

To optimize the parameter settings, images were generated with 
parameter settings that were varied in accordance with an experimental 
design. MLR or PLS models was used to relate the parameters to a desired 
response. The ultimate response of the optimization is in this case the spatial 
resolution, which can be measured in several ways. To evaluate the spatial 
resolution it is necessary to image samples with known composition or 
dimensions. Examples of samples that have been used by others to evaluate 
the spatial resolution are polystyrene particles with a known diameter, 81,92 
and a silicon sample with a known gold pattern 30. A polystyrene sample was 
used in Paper II because it was considered relevant for the later application 
of the super-resolution algorithms to Raman images of cells exposed to 
submicron polystyrene particles.  

Three ways to measure the spatial resolution from these images are: 1) 
measurements of the difference between the generated super-resolution 
image and an ideal, synthetic image, 2) measurements of the diameter of the 

 
Figure 21 Super-resolution with a) parameter settings corresponding to a center 
point in an experimental design b) optimized parameter settings. 
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particles in the image and also the difference of the diameter in the X and Y 
direction, and 3) measurements of the area of the particles.  

The first method is a good option if the exact size and position of the 
particles visible in the Raman image (and corresponding video image) can be 
assured. These small particles are, however, rather difficult to discern in the 
video and it is possible that they move slightly during the measurement. It is 
also difficult to completely rule out that particles melt when the laser is 
employed. Other factors that can contribute to possible deviations from the 
video image and Raman image are the asymmetry in the system. In Paper II, 
line mappings of a silicon surface with a gold 1951 USAF resolution test 
chart pattern were performed to determine the asymmetry in the confocal 
Raman microscope. Line mappings were performed in the X and Y direction 
over the border of the materials. Fitted Gaussian functions to the derivative 
of the 520.7 cm-1 Raman band from silicon gave an experimental estimation 
of the PSF and from the PSFs it was observed that the resolution was ca 30 
% worse in X compared to Y. This asymmetry was also apparent in the 
Raman images of the polystyrene submicron particles (Figure 21). Because 
of the asymmetry and the uncertain exact position of the particles in the 
image, it was considered difficult to construct an ideal, synthetic image for 
comparisons to the generated images. The diameters, difference in diameter 
and area were instead used as responses in the optimization. 

To calculate diameter and area, it is necessary to classify pixels as 
background or polystyrene. It is possible to use the strongest Raman band 
from polystyrene (at 1003 cm-1) for identification. The distance between the 
pixels is, however, much smaller than the measurement volume, i.e. even for 
measurement volumes centered on a polystyrene particle, the measurement 
volume will contain contribution from both background and the particle. It 
will thus not be a sharp step from one material to the other, i.e. polystyrene 
and the background. Therefore, it is not straightforward to set a cut off-value 
and to exactly determine which pixels that should be classified as 
polystyrene or background, respectively. It is therefore challenging to 
measure a “true” area or diameter of particles in these images. Rather than 
optimizing the super-resolution algorithms to find the “true” area and 
diameters, the aim of the optimization was to minimize the area and 
diameters, calculated from images where all pixels with spectral contribution 
from polystyrene were classified as polystyrene. These are for these reasons 
much exaggerated area and diameters compared to the “true” area and 
diameters, but they facilitate an unbiased optimization. The experimental 
designs were designed so that the parameter settings were varied around 
default settings or settings based on prior knowledge of the system. Extreme 
parameter values that may give 0 particle areas and diameters were thus 
avoided.  

After optimization, the three tested super-resolution algorithms were 
compared. It was shown that Blind deconvolution gave smallest area and 
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diameters in 7 cases out of 8. An explanation to the better performance of the 
Blind deconvolution algorithm can partly be explained by the regularization 
method. While Tikhonov and Shift & add use Tikhonov regularization, 
Blind deconvolution use TV regularization, which better preserves edges in 
the image motif 30,31,138.  In addition, Blind deconvolution performs PSF 
estimation, while Tikhonov and Shift & add approximate the PSF with a 
Gaussian function. The PSF estimated by Blind deconvolution had an 
asymmetry quite similar to the experimentally determined PSF (Figure 22). 

The tested super-resolution algorithms were constructed only to handle 
one variable and the next step was therefore to apply variable selection 
methods to the Raman image of a cell exposed to submicron particles. The 
first tested variable selection method was the manual selection of Raman 
bands that correspond to different compounds in the sample. In this case, the 
idea was to visualize polystyrene and the cell nucleus, and therefore the 
strongest Raman band for polystyrene (1003 cm-1) and one characteristic 
Raman band for nucleic acids (the O-P-O stretching mode at 788 cm-1 5) 
were selected. The Raman band at 788 cm-1 is quite weak and the Raman 
band at 1003 cm-1 is in a region with overlapping Raman bands from 
biomolecules inside cells, particularly the phenylalanine ring breathing mode 
at 1005 cm-1. Neither the cell nucleus nor the polystyrene particles were 
therefore visualized with good contrast. The two tested multivariate 
methods, PCA and MCR-ALS gave very similar representations of 
polystyrene and the particles were now much easier to identify. PCA and 
MCR-ALS, however, gave quite different representations of the cell nucleus. 
While one single principal component was able to differentiate both the cell 
nucleus (represented by high score values) and the lipid membrane that 
surrounds the cell nucleus (represented by low score values), MCR-ALS 
gave a pure spectrum with mixed information from cell nucleus and the 
nucleus membrane.  

The number of detected agglomerates and the size of the cell nucleus in 
the Raman images depend on the employed cut off-value. A cut off-value 
can be difficult to set if only one manually selected Raman band is used for 
identification, at least if the Raman band overlaps with Raman bands form 
other molecules in the sample. From the principal components as well as the 
concentration profiles obtained from MCR-ALS, the cut off-value was set 
with guidance from the score values, or concentration profiles, which is a 
better approach since scores and concentration profiles are based on 
information from the whole spectral range. The variable selection alone 
greatly enhances the information obtained from the Raman images. 

Application of super-resolution algorithms on the principal components 
representing the cell nucleus and polystyrene gave images where the cell 
nucleus and the submicron particles were well-defined and visualized with 
high contrast. Two particle agglomerates could be identified close to the cell 
nucleus in the super-resolution Raman image, while only one particle  
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Figure 22 a) Experimentally determined PSF, b) PSF estimated by the Blind 
deconvolution algorithm. 

 
Figure 23 a) PCA scores of component 4, representing the cell nucleus (high values) 
and lipid membrane (low values), b) corresponding black-and-white threshold image 
(intensity 0.04), c) Blind deconvolution of image (a), d) corresponding threshold 
image (intensity > 0.04), e) PCA scores of component 2 representing PS (high 
values), f) corresponding threshold image (intensity > 0.59), g) Blind deconvolution 
of image (e), and g) corresponding threshold image (intensity > 0.59). 
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agglomerate could be identified with the same cut off-value before 
application of super-resolution (Figure 23). 

In summary, optimized super-resolution have been applied to a sample 
with known composition and compared. Super-resolution has thereafter 
successfully been applied to a Raman image of a cell exposed to submicron 
particles. The resolution is improved in two steps: first by variable selection, 
which facilitates an identification of polystyrene submicron particles as well 
as the cell nucleus and the nucleus membrane, and thereafter by applying 
super-resolution methods, which facilitates identification of more 
nanoparticle agglomerates than before image processing. 

Comparison of control cells and cells exposed to 
nanoparticles (Paper IV, V) 
Biomolecules, such as proteins, lipids, carbohydrates and nucleic acids give 
rise to Raman signal which can be analyzed and also identified in some 
cases. In Paper V and IV, control cells were compared to cells exposed to 
either titanium dioxide (Paper V) or graphene oxide or the surfactant Triton 
X-100, known to induce apoptosis, (Paper IV).  

Cells exposed to titanium dioxide were exposed to 10 µg ml-1 of 
nanoparticles. This is a concentration where no decrease in cell viability 
could be observed. Intracellular production of ROS was tested for a number 
of concentrations and it was shown that 5 µg ml-1 did not induce ROS, while 
a small, but significant, increase was seen for 50 µg ml-1. It was expected 
that 10 µg ml-1 titanium dioxide only gives a small, if any, effect on the 
biochemical composition in cells. Possible spectral differences were 
analyzed by PLS-DA. A good separation between the control group and the 

 
Figure 24 PLS-DA of Raman spectra from control cells and cells exposed to 
titanium dioxide a) Score vectors 1 and 2 . Black – spectra from cells exposed to 
titanium dioxide. Gray – spectra from control cells. b) Weight plots for PLS 
component 1 and 2. 
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group with cells exposed to nanoparticles could not be obtained, but many 
spectra from cells exposed to titanium dioxide had slightly higher score 
values in PLS component 1 and 2 (Figure 24 a). Weight plots corresponding 
to component 1 and 2 (Figure 24 b) revealed that bands at 1005 cm-1 and 
1037 cm-1 were correlated to low score values in component 1 while Raman 
bands at 1270 cm-1, 1307 cm-1, 1445 cm-1 and 1677 cm-1 are preferentially 
associated with high score values in component 1. Weight plot for 
component 2 seems to capture background rather than spectral information. 

With this very poor separation and with no support from other in vitro 
toxicity tests, it is challenging to draw conclusions of the biochemical 
meaning of this PLS-DA and the results were mainly used, together with 
other uptake data, as evidence of nanoparticle and cell interaction.  

In Paper IV, the analysis also included cells exposed to Triton X-100 for 
24 h or 48 h. Triton X-100 is a surfactant known to induce apoptosis. The 
idea was to compare the biochemical modifications induced by Triton X-100 
to the biochemical modifications induced by 2 µg ml-1 graphene oxide. The 
AlamarBlue assay showed that the graphene oxide particles were not 
cytotoxic at this concentration. There were in fact indications on an 
enhanced cell proliferation, in accordance with studies made by others 140. 
Different biochemical modifications were therefore expected from 
nanoparticles and the surfactant. 

 
Figure 25 Cross validated scores for OPLS-DA models for a) cells exposed to 
graphene oxide and control cells, b) cells exposed to Triton X-100 for 24 h and 
control cells and c) cells exposed to Triton X-100 for 48 h and control cells. 
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Separate OPLS-DA models were fitted to compare control cells and cells 
exposed to graphene oxide, cells exposed to Triton X-100 for 24 h and cells 
exposed to Triton X-100 for 48 h, respectively. With PLS-DA it is possible 
that the separation appears in several components and loadings will in that 
case contain both correlated and uncorrelated information 133. OPLS-DA, on 
the other hand, separates the predictive information from the uncorrelated, 
orthogonal information and it is therefore possible to interpret spectral 
differences between the groups directly from the loading plots 133. In this 
case, it turned out that control cells had negative score values in all models 
and that the separations were good (Figure 25). 

The OPLS-DA model for control cells versus cells exposed to graphene 
oxide showed that Raman bands at 1266 cm-1, 1301 cm-1 (CH2 twist in lipids 
5), 1335 cm-1 and 1660 cm-1 (Amide I α helix and C=C stretches in lipids 5) 
are correlated to graphene oxide exposure, while the Raman band at 1587 
cm-1 is associated with control cells (see Figure 26).  

From a SUS-plot, it was identified that the Raman band at 1660 cm-1 due 
to Amide I α helix (proteins) and C=C stretches (lipids) was correlated to 
both cells exposed to graphene oxide and cells exposed to Triton X-100. A 
plausible explanation to the increased amplitude for this peak is that Triton 
X-100 is a surfactant which can affect the lipid structure in cells. An 
increased amplitude for the peak at 1660 cm-1 has also been observed by 
others in apoptotic cells6. Graphene oxide, on the other hand, is not 
cytotoxic. The AlamarBlue assay actually suggested that graphene oxide 
promotes cell proliferation. An explanation to the increased amplitude at 
1660 cm-1 may instead be that graphene oxide is attached to the cell 
membrane. TEM and Raman spectroscopy suggest that graphene oxide 
sheets lie flat on the cell membrane, at least after exposure to higher 

 
Figure 26 Loading plot for OPLS-DA model of control cells (negative score values) 
and cells exposed to graphene oxide (positive score values). 
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concentrations of graphene oxide. The cells which were analyzed in the 
OPLS-DA model were exposed to a lower concentration, 2 µg ml-1, and no 
TEM images support that nanoparticles are adhered to the cell membrane at 
this concentration. It is however known that graphene oxide is difficult to 
discern in TEM 141, as discussed in the section Nanoparticle uptake (Paper I, 
IV).  

SUS-plots enable identification of unique structures as well as shared 
structures, such as the 1660 cm-1 Raman band, which is less pronounced in 
control cells in all models. The shared structures are located along the 
diagonal, while the unique structures are deviating from the diagonal. 
Examples of shared and unique structures are in Figure 27, which also 
visualizes that the effect of exposure to graphene oxide have more 
similarities to the effect of exposure to Triton X-100 for 24 h than the 
exposure to Triton X-100 for 48 h. An explanation for the differences in 
effect seen after exposure to Triton X-100 for 24 h and 48 h can probably be 
explained by the exposure time. It is suggested that cells exposed for Triton 
X-100 for 48 h are more affected by the surfactant than the cells exposed to 
Triton X-100 for 24 h. 

In summary, it is shown that Raman spectroscopy can be used to measure 
subtle biochemical changes after nanoparticle exposure. The biochemical 
meaning behind the biochemical modification induced by nanoparticles are 
however difficult to explain without comparisons to substances with known 
effects. One approach to compare the effect of nanoparticles and substances 
with known effects is to use OPLS-DA and SUS-plots. These allow 
identification of shared and unique structures and they may be very useful in 
future work to identify spectral markers for nanotoxicity. 

 
Figure 27 SUS-plots for OPLS-DA models for a) control cells versus cells exposed 
to graphene oxide (y-axis) and control versus cells exposed to Triton X-100 for 24 h 
(x-axis) and b) control cells versus cells exposed to graphene oxide (y-axis) and 
control versus cells exposed to Triton X-100 for 48 h Examples of shared and 
unique structures are marked with circles. 
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Conclusions and outlook 

Confocal Raman spectroscopy has in this thesis been used for studies of 
nanoparticles inside living human cells. Several approaches and data 
analysis methods have been used.  

• Cells exposed to nanoparticles have been measured by single spot-
measurements (randomly selected or centered on the cell nucleus) as 
well as mapping, which generates images of whole cells. 

• Metal oxide nanoparticles as well as carbon based nanomaterials 
have been detected inside cells. 

• PCA has been used to identify Raman bands from nanoparticles with 
spectral information that overlaps with Raman bands from 
biomolecules inside cells. 

• Various methods, such as PLS-DA, PCA, MCR-ALS and 
knowledge-based selected Raman bands, have been used for 
visualization of the cell nucleus in Raman images of cells. 

• Super-resolution algorithms have been optimized, with the design of 
experiments method, and used to improve the resolution in a Raman 
image of a cell exposed to nanoparticles. 

• OPLS-DA, an extension to PLS-DA, has been used to compare the 
effect of nanoparticle exposure to the effect of exposure to a 
surfactant which induces apoptosis. 

These methods are not per se new, but they are here demonstrated and 
applied in a new application for Raman spectroscopy, namely 
nanotoxicology. This thesis shows that adaptation of these methods to 
Raman spectroscopy is a very promising method for applications in the 
nanotoxicology field, and biological science in general. It is especially useful 
as a complement when other methods are difficult to employ, e.g. 
measurements of nanoparticles that are difficult to discern in TEM, when 
sample preparation is difficult, or when nanoparticles quench fluorescence 
and prohibit fluorescence spectroscopy based detection. In this thesis, 
Raman spectroscopy has been used both for nanoparticle uptake studies and 
to obtain more detailed information about the spatial location, i.e. to study if 
nanoparticles can be found in the cell nucleus. It is shown that various kinds 
of nanoparticles are taken up by cells and that small amounts also can be 
found in close proximity to the cell nucleus. 
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Raman spectroscopy is also a tool with many potential applications for 

diagnostics and toxicity testing, since it allows non-invasive measurements 
of biomolecules. Other future application may be drug development and 
development of drug delivery systems. These applications need validation 
and require more experiments. It is, however, shown that Raman 
spectroscopy supplemented with advanced data analysis methods can be 
used to measure small biochemical modifications after particle exposure. 
Measurements of cells exposed to nanoparticles and cells exposed to 
substances with known toxic effects may be analyzed to identify spectral 
markers for toxicity testing in future work. Shared and unique structure plots 
may be a good tool for identification of such markers. 

In summary, Raman spectroscopy and Raman mapping are methods that 
can be used for many purposes, including biological applications. Raman 
images are often very complex and multivariate methods are good tools to 
extract useful information from them. In this thesis, several methods for 
classification, variable selection/visualization and image processing are 
presented. They are used to enhance the information obtained from Raman 
images and to acquire new knowledge about nanoparticle-cell interaction. 

 

 62 



Acknowledgements 

Det finns många som jag har anledning att tacka för att det har blivit något 
av det här arbetet. Inte minst vill jag tacka min huvudhandledare, Lars 
Österlund, som så entusiastiskt har coachat mig och som alltid har tagit sig 
tid till att svara på mina frågor och att diskutera forskningen. Även ett stort 
tack till mina biträdande handledare, Susanne Wiklund Lindström och Paul 
Geladi, som också har varit ett bra stöd och har bidragit generöst med sin 
kunskap. Susanne har inte bara varit handledare utan också projektledare och 
det har verkligen känts bra att ha en så peppande och positiv människa som 
har hållit i trådarna här i huset. 

Kanske allra mest vill jag tacka FOI, som har finansierat det här projektet. 
Jag har verkligen känt mig lyckligt lottad som har fått den här möjligheten 
att doktorera i ett så roligt och spännande projekt som detta. 

Jag vill också tacka mina medförfattare Barbro Ekstrand-Hammarström, 
Christian Lejon, Björn Hellman, Jiri Henych, Vaclav Stengl, Per Ola 
Andersson, Christine Akfur och Anders Bucht. Med ett alldeles särskilt tack 
till Barbro Ekstrand-Hammarström, som har odlat alla celler och gjort 
toxicitetstesterna. Barbros entusiasm har verkligen betytt mycket i det här 
projektet. Även Christian Lejon förtjänar ett extra tack. Utan Christian hade 
jag inte kunnat hälften så mycket om Ramanspektroskopi och 
superupplösning som jag gör. Inte hade det väl varit någon vidare ordning på 
Ramanlabbet heller.  

Under det här projektet har jag lyckats få ihop en hel liten samling av 
nanopartiklar av olika slag. Många av dem, inte minst götitpartiklarna, har 
jag fått av Peter Mäkie. Tack! Leif Persson (och Christian Lejon) är jag 
skyldig ett tack för implementering av Tikhonovmetoden i 
superupplöningsarbetet och för alla TEM-bilder vill jag tacka Lenore 
Johansson. Stort tack till Yvonne Nygren som korrekturläste med kort varsel 
såhär på slutet. 

Sedan har jag ju många andra kollegor som också förtjänar ett tack. Inte 
minst min doktorandkollega (numera doktor) Åsa Gustafsson, vars 
engagemang för nanotox verkligen har varit smittande, och Julia Forsberg, 
som har varit en glädjespridare sedan den gamla goda TNK-tiden. Även ett 
tack till andra kollegor, som kanske inte har bidragit med något konkret i just 
den här avhandlingen, men som ändå har betytt mycket under de här åren. 
Det är verkligen ett privilegium att få dela labb, kontor, fikarum och 
löprundor med så många härliga människor! 

 63 



Det finns också några personer utanför jobbet som förtjänar ett särskilt 
tack. Jag har många vänner som jag vill tacka: ingen nämnd, ingen glömd. ;) 
Men ett särskilt tack till Alexander Unge, som har hållit sådan bra ordning i 
Centrallagret på Nedre Slottsgatan under de här åren. Det hade varit mycket 
tråkigare att plugga i Uppsala utan dig. Tack till Jon Fällström, som bland 
mycket annat fick ordning på bilderna till slut. Och tack mamma, pappa och 
alla andra nära och kära. <3 

 64 



References 

(1)  Griffiths, P. R. Infrared and Raman Instrumentation for Mapping and Imaging. In 
Infrared and Raman Spectroscopic Imaging; Salzer, R.; Siesler, H. W., Eds.; Wiley, 2009. 

(2)  Notingher, I.; Selvakumaran, J.; Hench, L. L. New Detection System for Toxic Agents 
Based on Continuous Spectroscopic Monitoring of Living Cells. Biosens. Bioelectron. 
2004, 20, 780–789. 

(3)  Pyrgiotakis, G.; Kundakcioglu, O. E.; Pardalos, P. M.; Moudgil, B. M. Raman 
Spectroscopy and Support Vector Machines for Quick Toxicological Evaluation of 
Titania Nanoparticles. J. Raman Spectrosc. 2011, 42, 1222–1231. 

(4)  Pyrgiotakis, G.; Kundakcioglu, O. E.; Finton, K.; Pardalos, P. M.; Powers, K.; Moudgil, 
B. M. Cell Death Discrimination with Raman Spectroscopy and Support Vector 
Machines. Ann. Biomed. Eng. 2009, 37, 1464–1473. 

(5)  Notingher, I.; Verrier, S.; Haque, S.; Polak, J. M.; Hench, L. L. Spectroscopic Study of 
Human Lung Epithelial Cells (A549) in Culture: Living Cells versus Dead Cells. 
Biopolymers 2003, 72, 230–240. 

(6)  Zoladek, A.; Pascut, F. C.; Patel, P.; Notingher, I. Non-Invasive Time-Course Imaging of 
Apoptotic Cells by Confocal Raman Micro-Spectroscopy. J. Raman Spectrosc. 2011, 42, 
251–258. 

(7)  Knief, P.; Clarke, C.; Herzog, E.; Davoren, M.; Lyng, F. M.; Meade, A. D.; Byrne, H. J. 
Raman Spectroscopy--a Potential Platform for the Rapid Measurement of Carbon 
Nanotube-Induced Cytotoxicity. Analyst 2009, 134, 1182–1191. 

(8)  Notingher, I.; Green, C.; Dyer, C.; Perkins, E.; Hopkins, N.; Lindsay, C.; Hench, L. L. 
Discrimination between Ricin and Sulphur Mustard Toxicity in Vitro Using Raman 
Spectroscopy. J. R. Soc. Interface 2004, 1, 79–90. 

(9)  Caponi, S.; Liguori, L.; Giugliarelli, A.; Mattarelli, M.; Morresi, A.; Sassi, P.; Urbanelli, 
L.; Musio, C. Raman Micro-Spectroscopy: A Powerful Tool for the Monitoring of 
Dynamic Supramolecular Changes in Living Cells. Biophys. Chem. 2013, 182, 58–63. 

(10)  Krafft, C.; Knetschke, T.; Funk, R. H. W.; Salzer, R. Identification of Organelles and 
Vesicles in Single Cells by Raman Microspectroscopic Mapping. Vib. Spectrosc. 2005, 
38, 85–93. 

(11)  Krafft, C.; Diderhoshan, M. A.; Recknagel, P.; Miljkovic, M.; Bauer, M.; Popp, J. Crisp 
and Soft Multivariate Methods Visualize Individual Cell Nuclei in Raman Images of 
Liver Tissue Sections. Vib. Spectrosc. 2011, 55, 90–100. 

(12)  Pyrgiotakis, G.; Bhowmick, T. K.; Finton, K.; Suresh, A. K.; Kane, S. G.; Bellare, J. R.; 
Moudgil, B. M. Cell (A549)-Particle (Jasada Bhasma) Interactions Using Raman 
Spectroscopy. Biopolymers 2008, 89, 555–564. 

(13)  Nawaz, H.; Garcia, A.; Meade, A. D.; Lyng, F. M.; Byrne, H. J. Raman Micro 
Spectroscopy Study of the Interaction of Vincristine with A549 Cells Supported by 
Expression Analysis of Bcl-2 Protein. Analyst 2013. 

(14)  Bertulli, C.; Beeson, H. J.; Hasan, T.; Huang, Y. Y. S. Spectroscopic Characterization of 
Protein-Wrapped Single-Wall Carbon Nanotubes and Quantification of Their Cellular 
Uptake in Multiple Cell Generations. Nanotechnology 2013, 24, 265102. 

(15)  Meister, K.; Niesel, J.; Schatzschneider, U.; Metzler-Nolte, N.; Schmidt, D. A.; 
Havenith, M. Label-Free Imaging of Metal-Carbonyl Complexes in Live Cells by Raman 
Microspectroscopy. Angew. Chem., Int. Ed. 2010, 49, 3310–3312. 

 65 



(16)  Dorney, J.; Bonnier, F.; Garcia, A.; Casey, A.; Chambers, G.; Byrne, H. J. Identifying 
and Localizing Intracellular Nanoparticles Using Raman Spectroscopy. Analyst 2012, 
137, 1111–1119. 

(17)  Drescher, D.; Kneipp, J. Nanomaterials in Complex Biological Systems: Insights from 
Raman Spectroscopy. Chem. Soc. Rev. 2012, 41, 5780–5799. 

(18)  Lamprecht, C.; Gierlinger, N.; Heister, E.; Unterauer, B.; Plochberger, B.; Brameshuber, 
M.; Hinterdorfer, P.; Hild, S.; Ebner, A. Mapping the Intracellular Distribution of Carbon 
Nanotubes after Targeted Delivery to Carcinoma Cells Using Confocal Raman Imaging as 
a Label-Free Technique. J. Phys. Condens. Matter 2012, 24, 164206. 

(19)  Shah, N. B.; Dong, J.; Bischof, J. C. Cellular Uptake and Nanoscale Localization of 
Gold Nanoparticles in Cancer Using Label-Free Confocal Raman Microscopy. Mol. 
Pharm. 2011, 8, 176–184. 

(20)  Bonnier, F.; Knief, P.; Lim, B.; Meade, A. D.; Dorney, J.; Bhattacharya, K.; Lyng, F. 
M.; Byrne, H. J. Imaging Live Cells Grown on a Three Dimensional Collagen Matrix 
Using Raman Microspectroscopy. Analyst 2010, 135, 3169–3177. 

(21)  Pijanka, J. K.; Stone, N.; Rutter, A. V; Forsyth, N.; Sockalingum, G. D.; Yang, Y.; Sulé-
Suso, J. Identification of Different Subsets of Lung Cells Using Raman 
Microspectroscopy and Whole Cell Nucleus Isolation. Analyst 2013, 138, 5052–5058. 

(22)  Kaliaperumal, V.; Hamaguchi, H. Casting New Physicochemical Light on the 
Fundamental Biological Processes in Single Living Cells by Using Raman 
Microspectroscopy. Chem. Rec. 2012, 12, 567–580. 

(23)  Konorov, S. O.; Schulze, H. G.; Piret, J. M.; Blades, M. W.; Turner, R. F. B. Label-Free 
Determination of the Cell Cycle Phase in Human Embryonic Stem Cells by Raman 
Microspectroscopy. Anal. Chem. 2013, 85, 8996–9002. 

(24)  De Juan, A.; Maeder, M.; Hancewicz, T.; Duponchel, L.; Tauler, R. Chemometric Tools 
for Image Analysis. In Infrared and Raman Spectroscopic Imaging; Salzer, R.; Siesler, H. 
W., Eds.; Wiley, 2009; pp. 65–109. 

(25)  Keresztury, G. Raman Spectroscopy: Theory. In Handbook of Vibrational Spectroscopy; 
Chalmers, J. M.; Griffiths, P. R., Eds.; Wiley, 2006. 

(26)  Karlsson, H. L. The Comet Assay in Nanotoxicology Research. Anal. Bioanal. Chem. 
2010, 398, 651–666. 

(27)  Gonzalez, L.; Lison, D.; Kirsch-Volders, M. Genotoxicity of Engineered Nanomaterials: 
A Critical Review. Nanotoxicology 2008, 2, 252–273. 

(28)  Puppels, G. J.; Olminkhof, J. H. F.; Segers-Nolten, G. M. J.; Otto, C.; de Mul, F. F. M.; 
Greve J. Laser Irradiation and Raman Spectroscopy of Single Living Cells and 
Chromosomes: Sample Degradation Occurs with 514.5 Nm but Not with 660 Nm Laser 
Light. Exp. Cell Res. 1991, 195, 361–367. 

(29)  Marquis, B. J.; Love, S. A.; Braun, K. L.; Haynes, C. L. Analytical Methods to Assess 
Nanoparticle Toxicity. Analyst 2009, 134, 425–439. 

(30)  Duponchel, L.; Milanfar, P.; Ruckebusch, C.; Huvenne, J.-P. Super-Resolution and 
Raman Chemical Imaging: From Multiple Low Resolution Images to a High Resolution 
Image. Anal. Chim. Acta 2008, 607, 168–175. 

(31)  Farsiu, S.; Robinson, M. D.; Elad, M.; Milanfar, P. Fast and Robust Multiframe Super 
Resolution. IEEE Trans. Image Process. 2004, 13, 1327–1344. 

(32)  Elad, M.; Feuer, A. Restoration of a Single Superresolution Image from Several Blurred, 
Noisy, and Undersampled Measured Images. IEEE Trans. image Process. 1997, 6, 1646–
1658. 

(33)  Zomet, A.; Rav-Acha, A.; Peleg, S. Robust Super-Resolution. Proc. SPIE 2001, 1, I – 
645 – I – 650. 

(34)  Piqueras, S.; Duponchel, L.; Offroy, M.; Jamme, F.; Tauler, R.; de Juan, A. 
Chemometric Strategies to Unmix Information and Increase the Spatial Description of 
Hyperspectral Images: A Single-Cell Case Study. Anal. Chem. 2013, 85, 6303–6311. 

(35)  Wehrens, R. Chemometrics with R: Multivariate Data Analysis in the Natural Sciences 
and Life Sciences; Springer, 2011. 

 66 



(36)  Eriksson, L.; Johansson, E.; Kettaneh-Wold, N.; Trygg, J.; Wikström, C.; Wold, S. 
Multi- and Megavariate Data Analysis Part I: Basic Principles and Applications; 2nd ed.; 
Umetrics Adacemy: Umeå, 2006. 

(37)  Hastie, T.; Tibshirani, R.; Friedman, J. The Elements of Statistical Learning: Data 
Mining, Interference, and Prediction; 2nd ed.; Springer, 2009. 

(38)  Tauler, R. Multivariate Curve Resolution Applied to Second Order Data. Chemom. 
Intell. Lab. Syst. 1995, 30, 133–146. 

(39)  De Juan, A.; Tauler, R. Chemometrics Applied to Unravel Multicomponent Processes 
and Mixtures. Anal. Chim. Acta 2003, 500, 195–210. 

(40)  Dam, D. H. M.; Lee, J. H.; Sisco, P. N.; Co, D. T.; Zhang, M.; Wasielewski, M. R.; 
Odom, T. W. Direct Observation of Nanoparticle-Cancer Cell Nucleus Interactions. ACS 
Nano 2012, 6, 3318–3326. 

(41)  Donaldson, K.; Poland, C. A. Nanotoxicity: Challenging the Myth of Nano-Specific 
Toxicity. Curr. Opin. Biotechnol. 2013, 24, 724–734. 

(42)  Stone, V.; Johnston, H.; Schins, R. P. F. Development of in Vitro Systems for 
Nanotoxicology: Methodological Considerations. Crit. Rev. Toxicol. 2009, 39, 613–626. 

(43)  Joris, F.; Manshian, B. B.; Peynshaert, K.; De Smedt, S. C.; Braeckmans, K.; Soenen, S. 
J. Assessing Nanoparticle Toxicity in Cell-Based Assays: Influence of Cell Culture 
Parameters and Optimized Models for Bridging the in Vitro-in Vivo Gap. Chem. Soc. 
Rev. 2013, 42, 8339–8359. 

(44)  Borm, P.; Klaessig, F. C.; Landry, T. D.; Moudgil, B.; Pauluhn, J.; Thomas, K.; Trottier, 
R.; Wood, S. Research Strategies for Safety Evaluation of Nanomaterials, Part V: Role of 
Dissolution in Biological Fate and Effects of Nanoscale Particles. Toxicol. Sci. 2006, 90, 
23–32. 

(45)  Powers, K. W.; Brown, S. C.; Krishna, V. B.; Wasdo, S. C.; Moudgil, B. M.; Roberts, S. 
M. Research Strategies for Safety Evaluation of Nanomaterials. Part VI. Characterization 
of Nanoscale Particles for Toxicological Evaluation. Toxicol. Sci. 2006, 90, 296–303. 

(46)  Oberdörster, G.; Maynard, A.; Donaldson, K.; Castranova, V.; Fitzpatrick, J.; Ausman, 
K.; Carter, J.; Karn, B.; Kreyling, W.; Lai, D.; et al. Principles for Characterizing the 
Potential Human Health Effects from Exposure to Nanomaterials: Elements of a 
Screening Strategy. Part. Fibre Toxicol. 2005, 2, 8. 

(47)  Hillegass, J. M.; Shukla, A.; Lathrop, S. A.; MacPherson, M. B.; Fukagawa, N. K.; 
Mossman, B. T. Assessing Nanotoxicity in Cells in Vitro. Wiley Interdiscip. Rev. 
Nanomed. Nanobiotechnol. 2010, 2, 219–231. 

(48)  Buzea, C.; Pacheco, I. I.; Robbie, K. Nanomaterials and Nanoparticles: Sources and 
Toxicity. Biointerphases 2007, 2, MR17. 

(49)  Nel, A.; Xia, T.; Mädler, L.; Li, N. Toxic Potential of Materials at the Nanolevel. 
Science (80-. ). 2006, 311, 622–627. 

(50)  Xia, T.; Li, N.; Nel, A. E. Potential Health Impact of Nanoparticles. Annu. Rev. Public 
Health 2009, 30, 137–150. 

(51)  Krug, H. F.; Wick, P. Nanotoxicology: An Interdisciplinary Challenge. Angew. Chem., 
Int. Ed. 2011, 50, 1260–1278. 

(52)  Oberdörster, G.; Oberdörster, E.; Oberdörster, J. Nanotoxicology: An Emerging 
Discipline Evolving from Studies of Ultrafine Particles. Environ. Health Perspect. 2005, 
113, 823–839. 

(53)  Fadeel, B.; Feliu, N.; Vogt, C.; Abdelmonem, A. M.; Parak, W. J. Bridge over Troubled 
Waters: Understanding the Synthetic and Biological Identities of Engineered 
Nanomaterials. Wiley Interdiscip. Rev. Nanomed. Nanobiotechnol. 2013, 5, 111–129. 

(54)  Bouwmeester, H.; Lynch, I.; Marvin, H. J. P.; Dawson, K. A.; Berges, M.; Braguer, D.; 
Byrne, H. J.; Casey, A.; Chambers, G.; Clift, M. J. D.; et al. Minimal Analytical 
Characterization of Engineered Nanomaterials Needed for Hazard Assessment in 
Biological Matrices. Nanotoxicology 2011, 5, 1–11. 

(55)  Karlsson, H. L.; Cronholm, P.; Gustafsson, J.; Möller, L. Copper Oxide Nanoparticles 
Are Highly Toxic: A Comparison between Metal Oxide Nanoparticles and Carbon 
Nanotubes. Chem. Res. Toxicol. 2008, 21, 1726–1732. 

 67 



(56)  Yue, H.; Wei, W.; Yue, Z.; Wang, B.; Luo, N.; Gao, Y.; Ma, D.; Ma, G.; Su, Z. The 
Role of the Lateral Dimension of Graphene Oxide in the Regulation of Cellular 
Responses. Biomaterials 2012, 33, 4013–4021. 

(57)  Wang, K.; Ruan, J.; Song, H.; Zhang, J.; Wo, Y.; Guo, S.; Cui, D. Biocompatibility of 
Graphene Oxide. Nanoscale Res. Lett. 2010, 6, 8. 

(58)  Andersson, P. O.; Lejon, C.; Ekstrand-Hammarström, B.; Akfur, C.; Ahlinder, L.; 
Bucht, A.; Österlund, L. Polymorph- and Size-Dependent Uptake and Toxicity of TiO2 
Nanoparticles in Living Lung Epithelial Cells. Small 2011, 7, 514–523. 

(59)  Iversen, T.-G.; Skotland, T.; Sandvig, K. Endocytosis and Intracellular Transport of 
Nanoparticles: Present Knowledge and Need for Future Studies. Nano Today 2011, 6, 
176–185. 

(60)  Kim, J. A.; Åberg, C.; Salvati, A.; Dawson, K. A. Role of Cell Cycle on the Cellular 
Uptake and Dilution of Nanoparticles in a Cell Population. Nat. Nanotechnol. 2012, 7, 
62–68. 

(61)  Sager, T. M.; Porter, D. W.; Robinson, V. A.; Lindsley, W. G.; Schwegler-Berry, D. E.; 
Castranova, V. Improved Method to Disperse Nanoparticles for in Vitro and in Vivo 
Investigation of Toxicity. Nanotoxicology 2007, 1, 118–129. 

(62)  Hackenberg, S.; Friehs, G.; Kessler, M.; Froelich, K.; Ginzkey, C.; Koehler, C.; 
Scherzed, A.; Burghartz, M.; Kleinsasser, N. Nanosized Titanium Dioxide Particles Do 
Not Induce DNA Damage in Human Peripheral Blood Lymphocytes. Environ. Mol. 
Mutagen. 2011, 52, 264–268. 

(63)  Panté, N.; Kann, M. Nuclear Pore Complex Is Able to Transport Macromolecules with 
Diameters of about 39 Nm. Mol. Biol. Cell 2002, 13, 425–434. 

(64)  AshaRani, P. V; Low Kah Mun, G.; Hande, M. P.; Valiyaveettil, S. Cytotoxicity and 
Genotoxicity of Silver Nanoparticles in Human Cells. ACS Nano 2009, 3, 279–290. 

(65)  Godbey, W. T.; Wu, K. K.; Mikos, A. G. Tracking the Intracellular Path of 
poly(ethylenimine)/DNA Complexes for Gene Delivery. Proc. Natl. Acad. Sci. U. S. A. 
1999, 96, 5177–5181. 

(66)  Chen, M.; von Mikecz, A. Formation of Nucleoplasmic Protein Aggregates Impairs 
Nuclear Function in Response to SiO2 Nanoparticles. Exp. Cell Res. 2005, 305, 51–62. 

(67)  Terry, L. J.; Shows, E. B.; Wente, S. R. Crossing the Nuclear Envelope: Hierarchical 
Regulation of Nucleocytoplasmic Transport. Science (80-. ). 2007, 318, 1412–1416. 

(68)  Magdolenova, Z.; Collins, A.; Kumar, A.; Dhawan, A.; Stone, V.; Dusinska, M. 
Mechanisms of Genotoxicity. A Review of in Vitro and in Vivo Studies with Engineered 
Nanoparticles. Nanotoxicology 2013, 8, 233–278. 

(69)  Karlsson, H. L.; Di Bucchianico, S.; Collins, A. R.; Dusinska, M. Can the Comet Assay 
Be Used Reliably to Detect Nanoparticle-Induced Genotoxicity? Environ. Mol. Mutagen. 
2014. 

(70)  Geiser, M.; Rothen-Rutishauser, B.; Kapp, N.; Schürch, S.; Kreyling, W.; Schulz, H.; 
Semmler, M.; Im Hof, V.; Heyder, J.; Gehr, P. Ultrafine Particles Cross Cellular 
Membranes by Nonphagocytic Mechanisms in Lungs and in Cultured Cells. Environ. 
Health Perspect. 2005, 113, 1555–1560. 

(71)  Chernenko, T.; Sawant, R. R.; Miljkovic, M.; Quintero, L.; Diem, M.; Torchilin, V. 
Raman Microscopy for Noninvasive Imaging of Pharmaceutical Nanocarriers: 
Intracellular Distribution of Cationic Liposomes of Different Composition. Mol. Pharm. 
2012, 9, 930–936. 

(72)  Sheppard, N. The Historical Development of Experimental Techniques in Vibrational 
Spectroscopy. In Handbook of Vibrational Spectroscopy; Chalmers, J. M.; Griffiths, P. R., 
Eds.; Wiley, 2006. 

(73)  McHale, J. Resonance Raman Spectroscopy. In Handbook of Vibrational Spectroscopy; 
Chalmers, J. M.; Griffiths, P. R., Eds.; 2006. 

(74)  Atkins, P.; De Paula, J. Atkins’ Physical Chemistry; 9th ed.; Oxford: Oxford, 2010. 
(75)  Diem, M.; Matthäus, C.; Chernenko, T.; Romeo, M. J.; Miljković, M.; Bird, B.; 

Schubert, J.; Papamarkakis, K.; Laver, N. Infrared and Raman Spectroscopy and Spectral 

 68 



Imaging of Individual Cells. In Infrared and Raman Spectroscopic Imaging; Salzer, R.; 
Siesler, H. W., Eds.; Wiley, 2009; pp. 173–201. 

(76)  Kallaway, C.; Almond, L. M.; Barr, H.; Wood, J.; Hutchings, J.; Kendall, C.; Stone, N. 
Advances in the Clinical Application of Raman Spectroscopy for Cancer Diagnostics. 
Photodiagnosis Photodyn. Ther. 2013, 10, 207–219. 

(77)  Braz, A.; López-López, M.; García-Ruiz, C. Raman Spectroscopy for Forensic Analysis 
of Inks in Questioned Documents. Forensic Sci. Int. 2013, 232, 206–212. 

(78)  Zachhuber, B.; Östmark, H.; Carlsson, T. Spatially Offset Hyperspectral Stand-off 
Raman Imaging for Explosive Detection inside Containers. In SPIE Proceedings series; 
Fountain, A. W., Ed.; International Society for Optics and Photonics, 2014; p. 90730J. 

(79)  Almaviva, S.; Botti, S.; Cantarini, L.; Palucci, A.; Puiu, A.; Schnuerer, F.; Schweikert, 
W.; Romolo, F. S. Raman Spectroscopy for the Detection of Explosives and Their 
Precursors on Clothing in Fingerprint Concentration: A Reliable Technique for Security 
and Counterterrorism Issues. Proc. SPIE 2012, 8901. 

(80)  Vajna, B.; Patyi, G.; Nagy, Z.; Bódis, A.; Farkas, A.; Marosi, G. Comparison of 
Chemometric Methods in the Analysis of Pharmaceuticals with Hyperspectral Raman 
Imaging. J. Raman Spectrosc. 2011, 42, 1977–1986. 

(81)  Adar, F.; Lee, E.; Whitley, A. Molecular Imaging by Confocal Raman Mapping: 
Enabling Technologies for Speed, Multivariate Analysis, and Convenience. SPIE Proc. 
Ser. 2009, 7319. 

(82)  Pan, M.-W.; Benner, R. E.; Smith, L. M. Continuous Lasers for Raman Spectroscopy. In 
Handbook of Vibrational Spectroscopy; Chalmers, J. M.; Griffiths, P. R., Eds.; Wiley, 
2006. 

(83)  Bowie, B. T.; Chase, D. B.; Lewis, I. R.; Griffiths, P. R. Anomalies and Artifacts in 
Raman Spectroscopy. In Handbook of Vibrational Spectroscopy; Chalmers, J. M.; 
Griffiths, P. M., Eds.; Wiley, 2006. 

(84)  Zachhuber, B.; Gasser, C.; Chrysostom, E. tH; Lendl, B. Stand-off Spatial Offset Raman 
Spectroscopy for the Detection of Concealed Content in Distant Objects. Anal. Chem. 
2011, 83, 9438–9442. 

(85)  Jehlička, J.; Culka, A.; Vandenabeele, P.; Edwards, H. G. M. Critical Evaluation of a 
Handheld Raman Spectrometer with near Infrared (785nm) Excitation for Field 
Identification of Minerals. Spectrochim. Acta, Part A Mol. Biomol. Spectrosc. 2011, 80, 
36–40. 

(86)  Ujj, L.; Atkinson, G. H. Coherent Anti-Stokes Raman Spectroscopy. In Handbook of 
Vibrational Spectroscopy; Chalmers, J. M.; Griffiths, P. R., Eds.; 2006. 

(87)  Cialla, D.; März, A.; Böhme, R.; Theil, F.; Weber, K.; Schmitt, M.; Popp, J. Surface-
Enhanced Raman Spectroscopy (SERS): Progress and Trends. Anal. Bioanal. Chem. 
2012, 403, 27–54. 

(88)  Boireau-Adamezyk, E.; Baillet-Guffroy, A.; Stamatas, G. N. Age-Dependent Changes in 
Stratum Corneum Barrier Function. Ski. Res. Technol. 2014. 

(89)  Flach, C. R.; Moore, D. J. Infrared and Raman Imaging Spectroscopy of Ex Vivo Skin. 
Int. J. Cosmet. Sci. 2013, 35, 125–135. 

(90)  Everall, N. J. Confocal Raman Microscopy: Common Errors and Artefacts. Analyst 
2010, 135, 2512–2522. 

(91)  Eliasson, C.; Lorén, A.; Engelbrektsson, J.; Josefson, M.; Abrahamsson, J.; 
Abrahamsson, K. Surface-Enhanced Raman Scattering Imaging of Single Living 
Lymphocytes with Multivariate Evaluation. Spectrochim. Acta, Part A Mol. Biomol. 
Spectrosc. 2005, 61, 755–760. 

(92)  Adar, F.; Lee, E.; Mamedov, S.; Whitley, A. Raman Imaging: Defining the Spatial 
Resolution of the Technology. Spectrosc. Raman Suppl. 2006, June. 

(93)  Everall, N. J. Confocal Raman Microscopy: Performance, Pitfalls, and Best Practice. 
Appl. Spectrosc. 2009, 63, 245A – 262A. 

(94)  Masters, B. R. Abbe Theory of Image Formation and Diffraction of Light in Transmitted 
Light Microscopes. In Confocal microscopy and multiphoton excitation microscopy: the 
genesis of live cell imaging; SPIE Press, 2006; pp. 37–47. 

 69 



(95)  Adar, F.; Lee, E.; Mamedov, S.; Whitly, A. Experimental Evaluation of the Depth 
Resolution of a Raman Microscope. Microsc. Microanal. 2010, 16, Suppl 2. 

(96)  Notingher, I.; Verrier, S.; Romanska, H.; Bishop, A. E.; Polak, J. M.; Hench, L. L. In 
Situ Characterisation of Living Cells by Raman Spectroscopy. Spectroscopy 2002, 43–51. 

(97)  Zhang, Z.-M.; Chen, S.; Liang, Y.-Z.; Liu, Z.-X.; Zhang, Q.-M.; Ding, L.-X.; Ye, F.; 
Zhou, H. An Intelligent Background-Correction Algorithm for Highly Fluorescent 
Samples in Raman Spectroscopy. J. Raman Spectrosc. 2009, 41, 659–669. 

(98)  Lasch, P. Spectral Pre-Processing for Biomedical Vibrational Spectroscopy and 
Microspectroscopic Imaging. Chemom. Intell. Lab. Syst. 2012, 117, 100–114. 

(99)  Lieber, C. A.; Mahadevan-Jansen, A. Automated Method for Subtraction of 
Fluorescence from Biological Raman Spectra. Appl. Spectrosc. 2003, 57, 1363–1367. 

(100)  Zhao, J.; Lui, H.; McLean, D. I.; Zeng, H. Automated Autofluorescence Background 
Subtraction Algorithm for Biomedical Raman Spectroscopy. Appl. Spectrosc. 2007, 61, 
1225–1232. 

(101)  Swierenga, H.; de Weijer, A. P.; van Wijk, R. J.; Buydens, L. M. C. Strategy for 
Constructing Robust Multivariate Calibration Models. Chemom. Intell. Lab. Syst. 1999, 
49, 1–17. 

(102)  Schrand, A. M.; Schlager, J. J.; Dai, L.; Hussain, S. M. Preparation of Cells for 
Assessing Ultrastructural Localization of Nanoparticles with Transmission Electron 
Microscopy. Nat. Protoc. 2010, 5, 744–757. 

(103)  Seabra, A. B.; Paula, A. J.; de Lima, R.; Alves, O. L.; Durán, N. Nanotoxicity of 
Graphene and Graphene Oxide. Chem. Res. Toxicol. 2014, 27, 159–168. 

(104)  Brandenberger, C.; Clift, M. J.; Vanhecke, D.; Mühlfeld, C.; Stone, V.; Gehr, P.; 
Rothen-Rutishauser, B. Intracellular Imaging of Nanoparticles: Is It an Elemental Mistake 
to Believe What You See? Part. Fibre Toxicol. 2010, 7, 15. 

(105)  Scientific Background on the Nobel Prize in Chemistry 2014: Super-Resolved 
Fluorescent Microscopy, 2014. 

(106)  Ibuki, Y.; Toyooka, T. Nanoparticle Uptake Measured by Flow Cytometry. Methods 
Mol. Biol. 2012, 926, 157–166. 

(107)  Meister, K.; Schmidt, D. A.; Bründermann, E.; Havenith, M. Confocal Raman 
Microspectroscopy as an Analytical Tool to Assess the Mitochondrial Status in Human 
Spermatozoa. Analyst 2010, 135, 1370–1374. 

(108)  Grass, R. N.; Limbach, L. K.; Athanassiou, E. K.; Stark, W. J. Exposure of Aerosols 
and Nanoparticle Dispersions to in Vitro Cell Cultures: A Review on the Dose Relevance 
of Size, Mass, Surface and Concentration. J. Aerosol Sci. 2010, 41, 1123–1142. 

(109)  Merkus, H. G. Particle Size Measurements: Fundamentals, Practice, Quality; Springer, 
2009. 

(110)  Hofmann, P. Solid State Physics: An Introduction; Wiley, 2008. 
(111)  Binnig, G.; Quate, C. F. Atomic Force Microscope. Phys. Rev. Lett. 1986, 56, 930–933. 
(112)  Witt, W.; Aberle, L.; Geers, H. Measurement of Particle Size and Stability of 

Nanoparticles in Opaque Suspensions and Emulsions with Photon Cross-correlation 
Spectroscopy (PCCS) 
http://www.sympatec.com/docs/PCCS/publications/PCCS_2003_NANOPHOX.pdf 
(accessed Mar 11, 2013). 

(113)  Malloy, A.; Carr, B. NanoParticle Tracking Analysis - The HaloTM System. Part. Part. 
Syst. Charact. 2006, 23, 197–204. 

(114)  Sing, K. S. . Adsorption Methods for the Characterization of Porous Materials. Adv. 
Colloid Interface Sci. 1998, 76-77, 3–11. 

(115)  Jiang, J.; Oberdörster, G.; Biswas, P. Characterization of Size, Surface Charge, and 
Agglomeration State of Nanoparticle Dispersions for Toxicological Studies. J. 
Nanoparticle Res. 2008, 11, 77–89. 

(116)  Harris, D. C. Gravimetric and Combustion Analysis. In Quantitative Chemical 
Analysis; Freeman: New York, USA, 2007; pp. 628–643. 

(117)  Atkins, P.; De Paula, J. Molecular Spectroscopy 3: Magnetic Resonance. In Atkins’ 
Physical Chemistry; Oxford University Press: Oxford, UK, 2010; pp. 520–563. 

 70 



(118)  Cornell, R. M.; Schwertmann, U. The Iron Oxides: Structure, Properties, Reactions, 
Occurences and Uses; 2nd ed.; Wiley, 2006. 

(119)  Wilkinson, K.; Ekstrand-Hammarström, B.; Ahlinder, L.; Guldevall, K.; Pazik, R.; 
Kępiński, L.; Kvashnina, K. O.; Butorin, S. M.; Brismar, H.; Önfelt, B.; et al. 
Visualization of Custom-Tailored Iron Oxide Nanoparticles Chemistry, Uptake, and 
Toxicity. Nanoscale 2012, 4, 7383–7393. 

(120)  Mäkie, P.; Westin, G.; Persson, P.; Österlund, L. Adsorption of Trimethyl Phosphate 
on Maghemite, Hematite, and Goethite Nanoparticles. J. Phys. Chem. A 2011, 115, 8948–
8959. 

(121)  Boily, J.-F.; Lützenkirchen, J.; Balmès, O.; Beattie, J.; Sjöberg, S. Modeling Proton 
Binding at the Goethite (α-FeOOH)–water Interface. Colloids Surfaces, A Physicochem. 
Eng. Asp. 2001, 179, 11–27. 

(122)  Shi, H.; Magaye, R.; Castranova, V.; Zhao, J. Titanium Dioxide Nanoparticles: A 
Review of Current Toxicological Data. Part. Fibre Toxicol. 2013, 10:15. 

(123)  Current Intelligence Bulletin 63: Occupational Exposure to Titanium Dioxide; National 
Institute for Occupational Safety and Health, 2011. 

(124)  Liu, K.; Wang, Z. A Novel Method for Preparing Monodispersed Polystyrene 
Nanoparticles. Front. Chem. China 2007, 2, 17–20. 

(125)  Geim, A. K.; Novoselov, K. S. The Rise of Graphene. Nat. Mater. 2007, 6, 183–191. 
(126)  Marcano, D. C.; Kosynkin, D. V; Berlin, J. M.; Sinitskii, A.; Sun, Z.; Slesarev, A.; 

Alemany, L. B.; Lu, W.; Tour, J. M. Improved Synthesis of Graphene Oxide. ACS Nano 
2010, 4, 4806–4814. 

(127)  Sayes, C. M.; Reed, K. L.; Warheit, D. B. Assessing Toxicity of Fine and 
Nanoparticles: Comparing In Vitro Measurements to In Vivo Pulmonary Toxicity 
Profiles. Toxicol. Sci. 2007, 97, 163–180. 

(128)  Donaldson, K.; Borm, P. J. A.; Oberdorster, G.; Pinkerton, K. E.; Stone, V.; Tran, C. L. 
Concordance Between In Vitro and In Vivo Dosimetry in the Proinflammatory Effects of 
Low-Toxicity, Low-Solubility Particles: The Key Role of the Proximal Alveolar Region. 
Inhal. Toxicol. 2008, 20, 53–62. 

(129)  Ekstrand-Hammarström, B.; Akfur, C. M.; Andersson, P. O.; Lejon, C.; Osterlund, L.; 
Bucht, A. Human Primary Bronchial Epithelial Cells Respond Differently to Titanium 
Dioxide Nanoparticles than the Lung Epithelial Cell Lines A549 and BEAS-2B. 
Nanotoxicology 2012, 6, 623–634. 

(130)  Wörle-Knirsch, J. M.; Pulskamp, K.; Krug, H. F. Oops They Did It Again! Carbon 
Nanotubes Hoax Scientists in Viability Assays. Nano Lett. 2006, 6, 1261–1268. 

(131)  James, G.; Witten, D.; Hastie, T.; Tibshirani, R. An Introduction Fo Statistical 
Learning with Applications in R; Springer, 2013. 

(132)  Eriksson, L.; Johansson, E.; Kettaneh-Wold, N.; Wikström, C.; Wold, S. Design of 
Experiments: Principles and Applications; 3rd ed.; Umetrics Adacemy, 2008. 

(133)  Bylesjö, M.; Rantalainen, M.; Cloarec, O.; Nicholson, J. K.; Holmes, E.; Trygg, J. 
OPLS Discriminant Analysis: Combining the Strengths of PLS-DA and SIMCA 
Classification. J. Chemom. 2006, 20, 341–351. 

(134)  Wiklund, S.; Johansson, E.; Sjöström, L.; Mellerowicz, E. J.; Edlund, U.; Shockcor, J. 
P.; Gottfries, J.; Moritz, T.; Trygg, J. Visualization of GC/TOF-MS-Based Metabolomics 
Data for Identification of Biochemically Interesting Compounds Using OPLS Class 
Models. Anal. Chem. 2008, 80, 115–122. 

(135)  Nascimento, J. M. P.; Dias, J. M. B. Vertex Component Analysis: A Fast Algorithm to 
Unmix Hyperspectral Data. IEEE Trans. Geosci. Remote Sens. 2005, 43, 898–910. 

(136)  Lundstedt, T.; Seifert, E.; Abramo, L.; Thelin, B.; Nyström, Å.; Pettersen, J.; Bergman, 
R. Experimental Design and Optimization. Chemom. Intell. Lab. Syst. 1998, 42, 3–40. 

(137)  Sroubek, F.; Milanfar, P. Robust Multichannel Blind Deconvolution via Fast 
Alternating Minimization. IEEE Trans. image Process. 2012, 21, 1687–1700. 

(138)  Farsiu, S.; Robinson, D.; Elad, M.; Milanfar, P. Robust Shift and Add Approach to 
Super-Resolution. Proc. SPIE 2003, 121–131. 

 71 



(139)  Offroy, M.; Roggo, Y.; Milanfar, P.; Duponchel, L. Infrared Chemical Imaging: Spatial 
Resolution Evaluation and Super-Resolution Concept. Anal. Chim. Acta 2010, 674, 220–
226. 

(140)  Ruiz, O. N.; Fernando, K. A. S.; Wang, B.; Brown, N. A.; Luo, P. G.; McNamara, N. 
D.; Vangsness, M.; Sun, Y.-P.; Bunker, C. E. Graphene Oxide: A Nonspecific Enhancer 
of Cellular Growth. ACS Nano 2011, 5, 8100–8107. 

(141)  Mu, Q.; Su, G.; Li, L.; Gilbertson, B. O.; Yu, L. H.; Zhang, Q.; Sun, Y.-P.; Yan, B. 
Size-Dependent Cell Uptake of Protein-Coated Graphene Oxide Nanosheets. ACS Appl. 
Mater. Interfaces 2012, 4, 2259–2266.  

 
 

 72 



Acta Universitatis Upsaliensis
Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Science and Technology 1257

Editor: The Dean of the Faculty of Science and Technology

A doctoral dissertation from the Faculty of Science and
Technology, Uppsala University, is usually a summary of a
number of papers. A few copies of the complete dissertation
are kept at major Swedish research libraries, while the
summary alone is distributed internationally through
the series Digital Comprehensive Summaries of Uppsala
Dissertations from the Faculty of Science and Technology.
(Prior to January, 2005, the series was published under the
title “Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Science and Technology”.)

Distribution: publications.uu.se
urn:nbn:se:uu:diva-251339

ACTA
UNIVERSITATIS

UPSALIENSIS
UPPSALA

2015


	Abstract
	List of Papers
	Summary in Swedish: Ramanspektroskopi och hyperspektral analys av nanopartikelexponerade celler
	Contents
	Abbreviations
	Introduction
	Hyperspectral imaging
	Nanotoxicology
	Nanoparticle uptake and genotoxicity

	Materials and methods
	Raman spectroscopy - fundamentals
	Confocal Raman spectroscopy and spatial resolution
	Spectral pretreatment

	Transmission electron microscopy and other methods to study nanoparticles in cells
	Particle characterization
	Hydrodynamic diameter and photon cross correlation spectroscopy

	Particles
	Iron oxides
	Titanium dioxide
	Polystyrene
	Graphene oxide

	Cells and exposure conditions
	In vitro assays


	Hyperspectral data analysis
	Methods
	Principal component analysis
	Multiple linear regression
	Projection to latent structures
	Multivariate curve resolution alternating least squares

	Applications
	Variable selection and visualization
	Analysis of spectral differences
	Design of experiments

	Super-resolution

	Results and discussion
	Nanoparticle uptake (Paper I, IV)
	Nanoparticles in the cell nucleus (Paper I, III)
	Super-resolution (Paper II)
	Comparison of control cells and cells exposed to nanoparticles (Paper IV, V)

	Conclusions and outlook
	Acknowledgements
	References

